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Abstract

1HZ =HDODQG P—QXND KR QH\Léptosferruin ¥e¢ogaritndtad O\ IURP
DQG LV YDOXDEOH WKURXJK DFFXPXODWLRQ RI DQWLEDFW|
also has a strong polyphenolic priddé. Some phenolics act ashemical markersiding
verification of botanical originas Leptospermum scoparium total of eight key chemical
markers (DHA, MGO, LA, 4 +3/$ -MAP, 2-MBA, Leptosperin and Lepteridif¥) are
found at higher levelsin mon® —Q XND KRQH\-WKDQQA N RPRKO@QML ZLWK OLW
in other floral honeys. These key markesignify P—QXND KRQH\ TXDOLW\ DQG
monoflorality ofL. scoparium 7KH TXDOLW\ DQG S Xd&depéehdRh mutip@X ND KR
factors, largely determined by botanical source, which define the value of the final honey
product. Available nectar is, in turn, influenced by geographic district and season.

Wild harvest honey is naturally a mixture from differeetctars. Honey quality varies
among apiaries, between beehives and even in a honey frame. Current industry practice lumps
DOO IUDPHV RI WKH VDPH DSLDU\ WRJHWKHU IRU H[WUDFW
P—QXND KR Qetixdd AWK 3 Editiframes. This bulked process can limit the
PRQHWDU\ YDOXH RI P—QXND KRQH\

Quality assessment of honey while still in the frame before bulk extraction is of great of
LQWHUHVW WR WKH KRQH\ LQGXVWU\ WR SUHWVotbsdld WKH Y
authenticity. The current study used rapid and-adesiructive methods such as NIR and
fluorescence combined with chemometrics, machine learning and deep learning to evaluate
P—QXND KRQH\ LQ WKH IUDPH 7KH VWXG\ eyRjgalityiHwwoR Q DV VI
ways: 1) direct measurement of levels of eight key chemical makers; 2) indirect measurement
of potency (based on UME score) and purity (verification of botanical origin &s
scoparium that are built from key chemical markers.

Honey samples (n ~ 1656) representing 200 L drums, each extracted from multiple
frames, spanning eight geographic districts across New Zealand, were scanned with-NIR non
imaging (350- 2500 nm) and imaging (54Z1701nm) sensors. A subataset of 100 honey
samples was scanned in excitat@mission matrix mode (250400/300- 600 nm) under in
line geometry by a fluorescence sensor. Once techniques were véesédy uncappedeven
honey frames were scanned and modelled to evaluate the current opticadsnesed.

Overall, the research showed the capability of NIR methods for measurement of honey
potency and purity in the frame, achieving-BD % accuracy. However, NIR methods showed

iv



limited ability to measure levels of individual key chemical marlgvsng 60- 70 % accuracy,

due to the complexity of the honey matrix. This sthdgcalculated the economic benefit of
usingNIR methods for sorting honey frames into different quality buckets (\Mfeickets

and MPI honey buckets) before lumped extrarctibhe greatest revenue increase is found for
apiaries with large variation between frames and in seasons with high curvature in the price
quality curve. Later, this study employed fluorescelnased methods that further improved
prediction of almost all & chemical markers, in particular two polyphenolic fluorescence
markers, Leptosperin and LepteridiMeto above 80 % accuracy. Moreovtrefusion of NIR

and fluorescence datartherenhanced predictability of chemical markers, potency and purity
R 1 Ruka honey to 90100 % accuracy.

In conclusion, this study confirntse fusion of NIR and fluorescence methduss great
potentialfor atline/on OLQH DVVHVVPHQW RI 1HZ =HDODQG P—QXND K
This research provides basic scientific guidance for future application of NIR and fluorescence
methods for quality assessment of honey in general and has implicatiotissiowild harvest

foods.



Table of contents

ACKNOWIBUAGEIMENL ...t et e e eree e e e e e e e e e e e e e e e e e e annneeeeeeeeaes I
Y 011 > T SRR v
Table OfCONTENTS. ... oo e e errr s Vi
List Of @bBreViations...........oooii it Xii
LISt Of SYMIDOIS..... .o e e e e e e e e e e e e e e e e e e e e e eaees Xiv
IS 00 8 =T 1 .41 o] [ Yo )/ XV
IS A0 {0 U = XVi
LIST OF tADIES. ... .ttt XXV
Chapter 1 GenerahitrOQUCTION...........uuuiiiiiiieiiiie et 1.
1.1 PrOJECIOVEIVIEW. ... iieeeeeeeeee e meee et emens st e e et e e e e e e e e e emmmr e e s 1
1.2. RESEArCH ODJECHIVES. .. .cii it eee et e e e e e e e e e e e e 3
1.3. Food Industry Enabling Technology and Comvita® partnership.................... 3.
Chapter 2 Literature FEVIEM......cccieeeeeeeeeeeeeeeieeee e e e e e e e e e e et mmme e e e e e e eeeersaann e eman 5
Section 1: MHUKA NONEY........ccooiiiiiiee e e e e e e e e aeas 5
2.1. Mauka honey: valuedompPoNeNntS.........coiiiiii e e 5

1HZ =HDODQG P—QXND.KRQH\N.H[SRUWV.........7
2.3. The growing demand of highUDGH P—QXND..K.RQH\\............9

0—QXND KRQHMRSHUDWLRQ ..o 9.
0—QXND KRQH\ .EKDUDEWHULVMW.LEM. ., 10
2.5.1. PhySiCal PrOPerties..........ccuiiiiiiiiiiiiieeeeiee e 10
2.5.2. Chermtal Propertis..........ouuuuuuuuiiiii e e e e e e e e e e enemrsa e a e e e e e aeaaes 11

SK\WRFKHPLFDOV DQG NLQHWLEV..RL.UHDBEWNLRQV LC
2.6. Challenges of higgualit- JUDGH P—QXND KRQH\I\V..LQ.SURGXFWLRQ

2.6.1. CrystaliSatiON..........coeviiiiiiiiiiicce e eerrn e e e e e e e e e enn 18
2.6.2. BUIK @XIraCHON. .....ceiiiiiiiiiiiie s 19
27.CutUHQW TXDOLW\ PHDVXUHRPRHQW.V..RL.R—=QXNDIXRQH\V
2.7.1. SENSOrY EVAIUALIQN .......uuiiiiiiiiiiiiii ettt 19
2.7.2. Quality and identity MeasuremMeNnt...........ccuuvuvurrrimmmniiiiieiieeeee e e 20
2.8. Introduction of i nKRXVH PHDVXUHPHQW DSSURDEK.3P22Z2QXNDQH"
Section 2: Spectroscopy and hyperspamaging..........cccceeeeeeeeeeeeeeiieeeiiiieeee e eeeeeee 23
2.9. VisibleNear Infrared SPeCtrOSCORY.......uuiiiiiiiieeeeiiieieeeiee e enne e 23
2.9.1. The interaction between radiation and molecular species................... 24
2.9.2. Lamber% H H U T.V...Q.D.Z....ooiiiiiieeeiiiiiiiiieeieeeeeee et 25
2.9.3. Absorbance vs pSeudabSOrDaNCE. .........ccuvviviiieiiiii i 25
2.10. FIUOreSCEeNCE SPECIIOSCOPY. . ..ceeiieeuueiiiitimees s s siibbbbb bbb eee s eeensssbbbeeeeeeeeeeees 26
2.10.1. Fluorescence phenomeNO0N.........ccccuuuiiiiiireeriiii e eeeeee e 26
2.10.2. FIUOTOPNOTES.......uuiiiiiiiiiiiiiiiit ettt 26
2.10.3. FluOresScence SPECIIOSCONY.....uuuiiiiiiiiiiii e ceeeie e e e e e et e e et 27
2.10.4. Scatteng interference during fluorescence measurements................ 28
2.10.5. Quenching pPhenOMEeNONL..........cooiiiiiiii e 28
2.11. Hyperspectral IMaging..........ooeeiiiiiiiiiiiceeeie e e e e e eaaa e e e eeanes 29

Vi



2.11.1. Hyperspectral aCQUISILIONS............ceevurrruuemimmmreeeeeeeeeniinnnnn e s smerennnnnns 30

2.11.2. Hyperspectral COMPONENLS...........cevvuuuruuiimmmreeeeeeeeeriiennen e e s smenennnnns 31
2.11.3. maging System ParametersS.........ccoivviviieiiiimmmeeeeeeeeeeeeeeir s smmmeeeeeees 32
2.11.4. Instrumental COMECHION........uuuuiiiie e 33
Section 3: Modelling MethOdS. .......coiiiiiiiiee e 34
2.12. Chemometrics and machine learning............cccuuvveivieemiiiniiiiiiiiiieeeeeeee e 34
2.12.0. DEfINITION....cciiiiiieeieiiiei et errr e e e e e e e e e e e e e e e annn s 34
2.12.2. Multivariate analySiS........ccceeiiiiieeiiiiiieeeie i eeme e e 34
2.12.3. Calibration, validation and teSt SEtS............iiiiiiieeriiiiiiiiiieee e 41
2.12.4. Spectral prprocessing teChNIQUES.......cccooveiieeeiiiiiiceeee e, 43
2.12.5. Variable selection techniques............cccccevvvvvieee e eivvvvveee . 45
2.12.6. StatiStiCal MEASULES........cceeiiiiiiiiiiiireeeertir e errrn e e e e e e e e 48
2.12.7. Detection Of OULHErS.......ccooeee e 52
2.12.8. SOMWAIE......eiiiiiiiiie e rrne e e e e e e e e 53
Chapter 3 State of the art and research.gap............c.uuueeieeeiiiiriiiiiiiiiieeee e 54
G 0 I [ 01 o o (3 Tox 1 o o PR 54
3.2. Conventional analytical methQds..............oooviiiiccc e 54
3.2.1.MeliSSOPalYNOIOQY........ccceiiiiieeeee et 54
3.2.2.Molecular biological teChNIQUES.............ciiiiiiii e eeeeveeea, 56
3.2.3.ChromatograpyrbasedechniqUeS............ooevviiiiiiiiiieee e 57
3.2.4.NOrHNVASIVE MELNOUS......ceeiiiiiiiiiieie e erner e e e e e e e e 58

3.2 5. SUMMAIY ...t errr e e e e e e e e e e e e nnnnn e as 61

3.3. RESEAICH QAP .. eeeieiiiiiiiiiii i 61
Chapter 4 Estimation of chemical markers using NIR methods............ccccccvvieeennnnnn. 64
g O [ o o 18 o 1 o PSPPI 64
Section 1: NIR nofimaging system (3502500 NM)............coovvriiiiiviiiire e 64
4.2. Materials and MethOdS..........cooiiiiiiiiiiere e e e e e e e eeens 64
4. 2. 1. MALEIIAIS. ...ttt ettt e e e e e s ert e e e e e e e e e e e e e e e e e e e e s ammme e e e e as 64
4.2.2.StatiStICAl OVEIVIEW.......ceeeiieeeeeeeeemmce et e e 65
4.2.3.NIR SPECIIOSCOPY. ... eeeeeeiiiiieeetiiiiimmme et et ettt sme e e e e e e 66
4.2.4.Modelling Method..........cooooiiiiiiii e 67
4.3, RESUILS...ce et e e e e e e e e e e renea s s s e e e e e e e e e e e e eeeeeeannannneeeeeeeeeeennnnnnned 63
4.3.1.Honey reflectance and absorbance spectra.............ccccooiiieviiiiiviieenn. 68
4.3.2.Development of global models...............oovveiiiiiccceieeeecee e 69
4.3.3.Understanding regichased models.............ccoovrriiiiie e 73

4. 3.4.DISCUSSION.....cceeeeieet i e e e eeee e e e e ettt saneessss bbb be s e e e e et e e e e e e e ennnseeees 74
Section 2: NIR hyperspectral imaging system (54701 NM)..........cccccvvvvvveeeeeeeeenennn /D
4.4. Materials and MethOdsS. .........uuiiiiiie e eereer e 75
O 1Y = (Y = £ 75
4.4.2 Hyperspectral imaging segmentation..............ccuuvveeieeeiiiviiinniieeeeeeeeeeeeeas 76
4.4.3.Modelling MEethOd...........ouiiiii e 17
A.5. RESUITS ...t eeeer e e e e e e e ettt e ettt nnne e e e e e eeeeenarenaann 77
4.5.1. HSIreflectance and absorbance spectra.............ccoooeevvieemeeveiiiieeeeveenenn dod
4.5.2.Development of HSI global models...........coooooviiiiiiccciiii e 78

Vii



4.5.3.Understanding HSI regiebased models............cccoovvvviiiiiimmmeeeiceceeeeiiiiiennnd 32

R B D Yo 11 o] PSSR 82
Section 3: Capture of honey samples on the blaekébplate.................covvveiiiicene. 34
4.6. Materials and MethOAS. ........uuuiiiii e eecrree e 84

A.6.1.MALEIIAIS. .....ceieiiiiiiiie e ereer e e e e e e e et nn—— e e e 84

4.6.2.Hyperspectral imaging segmentation and analysis............cccccvvvvvmemneeenn. 85
A.7. RESUITS...cceeeeeietet ettt e e e e e e e eeeea s e e e e e e e e e e e e e eeeeeeatsannneeeeeeeeeeeeeennnned 86

4.7.1. HSIhoney spectra on the S@ell plate...........ccceeeeeeviiiiiiicee e, 86

4.7.2.Prediction of chemical markers.............oooovviiiiiiccc e 87
4.8. General discussion and CONCIUSIAN............uuiiiiiisceeeiiicrrr e e e e eeeera s 87

Chapter 5 Comparison between NIR #ioraging and hyperspectral imaging systems39
00 O 1 0T U Tox o T 89
5.2. RESEArCh QUESTIQN.......oii it ieees e e e e e e e e e e e e e e e e 89
5.3. Materials and MethQd............oooiiiiiiiiie e 89
5.4, RESUILS ...t ere e e e e e e e e e e e e e amnnn e e e e e e e e e e e eeeees 90

5.4.1. Prediction of chemical markers by fioraging data selected & compressed to

simulate HST data............ooooeiiiiiiiieeee e Q0

5.4.2. Nonimaging data compressed but not selected..............cccccevvceveeeinnnns 93
5.5. DiscusSion and CONCIUSION........ccciiiieeiiiiiiiieeeie e mmme e 97

Chapter 6 Predit RQ Rl SRWHQF\ DQG..SXULW)\.P.=QXNDQBYV
G0 I [T 0T [ o4 1 o] o USRS 98

0—QXNDQHVV.WHUPLQRORI .o 99
6.3. Materials and MethodS...........oooviiiiiii e 100
IR 0 I |V = 1= ¢ = 1P 100
6WDWLVWLFDO PHDVXUHPHQW.V..RIL.P—=QXNMQHVYV
6.4. RESUILS and diSEHION............cooiiiiiiiiiiiicme e e e e e e eaees 102
Section 1: NIR NOAMAQING data............ouuuuiiiiiiiii e eeeers e 102
6.4.1. Predictionof nerLPDJLQJ SRWHQEMN.P—=QXND.QHM\V.102

6.4.2. PredictionofnerLPDJLQJ SXULW.\N.P=QXNDQHWV.\V....107
6.4.3.NonLPDJLQJ SRWHQF\ DQG SXULWIL.P=QXNDOHVYV SOR'
6.4.4. DISCUSSION......uuuiiiiiiiiiiiiiiii e ieeee ettt et e e e e e e e e e e e e e s amme e e e e e e e e e e e bbb b e en e 112
Section 2: NIR hyperspectral imaging dafa..................eeeeiieeeiuiiiiiiiiiiiieeeeeee e e 116
SUHGLFWLRQ RI +6, SRWHQE\N.P—=QXN.D.Q.HNXA
SUHGLFWLRQ RI +6,.SXULW\.P=QXND.QHV.M20

+6, SRWHQF\ DQG SXULW\.P—=QXN.DQHM.\V.SIZBRW
B.4.8. DISCUSSION.......cvuuiiieiiiiiiie e eeeeie e e e et eee e e e e e et eemeee e e e e s eeeaba e e e e eeessanmmnrannns 124
6.5. General discussion and CONCIUSIANS.........ccoovviiiiiiieeeie e 125
&KDSWHU , QYHVWLIJDWLQJ WKH LPSDFW RI1 1,5 PHWKRGV II

UM T DUCKELS ..ot e e eemer e e e e e e e e eee e e e reaes 126

4% N [ 1 0 To [ o3 1 o S 126
7.2. Materials and Methods..........ou e 126
7.3, RESUILS ...t e e e e e e e e et e e e e et amaee e e e et e e e aaaaaees 127
Section 1: NIR nofiMaging data.............coveviiiiiiiiieiee e rreee e 127
7.3.1. Asessment of the SVM (rbf) classification model..............c..ccoooiieeee 127



7.3.2. Assessment of the PLS regression madel..........cccoooviiiiceciiiiiiciiieneeenn. 130

Section 2: NIR hyperspectral imaging data..................eiiiiccceeeeeeiiiiiiineee e eeeeeens 132
7.3.3. Assessment of the HSI SVM (rbf) classification model.......................... 132
7.3.4. Asessment of the HSI PLS regression model..............ccccoimmniiiiiiinee 134

7.4. DISCUSSION @Nd CONCIUSION. ......uuiitiiiiiie e e ettt e e e e enees s e e e e e e e e e eeeees 136

&KDSWHU (FRQRPLF EHQHILWYV RI 1,5 PHWKRGV ZKHQ DVVFH
DUIK @XEFACTION. ... .o eeees 137

S0 [0 (oo (B Tod 1 o] o TP TRTPTPPP 137

8.2. Materials, methodology, hypotheses and NIR model performance............... 138
8. 2. L.UMF™ DUCKELS........coveiveieieeeeciecteemeeeete ettt et etesemaeste e teeeeereene s e 138
ST \Y 1= 1 T Yo (0] (o o 1Y 2 138
8.2.3. HYPOINESES ... e 139
8.2.4. IMAgINArY @PIAITES.......ceiiiiieeiiiitttreer bbbt e s eeeesse e e e e e reeeeeeeeeeas 140

6FHQDULRV RI P—QXND.KRQH\NIV.SULEH.XY.DIOXHYV
8.2.6. NIR regression and classification modelS...........ccccooeiiiieecn, 142

8.3. RESUIS @Nd AISCUSSION......uuuiiiiiiiiiiiiiiiieeeiiiieie e eee e et e e e e e e e e s smmr e e e e e e e e e e e e e e e 144
8.3.1. Distribution of four imaginary apiaries............ccceevvvvvvieeeeeeeeeeeeeeeeeeeiins 144
8.3.2. What benefitings if honey frames were sorted into differemiF™ bucket®

................................................................................................................. 146

8.3.3. Benefit of NIR notmaging (350- 2500 NM).......coooriiiiiiiiiiieene s 149

8.3.4. Benefit of NIR hyperspectral imaging (547701 NM).....ccovvveeiiiieninnnnnnniees 161

S I 1T od U 151 [0 o S 173

8.5. Conclusions @hfuture SUQQESHIONS..........cooviiiiiiiiii e 174
Chapter9 AOLQH DVVHVVPHQW RI P—QXND KRQH\ TXDOLW\ DQG

imaging combined with deep learning...........c.cooeeeeiiiiieeeeiie e 176

S 0 I [0 (o o (3 Tox 1 o o P TRTPTPPP 176

9.2. Research hypothesiS..........uuiiiii et 177

9.3. Materials and MethodS...........uuuiiiiiiiiiiieeeiiiee e 177
9.3.1. Sample dataset and hyperspectral imaging System.............ccccceeerennnne 177
9.3.2. SPECHral PFBIOCESSING ....eueiiiiiiiiiiiieieee e et mnne e 177
9.3.3. Standard chemometrics and machine learning..............cc..eveeeeevvvnnnnnee. 178
9.3.4. Onedimensional convational neural network...............covvvvviiieeee e, 178
9.3.5. Modelling preparation and evaluation...................ccvoeeeeeeeeeeeeeevviiiinn, 180

0.4, RESUILS ...ttt et e e e e e e e e e e e e e e e e s mnne e e e e e s e 181
9.4.1. 1DCNN regression MOdel.........cccceiiieiieiiiiiieeeiece e 181
9.4.2. 1DCNN classification MOdelS............uueeiiiiiiiiiiieeeiiiieeeeeeee e 183
9.4.3. Prediction of hyperspectral iNBBJ.............uueeriiiiiiiiieeeiiiieeeeee e 186
9.4.4. 1BCNN interpretation of important variables...............ccccovviiieeciiiiinnnnee. 187

S BT I 1S o] 1 1S3 (o] o SR 191

S BT 0 [od 1] o] o SRR 193

&KDSWHU 4XDOLW\ DVVHVVPHQW RI P—QXND KRQH\ E\ FRI
ANA CHEMOMETIICS. ..ttt eeeea e e e e e e e e e eeeeeeees 195
(00 A [ 0 To [T 1[0 o W PP 195
10.2. Materials and Methods...........uuuuiiiii e 198



O B Y = (<Y (1= 1 PR 198

10.2.2. Pure standards preparation................ceuuurimmmeeeeeeeeeeeeeeiinnennnimmmeeeeeneen 199
10.2.3. Fluorescence measurements on opticaldibplates..............cccccceeeeieneee 199
10.2.4. Hyperspedt data in NIR range (5471701 NM).........ccooeiiviiiiniinniinennns 200
10.2.5. FlUOresSCence analySIS.........couuuuuueiurmmireeeeeeeiiiiiiies e s e 201
10.3. RESUILS....ceeeeeeeeettiiie et e e e e e et eenes e s s s e e e e e e e e e e eeaeaeestsmnneeeeeeeeeesnnrnes 203
10.3.1. The influence of the black polystyrenev@8l plate..............ccccevvvviiininee. 203
10.3.2. Fluorescence emission of Leptosperin and Lepteitistandards.......... 203
10.3.3. Fluorescence emission of diluted and undiluted honeys................... 206
10.3.4. PARAFAC @NalySiS......uuiiiiiiieieeiiiiiiieeeie e e et mmme e eeeeeaannnnns 209
10.3.5. Estimation of chemical mkers with standard PLS regression............. 211
10.3.6. Multiway PLS (tFPLS) @nalySiS........ccuuuurrrmmmiiiiiimeeeeiiiiiinnnee e e e e e e e ee e 213
10.3.7. Multiblock PLS regression on fusion of NIR & fluorescence data of undiluted

010] 01537 T PP PPPP PP PPPPPPIN 215

10.3.8. Classification of three MPI hONEIASSES..........cccvvviiiiiiiiiii e 216
10,4, DISCUSSION....ciiiiiiiiititiiieeeeieeesttbbbee e e e eeeeeeeeeeeeessmateetaaaaaeeaeaeesssssssssannneeaesssanns 216
10.5. CONCIUSIONL....utiiiiiiiiiiiiiiii et eeeti ettt e e rmmr e e e e e e e e e e e s nn e s 219
Chapter 11 Quality assessment of honey frames using fusion of NIR and fluorescence
METNOAS. ..t 220

15 0 T [ Yo [T 10 o T 220
11.2. Materials and Methods............uuuiiiii e 220
0 I = = = PP 220
11.2.2. Grading SYSIEIMS. .. .cooiiiiiiiitet b re et eeeees e e e e aeeeeaeeas 221
11.2.3. NOAIMAGING SYSTEIMS ....eiiiiiiiiiiiiiieeee et meee e 222
11.2.4. Hyperspectral imaging SYSteIM.........uuiiiiiiie e e e ceeeiciee e eeeeeen 224
11.2.5. Modelling Methods...........oooiiiiiiiieeee s 225
10,3, RESUILS. ...ttt ettt ettt e e e e e e eemr et e e e e e e e e e e e e e e e e e s e s s s ammmeeeeaeeeaeeaaaaans 225
11.3.1. Spctra of comb hONEYS.........ooviiii e 225
11.3.2. Preliminary analysis With PCA.............uuiiiiiiiiiceeiiee e 229
11.3.3. Prediction of chemical markers..............ooovveiiivimmee e e 232
11.3.4. Grading honey frames..........oooiiiiiiiiiiiicee e 238
11.3.5. Selection of important variables..............ccoooiiinn e 240
104, DISCUSSION. . .uuuuutiiiiiiieeieeeettaaeestseeeeeeeeeeeaaaaeaaeeaeamamteeeaeaeeeaeeeasaaaannnsrnnnesesaannnes 241
I8 08 ST O o T (o3 1013 (o ] 4 SOOI 242
Chapter 12 General conclusions and future Wark................oovviee e 243
10200 I [ 1 {0 To [T T OO TRPTPPP 243
12.2. General CONCIUSIONS.........uuiiiiiies e s et re e s s e e e e e e e e e e enemsas s s s e e e e e e eeaeeeeeeennnens 243
12.2.1. Quality asse$sSHQW R P—Q.X.ND..KRQH\M.....................243
12.2.2. Key scientific CONtribULIONS...........coooiiiiiiiiiie e 246
12.3. Future research suggestions...........ooooiiiiimmmn e e 248
12.3.1. Improved models for dime quality assessment of honey frames......... 249
12.3.2. Continuous monitoring and validation of working models.................. 249
12.3.3. Periodic upgrading of working models...............coooviiiicciiiiie v, 249
12.3.4. Optimal design of hardware for industrial.use................ccovviemmerivnnnnnn. 250



12.3.5. Better modelling teChNIQUES............evvuviiieiimeeeeeeeieee e e eeenenanees 250

12.4. OVerall CONCIUSION.......uuuiiiiiiiiiiiiiii e 250
Y 0] 01T T Lo > PPPPPPPRPRR 251

A. Prediction of poter\ DQG SXULW\ P—QXNDQHVYV EDVH@5RQ ODER
A.1. Identifying important ParameterS. ..........uevvivviiiiiiieeeeeeeeeeeeee e 251

A2. *HQHUDOLVDWLRQ RI SRW HH§gsed dBta-.QX.N.D.QHVA2IURP OD
A.3. GeneralisationRl SXULW\ P—Q X hbBs@disty... URP..O.D.E...253
A.4.PlottinglabEDVHG 3RWHQF\ DQG SXULW\L.P=QXNPERHVV SO

A.5. DiScUSSION and CONCIUSIAN.........uuuuiuiiiiiiiiiieeeriiiiiieieeeereee e e e e e s esereeeaaaeeee e 255

B. Python code script for hyperspectral imaging segmentatian....................cce.... 256
RETEIBINCES. ... .ttt 259
LiSt Of PUBICALIONS ..o e e e e e e 273

Xi



AGEs
ARPs
DNA
DOF
EEM
ELISA
eqg.
FO
GA
GC
GC-MS
HMF
HPLC
HPLC-MS
HPP
4-HPLA
HSI
LC
LC-MS
LVs
MAP
2-MBA
MIC
MC
MM1
MM2
MPI
MSC
NIR
NPA
PARAFAC
3-PLA
PCs
PCA
PCR
rnPCR
PLS
PLSDA
iPLS
n-PLS

List of abbreviations

Advanced glycation engroducts
Amadorirearrangement products
Deoxyribonucleic acid

Depth of field

Excitation emission matrix
Enzymelinked immunosorbent assay
Equation

Field of view

Genetic algorithm

Gas chromatography

Gas chromatographyass spectroscopy
5-hydroxymethylfurfural

High performancéquid chromatography

High performance liquid chromatograpinyass spectroscopy

High-pressure processing

4-hydroxyplenyllactic acid

Hyperspectral imaging

Liquid chromatography

Ligquid chromatographynass spectroscopy

Latent variables
fmethoxyacetophenone

2-methoxybezoic acid

Minimum inhibitory concentration

Moisture content

Leptosperin

LepteridinéM 3,6, Ztrimethyllumazine

Ministry for Primary Industries

Multiplicative scatter correction

Near infrared

Non-peroxide activity

Parallel factor analysis

3-phenyllacticacid

Principal components

Principal component analysis

Polymerase chain reaction

Real time polymerase chain reaction

Partial least squares

Partial least squares discrimination analysis

Interval partial least squares

Multi-way partial least squares

Xli



rbf Radial basic function

RMSECV Root mean square error cresaidation

RMSEP Root mean square error prediction

RPD Ratio of prediabn to deviation

OSsC Orthogonal signal correction

SEP Standard error of prediction

SD Standard deviation

SDSPAGE Sodium dodecyl sulphate polyacrylamide gel electrophoresis
SNV Standard normal variates

SSTO Total sum of squares

SSE Error sum ofsquares

SVM Support vector machine

SVR Support vector machine regression

SVMDA Support vector machine discriminant analysis

uv Ultraviolet

UMF™ 8QLTXH P—QXND IDFWRU WUDGHPDUN
UMFHA 8QLTXH P—QXND IDFWRU KRQH\ DVVRFLDWL
WD Working distance

VIP Variable important in projection

Vis/VIS Visible

Xiii



—

o

O o

b7 0]

List of symbols

Inverting operator

Transpose operator

Betacoefficient

Absorbing component

Regularization parameter

Slackvariable

Cost and gamma hyperparameters of the rbf kernel
Mathematial function

Absorption coefficient

Incident intensity

Transmitted intensity

The optical pathway

Excitation wavelength, nm

Emission wavelength, nm

Absorbance

Pseudeabsorbance

0—QXNDQHVV

Potency

Purity

Transmittance

Reflectance spectrum of the dark referencE@ YHOHQJIJWK £ QP
5HIOHFWDQFH VSHFWUXP RI WKH ZKLWH UH
5DZ UHIOHFWDQFH VSHFWUXP PHDVXUHG D\
Relevant reflectance spectrum corrected

Coefficient of determination (simple linear regression)
Coefficient of determination (multivariate linear regression)
versus

Weight per volume

Spectrum of the-ih sample

Residual error matrix

Loading matrix

Score matrix

Spectral data matrix

Reponses matrix

Xiv



Purity

0—QXNDQHVYV

UMF™

Apiary

Beehive

Honey frame

LepteridinéM

List of terminology

explaining the botanical origin ds scoparium Another term
which can be used to describe putigymonoflorality

a spectral quality mark used to measure quality and purity of
P—QXND KRQH\

being atrademarkdquality standrdfor uniqueP —QXND IDFWRU
that is used to measufe — Q X N DgkaRyQ H \

alocationwhere several beehive$ bees are kept
a box containing several honey frames in which bees store
nectar after foraging

astrucural elementn abeehive havingnexagowal cell or comb
in which bees put the nectar in New Zealand, bney frame is
often madef virgin foodgrade polypropylene in black or
yellow colour

beingatrademarkd chemicalabbrevatedfrom Lepteridiné™
3,6, #trimethyllumazine

XV



List of figure s

Figure 1.1 Four main products from Comvita® COMYa...........cccevrvrrevririimmmeeeereeeeennnnnns 4

Figure 2.1. New Zealand pure honey exports by floral type and by destination (Source:
Statistics New Zealand, July/201®Jinistry for Primary Industries, 2020)............ 8

Figure 2.2. DHA dimmer dissociated into two DHA mamers in acidic environment (:BH
phenolic compounds and/ amino acids act as proton donors and/or acq€ptrger
Bt Al., 20L08)......cciiiiiieeiiiii e err e e e e —————————aaaa 13

Figure 2.3. The reaction scheme of the formation of the antibacterial MGO codnhfroom
DHA and from Maillard reactionfHellwig et al., 2017)..........ccccovvriiriiiiiiieeneeee.n. 14

J)LIXUH JURP P—QXND QHFWDU WR.DSLDU\MLKLY¥Y DQG EX
Figure 2.50ptical pathway of transmittance and reflectan¢8aeys, 2006)................. 24

Figure 2.6. Common events during the interaction between molecular species and
electromagnetic radiation in a medium (after Lu et al., 2020)...........evveeeriiieecirrnnnnnn. 25

Figure 2.7. Three different configurations of fluoreseemspectroscopy: (1) Riglingle
fluorescence, (2) frorflace fluorescence, (3)-ime geometry fluorescence with (a) top
reading and (b) bottom readifigatchoumane et al., 2022; ThermoScientific, 2022)

......................................................................................................................... 28
Figure 28. The scheme of a hyperspectral image obtained at the pixe($wek EIMasry,
12210 1 ) PSSR 30
Figure 29. The reflectance lingcanning hyperspectral imaging system (afteSAtayreh,
Reis, Yan & Klette, 202Q).........cccouiiiiiiiiiiiiieme e 31
Figure 210. The configuration of transmitting (a) and reflective (b) gratings in imaging
SpectrograpliQin, 2010).......uuuuuiiiieiiiiiiii ettt 32
Figure 2.1. An illustration of imaging parameters of a hyperspectral imaging system (after
Gregory & Nicholas, 2020)..........ooiiiiii e 32

Figure 2.2. The classification scheme of a linear SVM classifier (after Sontag, 20287

Figure 2.B. The illustration of feed forward bagkopagation neural network with i: the
input, w: the associated weight, h: hidden, o: output and b(Kiesn, 2011)....... 39

Figure 2.8. The output of diagnostic plots during GA running (a) in a PLS model over NIR
spectral range 37@2500 nm and selection of variables (b). GA stopgtegeneration
40 giving the best fitness (Honey data, 2020).........cccovvveiieiiiceeiiiiiiiieee e a7

Figure 2.5. Variable selection (green bars) of a forward iPLS which was run with 30 intervals
over NIR spectral range 3782500 nm. The iPLS plot showed a relationship between
crossvalidation prediction errors (RMSECV) and selected variables. The green interval
illustrated the selected variables (Honey data, 2020)............cccccovvieemeeeeiinnnnnnn. 48

XVi



Figure 2.16. Tradeff point for selection of a good model in which both RMSEC and
RMSECYV are low with a small number latent variables................ccc.oovvvvieee... 52

Figure 2.17. Detection of outliers (pink datapoints in red circles) in the HSI-H&%€y
dataset for PLS prediction Of ... 53

Figure 4.1. Cumulative probability distribution plot of 10 chemical parameters in the 1451
honey dataset (a): CDF for DHA (mg/kg), MGO (mg/kg);PRA (mg/kg), Leptosperin
(mg/kg) and color (pfund),E  &"') | RBP (fng/kg), 2ZMBA (mg/kg), 4HPLA (mg/kg),
Lepteridine (Mg/Kg) and UME............ccoioiiiiiie e remm e nm s 66

Figure 42. Scanning of reflectance spectral data of 1451 honey sathptesgghcontainer
transparent base using ASD spectroradiometer..............covviviemeeeeeeeeeeeeinnnnnnnns 67

Figure 43. The mean reflectance and absorbance spectra of averagetddh®ylsamples
across eight geographical districts (Al®(and the mean reflectance and absorbance
spectraformonoP —Q XND P PXQOMWMWD PR RARD KRQH\V -200 ' LQ
NM FANQE, FESPECHIVELY......uuiiiiiiiiiiii it 69

Figure 44. Prediction of DHA (a), MGO (b) plotted across eight geographic regions coloured
by mone P — Q gadDmulti P— Q XND JU H-HPQ- @XND QRQXH.7ZKRQH\V

Figure 45. Prediction of Leptosperin (c), Lepteridiffe(d) plotted across eight geographic
regions coloured by mon® —Q XND U-HWG-QRNX DO WLU H-HPQ- DXND QR@Q@X H
PONEY ...t e e e e e e et e e e e e e e e e e e e et ettt ————reaaaaaaaeaeaeaaan——— 71

Figure 46. Prediction of 3PLA (e), 4HPLA (f) plotted across eight geographic regions
coloured by monoP —Q XND U-HPG-QRNX D WIU H-HPQ- @O{ND QRQXH KRQI

Figure 47 3 UH G L F\WMAR @), RAMB® (h) plotted across eight geographic regions
coloured by moneP —QXND U-HPG-QRNX D WI1U H-HQ-@ND QROQXH KRQI

Figure 48. A 24-honeysample tray (a) and a lireanning reflectance hyperspectral
o Todo (815710 o I () TSP PPN 75

Figure 49. The segmentation approach of asédnple hyperspectral imageselect regions
of interest (ROIs). Each ROl is a single honey sample.............ccccevvvieeeiiiivnnnnee. 76

Figure 410. The mean reflectance and absorbance spectra oflG&y samples for eight
geographical districts (a & ¢) and the mean reflectance and absorbance spectra of mono
P—@XMNltiP—QXND IPGEQRRD KRQH\V E G H[WUDFWHG Il
IMAQES (BA7L70L NMIM)..euiiiiiiiiie e e e et e e e e e e et e e e e e eaaa e e e eeensnan 78

Figure 4.1.. Prediction of DHA (a), MGO (b) plotted across eight geographic regions coloured
by moneP—QXND U-HPG-QRNXO WJILU HHQ- (DXNDhQIREGBX H..80

Figure 4.2. Prediction of Leptosperin (c), Lepteridiffe(d) plotted across eight geographic
regions coloured by mon® —Q XND U-HPG-QRNX O W1LU H-HPQ- DXND QRQ@X H

XVii



Figure 4.B. Prediction of 3PLA (e), 4HPLA (f) plotted across eight geographic regions
coloured by monoP —Q XND U-WPG-QRNX D WILU H-HPQ- @XND QRQXH KRQI
.......................................................................................................................... 81

Figure 4.3 3 UHGLFWMAR @&),RRMBA (f) plotted across eight geographic regions
coloured by monoP —Q XND U-HPG-Q ge&nyahd norlP —QXND EOXH KRQI
.......................................................................................................................... 81

Figure 4.5. The scheme of filling honey samples into thev@8l plate and capturef
hyperspectral images by li¥sganning hyperspectral camera..............cccceeevvcee.. 34

Figure 4.8. A diagram of the segmentation process used to extrgiins of interest (ROIS)
in a hyperspectral image having honey samples captured from-thelQ@ate.......85

Figure 4.%7. Reflectance spectra after applying SNV-precessing i) and absorbance spectra
after applying SNV prgrocessing ii) of 570 honey s@les extracted from scans of
DIACK OBWEII PIALES. .. .. eee e e e e e e e e e 36

Figure 6.1. Output ohonrimaging PLS model with SNV pr@rocessing foUMF™ score
estimation with calibration set (black circle) and test set (red diamond): a) Latent variable
plot versus RMSE (calibration: solid line, cresdidation: dash line & test: solid line
with stars) b) Q residuals & Hotelling plot, c) PLS score plptl) Leverage plot and e)
regression plot between measured and estim#lt@@™ scores.............ccveeveeeee. 103

Figure 6.2. Important spectral features extracted fromimagingPLS regression loading plot
fOr UMF™ PrediClion. ........cuvieieicieiee ettt eeeme et eme 105

Figure 6.3. Linear regression betweeonimagng SRWHQF\ P—QXUMPFYHVV DQ
measured of the 148ioney samples of eight geographic districts comhined...106

Figure 6.4. Receiver operating characteristic (ROC) curves ficmrimagingPLSDA model
ON TG TEST SBL.. oo errer e e e e e e e e e et e emrnn e e e e eeeae 108

Figure 6.5. Violin distribution plotRI SXULW\ P—QXND QH Vnaorimsgidd. PDWHG
PLSDA model against reference mefo— Q X ND P POQOWD PR-EQRARD KRQH\V

Figure 6.6. NIRhonimaging SRWHQF\ DQG SXULW\ P—QXNDQHVV SORW
each district (b) grouping by three MPI honey classes. Note the blue line plotted is
identical for each despite the changing axes and is the model.line................. 111

Figure 6.7. The output ¢1SI PLSregression oMF™ prediction with calibration set (black
circle) and test set (red diamond): i) Latent variable plot versus RMSE-{(@ldation:
dash line with cross & test: solid line with cross), ii) Leverage plot, iii) PLS score plot,
iv) Q residuds & Hotelling T2 plot, v) regression plot between measured and predicted

UMPET™ SCOTES ... ittt ettt emeea e et e te e e eaeeeteeemnmeareeteas 117

Figure 6.8. Important spectral features extracted from HSI PLS regression loading plot for
UMF™ DIEUICHON. ... .eveeeeeeiecte ettt ceeme ettt ettt emnaees 118

JLIXUH SBUHGLFWLRQ RI SRW3H QIR dataev@neighd ddtiivty.. I URP WK
.......................................................................................................................... 120



YJLIXUH 9LROLQ GLVWULEXWLRQ SORW RI SUHGLFWLRQ
of mone P— QXN D P RPYQOAWMD PO RRD . KRQH\IV. oo, 123

YLIXUH 1,5 +6, SRWHQF\ DQG S X Ulisificts Pa)-a0dxidt Bagi VV SO

district (b) grouping by three classes of MPI criteria. Note the blue line plotted is identical
for each despite the changing axes and is the modelline...............coveeee 124

Figure 7.1. Plottinghonrimaging C\ASVM classification results with the measurgtrF™
(10 months)Group 0- misclassed and-Gorrecthoneys...............ovvvveiiiisicmeennnnns 128

Figure 7.2. Plottinghonimaging CVASVM classification results grouped by eight districts
against the measuré&tMF™ score Group O-misclassed ahl-correcthoneys......130

Figure 7.3.The stacked bar chart indicating the percentage of each™UblEket correctly
estimated (yellow), oveestimated (green) and uneestimated (red) from the nen
imaging CVPLS model. Note: the percentage error increasisdark color......... 131

Figure 7.4. PlottingHSI CV-SVM classification results with the measureéMF™ scores
Group O-misclassed and-@0rreCthoNEYS.............uveveiiiiiiiicceeccre e 133

Figure 7.5. PlottinddSI CV-SVM classification results grouped by eiglstricts against the
measuredJMF™ scoresGroup O-misclassed and-d@orrecthoneys...................... 134

Figure 7.6.The stacked bar chart indicating the percentage of each™Ubieket correctly
estimated (yellow), oveestimded (green) and undestimated (red) from the HSI GV
PLS model. Note: the percentage error increases with dark colar................... 135

Figure 8.1. Four scenarios f— Q XR@ H\V SULFLQJ YDOXHV..RY42U WKH

Figure 8.2. Distribution of four apiaries fronorrimaging data. Black circles were honey
samples with generatédMF™ scores from the lab. Red circles were predittstE™
samples from the PLS regression model.............ceeeiiiiiicceeeeiiiiiiieeee e 145

Figure 8.3. Distribution of four apiaries from hyperspectral imaging data. Black civeles
honey samples with generatedlF™ scores from the lab. Red circles were predicted
UMF™ samples from PLS regression Model............cccouveveveomeeeecieeeecreeneene, 146

Figure 8.4. Percentage gain in honey revenue was calculated for four pricing scenarios for four
imaginary apiaries (H1, H2, H2+ and H3) with Aemaging laboratory data (left) and
hyperspectral imaging laboratory data (right). Revenue percentage wasféhende
between values from sorting framedUMF™ buckets and averaging all frames147

Figure 8.5. Percentage gain in honey revenue by classifying into multiple quality buckets using
a PLS regression model based on-imoaging NIR data revenue (righddmpared to the
gain achieved by classifying on laboratory data (left) for four different pricing curve
scenarios, all for apiary H1 (i.e., 300 frames evenly sprea2QOUMF™) ............. 150

Figure 8.6. Percentage gain in honey revenue by classifying into maltigli¢y buckets using
a PLS regression model based on-imoaging NIR data revenue with absolute accuracy
of prediction at Bucket 10 (middle); additional gain made by perfect accuracy at bucket
10 (right); compared to the gain achieved by classifyingbaratory data (left) for four
different pricing curve scenarios, all for apiary HL.........cccooooiiiiiiniiiinieeee, 151

XiX



Figure 8.7. Percentage gain in honey revenue by classifying into multiple quality buckets using
a PLS regression model based on-imoaging NIR data revenue with abst@waccuracy
of prediction at Bucket 15 (middle); additional gain made by perfect accuracy at bucket
15 (right); compared to the gain achieved by classifying on laboratory data (left) for four
different pricing curve scenarios, all for apiary HL..........cccouviiiiiieemiiiiiiiiiieeee, 152

Figure8.8. Percentage gain in honey revenue by classifying into multiple quality buckets using
a PLS regression model based on-moaging NIR data with absolute accuracy of
prediction at Bucket 20 (middle); additional gain made by perfect accuracy at bucket 20
(right); compared to the gain achieved by classifying on laboratory data (left) for four
different pricing curve scenarios, all for apiary. HL...........ccoovvviiiicceiiiieeeeiiis 153

Figure 8.9. Percentage gain in honey revenue by separating into ditfééit! buckets by
PLS model of noamaging NIR (right) and laboratorgterived data (left) for four
different pricing curve scenarios (Scenario 1, Scenario 2, Scenario 3 and Scgaario 4
apiaries H1, H2, H2+ and H3.........oooiiiiimme e 155

Figure 8.10. Contour plots of percentage change in revenue from grouping fram Fith
buckets by model based on riomaging NIR relative to revenue from averaging across
all framesUMF™ calculated from laboratorgata, for four different pricing curve
scenarios (Scenario 1, Scenario 2, Scenario 3 and Scenario 4) for apiaries H1, H2, H2+

Figure 8.11. Percentage of samples was classified from anmaging NIR PLSDA
classification modelt¢p) and from labratory-derived model of true samplesottom
sorted in five different buckets (B_UMF_0, B_UMF_5, B_ UMF_10, B_UMF_15 and
B_UMF_20) at apiaries H1, H2, H2+ and H3..........ccccooiiiiiiiii e 158

Figure 8.12. Percentage gain in honey revenue was quantified from-ianaging NIR
clasgfication PLS modeltpp) compared with that of laboratederived mode{bottom)
for four different scenarios (Scenario 1, Scenario 2, Scenario 3, and Scenario 4) at
apiaries H1, H2, H2+ and H3..........oooiiiicm e 159

Figure 8.13. Percentage gain in honey revenue quastified from a notimaging NIR
regression PLS modebfp) compared with that of classification PLSDA modmttom)
for four different scenarios (Scenario 1, Scenario 2, Scenario 3, and Scenario 4) at
apiaries H1, H2, H2+ and H3...........ooooi i eee e 160

Figure 8.14. Perceage gain in honey revenue by classifying into multiple quality buckets
using a PLS regression model based on HSI NIR data (right) compared to the gain
achieved by classifying on laboratory data (left) for four different pricing curve scenarios,
all for apiary H1 (i.e., 300 frames evenly spreadOUMF™) .........ccccovvvevvnennen. 162

Figure 8.15. Percentage gain in honey revenue by classifying into multiple quality buckets
using a PLS regression model based on HSI NIR data with absolute accuracy of
prediction at Bucket 10 (middleadditional gain made by perfect accuracy at bucket 10
(right); compared to the gain achieved by classifying on laboratory data (left) for four
different pricing curve scenarios, all for apiary HL..........ccccvviiiiiieemiiiiiiiiinnene. 163

XX



Figure 8.16. Percentage gain in honey revenue bgifylagy into multiple quality buckets
using a PLS regression model based on HSI NIR data with absolute accuracy of
prediction at Bucket 15 (middle); additional gain made by perfect accuracy at bucket 15
(gain); compared to the gain achieved by classifgindaboratory data (left) for four
different pricing curve scenarios, all for apiary HL..........cccouviiiiiieemiiiiiiiiiieeee, 164

Figure 8.17. Percentage gain in honey revenue by classifying into multiple quality buckets
using a PLS regression model based on HSI NIR data with absolute acofiracy
prediction at Bucket 20 (middle); additional gain made by perfect accuracy at bucket 20
(right); compared to the gain achieved by classifying on laboratory data (left) for four
different pricing curve scenarios, all for apiary. HL...........ccoovvviiiicceiiiieeeeiiis 165

Figure 8.18.Percentage gain in honey revenue ofl BWBR model (right) and laboratory
derived model (left) for four different scenarios (Scenario 1, Scenario 2, Scenario 3, and
Scenario 4) at apiary H1, H2, H2+ and H3.........ccooiiii e 166

Figure 8.19. Contour plots of percentage changevenue from grouping frames intdF™
buckets by model based on HSI NIR relative to revenue from averaging across all frames
UMF™ calculated from laboratory data, for four different pricing curve scenarios
(Scenario 1, Scenario 2, Scenario 3 anch&ie 4) for apiaries H1, H2, H2+ and H3

Figure 8.20. Percentage of samples were classifiell®lySVMDA (top) and laboratory
derived modell{ottom) into five different buckets (B_UMF_0, B_ UMF_5, B_UMF_10,
B_UMF_15 and B_UMF_20) for four apiaries H12, H2+ and H3.................... 168

Figure 8.21. Percentage gain in honey revenue were quantified from théS\ tRassification
SVMDA model fop) compared with that of laboratederived mode(bottom)for four
different scenarios (Scenario 1 (S1), Scenar{®2), Scenario 3 (S3), and Scenario 4
(S4)) at apiaries H1, H2, H2+ and H3............ccciiiiiiiiceeiieeeeeee e 169

Figure 8.22. Percentage of samples were classifi¢di P LSDA (top) and from laboratory
derived modell{ottom) into five different buckets (B_UMF_0, B_. UMF_5, B_UMF _10,
B_UMF_15 and B_UMF_20) for four apiaries H1, H2, H2+ and.H3................. 170

Figure 8.23. Percentage gain in honey revenue was quantified from NIR HSI PLSDA model
(top) compared with that of laboratederived model(bottom) for four different
scenarios (Scenario 1 (S1), 8aeo 2 (S2), Scenario 3 (S3), and Scenario 4 (S4)) at
apiaries H1, H2, H2+ and H3........cooiiiiece s 171

Figure 8.24. Percentage gain in honey revenue was quantified fromtl\iRgression PLS
model (op) compared with a NIR4SI classification PLSDA modebfttom) for four
different scenarios (Scenario 1 (S1), Scenario 2 (S2), Scenario 3 (S3), and Scenario 4
(S4)) at apiaries H1, H2, H2+ and H3).........coooviiiiiiiiieeee e 172

Figure 9.1. The proposed architecture of -dmaensional convolutional neural network
regression/classification framewotk predict potency or monoflorality of honey in
hyperspectral IMAQES. ........coi i errer e e e 178

XXi



Figure 9.2. The 1BCNN regression plot of an independent 450 sample test set (a) and
regression plot observed by regions.(D).........ccoovviiiiiii e 182

Figure 9.3.Selection of importantvavelengths by 1ECNN using SHAP method for 50
samples giving superior UME prediCtion............ccccceiveeievieomeecieeece e 183

Figure 9.4. Prediction maps for honey trays from a gioesledLD-CNN classification model
of MoneP—QXND KRQH\V-PIHUAMRD RRQMWLY - PHHGXOME3& QR Q
(blue) using majority voting mechanism: predicted images (1) and ground truth (2) where
A, B, C, D are honey trays [image elongation is artifact of high conveyor belt speed under
[ S I oF= 0 1= - ) P 186

Figure 9.5. Assessment of important wavelengths fropixal-based 1BCNN (1) and a
samplebased 1BCNN model (2) for classification of three MPI classes: mdhe— Q X N D

(@), multit P— QXND E-PB-QEXRB.QF ..ot 188
Figure 9.6. The SHAP value plot of 50 superior prediction samples extracted fronnethe
classed 1BCNN model at 991 and 1435 NM......ueiiiiiiiiieeeieeeceeeeee e 189

Figure 9.7.Assessment of important wavelengths from the-tlessed 1BCNN model for
classification of two MPI classes: mdlB — Q XND O HIPAV-— @MQND.Q B.[E0K W

Figure 9.8. The SHAP value plot of 3Dperior prediction samples extracted from the-two
classed 1BCNN model at 1435 NIM.....oooooiiiiiiiiiieees e 190

Figure 10.1. The relationship plotloéptosperina) and_epteridiné™ (b) with UMF™ scores
obtained from 10Money sample dataset: mem®— QXND KRQH\-PUBHXXNDP XOW
honey (green) and neR —Q XND KRQH\N.EOXH.........oooooiiiiinnnns 199

Figure 10.2. Excitation emission matrices of M@l water (i) andof dummy honey (ii)
captured on a 9@ell plate (clear plystyrene bottom, black polystyrene sides).203

Figure 10.3. Fluorescence excitation emission matrices after blank subtraction for 300 ppm
Leptosperin diluted in MiliQ water (a) & in dummy honey (band fluorescence
emission spectra at excitation 270:maw spectra in water (solid line) & after subtracting
water spectrum (solidot line); raw spectra in dummy honey (dotted line) & after
subtracting dummy honey spectrum (StAe)..........ccceeeviiieeiiiiiiiceei e, 204

Figure 10.4. Fluorescence excitation emission matrices after blémiaction for 30 ppm
Lepteridiné™ diluted in Milli-Q water (a) & in dummy honey (b), and fluorescence
emission spectra in MilQ water (c) and in dummy honey (d) at excitation bands 250

QP DQG QR ra Ypedtra (solid line) & after subtractimgater spectrum
(dashed O L Q H 330, AWsHfiectra (crossline) & after subtracting dummy honey spectrum
(o Lo u =T 11T U= ) PSPPI 206

Figure 10.5. Fluorescence excitation emission matrices {28m/300- 600 nm) of five
undiluted (1) and 2% (w/v) diluted (2) honey samples with different levels of
Leptosperin (MM1) and Lepteridif® (MM2): A (MM1:16 mg/kg & MM2:0.4 mg/kg);

B (MM1: 179 mg/kg & MM2: 2.2 mg/kg); C (MM1: 302 mg/kg & MM2: 14 mg/kg); D
(MM1: 460 mg/kg, MM2: 5.4 mg/kg) and E (MM1: 905 mg/kg & MM2:22r@/kg).

XXii



The measured fluorescence intensity was the intensity difference of sample and blank

Figure 10.6. Fluorescence emission spectra of the five honey samples inlBiguoadiluted
(solid line,1) and diluted (dashed lin2) at excitation 27Qi)) and 330 nm (ii)........ 208

Figure 10.7. PARAFAC results for 1@bluted honey samples in EEM of 25@00/300- 600
nm: core consistency plot (i); fluorescence signals (ii); excitation (iii) and emission (iv)
plots of Leptosperin and LepteridineTM identifieda PARAFAC model............ 209

Figure 10.8. PARAFAC results for 14thdiluted honey samples in EEM of 25@00/300-
600 nm: fluorescence signals of component 1 (a), component 2 (b) and component 3 (c);
core consistency plot (d); excitation (e) and emission Iffjspof three components
identified in @ PARAFAC MOdEl.........oooiiiiiiieees e 210

Figure 11.1. The sketch of a designed knife (a) and (b) using knife to remove the cap wax

Figure 11.2. Seven frames from seven geographic districts were uncapped at regtenssof
DEefore SCANNING .....cccoi i 221

Figure 11.3. The incorporation of NIR and fluorescence modes for scanning honey frames
(scanning area with diameter 40 MITL)..........uuueiiiiine e e e e e e e e eeeee s 223

Figure 11.4. Segmentation process to extract regions of interest (ROI) with three main steps:
(1) multi-thresholding, (2) morphological operation and (3) labeling with centroid
(027 =T 11T o ORI 222

Figure 11.5. NIRnonrimaging spectra of 32 comb honey samples acsmgengeographic
districts (a), across 6 districts without Wairarapa.(b)...........cccceeeviiiieecivvnnnnnnnnn. 226

Figure 11.6. NIRHSI spectra of 32 comb honey samples acsesengeographic districts (a),
across 6 districts without Wairarapa (B)............ooooiiiiiiiicn e 226

Figure 11.7. Reflectance fluorescence spectra obtained from the integrated fluorescence system
of 32 comb honey (undiluted) samplesassevengeographic districts at 265 nm (a),
DW QP E DIWHU VXEWUDEW.LRQ.RIL.WKH..LUZPHIV VLIC

Figure 11.8. Reflectance fluorescence spectra obtained from LUX spectrofluorometer system
of 32 comb honey (undiluted) samples acre®asengeographic districts at 265 nm (a),
at 310 nm (b), at 270 nm (c) and at 330 nm (d) after subtracting the sighal ldftk
OG-WEII PIALE. ... .o errr e e e e e e e e e e e e e e eenraeaeaaaaas 227

Figure 11.9. Reflectance fluorescence spectra obtained from LUX spectrofluorometer system
of 32 comb honey (diluted) samples acresgengeographic districts at 265 nm (a), at
310 nm (b), at 270 nm (c) and at 330 NML(A)......euieeeeeeeeeeiiee e 228

Figure 11.10. The output of PCA analysis on NIR fmraging data (37G:1600 nm): (i) PC1
& PC2 score captured 95.84 % variance, (ii) loading plot of important bands.230

Figure 11.11. The output of PCA analysis on NIR hyperspectral datat{BAYL nm): (i) 1
& PC2 score captured 99.27 % variance, (ii) loading plot of important bands.230

xXXxiii



Figure 11.12. The output of PCA analysis on LUX fluorescence data at excitation 270 nm: (i)
PC1 & PC2 score captured 99.61 % variance, (ii) loading plot of important.b&3ds

Figure 11.13. The output of PCA analysis on LUX fluorescence data at excitation 330 nm: (i)
PC1 & PC2 score captured 99.43 % variance, (ii) loading plot of important.b&d@s

Figure 11.14. PLS prediction of Leptosperin on fluorescence datasetstatiexdands 265,
270, 310 AN 330 MMttt eeer et e e e e st e e b e e aaeeeaa e ean e ean e 234

Figure 11.15. PLS prediction of Lepteridifeon fluorescence datasets at excitation bands 265,
270, 310 @NA 330 NIMieiiiiiiiiiiiiiieee e erei e e e e st e e e e s smmne s bba e e e e e e s anseneeesemmns 234

Figure 11.16. PLS prediction of UM¥ on fluorescence datasets at excitation bands 265, 270,
G 0= g T I 1 10 I o o PP PP 234

XXV



List of tables

7TDEOH 7KH HLJKW FKHPLFDO PDUNHUV LQ P—QXND KRQH

Vis andinfrar@d range...........uuueeiiiiii e ereer e e e e 17

Table 2.2. The UMP" rating system with MGO and Leptosperin concentrations required

......................................................................................................................... 20

7TDEOH 7KH 03, FULWHULD IRU GHILQLWLRQ DQG LGHQW
NONEYS(MPI, 2017D) ... et e e e e e e e e e e e e e e e eneas 22

Table 2.4. Explanation of RPD value ranges indicating utility of a calibration r{foaeys et
Al., 2005) .. ettt ———— e ———————————————————— 50

Table4l ODWUL[ RI VTXDUH 3HDUVRQYV U FRUUHODWLRQ FRHI
determined by lalbased angkis) from a 145kample dataset............................ 66

Table 42. The best PLS regression models of NIR -moaging 145isample data for
prediction of eight chemical markers (calibratiod3416, test = 435).................... 70

Table 43. Summary of calibration models for each chemical ptegiat each district...73

Table 44. The best iPLS’LS regression models of NIR HSI 168&mple data (calibration =
1160 & tESt = 49B)...cceiiiiiiieeeiiiiiee e D

Table 45. Summary of calibration models for each chemical prediction at each disti2t

Table 46. The best iPLSLS regression results of combined two datasets of 570 honey
samples for global models (calibration = 399 & test = 171).........coovvvvvvvnnucaee.. 87

Table 5.1. Comparison of prediction results of eight chemical markers between raw non
imaging and selectefl compressedonimaging data at global level.................. a1

Table 5.2. Comparison of prediction results of chemical markers between ramaging
and selected compressedonimaging data at Kerikeri, Wairarapa and Whanganui
0 1S3 g Tod £ S SPPURRR 91

Table 5.3. Comparison of global modelschemical markers obtained from hyperspectral
dataandfrom selecte® compressedonimaging data...............c.oeeeeeiivieeeeeennnn. 92

Table 5.4aComparison of prediction of chemical markers between HSI data and sdéected
compressedonimaging data at Kerikeri, Wairarapa and Whangalmstricts........ 93

Table 5.4bComparison of prediction of chemical markers between HSI data and s&ected
compressedonimaging data at Hawkes Bay, Waikato and Mobile Unit districéS3

Table 5.5. Comparison of prediction of chemical markers obtained&emonrimagingdata
with from compressed neimaging data at global level..............ccccciiieeennnnneen. 94

Table 5.6. Comparison of prediction of chemical markers betweemoamaging and
compressed neimaging data at Kerikeri, Wairarapa and Whanganui districts.95

XXV



Table 5.7. Comp&on of global models of chemical markers obtained fr& data with
from compressed NAIMAagINg data..........cccooeeeeieeiiiiiieeeiie e 96

Table 5.8aComparison of prediction of chemical markers between HSI and compressed non
imaging data at Kerikeri, Wairarapa and Whanganui diStricts.....................e...! 96

Table 5.8bComparison of prediction of chemical markers between HSI and compressed non
imaging data at Hawkes Bay, Waikato and Mobile Unit districts..................... 96

Table 6.1. The important spectral features and correspgpaoldemical footprints defined from
thenonimagingPLS-UMF™ prediction.............c.coveieeeeeieeeee e ccee e semas 105

Table 6.2. Classification performance on the test dataset for linear PLSDA aiidiazon
SVMDA MOEIS ....eeiiiiiiiiiiiiiii ittt eees 107

Table 6.3. The important spectral features and corregmprchemical fodprints were
identified from thenonimagingPLSDA classification of mond® — Q X N D P P-)QOW D

and NORP — Q XN D .KIRQ.H MV e 109
Table 6.4The important spectral features and correspwnchemical footprints characterized
from theHSI PLSUMF™ prediction...........c.ccoeouveieieiieeeeeceeeee e 119
Table 6.5.Comparison betweeHSI PLSDA and SVMDA (rbf) for classification of mono
P—QXNIDP—QXMNBoARP —QXND.KRQH\M....ooo 121
Table 6.6.Comparison betweeHSI PLSDA and SVMDA (rbf) for classification of multi
P—QXM BoRP —Q XND .KRQH\V. . 121

Table 6.7.The important spectral features and corresp@na&hemical footprints were
identified from theHSI PLSDA classification of mond® —Q XND P PXQOMWD DQG QRCQ
P —HK NONBYS ... 122

Table 7.1. Confusion matrix abnimagingCV-SVM classification results for mor® — Q X N D
multi-P—QXND PR ARD.KRQHIV. e 127

Table 7.2a Confusion matrix of honey samples correctly classified from-amaging C\
SVM model and then stad in differentUMF™ bucketS...........cccooveeeeevieieemnnee. 129

Table 7.2b Misclassification of honey samples predicted from amaging CVSVM model
and counted in differeAIMF™ DUCKELS...........ccueiuiiiiiiieceeee e e, 129

Table 7.3.Confusion matrix of samples predicted from a #moaging CV-PLS regression
model were sorted intive UMF™ DUCKELS...........ccoevveeviiiiii et 131

Table 7.4. Crossalidated SVM classification results of hyperspectral data for classifying

mone P—QXND P PXQOMD PG BORAPS.K......oooivveeeeiie 132
Table 7.5a. Confusion matrix of honey samples correctly classified from a HSEVWV
model and then sorted in differddMF™ buckets............cccoovevvriiieeeeecieeeen 133

Table 7.5b. Misclassification of honey samples predicted frad8bBCV-SVM model and
counted in differeNUMF™ DUCKELS...........c.coouiiuieiieeieemee et 134

XXVI



Table 7.6.Confusion matrix of samples predicted from a I@$+PLS model were sorted into
AIffereNtUMFET™ DUCKELS .......cveivieiiiccee et emeee et 135

Table 8.1 Number of 1451 honey samples separated in five diffesdtE™ buckets....138

Table 8.2Four criteria of randomly selected datapoints from the &i-5ample dataset

Table 8.3Parameters of the logistic curve generated for each pricing curveiscena 142

Table 8.4Classification outputsf five differentUMF™ bucketson the test set afonrimaging

PLSDA and SVMDA MOAELS........oiiiiiiiiiiiiiiieieeee e 143
Table 8.5Classification outputef five differentUMF™ buckets on the test setldl PLSDA

aNd SVMDA MOUEIS......oueiiiiiiiiiiiiiie e 144
Table 8.6.Non-imaging PLS regression results were sorted in five different buckets for the

APIAIY HL .o e 149
Table 8.7.Nonimaging PLS regression results were sorted in different bucketshieving

100 % predictionnto bucket 10 at apiary HL..........cccouvvmiiiiiiiieeeiiiieiiieeeeeceeeeeee 151

Table 8.8.Non-imagingPLS regression results were sorted in different bucketshieving
100 % predictionnto bucket 15 at apiary Hl.............cccoorriiiiieeee e, 152

Table 8.9.Nonimaging PLS regression results were sorted in different bucketshieving
100 % predictionnto bucket 20 at apiary HL..........ccccuvimiiiiiiiieeeiiiiieeieeeeceeeeeee 153

Table 8.10HSI PLS regression results were sorted in different buckets for the apiary H2

Table 8.11HSI PLS regression results were sorted in different buckeishieving100 %

predictioninto bucket 10 at apiary HL..........ooovviiiiiiiiiiieaneeeeeeeee 163
Table 8.12HSI PLS regression results were sorted in different bucketshifeving100 %
predictioninto bucket 15 at apiary HL...........oooriimiiiiiiie e 164
Tale 8.13.HSI PLS regression results were sorted in different bucketshifeving100 %
predictioninto bucket 20 at apiary HL...........ooooriiiiiiiiie e 165
Table 9.1.The architecture of the proposed -UNN regression model for prediction of
UMPET™ SCOTES ... e iuiiieiectee et eteme ettt e etsemmneeeveeeteeaeaneeereeeseesmnmeareeteas 181
Table 9.2Comparison of prediction resultsWMF™ scores between :BDNN, PLS and SVR
.......................................................................................................................... 182
Table 9.3The architecture of the proposed-tINN classification model...................... 184

Table 9.4.The output of the sampleased (preorocessing: % Derivative) and pixebased
(pre-processing: SNV) 1HCNN models on the test set for classification of mono

P—QXNDPRPXQOMWD IPEORARD.KRQH\M. 184
Table 9.5Comparison between :DNN and PLSDA and SVMDA (rbf) for classification of
mona, multi- and NOARP — Q XN D .KRQH\M. ..o, 185

XXVii



Table 9.6 Comparison 1BCNN model versus PLSDA and SVMDA (rbf) for classification of

multi-and NOAP — Q XN D KR Q.H V. oo 185
Table 10.1. Statistal summary of Leptosperin (MM1) and LepteridiféMM2) contents in
100-honey SAMPIE dATASEL.........uuuiiiiiiiiiiiieeeiii it eerer e e e e e e e e e e 195

Table 10.2Standard PLS regression results for Leptosperin (MM1), LeptefdiindM2) and
UMF™ score obtained from diluted and undiluted honey data at excitation 270 nm

Table 10.3Standard PLS regression results for Leptosperin (MM1), LeptefdiihdM2) and
UMF™ score obtained from diluted and undiluted honey data at excitation 330 nm

Table 10.4.Tri-PLS regression results for prediction of Leptosperin (MM1), Lepteritfine
(MM2) and UMF™ score for both diluted and undiluted honey data operated on a full
] Y 0 = 11 P 214

Table 10.5.Tri-PLS regression results for prediction of Leptosperin (MM1), Lepteritfine
(MM2) and UMF™ score for both diluted and undiluted honey data operated on a
combned data matrix of excitation 270 and 330.0M.............eeveeieiiirervveeeeeeenee. 214

Table 10.6.Multi-block PLS regression results for prediction of Leptosperin (MML1),
LepteridinéM (MM2) and UMF™ score for undiluted honey data at excitation

wavelengths 270 and 330 NM........ouuiiiiiie e eeer e e e e e e e 215
Table 10.7.7KH RXWSXW RIl 3/6'$ PRGHO RQ WKH WHVW VHW IRU [
fluorescence undiluted honey data at excitation 270 nm and 330.nm............. 216

Table 11.1Fou UMF™ buckets were used for grading honeys before bulk extracti@a?2
Table 11.2. PLS prediction models of eight chemical markers from NIRmaging data of

32-comb honey samples (calibratior28, test = 9)........ouuvvviiiiiiiiiiii e 233
Table 11.3. PLS regression modelsafht chemical markers from NIR hyperspectral data of
32-comb honey samples (calibratior28, test = 9).........uuvviiiiiiiiiiiiiccecceeee. 233
Table 11.4. THPLS prediction of eight chemical markers from LUX fluorescence data-of 32
diluted comb honey SAMPIES.........ouiiiiiiie e 235
Table 11.5. THPLS predition of eight chemical markers from LUX fluorescence data ef 32
undiluted comb honey samples...........ooooiie e 235
Table 11.6. PLS prediction of eight chemical markers from multiblock data of undiluted LUX
fluorescence at excitation 265 mwith HSI data...............coovvvvviiiieeme e 236
Table 11.7. PL$rediction of eight chemical markers from the multiblock data of undiluted
/8; IOXRUHVFHQFH HRA7OWIth R®) d&dd. W.D..D.W...£..............237
Table 11.8. PLS prediction of eight chemical markers multiblock data of undiluted LUX
IOXRUHVFHQFH HR3ILUWth R d&t®d.W.D..DW..£.....ccc..ooeee. 237
Table 11.9. PLS prediction of eight chemical markers from the multiblock data of undiluted
/8; IOXRUHVFHQFH HRIBWWIthRIQI datR.W.D..D.W...£.............. 237

XXViii



Table 11.10. PLS prediction of eight chemical markers from the multiblock data of undiluted

LUX fluorescHQFH HPLVYV LRE &WWD WitMHS data.................... 238
Table 11.11. PLS prediction of eight chemical markers from the multiblock data of undiluted
/8; IOXRUHVFHQFH HRA7Y & 8BI @m@tDb MEDdaaW.. £.............. 238

Table 11.12. Crosgalidation PLSDAoutputs of classification of monomulti- and non
P—QXND KRQH\V IRU W K-unddingiNIRVMagiHNaNM utdibuted RWUX
[IOXRUHVEBHMNEH. DM £ 239

Table 11.13. Predicted PLSDA outputs of classification of momulti- and noARP — Q X N D
honeys or three datasets (NIR nemaging, NIR imaging and undiluted LUX
[OXRUHYV BEMNEH. . DML E. e 239

Table 11.14. Crossgalidation PLSDA outputs of three UME buckets for three datasets (NIR
non LPDJLQJ 1,5 LPDJLQJ DQG XQGL QaXiH.G../.8;..2A0XRUHV F I

Table 11.15. Predicted PLSDA outputs of three UNiBuckets for three datasets (NIR ron
LPDJLQJ 1,5 LPDJLQJ DQG XQGL QGXWiHG...[8.;...0.RROUHVFHQF

Table 11.16Important wavelengths identified in PLSDA models of NIR imagamgl LUX
fluorescencat £es nm for classification of MPI honey classes d@amvita® UMF™
DUCKELS. ... e 241

Table 12.1The contribution of the current research to new knowledge.................... 246

Table 12.2. Summary of important variables identified to assess the quality and purity of
P—QXND KRQH\ ZKLOH..VW.LO.Q..LQ.WKH.LUDRH... 247

XXiX



Chapter 1 Introduction

1.1.Project Overview

This project is aimed at usingortinvasive methods (nemmaging spectroscopy&
hyperspectral imagirigcombined with chemometrics and machine learning algorittans
estimate thejuality and identityof honeyin-frameimmediately after urepping and before
extraction to enable muka honey to be graded by imputed qualtyion-imaging sensor was
also used in this study as a way of benchmarking benefits or limitations of hyperspectral
imaging.

New Zealand mauka honey is mainly derived from nectateptospermum scoparium
(commonly known asP — Q XI&n) that is rich indihydroxyacetone (DHA) The DHA
compound found ithe nectars the key precursor for transforming tetibacterial activityn
P—QXND (WiRad et al., 2014)During honey ageingDHA decomposes into 1,2
dicarbonyl methylglyoxal (MGOfpllowing thekinetics typicalof Maillard reactiongHellwig
et al., 2017) MGO is themain antibacterialcompound conferring the negueroxide activity
(NPA) in the P— Q X N D(HeRnv@ dt\al., 2017; Owens et al., 201Blpwever, bee defense
1 and polyphenolic compounds also play a role for the NEAWKLQ P — @XhBtoiK R Q H\
et al., 2018; Roberts et al., 2015)

In addition to DHA and MGOgpther phytochemicalsare alsoGLVWLQFWLYH IRU P
honey(Oelschlaegel et al., 2012; Smallfield et al., 20B&)cording to the Ministry for Primary
Industries (MPI) criteria (2017), four chemicals from the group of flavonoids and phenolic
acidsarei GHQWLILHG DV FKHPLFDO P Dphéhiflacticaci® (B3+$QXND KRQ|
PHWKR[\DFHWR SKMAPQ R QHhethoxyfhenzoic acid (MBA) and 4
hydroxyphenyllactic acid GHPLA) (MPI, 2017b; Oelschlaegel et al., 2012; Smallfield et al.,

2018) However, 3PLA and 4HPLA are also found iKunzea ericoidesN—Q XND QHFWDU Z
is a membeof the myrtaceous family likeeptospermum scopariu(Bong et al., 2018)

M—QXND iKR&gnly\graded by two different sem: one is based oMGO
FRQFHQWUDWLRQ PJ N jhePothdad XshdB QKLIRTQXHH\ 0 B-@QEXND "WPFWRU ¢
which indicate the NPA value(Roberts et al., 2015)n 1990, the UMBPY number was
HVWDEOLVKHG E\ WHVW L GlhapRied@ci aurdaBagteria(CodrbarQsV W
Fuertes et al., 2019; Roberts et al., 20IH)e UMF™ score was determined to be the

equivalent percentage of phenol concentration (\wfedudng the same inactivation effect



againstS. aureusasa P — Q Xdw& sample(Johnston et al., 2018; Roberts et al., 2015)
Currently,theUMF™ is mainly predicted by MGO concentrati@eorgescu et al., 201@hd
LV ZLGHO\ XVHG LQ WKH TXDOLW\ UDWLQJ V\VWHP IRU W
(UMFHA, 2021)

Previous sidies showed that - QXND KRQH\ SRVVHVVHV D GLVWL
profile (Johnston et al., 2018; Lin et al., 201E¢ptosperin (MM1) and Lepteridif 3,6, 7
trimethyllumazine (MM2)wvere to bainique fluorescence markerRfU P — Q X NBEdng & Q H \
al., 2018; Bong et al., 2017; Lin &t, 2017; Smallfield et al., 2018)\ccording to Bong et al.
(2018 &2017)the fluorescence marke MM1 & MM2 exhibit fluorescencen the UV
(ultravioletyVis (visible) UH J L R m D W QP DR+#330/470 nm, respective(Bong
et al., 2017; Lin et al., 2017)Other fluorophores of the flavonoid growiso display
fluorescence emission Mis regionin response t&JV excitation wavelength@han et al.,
2013)

Seasonsgeographic distrigt, and the presence of other floral nectars influence the
quality and purity R1 P — Q X N [BukiR € Hl\, 2018; Williams et al., 2014tuitively,
honey in cells across frames in the same beehive or among beehives coblonb@geneous
since honeybeesould collect different nectar during foragingherefore the quality of
P — Q MoNdypotientallyvariesamong apiaries, beehivaadframes,or even within a frame.
During the extraction process for an apiary, framesuavally pooled, which can reduce the
quality of the bulked extracted® — Q KdW€y below its potentiallhe assessment of honey
frames prior to extraction mncernedHowever, he current methods (e.g. to&F™ ratings
MGO measuremengre mostly appliedfter bulk extraction in which all frames from an apiary
are lumped togethe(Johnston et al., 2018; Roberts et al., 2018MF™ ratings or
measurement of MGO concentaatiby wetlab analysis is too timeonsumingor on-line and
at-line applications in the extraction process.

In the search of a new method for evaluatiomef@ XND KRQH\fV TXDOLW\ DC
up-to-date nonnvasive methods, and thebt key chemical me&ers(DHA, MGO, 3-PLA,

™MAP, 4-HPLA, 2-MBA, MM1 & MM2) which arelargely unique tan-rukahoneyare
studied Based on these key chemical makérs work has developed a term in relation to
their concentrations, s6 DOOHG 3P —QXNDQHVV—QMKNDYRHMIONWIKH 3P
eight chemical makers
SP—QXNDOQHMY )@ aIF2.#A"F/#2a&a F/S#aF*2. . #4/ sd/ t;



1.2.Research objectives
A rapid grading tool requires a predictive model for quality and identitfPet Q X N D
honeyin-lUDPHYVY 7KH SUHGLFWLRQ RI P-MxxdEB)QmtiMor puRty) SRWH
03, LGHQWLW\ RI P—QXND KRQH\V ZLOO EH LQGIWQUHFWO\
VLIQDWXUHYV RI P—QXND KRQH\ NH\ déstidetlve D@hdddD NIRHUV 'L
and fluorescence and their combinations will be studied to measure honey potency and purity
3P — Q X ND Q H Whih objédfitesl dte outlineab follows:
[1] EstimationRl HLJKW NH\ FKHPLFDO PDUNH do#inha@ing@ —Q XND
Vis-NIR sensor (350 2500 nm) andhyperspectral imagingenso547- 1701nm)in
combination with chemometrics and machine learning algorithms
[2] Developing a tool taaptureunique fluorescence signaturesuindiluted P — Q X N D
honey using fluorescenspectroscopy and chemometrics.
[3] Combning fluorescencand Vis-NIR spectral data extracted frohyperspectral
imagingdatato estimate3 P — Q X N D Qarhm&fCiah@heyframesimmediately after

uncapping (removing the wax on honey frames).

The overall research objective isftod and prove in priciple a nonrdestructive and
rapid gradingtool for estimatingpotency and purityP —Q®NDMV"™ LQ KRQH\ IUDPHYV
the bulkextractionto sort honey frames having poor quality out of those of good quéiity
this study, norimaging anchyperspectral imagingombinedwith chemometricend machine
learning algortihms were employed to estim&e— Q X NDI@ S VWM GLFWLR Q (RH VW —Q X |
inframesEDVHG RQ XQLTXH P—Q ¥bbburs thdR StentWdubliyNFR'X O G
score DQG WKH SXULW\ RI IORUDO VRXUFH 03, FULWHULD IR
IORUDO P—QXN-DOXQG ®RQH\V

1.3.Food Industry Enabling Technology and Comvita® partnership

This study is one of 14 industrial projects under Food Industry Enabling Technology
(FIET) research program funded by New Zealand Ministry of Business, Innovation and
Employment (MBIE). FIET was asix-year collaborative programme of technology
development of six New Zealand leading research institutes and universities (AgReseach,
Massey University, The University of Auckland, University of Otago, Plant and Food
Research, and the Riddet Institute)etthance the benefit of export for New Zealand food
processing companies. The FIET projects spanned dairy, meat, horticulture, and prepared food

sectors. This study belongs to the project 14, namely Spectral Separations, which is



collaborated with Masseyniversity, AgResearch, Comvita® and Potatoes New Zealand. The
Spectral Separations project focuses on (a) resogpsyllid damage in whole potato tuise

at grading and (b) optimL QJ WKH H[WUDFWLRQ IUDPHV RI KRQH\ WR H
K R Q HXgbK velues. Total funding for spectral separation on honey is about NZ $400,000.

Comvita® is one of the pioneering companies in exportinguka honeys to other
countries and is also one of the best equipped of New Zealand honey companies to benefit from
export values. Itis listed on the NZ stock exchange (k8@ million market cap). Comvita®
has branches in several countries (Japan,nS¢otea, USA, Hondong, Australia, UK and
China). The company has produced many famous products originated from honeys such as
M -ruka Honey (with different level of UMF), Medihoney (a higladed mnuka honey
certified for medical purposes), and from pobg. This study is a close collaboration with
Comvita® who provided large sets of fully angdgl honey samples from across the North
Island of New Zealand. In addition, we also have shared research progress, research results,
modelling applications and hey expertise to make the work become specific. The output of
this study could bring great benefit for honey industry.

The projected endpoint of this study is proof of principle of a spectral inspection method.
Potentially, fusion of NIR and UWIS fluorescence techniques combined in the reflectance
modewill be shownsuitable for use on undiluted honey in recently uncapped honey frames.
The method must include robust models tunable by seasons and regions. The study will include
an analysis of factors imagting financial returns from the technology where it was

implemented.

At Comvita we believe that nature’s
health system is a total healthcare system

Figure 1.1.Four main products from Comvigacompany



Chapter 2 Literature review

This literature review aims to describe essential information of three critical components for
WKLV ZRUN D P —QXéstudive @oéls (spéctroQoBpy/nmnaging & imaging

spectroscopy/hyperspectral imaging), and (c) chemometrics and machimegedgorithms.

6HFWLRQ horeyQ X ND

7KH GHPDQG IRU 1HZ =HDODQG P—QXND KRQ(MN&wmsE,DV EHHC
2019) Its KLJK XQLW YDOXH PDNHV SHRSOH FRQFHUQHG KRZ P-—
other honeysrad how to be sure what they purchase is a good quality honey. To answer these
TXHVWLRQV WKLV FKDSWHU XQYHLOV P—QXND KRQH\YV FK
of traditional honeys. In addition, this section also covers the extraction prduesesy
DSSOLFDWLRQV DQG FXUUHQW TXDOLW\ PHDVXUHPHQWYV RI

21.0—QXND KRQH\ YDOXHG FRPSRQHQWYV

1HZ =HDODQG P — @aiMlylded/&QrbimLépiospermum scopariumectar
(Smallfield et al., 2018; Williams et akp14) Before the 1980s, it was used as food for bees
since this honey (dark in colour, strong in flavor and lowly value) was difficult to extract in
comparison with other local honeys. Early 1990s, Peter Molan, a researcher from the
University of Waikato, HamilRQ 1HZ =HDODQG GLVFRYHUHG WKH DQWL
honeys, which can inactivate microb@s;luding pathogensbetter than traditional honeys
(Van Eaton, 2014; White, 2018)en years later, Thomas Henle, a professdJniversity of
'"UHVGHQ *HUPDQ\ IRXQG WKH SULPDU\ DQWLEDFWHULDO D
methylglyoxal or MGQ(Elvira et al., 2008)MGO is gradually formed during honey ripening
and storage by facile dehydration of dihydroxyacetone (DHA) which is a-¢hareen sugar
compound uniquely hyperaccumulatedLieptospermum scopariumectar(Hellwig et al.,
2017; Owens et al., 2019; Williams etal., 20180 DGGLWLRQ rty@GXddkonédR Q H\
with a diverse polyphenolic profilélavonoids, phenolic acids, methyl syringatd)ich also
DGGV YDOXH WR P—QXND K R(@dthyEMal.T20D7OWANG, IDQ Gridchung DW X U
et al., 2019)After the antibacterial MGO agent was first discovered in 2008 @ XND KR QH\
KDV EHFRPH D 3JROG"™ OLTXLG KRQH\ kg, Qumban tonsukptign,EHQH I L

cosmetics, and other applications.



™Therapeutic

0 — Q X N D hg=0@dH used as a therapeutic agent for ulcer treatment and burn healing
(Combarrog-uertes et al., 2019; Johnston et al., 2018; Kwakman et al.,. 2060 and other
antibacterialcompounds are able tcompete againsseveral pathogens Staphylococcus
aureus,Escherchia coli and Pseudomonas aerugingsavhich potentially replacsynthetic
antibacterial drugéElvira et al., 2008; Kwakman et al., 201%ith a certain amount of MGO
LQ P — Q X NexteknRl Qathogerere inactivated beforentering ulcer injurieg€Johnston et
al., 2018) According toCombarrog-uertes et al. (2019$. aureusindE. coli are significantly
reduced in bacterial growth at the minimum inhibitory concentration (MIC) 10 % (w/v) and 20
% (W) ofm— QXND KRQH\ 0*2 UHVSHFWLYH&2014 tepdrted U O\ /X
that the growth ofStaphylococcuspp.andBacillus subtilis was decreased atst MIC 4 %
(w/v) (Johnson et al., 2018)In addition to pathogenic inactivation, MGO carostimulate
cellular macrophage# infected tissues to produce mediators for healing wound cells
(Johnston et al., 2018 2007, the U.S. Fed& O 'UXJ $GPLQLVWUDWLRQ )'$ DF
honey as an alternative approach for treating wounds (burns, ulcers adteatiog ulcers)
(Johnston et al., 2018} owever, ulcers caused Hiabeteshouldnotbetreatedwith P— Q X N D
honeyfor healingsince the degradation aflvanced glycation ergroducts AGES) derived
from MGO could produce detrimental effectiuraj, 201) .

™ Functional ingredient

Food used as a functional ingredient to cure a certain disease must demsafetiyte
human consumptiofiDominguez, 2013) 0 — Q X N D has B E€EH studieds a functional
ingredientfor stomach ulce(Rosendale, 2009)Thereis little scientific evidence proving
impact of P — Q Kadéy againsHelicobacter pyloribacteria after human consumptidhe
study ofRosendale (2009eported that maruka honey has little valuer inactivation ofH.
pylori at normal consumption. This is becausengika honey could not travel far to reach the
colon at concentrations giving the significant efféRbsendale, 2009)urther research is
VXJIJHVWHG IRU D IRUPXODWLRQ RI P—QXND KRQH\ WR SUR)

™Cosmetic ingredient

The @smeticindustrynowadaysaims to use natural preservatives instead of synthetic
chemicalsfollowing the trend of using naturalingredients(Claudia & Giovanni Antonio,
2018) The abundant profile of antibacterial and antioxidant compounds (MGO, Leptosperin,
antioxidanty found in P — Q Xdh&ys arepotentially usefulas cosmetic ingredients. The
compounds in cosmetic produatsistfollow WKH (XURSHDQ 3KDURO&BR&SRHLDV



& Giovanni Antonio, 2018)In the maket, skincare and body care produlsts’e employed
antimicrobial and antinflammatory agents fronP — Q XoNdyqPatel & Cichello, 2013)For

example, antmicrobial creamsg.g.,Ampule energyrontainng propolisand P—Q XND KRQH\
are claimedo inactivate ringworm and fungal pathogens on skin infec{iBag| & Cichello,

2013) Propolis is not a single compound, but a mixture made by bees as @egtances

Salcedo et al., 2017)otions deodorants and facare products (facial cleanser, face masks,
antirwrinkle cream and lip balm) containing antibacterial and antioxidant agentsRreaQ X N D
honey are currently availabl@New Zealand pharmacies and supermaridsel & Cichello,

2013)

22.1HZ =HDODQG P—QXND KRQH\ H[SRUWYV

Beforethe 1980s, New Zealan{NZ) honey industry was stuck in both domestic and
foreign markets. The value oh— Q X ND K RIQH Few& Ddmesticconsumershought
P—QXND KRQH\ |U RiBnely dxpdter$aSeHavly obstaclesvith governmental
export regulations. NZ beekeepstauggledto remain inthe honey business at that tirfian
Eaton, 2014)Discoveries of the antibacterial activity by Peter Molen (1998) and the unique
antibacterial agent MG®y Thomas Henle (2008) has increased intearest— Q X ND irK RQ H\
New Zealandaindaround the worldElvira et al., 2008Stephens et al., 2008arly NZ honey
entrepreneursuch as Comvit®, Airbone Honey and Aratakiad engageth m— Q XND KR QH\
productiondespite the export challengean Eaton, 2014)SincetKH 8QLTXH 0—QXND )D
Honey AssociatiollUMFHA) wasestablished in 1998, it hfacilitatedm— Q XND KRQH\ WUD (
from NZ to othercountries]UMFHA, 2022; Van Eaton, 20147 few years agothe top five
honey manufacturers in NZ who benefithe greatest revenue and global market share of
P—QXND WweR@HRPYLWDS O0—QXND +HDOWK $UDWDNL +RQF
StreamlandNewswire, 2019; Van Eaton, 2014)
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Figure 2.1.New Zealand pure honey exports by floral type and by destination (Source:
Statistics New Zealand, 3g2020) (Ministry for Primary Industries, 2020)

The main export marketor NZ m— Q X N D akeRQitédl Kingdom, China, United
States Europe,Singapore, Japan, Hong Kong, China and Austi@anistry for Primary
Industries, 2020)The value of New Zealand honey exports has been continuously increasing
every year. In 2019/2020, the export value increqse20 % with worth of NZ $425 million
due to good weather. Muka honeyontributed76 % of export volumef all honey typesnd
88 % of export revenu@Ministry for Primary Industries, 2020Yhe increasing in expbof
monc IORUDO P—QXND KRQH\ LV VLIJQLILFDQW HRIR3DI)HG WR |
the average price of monbO RUD O P — @asNA$ 5. 87(kghlmostdouble that of multi
IORUDO P—QXND KR QH\neary threetimés highzian that of neoR — Q X N D
honey (NZ$ 20.46§Ministry for Primary Industries, 2020)

In response to global demamd,— Q X N D pkoBuQtidnhasattracted investment. The
number of registered beekeeping enterprises and beehive numbers are 9000 and 900,000
respectively, tripling over two decad@slinistry for Primary Industries, 2020Domestic
M—QXND SODQWDWLR Q Vazhht ikrazet\aigesBale XIBAMALOR Qrojects
have been developdyy myFarm, HoneyBros, Tweeddale and oth{@icher, 2022; Gerard,

2018) For example, MyFarm hga@int ventureZLWK &RPYLWD LQ WKH :DLPDULH
Partnershigroject which own4.800 hectaret plant m— Q Xéd¢dimyFarm, 2022)

,Q JOREDO PDUNHWYVY WKH DXW K& Fsinbe \reportsPo— Q X N D
fraudulence werencreasing(Creasey2014) Thousand tons of fake— Q XND KRQH\ SURG.
were sold annually over the world according to MFHA (Creasey, 2014; Times, 2013)

Labelling of m— Q X N D vikitR QMA™ score sometimesonfuss consumes (Creasey,
2014) For examplen — Q X N Ds WREDHDEHOH G 3$FWLYH ™ VR@rketlb® 8. DQG
WKH 3$FWLYH  GHILQUWIMRsCoraaxe|dbElEdbigheRIQuDtBe antimicrobial



activity PHDVXUHG +RZHYHU DFFRUGLQJ WR &UH Dridr F
highly if the antibacteriaactivity UMF™ score is above 5 or MGQ100 mg /kg honey

(Creasey, 2014verall the authenticitypf m— Q X N D hERo@ear \a main focuas supply
chains(Creasey, 2014)o avoid honey fraudNZ MPI has releasedulesfor identification of
P—QXND KR Q HtesskKadutaRDheekeeperandhoney companies to followhe

international food safety legislatiobgefore expor{MPI, 2017a, 2017b)

2.3. The growing demand of highkJUDGH P—QXND KRQH\V

The demand for higfl UD GH P — Q X N UNRR'G ebkelF+, 20+, 25+) has been
increasingConsumers likely purchase these hggade P — Q XaNdYs as gifts for medicinal
purposesComvita® has recently produced 4d¥dts harvestas PHGLFDO JUDGH™ KRQH\!
are applied in hospitals. These medigedde honeys apmcked and soldy United States firm
Derma ScienceGerard, 2016)

Ahigh JUDGH P—QXND K R ghHaptospeBridriidt@nhteptwhich varies
with geographidistrict DQG VHDVRQ ,Q 1HZ =HDODQG DOWKRXJK |
derived fromL. scopariumspecie, there are several varietiesg(, var. scoparium var.
incanum var. myrtifolium var. linofolium 4§ across NZ regiong§Stephens, 2006Each
variety ofL. scopariumdiffers somewhatn the nectar quality for biochenatattributes.

NZ honey industry sells honey in different bands of UMIFUMF™ 5+ (for honey with
UMF™ value in 5- 10 range); UME™ 10+ (for honey with UME™ value 10- 15 range);

UMF™ 15+ (for honey with UMEV value in 15- 20 range) antdMF™ 20+ (for honey with
UMF™ value >20). This strategy aims to enshiomey is trugo label at the time of purchase
To achieve the demand$accurate analysis, sameplare drawfrom 300 kg drums of honey
allowing blending decisiono be made.

24 0—QXND KRQH\ RSHUDWLRQ

In New Zealandharvestseason®f P — Q X N D akeRyQithlly in spring and early
summer each yedBicknell & Jaksons, 2018; Van Eaton, 201%housands of foraging bees
could flyup to 5 km to collect nectar, pollewaterand resin tsupportl500- 2000 eggs laid
per day by a queen bééan Eaton, 2014)Bee workergenerallygather nectar in a saghile
others gather pollen andakepelletsto carry in front of the abdomeivan Eaton, 2014)To
both nectar and pollen are added enzymes (typically invertase and glucose oxidase) to
transform them into honey and beebread in wax cells, regggctBees consume mostly

beebread, which provides protein, vitamins and minerals Wigigkeep honey for their winter



food (Van Eaton, 2014)Resin from plants idso collected to combine with their own beeswax
to form propolis whichs used forbuilding their colonies or to fill gaps in hivé¥an Eaton,
2014)

Honey ripeningn combs undergoes two phases. At the first phase, the fresh nectar will
be evaporated to 3060 % moisture content by young bee workers in the co(dan Eaton,
2014) This process can be called hatfening. In second phase, small droplets of the- half
ripened honey are deposited on the cell floor with a filling:ra quarter to a third in the comb
(Van Eaton, 2014)Beesfully fill honey liquid into cellswhenthe moisture content of honey
is less than 2040, then caped thosecells in the comb with wavVan Eaton, 2014)Then,
beekeepers will harvest honey frames if honey combs are almost filled with a rule of three
fourthsof wax covercapped on the frame surfag¢an Eaton, 2014)

A P — Q X N DopeRti@irequires much effort in terms of extraction and filtrgam
Eaton, 2014)In general, the extraction process P—QXND KRQH\ FDQ EH GLYLG
steps. Firstly, honey frames after harvesting from apiaries are uncapped by rethetiy
wax layer on the top otells After uncapping, honey frames are passed through the
Honningl@sner honeloosener to create holes through combs. The prmoipthis loosener
is based on movements of honey frames towards two solid metal framesfitzrigiass and
nylon needles. Needles will pierce holes in comb to loosen honey liquid inside, but still remain
hexagon cells(Van Eaton, 2014) 0 — Q Xhemey liquid possessesa shear thinning
characteristic which requir@gjitation inthecell (e.g, needing) exceethg KRQH\fV \LHOG VW
to reduce the apparent viscosity readytfaextraction After needling, loney frames are put
in a barrel centrifugator with high speed rotation to collect honey ligwaech Eaton, 2014)
Coarsefftration isappliedto remove wax capping pes dislodged in previous steps. Finally,
P—QXND KRQH\ OLTXLG LV FROOHFWHG |IWh&barr§l dald FHW OR
drummed off typically into 200 L drums containing just over 300 kg of h@key Eaton,
2014)

O—QXND KRQH\ FKDUDFWHULVWLFV
2.5.1.Physical properties
™ Rheology

0—QXND KR Q#lewtoviiaDthiQoRd@pic solution, which is very viscous like gel
under static conditionf~auzi et al., 2014; Vakaton, 2014)Thixotropicfluids show time

dependent shear thinning characteristic, which means the viscosity reducing over time by
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introducing external force (agitation, shaking or shear{fk@uzi et al., 2014; Van Eaton,

2014) Whenthisexternal forces halted WKL[RWURSLF P—Q Xhdualyre@rii\ OLT XL
to a gel state. Viscosity is an important rheological variable of a solution, and is temperature
dependent(PascuaMate et al., 2018)Honey viscosity should be measured at constant
temperature without the presence of foreign obj@bfaite, 2016) Air bubbles, crystals and

other impurities will influence on the accuracy of asity measuremeri¥Vaite, 2016)

™ Hygroscopic sucture and fermentation
Native honey is a hygroscopic food, which can absorb moisture thiersurrounding

environment. When moisture content exceed®lyeastangrow and fermentatiocan occur

.UHWDYLpPpLXV HW DO /IXFtOLD .&bhan§ng mQifure badténH Q V N L
in honey solution can alter physical propertiethefhoney matrix. Therefore, hon@yoducts
should be stored in jars with tigihtsealed cap@ninimum head spac&) avoidtheabsorption
of moisture from the external environmeriermentation is checked carefully prior to
exporting P — Q XoNdys since it will influence on the final quglof honeys when thyereach
othercontinents

™ QOptical properties and electrical conductivity

Honey fluid is goolarisedsolution which can absorb and refract electromagnetic radiation. The
refractive index of honey depends on sugar composition and meoiinten{PascuaMate

et al., 2018)A refractometecan be usetb measurelegres Brix which describeshe sugar
content in honey solution {Brix = 1g sucrose/100g solutiorMaite, 2016) Fromdegres

Brix, moisture content can also be calculated follovimg\Weber formulaWaite, 2016) In
addition, honey is known as an eléwdi solution. The electrical conductivity reflects the
mineral content in honey, which can be measured by the caviduaneter orby NIR
spectroscopyPascuaMate et al., 2018)The conductivity parameter only displays mineral or

ash content in hongfPascuaMate et al., 2018)

2.5.2.Chemical properties

0—QXND KRQH\ FRQWDLQV R maiily monosdcEhbrigssschGas D W H V
fructose and glucose (Nickless, 20IJ=uctose/glucose ratis approximately 1.5:{Nickless,
2015) Moisture content (MC) im— QXND KRQH\ YDULHV DPR(RiklI¢SSRUDO Qt
2015) It can be around 1720 % by massn the fressm—QXND KRQH\ DIWHU H[WU
beehives *UDLQJHU HW DO . U HTWepMaf jorl—x § XHNVD igiitieH \
range at 3.5 4.5compared to other native horsat pH 4.5- 5 (AlvarezSuarez et al., 2014).
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Protein and free amino acids are about-GB8/kgm — Q X N D (HeRwigHet al., 2017)c are

two major amino acids found Im— QXND KRQH\ 7KH\ HDVLO\wRLQ ODL
carbonyl compounds t@rm intermediatéMaillard products Other amino proteins or protein
residuesouldalsojoin Maillard reactios (Hellwig et al., 2017)M —Q XND KRQH\ FRQWD L (
jelly, which is aspecific protein released by honeybees for feeding larvae. Royal jelly often

binds to glucose, fructose and water creating a jelly matrix, which contributethocotropic
property(Van Eaton, 2014)n addition,P —Q XND KR QH\ DOV Rabiro@aadmL QV XQL
protein which provides the immunostimulatory properf@annabatha et al., 2012)

253.3K\WRFKHPLFDOV DQG NLQHWLFV RI UHDFWLRQ

™ Dihydroxyacetone
Dihydroxyacetone (DHA) is abundant in scopariumnectar(Williams et al., 2014)

During honey ripening and@age, DHA decomposes into MGO based on the kinetics of
Maillard reactiongHellwig et al., 2017) The ratio of DHA to total sugar in floral nectar can
be dividedinto three groups: low (< 0.001 mg/mg), moderate (0:00002mg/mg) and high
(> 0.002 mg/mg)YWilliams et al., 2014) '+$ FRQWHQW LV K\SHUDFFXPXODW
nectar and later present. Q P — Q X N Bx ud B @ Hd/vhg of total sugalsiellwig et al.,
2017) Compared td_eptospermungenus in Australia, the DHA/total sugar ratio of NZ
P—QXND QHFWDU LV \SilamR étap 20140HA oRehEaPpdrently difs
with L. scopariunmvarieties, regions, and harvest yegkb/arezSuarez et al., 2014; Hellwig
et al., 2017; Williams et al., 2014)

™ Methylglyoxal

The 1,2dicarbonyl methylglyoxal (MGO) is a primary antibacterial component in
m— Q X N D (Kura&eHal., 2008; Goss, 2009; Hellwig et al., 2017; Owens et al., 20/8le
all honeys contairthe antimicrobialcompoundhydrogen peroxiden — Q X N D derivé€3H \
additionalantibacterial characteristics via MGO. MGO mainly contrist the norperoxide
activity (NPA) withinm — Q X N D (AdVer@z$uarez et al., 2014; Hellwig et al., 2017; Roberts
et al., 2015; Snow & Manleifarris, 2004) As with DHA, MGO content also varieom
nectar sources, geographical lands, processing conditions and storaffd\tarez-Suarez et
al.,2014)NZm—QXND KRQH\ FDQ UHDFK XS W(RobertfedaD,2D15HU NJ K
, Q P — Q Xa\,[DHAHspwsent as a dimer thaipidly dissociatesnto monomes in
the aqueous environmen{Grainger et al., 2016afigure 2.2 describes the dissociation of

DHA dimer into DHA monomers. With the presencebénolic compounds and amino acids
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and water, the process of DHA dissociation is facilitagghens et al., 2016lermosin,
Chicon, & Dolores Cabezuda003 Grainger et al., 2016)

Figure 2.2.DHA dimer dissociated into two DHA monomers in acidic environment
(:BH- phenolic compounds and/ amino acids act as proton donors and/or acceptors)
(Grainger et al., 2016a)

In honey solution, MGO is directly formed from DHA and from Maillard reaction chains.
In Maillard reactions, MGO is formed as an intermediate compdgHetiwig et al., 2017;
Nickless, 2015) $FFRUGLQJ WR +HOOZLJ HW DO ODLOODUG
divided into three stages. Thesti stage forms Amaderiearrangement products (ARPs) by
reactions between reducing sugars and amino geieléwig et al., 2017) Reducing sugars
such as glucosand maltose react with free lysite form N Mructosyllysine and N™
maltulosyllysine, respectivelfHellwig et al., 2017) ARPsare unstable compounds and so
degade to formMGO, glyoxal (GO) and 3lexyglucose (3DG) known asthe second stage
of Maillard reactiongHellwig et al., 2017)In addition, caramedation-based eactions also
proceed due to the interactions of reducing sugars in the absence of amino cor(ipellnis
et al., 2017) The final stage othe Maillard reactionsequencgroduces advanced glycation
endproducts (AGEs) angroteincrosslinking (Hellwig et al., 2017)AGEs are products of
the reactiorbetwesndi-carbonyl compoundandamino proteis or protein residug$iellwig
et al., 2017) Protein cros$¢inks are formed by interacins between AGEs and other pratei
residuesand can havpathological effects. However, limited literature indesthe formation
of AGEs and protein crodsking from1,2di FDUERQ\O FRP SR XQ&WHdW@gP —QXND
etal., 2017)
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Figure 2.3.The reaction scheme of the formation of the antibacterial MGO compound
from DHA and from Maillad reactions(Hellwig et al., 2017)

BesidesMaillard-sidereadions can occuandform active compounds. MG€an react
with amino acid proline to produc&acetytl-pyrroling which is an aroma compound in
P—Q XN D (®&&rQet et al., 2016a; Grainger et al., 2017; Rueckriemen et al.,. Zdé)
reactions can cause the loss of DHA and MGO. Accordin@rtinger et al. (2016apHA
loss and the MGO formation were slow af 87 0.006 + 0.000fmmol/kg/dayand 0.0037 *
0.0010mmol/kg/dayrespectively(Grainger et al., 2016aJ he loss of DHA is not just because
of the MGO formation, but also because of Mailthaked side reactior(§&rainger et al.,
2016a) TheMaillard side reactions in the presence of amino acid asparagine and reactive 1,2
dicarbonyl compounds will form the carcinogen acrylang@einger et al., 2016ajiowever,
only lysine and proline are major amino aciisQ P—QXND KRQH\ DQG WKH |
acrylamide requires high temperature above®12QGhent, 2016; Grainger et al., 2016a)
Thanks to the absence of asparagine and ambient temperature during honey storage,
carcinogenic acrylamide compourtilD Q QRW EH JHQHUDWHG LQ P—QXND KR

™ 5-hydroxymethylfurfural

The Shydroxymethylfurfural (HMF) component is formed in honey by two different
pathways: caramettionbased and Maillartbased proceduré&rainger et al., 2017Pn the
one hand, fructose and glucose are degrattedan intermediat8-deoxyosonen the acidic
honey environment following the caransalion pathwayand then fom HMF. Fructose is
considered less stable than glucose, so eaadiures at pH 4.6(Grainger et al., 2017Dn the
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other hand, HMF is also produced by degradation of ARPs in the comaldansl reaction

chain (Grainger et al., 2017)The accumulation of HMF in honey principally depends on
temperaturéGrainger etal., 2017) At 37° C storage condition, the amount of HMF increases
markedly, which couples with thermation of 2acetytl-pyrroline due to the reaction of
MGO and amino acid prolin@rainger et al., 2017HMF is consideredsa quality indicator

for assessingeatexposureand storageanditionof honey(Grainger et al., 2017According

to the international food standard (CODE2X01), the amount of HMF accumulating in honey
should not exceed 40 mg/kGrainger et al., 2014; Grainger et al., 2017; Thrasyvoulou et al.,
2018) Over 40 mg/kg, honey would be discarded. Several factors influence HMF accumulation
including pH, sugar compositions, fructose/glucose ratio, temperature, mineral and water
content(Grainger efal., 2017) Grainger et al. (2017) showed that the formation of HMF in

P — Q X N D akK3Q i \about0.005 + 0.001 mmol/kg/dayOf optical interestHMF is a
chromophorewhich independently absorbs mitra-violet and visible V-Vis) region and
induces maximal luminescence around 590(@mainger et al., 2017)

™ Phenolic and polyphenolic compounds

0 — Q »hbhBy contains diveesphenolic and polyphenolic compoun(Burns et al.,
2018; Chan et al., 2013; Inoue et al., 2005; Yao et al., 2808yl syringate, flavonoids and
phenolic acids display bioactive properties important For— Q X N D (BuRQeéd &l., 2018;
Van Eaton, 2014)While methyl syringate performs the scavenging property of superoxide
DQLRQ UDGLFDOV IODYRQRLGY FRQWULEXWH WR WKH DQMW
(Burns et al., 2018; Van Eaton, 2014) addition, phenolic acids dissociatidower pH, which
alsocontributesto the antibacterial effect along with MG@Ratel & Cichello, 2013; Van Eaton,
2014)
™ Methyl syringate residues

Two important glycosides of methyl syringate are Lepstoperin (or Leptosin) and
LepteridinéM 3,6, Ztrimethyllumazine ZKLFK DUH ERWK XQLTXH WR P—QX
compounds are also found in Australi@ptospermunbased honey@Bong et al., 2017; Lin
et al., 2017)However, they have not been identified in #eptospermunderived nectar yet
(Bong et al., 2017; Daniels et al., 2016; Fearnley et al., 2012; Lin et al., 2017)

According to Bong et al. (2017 & 2018),eptosperin andLepteridiné” 3,6, 7
trimethyllumazine termed MM1 and MM2 respectivglyoduce fluorescence emission which
FDQ EH XVHG DV P—QXND KBRr@ Hit\alF RO Bdnd € aP, 01 dbbhgton
et al.,, 2018; Lin et al., 2017; Smallfield et al.,18) MM1 produces fluorescence at the
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excitation- HPLVVLRQ ZD Yt@ HQJIJVQIRY DRALOH 00 |04R33GIAMIGEHY DW
nm (Lin et al., 2017) With diluted honey, MM1 & MM2 fluoresce® emissions were easily
detected, but with undiluted honey fluorescence signals can be distorted or quenched by the
highly concentrated honey matiigong et al., 2017; Kumar Panigrahikumar Mishra, 2019;
Lin et al., 2017)Both MM1 and MM2 are stable over prolonged storage &€ 3vithin honey
(Bong et al., 2017; Lin et al., 2017)

™ Flavonoids and phenolic acids

0—QXND KRQH\ FRQWDLQV LGLRV\QFUDW (Ghah@DaY,RQRLG I
2013;Yao et al., 2003)Pinobanksin, pinocembrin (flavanone), luteolin and chrysin typically
represent about 61 % of the flavonoi@lvarezSuarez et al., 2014; Chan et al., 20390
et al. (2003showed that quercetin, isorhamnetin, luteolin and an unknown flavanoals@re
SULQFLSDO IODYRQRLGY LQ P—QXND KRQH\ 3KHQROLF DFL
up to 14.0 mg per 100 P — Q X N QY#&oReQaH,\2003)According to MPI (2017), four
flavonoiGV DQG SKHQROLF DFLGV DUH FRQVLGHUHG -DV FKHP
phenyllacticacid (33/$ -BRHWKRJ[\DFHW RNARPH QRethbixybefizoic acid (2
MBA) and 4hydroxyphenyllactic acid GHPLA) (MPI1, 2017b; Oelschlaegel et al., 2012;

Smallfield et al., 2018) )RXU ILQJHUSULQWLQJ SK\WRMAR R2-RIBADOV 00
DUH XQLTXH CLtqr, Rith-r@ Krbsene@ ih kanuka ne¢Buong et al., 2018)n contrast,

lumichrome metbolite is unique for kanuka nec{@ong et al., 2018)Nevertheless,-BLA

and 4HPLA DUH IRXQG LQ ERWK P—Q(BdhD eDaD, RO, Q HF W D L
flavonoids mssess antibacterial and antioxidant activifigisan et al., 2013However, Chan

HW DO FRQVLGHUHG WKDW IODYRQRLGY LQ P—QXND K
capacity rather than the antimicrobial actiiBundit et al., 2016)Meanwhile, phenolic acids

may contribute to the defensive capacity against pathogens, but are not principal antibacterial
FRPSRXQGV LQ RVaQPatd)261R)Q H\

JOXRUHVFHQFH SURSHUWLHYV RI IODYRQRLGYV LQ P—QX
authenticity next to fluorescence makers MM1 & Mi/varezSuarezt al., 2014; Bong et
al., 2018; Bong et al., 2017According to Chan et al. (2013), most flavonoids and phenolic
acids absorb the light inltda-violet (UV) region at 290G 390 nm and release fluorescence
signals in \fsible (Vis)region.

In summary, there are eight key phytochemicals representing the quality and
monoflorality of P — Q XdhBys. Table 2.1 displays these key markers, their chemical

structures and spectral information in WAs and infrared rang®verall, dmost all eight key
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markers absorb ithe UV range but only MM1 and MM2 release fluorescersignals strong
enough to represent as fluorescence markersPfer Q Kowi&y In the infrared, these key
markers could stronglgbsorbbetween 1900 anti600 cm' due tothe stretching of carbonyl
group (C=O}hat are consistent with their chemical structfRrgoChem, 2022; Smith, 2017)
The carbonyl groum all eight key chemical markensteractsreadilywith waterin the honey

matrix (Iwamoto, 2010)

Table 2.1.The eight chemical markers Q P — Q X Nalbd Kh&r(pElctral information in
UV-Vis andinfrared range

Chemical markers Chemical structure UV-Visrange Infrared References
range

DHA DHA-brown Carbonyl (Nguyen &
pigments (C=0) Kochevar,
o-/\“ﬂ/\o‘ absorb at 49(C stretching 2003;
nm and between PubChem,
fluorescence 1900 and 2022; Smith,
emission at 55C 1600 cm' 2017)
nm
Photolysis in 1900 and (PubChem,
- UV range < 1600 cm' 2022;
© 420 nmto form due  to Staffelbach
CH;CO + HCO C=0 et al., 1995)
radicals
. Absorb in UV 1900 and (Chaudhari,
o range 1600 cmt 2016;

0
0
O._ p
due to PubChem,
y Cc=0 2022; Smith,
o group 2017)
I
0
S ‘0
0

MGO

3-PLA

4-HPLA Absorb in UV Stretching (Ohtani et

around 277 nm of C=0 al,, 2011;
group at PubChem,
3030, 2022)
2896,

1692cmt

MAP Absorb in UV Strong (Liu et al.,
range 315400 absorb 2015;
O~ nm around  PubChem,
AFluorescence 1663 cmt 2022)
0 emission: 400 due to
QP RV C=0
320 nm group
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2-MBA Absorb in UV 1900 and (PubChem,
| range 25260 1600 cm' 2022;

o'’ nm due to SpectraBase
Cc=0 2022)
o
- \H/ N group
~
Leptosperin R \ - Fluorescence 1900 and (Bong et al.,
i i P marker 1600 cmt  2017;
o /% : edem 270/365 due  to PubChem,
"ho on M C=0 2022)
HoO 4 group
0
Lepteriding™ @) Fluorescence 1900 and (Lin et al.,

3,6,% I N Me maker 1600 cmt  2020;
[S) 1]
trimethyllumazine Me-N ~ | wem330/470  due to PubChem
nm c=0 2022
/J\ N group :
O °N N Me
H

Note: Me is methyl group
(-CHy)

2.6. Challenges of highquality-JUDGH P—QXND KRQH\V LQ SURG
0O—QXND KRQH\ TXDOLW\ FRXOG EH BntibH &\ byyGncavpgorathix JK QD \
inferior honeys during the bulk extraction process.
2.6.1. Crystallisation

Crystallisation is a natural phenomenon occurring in the supersaturated s¢haticey
(Dettori et al., 2018) 0 —QXNDMRUQ®RD KRQH\ FRQWDLQV D KLJK DPR;
up to 80%, mainly monosaccharides glucose and fructbseilia Carolina Vardenski et al.,
2015; Nickless, 2015)Glucose idess solublen waterthanis fructose.As a result glucose
displays a primary role of crystadition during honey process and storé@ettori et al., 2018;
Lucilia Carolina Vardenski et al., 2015)

Crystallisation can be an undeabile process in honey produc{Pettori et al., 2018;
Lucilia Carolina Vardenski et al., 2015gcause iincreasswater activity and favars for yeast
growth and fermentation. UHWDYLpPLXV HW DO /IXFtOLD.3H2UROLQD
formation of crystalsn honeycan affect honey rheological sensory atdnges iroptical
propertieqDettori et al., 2018; Lucilia Carolina Vardenski et al., 2015)
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2.6.2. Bulk extraction

Currently, honey frames frottihe beehiveswithin an apiary argenerallylumped for
extractiontogether 0 — Q X®hByquality and identity differ between and within geographic
districts due to different. scopariumvarieties and other floral soussevhich influence the
nectar qualityln addition, n a frame, bees could move nectar around to fill up detlstively,
therecan beguality variability across apiarieacrosdeehives and even in a honey frame.

the same beehive, the quality of honeyldmary cell by cell and frame by frame. When frames

with poor qualityareextracted with good quality ones, the final qualityf— Q Kaxdys in
drums could be devalue@urther when the good frames go into poor drums, these good frames

will be wasted.

Figure 24. From P — Q Melstér to apiary/hives and bulk extraction

The quality and identity ofP — Q Kdwé&ys isgenerallyevaluated after the extraction
process. There is a paucity of measurement prior to extradtraditional methods (wet
analysis) are inconvenient to apply directly on frames and are relatively exg@efitig study
aims to find a suitable method for quality measurement of honey in frames. In the next sections
(2.7 & 2.8), the current quality measurement systems, and a new approach that this study aims

to apply are described.

2.7.Current TXDOLW\ PHDVXUHPHQWY RI P—QXND KRQH!'

2.7.1.Sensory evaluation

AXDOLW\ RI P—QXND KRQH\ KDG EHHQ HYDOXDWHG E\ \
physicochemical properties for composite honeys after extraatimastlO years agéMPl,
2017Db; Van Eaton, 2014¢olaur and flavaur are tested by sensory expdian Eaton, 2014)
0—QXND KRQU\Y® UIHRHOVRDFURVYV JHRJUDSKLF GLVWULFWYV 0-
South Island is lighter than that from the North Island. According to the Honey Marketing
SXWKRULW\ P—QXND K RiQstbldfdd abetfed pizé thEn/that & Oark calo
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with the same MGO concentratiqivan Eaton, 2014)In addition, flavar is also very

important, which is the combination of taste from the mouth and aroma from the nose. Colo

and flavar often needH[SHUWY WR HYDOXDWH )UHVK Puw@oND KRQF
aged honeyVan Eaton, 2014)

2.7.2. Quality and identity measurement
™ The Unique0 — Q Xator (UMF™M) rating system

The UMFM UDWLQJ V\WVWHP LV XVHG WR PHOMRYNDP KRQAND
contains a significant level of ngueroxide activity (NPA) which Peter Molan measured via
the UMFM unit (Stephens, 2006; Van Eaton, 201Bjarly in the 1990s, Allen et al. (1991)
establishedneasurement of UM units based on the equivalence to the concentration of
phenol (w/v %) effective again§taphylococcus aurewssing the radial agar diffusion assay
(Combarrog-uertes et al., 2019; Roberts et al., 2015; Stephens,.2008p08, MGO was
discoveredo bethe main agentesponsible foWKH 13$ LQ P —BIviraldd aK RODS \
Hellwig et al., 2017; Owens et al., 2019; Snow & Manitgrris, 2004,) but Roberts et al.
(2015) and Matthew et al. (2018) held that the ov@&BIA arises from a complex mixture of
diversified antibacteriaFRPSRQHQWYV ZL W K CQrdanth, QeXNMPD vdlRe@ah\ be
measured by two different scalinggMF™ units andM GO concentratiofmg/kg P— Q X N D
honey)(Roberts et al., 2015)n general, UM UHSUHVHQWV IRU WKH RYHUDO
honey rather than merely MGO concentratidohnston et al., 2018; Roberts et al., 2015)

Despite other influencethe UMF™ scoreis strongly indicatethy MGO concentration.
The relationship between UM¥ score and MGO is nelnear (Georgescu et al., 2017;
Roberts et al., 2015)Table 2.2 shows the relationship between UNFand MGO
concentration defined by the UMFHA.

Table 2.2.The UMFM rating system with MGO and Leptosperin concentrations required

UMF™ value 5+ 10+ 15+ 20+ 25+
MGO required 83 263 514 829 1200
mg/kg mg/kg mg/kg mg/kg mg/kg
Minimum Leptosperin . . . .
required mg/kg mg/kg mg/kg mg/kg mg/kg
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In addition, K IDFWRU XQLW LV DOVR LQWURGXFHG WR P—Q
unit was accepted by NZ MRUMFHA, 2022) K-factor 16 unit does not quantify MGO
FROQOFHQWUDWLRQ EXW PHDVXUHV ELRFKHPLFDO SURSHUWL|
enzymes, DHA, the number of pollens, pH and phenolic compo(di-HA, 2022)

Generally, UMEM and MGO units are commonly used to measure antibacterial activity for
FRPPHUFLDO P—QXND K Rfgctdk 16 dasupes Mdshemical @rbperties within
P—QXND KRQ@dstlyDbQcGmpany wege.

0 — Q X N D s KvhQdifferent UMFM scales display different antibacterial effects
against granpositive and gramQHJDWLYHTV JURZ WK (IoQnGtok ét &l.CPAARAH US KR O
Grampositive organisms such &s aureus and Bacillus subsilare inhibited at UMP just
above 10+Johnston et al., 2018; Roberts et al., 20T&g action on grampositivestrains is
because of the 1.@icarbonyl MGO compound interfering with their cell division process
(Combarrog-uertes et al., 2019; Roberts et al., 20By) contrast, graamegative bacteriag|
coli and P. aeruginosa)are inativated by metabolic disruptiofCombarrog-uertes et al.,

2019; Roberts et al., 2013h general, grarmegative organisms are more resistant than gram
positive strains, requing higher antibacterial activity thaso gram-positives (Johnston et al.,
2018; Roberts et al., 2015)

™ Ministry for Primary IndustriegMPI) criteria

MPI criteria are employed to determinesmaka honey identityNZ MPI has regulated
methods taauthenticate montioral and multifloral P — Q Kaddys The main method used
is highperformance liquid chromatography (HPL@)measure concentrations of fokey
chemical marker$2-MAP, 3-PLA, 4-HPLA and 2MBA). In addition, goollen DNA test is
required for Leptospermum scopariuga Cq 36 (approximately 3 fg/uL{Table 2.3)(MPI,
2017b)
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Table 2.3.The MPI criteria for definition and identity standards of New Zealand
P—QXND (KRIQB0\M)

M ruka honey:

-2-0%$3 - PJ NJ

-220%9% - PJ NJ

-4-+3/% - PJ NJ

-3-3/% - PJ NJ

New Zealand . _
m-puka honey DNA test from pollen: required < Cq 36 (approximately 3 fg/uL)

definition

Multi-m -ruka:
- All levels are met in as the definition of+wuka honeys
-But33/% - PJ NJ DQG PJ NJ

Mono-m -ruka:
- All levels are met in as the definition of+wuka honey

“But33/$ PJ NJ-NDAR G 5 fig/kg

2.8. Introduction ofin-KRXVH PHDVXUHPHQW DSSURDFK 3P —

0 — Q Xadheys contain biochemical compounds which are uniguegcopariumThe
HLIKW FKHPLFDO PDUNHUY DUH LPSRUWDQW WR GHILQH Wk
WKLV VWXG\ WKH QHZ WHUP &Paspectral uality Wnark foMeshtyV UR G X F |
P—QXND KRQH\ TXDOLW\ DQG SXULW\ EDVHG RQ VSHFWUL
UHIOHFWV ERWK WKH TXDOLW\ DQG SXULW\ RI PratiQgX ND KRQ
VI\VWHP DQG 03, FULWHULD 7KH TXDOLW\ DQG SXULW\ RI P
so-called potencyP —Q XNDQKBYVSXULW\ P—QXNDQHVV UHVSHFWLYHC
(regression and classificatiom)ll be applied to spectral data togatict UMF™ scores as a
SURJ[\ TRU SRWH Q FMedhwh((eXtReDclabkWidation approach was employed to
distinguishbetween mong multi-, and nonrP—QXND KRQH\V DV D SUR[\ PHD\
P—QXNDQHVV 3RWHQF\ DQG SXULW bgéther@ouh 2@ kovieys UH G L F
companies degrees of freedom in decisimaking.

7KH JHQHUDO HTXDWLRQ RI P—QXNDQHVV 0 FDQ EH HJS
/| L B&*#%)1 2t"F %t F %V F 2UF % s Wt ?

(eq.2.1)

Based on the study of laboratory dat&® & H Q F\ P — Qnéashr&rtda/fiindtidh of
DHA, MGO and MML1.

CLBR*HEM)L B S22 (eq. 2.2)
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By contrast, X UL W\ P — QafdnEigntbDHA, MGO, PLA3, HPLA4, MAP- 1
MBA-2, MM1 andMM2, which were identified in PCAnalysis(Appendix)

2QL B:xtTF %t F %V F BUF W s?®/ t?2 HT

Section 2:Spectroscopy and hyperspectral imaging

Spectroscop is a branch of science that studies the interaction of electromagnetic radiation
(light) and matter (e.g., food). The extension of spectroscopy knohypasspectraimaging

is based omultiple spectroscopic measurementsgeneral, light illuminates éghsample and

the outcoming light is detected asesult of the interaction. The detection carab@nged for

the light transmitted through the samplefar the light that has travield back towards the
illumination side. The detection isuallyfocusedon aspecific area of the sample, where it is
possible to collect one spectrum representing the scanned arealléso nonimaging
spectroscopy) or collect a spectrum per pixel in the scanned arealléxb hyperspectral

imaging)(Saeys et al., 2019)
2.9. VisibleNear Infrared spectroscopy

Visible-Near Infraredcoversthe visible (Vis) range of 406 700 nm and neanfrared
(NIR) 800 - 2500 nm(Krzysztof & Christian, 2019; Yukihiro Ozaki, 2018¥pectroscopy
measuredie interaction of light with mattee(g.,food) as aresultof changs inintramolecular
energy Where lightis absorbedmolecular energys shiftedto a higher level. In th¥is, the
energy in the electronic state of the molecusegted, while in the NIR there isa change in
the moleculavibration status.

In the NIR regionmolecules containing covalentydrogen bond X4 (e.g., GH, O-H,
N-H) are indicated through characteristic molecular vibrations and intera¢anssztof &
Christian, 2019) ,Q DGGLWLRQ PROHFXOHV FRQVLVWLQJ RI FDUER
also absorb in the NIRKrzysztof & Christian, 2019)This provides the possibilityf
interpretng the presence of target molecular compounds in a specific mg#itaysztof &
Christian, 2019; Saeys et al., 2019)

Two common types of spectroscopic measurement are transmittance and refl&@tiance.
selection of the measurement mode depends on several factors such as the type of material

(liquid/solid), the aim of the measurementg(enortinvasive or invasive) andtleers If
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samples are clear liquid, transmittance mode is often used. Here, the sample is placed between
the light source and the detector. If samples are turbid, containing many particles, the
transmittancenode is inappropriateince these suspended paes prevent light transmission
through the sample, so the reflectance mode is suggested. In reflectance mode the detector is

placed at the same side of the light source to capture diffuse reflectance intensity.

Figure 2 5. Optical pathway of transmittanceindreflectance (Saeys, 2006)

2.9.1. The interaction between radiation and molecular species

As the light beam reaches the surface of the sample, part of light will refiecthe
surfaceto the original environment and godoes not interact with the sample, resulting in
specular reflectanc@Neik, 2001) The other part of the light beam will travel through the
sample. Depending on the structure of thediam, scattering events can occur which cause
the changes in direction of light. As a result, a component of the light beam may travel back
and leave the sample leading to diffuse reflectgiddeik, 2001) As the light travels through
the sample, absorption events are expected in which the energy of the liglorisedldsy the
sample. Eventually, a part thfeincidentlight beam might reach the opposite side of the sample
(so-called transmittance) or be completely absorbed. Following the absorption events, chemical
molecules which accumulate the energy can reldamge with lower energy (higher
wavelength), known as fluorescence. Multiple types of scatteringpesrduced. In general
two types exist: elastic venethe energy of light is similar before and after scattering.,(e
Rayleigh); and inelastic vith thelight energy is different before and after the scattering event
(e.g., Raman)Kruppa & Strube, 1994All these processes ifjht interactiors are dependent
of the incoming light energy (excitation wavelength). However, not all processes have the same
chance to occur. Both inelastic scattering and the chemical absorption are the prominent events.

As aresult, when the incident light is polychratit (multiple wavelengths), the light of each
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wavelength will followa unique series of interactions with the sample. Then the outgom
light (either diffuse reflectance or transmitted)llwiave a unique distribution of intensity
according to the speaif excitation wavelength. This distribution forms the spectrum and is
closely linked to the chemical and structural charactesisfithe sampl€Lu et al., 2020)

Absorption

P
...

S
Absorption Q‘A

Rayleigh scattering Turbid solution

Figure 2.6. Common events durinbe interaction between moleaulspeciesand

electromagneticadiation ina medium (after Lu et al., 2020)

2.9.2. Lambert %o HHUfV ODZ
TheLambert % HH U V O D ZoAtranEpwdisolufiblD(With few pdicles), where

scatterings are assumed absdéme light trarsmittanceis linearto the concentration ahe
absorbing componeifit), which possessesabsorbtion coefficienik) for anoptical pathway

distance ():
6 |_7’; L ATLFG 2. (eq. 2.4)
where T, |, and | are transmittance, the incident intensity and the transmitted intensity,

respectively.

According to equation 2.4, the transtarice depends on the optical pathway distance in

which sample container asamplethickness contribute to this pathlen¢8aeys, 2018)
2.9.3. Absorbance vs pseudabsorbance

Rearranging the equation Ztatement oLambert % HHU YV ODZ WAOHarDEVRUETL
absorbing specie is linear to its concentration that can be calculated by taking the logarithm of

the reciprocal of transmittande
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# L .KC@AL G?.(eq.2.5)

For atransparent liquid, the pathwdyis assumed constant. Thuke absorbance is
calculated by transrttance measurement following the formul&. 2dowever, most samples
are turld containing suspended particlepecially solid speciedn this casethe pathway
is not constanbecausef scatteringeffects So, diffusereflectance isuggested for unclear
solutions since reflectance signals amdependentof the optical pathwaydistance. he
pseudeabsorbanceA {can be calculatethy taking the logarithm of the reversed diffuse
reflectancdLog (1R). The pseud@bsorbance istill linear to the concentration absorbing
speciegSaeys et al., 2019)

2.10. Fluorescence spectroscopy

2.10.1.Fluorescence phenomenon

Fluorescence is an illumination phenomenon when absorbecsillsd fluorophores, absorb

the energy from electromagnetic radiation at a certain excitation band, and after about 10 ns,
those compounds release fluorescence signigtslawer energy of a longer wavelength than

the incident light(Lakowicz, 2006) Fluorescence phenomenften occur very fast witlan
average lifetime of 8 10 ns. The emission of fluorescence can be either ifVi\or NIR

regions and it is independent from the incoming light. For instance, an intrinsic tryptophan
protein absorb# the UV range §x=280nm) and releases fluorescencdrnrthe UV-Vis

U HJ L& ©9308- 400 nm)(Moller & Denicola, 2002)

2.10.2.Fluorophores

Fluorophores are fluorescent molecules often having a chemical structure containing
conjugated bonds with availabfeorbitals. When receiving energy, free electrons fiom
orbitals can localise within and between other adjacent orbitals. The transictioes
corresponds to the energy difference between the two orbitals. As the results, they move from
the ground state tehigh energystate. In the higher state, ensagi electrons are unstable and
tend to come back to the ground state. When they ridhe ground state, they release weak
energy at long wavelengths. The proceseeleasing energy is named fluoresceecgssion
In general, luorophores often possess higher quantum yield than those dfuooescent
compounds. Quantum yield means th@o between the number of photons emitiedhe

number of photons absorb@dakowicz, 2006)
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The process of light absorption for fluorescent compounds will follow the same
principle @ection2.9.1), but thdluorescence emission will depend on unique characteristics
of each moleculéLakowicz, 2006)As a resultthe chemical footprints could be detected or
identified based on fluorescence emission at a certain excitationemngttelFor example,
common fuorophoresn biological samples includeyptophan, chlorophyhandhaemoglobin
(Hb). These compounds hawelole groups or benzoic rings with a branch of conjugated bonds
in their chemical structuresQ P—QXND KRQH\ WZR XQLTXH IOXRURSKR
Lepteridiné™ (Bong et al., 2018; Bong et al., 201Qther fluorescent compaods are also
SUHVHQW LQ P—QXND K RipovihpignhenBiKeu@eR & Gothelars2003)

2.10.3.Fluorescence spectroscopy

Fluorescence spectroscopy is an optical technique which works based on the principle of
the fluorescence phenomenon. In applications of fluorescepeetroscopy, detection of
biochemical signatures from fluorescence emission has been widely applied to evaluate food
quality and safety. For instargdluorescence spectroscopy has been used to measure the
changes of protein structure, lipid and carbahtel content during procesg and storage
(Hassoun et al., 2019)n addition, fluorescence spectroscopy was also used to detect
contamination by pathogenic microorganisms (d2geudomonas aerugings@.ewis et al.,
2013)and the presence of carcinogenic aflatoxins in m@neeesters et al., 201%) general,
fluorescence spectrogpy works with aqueous samples rather than solid matter. The
fluorescence intensity and fluorophore concentration are in a linear relationship if the solution
KDV WKH DE V& &ewotdRid Lambert % HHUYYVY ODZ +RZHYHU LQ WKH
solutions (Absorbance > 0.1), ndinearity is observed between the fluorescence intensity and
concentration due to inner filter effe¢Shen et al., 2018; Kumar Panigrahi & Kumar Mishra,
2019)

Currently, three configurations akeown in fluorescence spectroscopy. Righgleis
standardand often uses cuvettes for containing samples. The incoming light (excitation)
excites the sample with the anglé @Bigure 2.7 (1)). Meanwhile, frofiice fluorescence has
the incoming light eciting the samplat 45° (Figure 2.7 (2)). Idine geometry fluorescence
spectroscopy often utd#es micreplates for containing samples. The incoming light and the
emission are Htine (Figure2.7 (3)). If the excitation and emissiane on the sam&deof the
sample, fluorescence measureméento reading. If the excitation and emission come from
different sides of the sample, fluorescence measurement boftom reading
(ThermoScientific, 2022)
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Figure 2.7. Three different configurations of fluorescence spectroscopy: (1)-Bigjié
fluorescence, (2) frorfiace fluorescence, (3)-ime geometry flueescence with (a) top
reading and (b) bottom readir{gatchoumane et al., 2022; ThermoScientific, 2022)

2.10.4.Scattering interference during fluorescence measurements

During fluorescence measurements, Rayleigh and Raman scatterings are often
undesirable. The presence of those scattering processes can influenlostarafluorescence
signatures of a excitatiemmission matrix (EEM)(Murphy et al., 2013) Ideally, these
scatterings should be eliminated during colmtoffluorescence data. Rayleigh scattering can
be reducedby removing particlesrom the sample The presence of Rayleigh effect in the
spectra can be also mitigated after subtracting the blank for the raw in{@msiphy et al.,
2013) Moreover, this scattering can also be removed by optimising the excitatigsion
range of interest. Feexample, each emission wavelength is measuredbBhmhigherthan
the default excitation wavelengfbakowicz, 2006; Truong et al., 2021) his cutoff strategy
can minimise first and second order Rayleigh scatterirtfsr(ier:Rayleigh scattering has the
same frequencgsthe incident light 2" order: Rayleigh scattering has doulitee frequency
of the incident light By contrast, Raman scattering cannothmtotally eliminated due to the
presence of particles. However, it can be minimised by diluting samples to have the absorbance
less than 0.1Vandenabeele, 2013fror unclear solutions, fluorescence measuremenbwiill
strongly affected byRaman scattering &tigh energywavelengths (e.gUV) (Engelen et al.,
2007)
2.10.5.Quenching phenomenon

Quenching is an interference phenometiwet happens when a fluorophore interacts
with another species (quencher) causing energy loss of the excite(Atitata, 2004; Algar
& Massey, 2019)As a result, the fluorescence intensity of a fluorescent substance decreases.

Several types of gnching exist: collisional, static, thermal and energy transfer. Collisional
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guenching happens between a fluorophore and another molecule during collision without the
formation of a complex. This collision could arise between two fluorophores or a flaseoph
with another noffluorescent moleculéAlimova et al., 2006; Lakowicz, 2006; Moller &
Denicola, 2002)Fluorophoresvith high quantum yieldould collide or quench molecules with
low quantum yieldMoller & Denicola, 2002)By contrast, static quenching appearsitmlve
formation ofa molecular complex. For examptée interaction of aromatic acid amines with
carbonyl compoundgAlbani, 2004) Severalfactors triggerfluorescencequenching such as
temperatureand pH. High temperaturean increaseéhe reactions between fluorophores and
other active compoundsusing thermal quenching mednle pH can influence fluorescence
decay that decreasdluorescence yieldBeechem & Brand, 198. Energy transfer is a
dynamic quenching (e.g, Forster resonance energy transfer) which interferes with the emission
of a fluorophore at the excited state. The energy is transferred through space without collision
(Algar & Massey, 2019)In general, genching phenomerareundesired during fluorescence
measurementdut it is not easy to eliminate this isgéd¢bani, 2004; Lakowicz, 2006)

In some casegjuenching could be used to detect #flowrescent compounds. Dairy
manufacture has employed the quenching principle to measure melamicie migrates from
the plastic package into food fluorescent compound Triton-X14 is used as a standard.
Triton X-114 reacts with melanin forming a complex compound which does not praduce
fluorescence signature. Measuring the difference of fluorescence intensity added and
fluorescence intensity remained will reflect the concentration of Triton reacted with melamine.
From that, qualitative and quantitative of melamine can be meagsinaikh & O'Donnell,
2017)

2.11. Hyperspectral imaging

Hyperspectralimaging is an advanced teéfne that combinesspectroscopy and
imaging A hyperspectral images represergd by hypercubes (xy*z) having the spatial
information (x*y) captured in muktontinuousspectralbandsz. The spatialdimension is
construced by individual pixelsthat carry the spectral informatiorFigure 2.8 illustratesa
threedimensional hyperspectral image where x and y illustrate the image dimension and z is
WKH VSHFWUDO GLPHQVLRQ $W HDFK p[T1 DQG u\T UHSUHVH
(Sun & EIMasry, 2010)
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Figure 2.8. The scheme @ hyperspectral image obtained at the pixel l€&In & EIMasry,
2010)

2.11.1.Hyperspectral acquisitions

Four main hyperspectral acquisititmthniquesre currently known such agiskbroom
(point-scanning),pushtbroom (linescanning),staring (areascanning)and snapshot.Point-
scanningcollects spectra pixel by pixel in a mapping process. By contrast, thecihmaing
FROOHFW pQY VSHFWUD DORQJ D OLQH VLPXOWD@QHRXVO\
samples or detector. Area scanning captures an image one wavelength at time. Snapshot
collects the whole hyperspectral image at onBe.the end, all acquisitionsseize a
hyperspectral image&vith three dimensiongx*y*z). Point-scanningproduceshigh pixel-
resolutionmeanwhileline-scanningobtains good spectral informationtaBng andsnapshot
are not very often used in the food industmgce their configurations are complicated and
expensiveBesides, somspectrainformationmight be lostwhenusing snapshot andtaring
acquisitions(Arthur, 2016; Qin, 2010)In this study, linescanning acquisitiomwas usedo

capture the spectrahages of honey(Figure 2.9)
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Conveyor belt

Figure 2.9. The reflectance lingcanning hyperspectral imaging syst@fier AkSarayreh,
Reis, Yan & Klette, 2020)

2.11.2 Hyperspectral components

A hyperspectral imaging system consists of two key components: the illumination (light
source) andh detection system. The illumination is chosen based on phenomena of interest.
For examples, halogen is used on applications invoMisgNIR since it has Aroad spectrum
across these spectral ranges. LED and lasers are also usede létter for specific
applications, such as imaging scatteri@in, 2010)

The detector system known as thavelength dispersion devicensists of diffraction
gratings allowing multiple wavelengths to be detected by an array of detectors to pitaial s
information.Then, thespectral information is synchraeid into the spatial dimension to obtain
a spectral imagéQin, 2010)

According to Qin (2010)liffraction gratings were quite different iransmittance and
reflectance modes. In transmittance mode, the incident light enters the entraamu tséitels
through the prism componer(tsigure 2.10a)Before projecting into the detector, the incident
light is dispersed into different bands. Byntrast,in the reflectance mod#he excitationlight
is guided by a lower mirror toedispersd into different bands through reflecting gratiragxd
then reflected via the upper mirror before detected by the de{éaare 2.10) (Qin, 2010)

31



Upper mirror

Reflection
grating

| . Lower mirror
Entrance

slit

Figure 2.10. The configuration of transmitting (a) and reflective (b) gratings in imaging

spectrographafter Qin, 2010)

2.11.3.Imaging system parameters
Figure 2.11 illustrates some fundamental parameters in a hyperspectral imaging system
including field of view, workinglistance, sensor size, resolution, pixel size, depth of field, and

magnification.

Figure 2.11. An illustration of imaging parameters of a hyperspectral imaging system (after
Gregory & Nicholas, 2020)
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Field of view (FOV) is the camex@ew which covers the scanning afaaually expected
as a diametenyvhile working distance (WD) is the distance between the camera lens and the
REMHFW %\ FRQWUDVW VHQVRU VL]H LV WKH FDPHUDYV DI
the FOV.Resoluion (spatial resolution) is the minimum size of object which the camera can
detect. Analogous to resolution, pixel size is the dimension of a tile square (pixel) measured
by metric units (e.g., mm, um). Depth of field (DOF) is the maximum object deptlyitheest
an acceptable focus meanwhile magnification is the ratio between the sensor size and the FOV
(Centre for Remote Imaging, 202Bregory & Nicholas, 2020)

2.11.4.Instrumental correction

In hyperspectral imaging, several sources of instrumental variation are secbgach
as the variation in light intensity and distribution over the sample, vasatioroptical
collection and in the sensor. To mitigate the presence of these instrumental \&ration
common strategy is the uslition of reference materials. These reference materials allow
cancelation ofrariation over time. Aaresult, the instrumental variatiof hyperspectral data
from this type of material is assumed mostyriginate fromthe hyperspectral system. This

allows the data to be corrected for reproducible information.

White and dark references are used for the correction of raw reflectanteaspe
following the equation below:

~. 1 A®?Ax; -~ G
4 03; LW U4 N&; (eq 27)
ZKHUH 5V LV revéctandedpertd PRWUHFWHG IRU DQDO\VLV ,V
reflectance speaim PHDV XUHG DW WKH ZDYHOHQJWK RI unipP ,G L

WKH GDUN UHIHUHQFH FDSWXUHG E\ XVLQJ D EODFN RSDTX!
is the reflectance spgpam R WKH ZKLWH UHIHUHQFH FDSWXUHG E\ XVL
the reflectance factor dhe white reference which assumes more than 99 % of theifght
reflected(Arthur, 2016; Qin, 2010)
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Section 3:Modelling methods

2.12.Chemometricsand machine learning

Chemometrics andnachine learningare utilised to handle the multivariate nature of the
spectroscopic data and the particular propertylagh correlation among the variabldis
section describes the definition and algorithms of all chemometrics, and machine learning
methods employed in thisusty.

2.12.1. Definition

Chemometrics is an application sthtistical methods to improve the understanding of
chemical information generated from different instrumeAtscording to the International
&KHPRPHWULFV 6RFLHW\ 3&KH P RIBtiHWeaFtMMEeMSs WadéloVd& LHQ F
chemical system or process to the state of the system via application of mathematical or
VWDWLVWLEEYs,RPHEYKRGV’

Machine learning(ML) is a computational learning process which uses specific
algorithms to train models and by this process the learning algorithm isongeédiction of
attributes associated with a set of variables. Machine learning models extract relevant
information contained in the data for predictighiirdoch et al.2019)

Both chemometricand machine learning methodseatepredictivemodek, whichare

used toestimateresponses of new circumstan¢8salevShwartz & BerDavid, 2014)
2.12.2. Multivariate analysis

™Principal Component Analysis

Principal Component Analysis (PCA) is an unsupervisethod whichcompressethe
high dimensional dataX( into a low dimensioml dataspace of pincipal components (PCs).
PCA-PCscapture maxnal variance fromthe rawdata and mininge the correlation among
variables.Principal components are formed in a decreasing order of significant importance.
Thefirst PCA-PC captures thmostvariancan the data and then the nextder PCs are formed
by the same principleFollowing that, all PCs arset orthogonal to each other acalry
relevant informatiorfrom the original dataFor spectral data collected from spectroscopy or
hyperspectral imaginghé matrixX (n xm) contains n samples andspectral variables. Each
sample nhas a spectral respuse at each variable fphe PCA algorithm decomposes the
original data(X) into the scorenatrix (T), the loadingmatrix (P) and the residual modiilg
error E) (Saeys et al., 2019)
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Where p W theltrsinspose operatiorthe unfold PCA algorithm.

Each column vector of th& matrix represents the scores of principal components.
Meanwhile, each column vector of tRenatrix displays the loadings of principal components
(Saeys et al., 2019y he information not explained by PE2ACs is charactesed asnoise and
contained within the modelling errdg).

PCA methodis often usedto explore multivariable data beforeapplying other
chemometrics methods since PG&ips to observelusters, trends and outliers whiglnpports

to understand the relationshiptiveen samples and variabl€Saeys et al., 2019)
™Principal ComponentRegression

Principal Component Regression (P@R)ksbased orthe PCA principle The spectral
data(X) aredecomposehto the scorenatrix (T) and the loadingnatrix (P) (eq. 2.8) Similar
to PCA, the score matriXpcr contains variance valuesptured by principal components
while the loadingmatrix Prcr measures the distance of PCs to the noeanterof the X-data
that indicate the weight value of eackvariable.

pi L paPps Ebpn (€9.2.8)

The PCR matrix ofresponsesY(pcr) is regressednto the scorematrix (Tecr) and the
loading matrix Qrcr) Which is gernerased from the true values. The unfitted information is
contained in the residualsg ., {Naes et al., 2004; Saeys et al., 2019)

bi L pa¥Ypa EGa (€q.2.9

From equation 2.9he scorél pcr containsscore valuesvhich arelinear with predicted
values. When a PCR model is establsl, the PCR regression coefficient vec@ro~ is
determined as followgNaes et al., 2004; Saeys et al., 2019)

qo- L Bo- %o-  (eq.2.10
To apply a PCR model forrewdataset,thenew estimated response can be calculated:

(Naes et al., 2004; Saeys et al., 2019)
Ugel BE TageHkye (eq.211)
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™Partial Least Squares Regression
Partial LeastSquares(PLS) regression i supervised multivariate regression method

which is different from unsupervis®CR.PLSregressionmaximises thecovariancebetween
X andY, instead of capturing theariance from only the Xlata (a PCR modelAs with PCR,
PLS transforns the matrixX into the dimensionless space of latent variables (LVs) which
maximises the covariance betweé¢randY (Saeys et al., 20197 basic PLS model can be
written as follows:

ba L pa »Ppa EGpy (€9.2.12)

bu L pu¥Yps EQue (eq.2.13
whereXpLs is the data matrixn(x m); YpLs is the matrix of responses X p); TrLs is the X
score matrixi x I); PpLs is the Xloading matrix (n x I); UpLs is the Y-score matrixif x |);

Ypu is the Y-loadingmatrix (p x [) andEpLs andFpLs carrytheregression noise.

When the PLS3nodelis built, the regression coefficient vectias .scan be computely
minimising the squares of residual err@¥aes et al., 2004; Saeys et al., 2019)

; 5 25 4 20
Ay L& kR x.0 ¥, (eq.2.15)
To apply a PLS moddbr anewdatasetthenew response can be estimated

Wgel WE TigeRa (eq.2.14)

where Wis the intercept from the PLS calibration modgéyrepresentslata obtained from

new samples
™Partial Least Squares Discriminant Analysis

Partial Least Squares Discriminant Analysis (PLSDA) is a supereiasdifier driven
by the principle of Partial Least Squares RegressRiSEDA maximses the covariance
betweenX anddummy variablesY. Dummy variablesy are categoricatlasseswhich are
often converted intdbinaries.Similar to PLSregressionPLSDA extracts sequentiahient

variablegLVs) which capture maximal variance

The choice of number of LVs is important for PLS prediction/classification. The number
of LVs is chosen based dhe lowestoot meansquareerror (RMSE). However, the tradeff
point between RMSE calibration and crasdidation must be determinébaes et al., 2004;
Saeys et al., 2019The regression coefficient vectios spa is also estimatedy minimising

least squares of residual errors from a PLSDA model.
: 2 4% 2 20
alx'me ?Ix'pmkpfx-pmﬂlx-pmo )ﬁ_xopm (eq216)
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™Support Vector Machine

Suport Vector Machine (SVM) is a binary classification technigtien applie to
separate two classes by support vectéie multi classesWKH SDLUZLVH 3RQH YHU
classification approach is drivéDeepa & Thilagavathi, 2015; Saeys, 2018; Su et al., 2017)
The SVM discriminant function is driven by lines (linear) or hyperplanes-{imear).

Y% Linear SVM
A linear SVM model iexpressed by the equation:
B: Ty L SSTyE > (eq. 2.17)

wherew LV WKH ZHLJKW YHFWRU RI HDBERUEGDW MWLY LV«WRH W

operatory; is sample of that class abds thebias(Sontag, 2020)

- o

o
C

Figure 2.12. Theclassificationscheme of a linear SVM classifi@after Sontag, 2020)

The linear SVM classifier classifies classes by both positive support ve&bﬂ'@:E >
= +1 and negative support vectorS! TyE > L Fs The margin of the discriminant line is
GHWHUPLQHG E\ WiKwhith@sEhE NistdrizéiefvEdDd phvstor negative support
vectors (S' TyE >= +1) and the mean vecto8{ TyE > 7KH VODFNnéagutet DEOH
the error of each point i(xy;) between the margin and the correct side of discriminant lines.
Based on the equation 2.17, a linearMb¥lassification model is optireed by minimsing
classification error.

e o1 S16 E 06AS I« with yi(ST THE> o -

éag
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where C is a regularization parameteC. is expected to bas small as possible, so the
discriminant linehasalargemarginto display good classificatiotf C is large or infinite, the
discriminant linewill have asmall margin or hard marginyhich is difficult for class
discrimination. The optimallinear SVM model is defined bthe maximum of the margin

between 2 syport vectors of— and the mininum of classification errors.

lel
According to the SVM algorithm,llaclassesare classified whethe slack variable is
equal to or smaller than O (" ). If a classs intherange(0,1) or i < 1, thatclasswill be
locatedbetween the margin and tkerrectside ofthe discriminant line. By contragst the
slack variable is large W K D & 1), thatsamplewill be missclasse@Su et al., 2017).
% Non-linear SVM

Nonlinear SVM with a radial basic functionrbf) kernel is often employed for nen

linear data. SVM rpf) works with the Gaussian function kTiakoL A? €€ that
transforms the input data into the high dimensional kernel space for modellingpf Tkeznel
was defined by Cosid) and gamma { hyperparametersvhich determine the number of
support vectors needed. The support vectors create the kernel margiperplane which
separate the target class from another by minémg the misclassification error. A larger
kernel margin or more support vectors mean a targeta@ass be discriminated more easily,
but it also drives oveestimation and low clads&ation accuracy. Optirging C & U

hyperparameters is suggested to avoid overfitting.
™Artificial Neural Network

Artificial Neural Network (ANN) isamachhelearning method, which was inspired by
the principle of human neural systemMANN is constructed by sevenaturallayersin which
the inputdata will bethe first layer, and the output or the result displays afitiad layer.
Between the input and outplayers are hidden layeny whichthe dataaretransformed and
activiated by the ANN algorthrim. The previous ANN layer links to the next layer via nodes
having associated weights and bias values. The weights anek masvery layer are
calculated taletermine values for nodes of the next layer. In ANN, hidden layers can be one
or more(Kwon, 2011; Patricio & Rieder, 2018)

% FeedForward BackPropagation Neural Network

A Feed-orward Back-Propagation Neural Network (FBPNN) is acomma ANN

methodin which neural layerare input and oupun one directior(Figure2.13). The weights

in each layer are optirsed bythe gradientdescentlgorithmto reducethe predictive error.
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The ANN function activatesthe learningprocessacross layerso produce the outputfter
that, the baclpropagatiorfunction returns the outpub the neural network toptimise the
prediction by minimsing thepredictive error. This cycle carteratemore than 1000 times of
backproparation in a FBPNN model(Wikieigenvector, 2019)

Input layer Hidden laver Output layer

Figure 2.13. The illustration of feed forward bagkopagation neural network with

i: the input, w: the associated weight, h: hidden, o: output and b:(Kasn, 2011)

¥ Convolutional neural network

Convolutional neural network (CNN) is an advanced artificial neural network known as
an Al deep learning method, which is popular for object recognition and classification. Deep
CNN recently became popular in agricultural and food safety fi@ldSarayreh et al., 2020;
Pullanagari et al., 2021; Soni et al., 202%milar to ANN, CNN contains the input,
convolutional layers (hidden layers) and the output. CNN algorithm activates in convolutional
blocks which are defined by convolutional éay. Each convolutional layer has the kernel size
and the feature nodes of the previous layer, which allows features rechgnizedand
detected.

Deep CNN is quite flexible for analysing three dimensional images (hyperspectral
images) or two dimensionaimages (RBG images, 2bDyperspectral images) or one
dimensional data (spectral da{&oni et al., 2021)CNN § principle is the same for 3D, 2D
and 1D data, but the complexity of CNN structure in 3D & 2D is more than in 1D. In this study,

deep 1BCNN is applied to anale spectral data extracted from hyperspectral images.
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™PARAFAC method

ParallelFactor Analysis (PARAFAC) isa multiway method, often applied threeor
moredimensionatlatg such as three/ay excitation emission matrix (EEM) fluorescence data.
The traditional fluorescence tweay data consists dfmeasurements frolrsamples collected
into a matrix ofXixy. By contrast, thregvay fluorescence data consistd samples) emission
wavelength&ndK excitationbands(Bro, 1997; Bro & Gallagher, 2022)

In general, the threway data are constructed X datacube ofl x J x K before
modelling withthe PARAFAC method Principally, PARAFAC is driven by estimating the
unigueness of chemical components contained in the original data. The PARAFAC algorithm
searches for a likely match of a certain fluorescesigeal based on a binary of excitation
emission channels usiraternatng least square This algorithm works in a decreasing order
match allowing identification of the unknown chemicaimponentThis procedure is repeated
until all components are idefied. A trilinear PARAFAC model can bgerformed as follows.

Xk =ADk BT + Ex fork «K (eq.2.18
whereXk is the emission spectrum for th& excitation. For a model witR componentsA
is the score matrix dfx Pin the sample mod&x is the diagonal matrix d? x P which
contains scores of the excitation loading makrix P for thek™ row. B is the loading matrix
of IXPLQ WKH HPLVVLRWQ WRIG NV D QMERIYthe Raiel erivfdf e
k" sample(Bro & Gallagher, 2022)

According to Engelen & Hubert, (201 BARAFAC works wellwith an optimal sample
subset thaddequatelyepresents the whole populatibat cleaned obutliers to helpachieve
convergence. This subset often lee®r ahalf of thetotal observatios(samples). Although a
large sample size can increase pmverof statistics, it couldompromisehe robustaess of a
PARAFAC model sincéhe PARAFAC algorithm ismostsuitedfor a small andclean dataset
(Engelen & Hubert, 2011; Frosch et al., 2009)

™Multi -way PLS regression

Multi-way PLS or APLS is an extension of tmway PLS for the analysis of high order
array datasets (@, fluorescence excitatieemission matricesJ.hePLS-1 algorithm approach
(modelling for each analyte separatal/used ina threeway datasetvhich contains a group
of samplegFaber & Bro, 2002)The ind@endent thregvay fluorescence EEM data contained
excitationremission spectral variables and fluorescence intensity of samples. Similar to
standard tweway PLS, triPLS also searches for a few latent variables (LVs) maximihe
covariance between flumeence dataX) andthe responsey(). In the standard PLS model,
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two-way X data is decomposed into a matrix of scofigsand a matrix of weights or loading
scores V) whereT andW are orthogonal. By contrast,-®iLS decomposes th€ cube data
for a matrix of scoresT() and matrices of weight&\(1, W2) which are not orthogon#Bro,
1996; Ding et al., 2017; Faber, 2018)cording to Bro et al. (1996), a4#ALS model for a

matrix X (I x J x K) is written as follows.

Tovk ©5/'SH E Ay¥ed.2.19
Where % and g are elements oX data ancEx error matrices,SYA =J @é are elements of

loading matrice®V1 andW2, and tis an element of the score matrix. the number of samples
(first dimension); J is the number of measuremengsragsionbands (second dimension) and
K is the number of measurementeatitationbands (third dimension).

According Bro (1996), trPLS analyses fold thregay data directly vwthout unfolding
in two-way PLS thatopes effectively with noisy data to increaseitherpretability for better
predictiong(Bro, 1996)

2.12.3. Calibration, validation, and test sets

Thepredictivemodel represents a given sample population. Thus, model parameters are
estimated based on a sample set of that populatioca({eal calibrationdataset). The
procedure of estimating the parameteysalled training. To assess the fithess of model
parameters, an independent test set which also comes from the same population but has not
been used in the training process is used to generate gosetlicted values. The test dataset

is also assessed by a reference method so the predicted xatu#ssf model can lmmpared

™Sample population

The quality and identity of honey is affected by geographic districts, sedsons,
scopariumvarieties, and other floral sources. Principally, a good honey dataset would consist
of diverse honey samples from different districts and seasons. A large sample dataset which is
collected from differentlistricts and seasons intuitively gives more fremdof predictability.
It is not always possible to collect a broad dataset due to high expense but having a dataset to
enable an approximation of normal distribution for statistical prediction brings benefit. This
study has worked with a large dataset @@ honey samples which were harvested in 2019
early 2020 spanning eight different districts actbgsNorth Island oNew Zealand. Samples
were randomised before experiments in order to avoid confounding between scanning effects

and honey districts.
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™ Crossvalidation

Crossvalidation technique is introduced during training a motéehvoid overfitting.
Several different crosgalidation techniques are introduced such as venetian ankone
out, contiguous block, random selection, and cost{gneupwise). In general, the cress
validation algorithm splits the calibration dataset into training and validation sets. The sub
model is trained on () subsets and leaxaneout at each training iteration. Then, that trained
model was applied on a lemwut subset to obtain the prediction accuracy for that iteration.
This process is repeated for all iterative runs. Eventually, the-catisisition accuracy is
calculated by averaging all predictive values of allsdalels.

Crossvalidationalsohelps the balance between complexity and simplicity of a model.
The complexity of a model is determined by tuning parameters chosen to minimize the
estimaté error. For exampldn a PLS model,the selection of the number of latent variable
canresult inacomplex model (high number of latent variablesa simple model (low number
of latent variables)Wherethe errorfunction (e.g.,RMSECV) against the number of latent
variables is monotondghen if addingmore ODWH QW Y D Whda igersighifidamly p Q 1
decreasethe errorthesep Q1 ODWHQW Y D dd dptir@lidr\thedcorkéspokiding RICS
model. PLS softwareoutinesmay suggesan ideal number of latent variables byrsbing
for a knee” in the error function (e.g.RMSECV). Meanwhile, the box constras) and
regularization Care important hyperparametersarsVM model (Chapter 6 section 6.2).
Convolutional layersnumber of nodes, kernel size and othgpdrparameterdetermine the
complexty of a CNN model These hyperparametea furtherdiscusgdin section 9.3.4 of
theChapter qQTable 9.1 & 9.3)

To select a crosgalidation technique for modelling, it is necessary to know how data
are collected (number of samples in data, the absence and presence of replicates in the data).
The trap of replicates needs to be avoided. If a sample is measurelicatespvith the same
instrument, these replicates often have the same errors. So, replicates should be put together in
the calibration model or test set. If different replicates are collected in different days which
causes different errors, these repksashould be present in both calibration and validation sets
(Wikieigenvector, 2022)

™Model validation

(YDOXDWLRQ RI D PRGHO LV HVVHQWLDO WR DVVHVV W

applying the model to the independent test set whashrtot been employed during training

the model. In this validation step, all modelling information including preprocessing and cross
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validation algorithms remain on the test set. The prediction results of the test set are expected

to exhibit the same tresdas the original model. Otherwise, that model is not robust.
2.12.4. Spectral preprocessing techniques

Spectral data often beanultiplicative or/and additive effects due to scattering issues.
When light excites samples, the light camangedirection when passing through different
environments. During scanning samples, the turnabout of light generates the multiplicative
effect oflight scatterings due to unequal optical pathlengths among samples. In addition, if
samples are turbid solutions, the presence of small particles causes Raman scattatied so
additive effects(section 2.10.4) Therefore, it is often suggested to cotrer preprocess
spectral data before further analysis. Several common techniques are used to remove these
scattering effectéNaes et al., 2004)

%, Baseline correction

Baselinecorrectionuses a first or second order polynomial to remove scattering effects
by selecing two pointsfrom the backgroundspecta (baseline)or noise but avoiding the
spectralsignal A baseline is fittedor eachspectrunto subtract this line fronthat spectrum.

By this way, scatteringffects could beemoved The weighted least squas@/NLS) algorithm

is often used in baseline correction. WLS baseline can remove the spectral background
automatically and avoid negative peaks. However, the WLS baseline canratsgergome
valuable informatior{Saeys et al., 2019)

%, Detrend

The detrend technique aims to remove a constant, linear or curve offset in the spectral
data. Detrend will fit a polynomial of a given order to all points including the baseline and
signals, and then subtract the spectrum to that polynomial line. Detngnd/arks well for
the spectral datasets containing background interference due to the presence of a large signal
variation(Barnes, 1989)If the variation of signal interest (net analyte signal) is significant,
detrend can also remove useful variations. It is noticeable that detrend technique can even

create nodinear responses from the linear o(8aeys, 2018)
¥, Derivatives

Derivatives is greprocessing techniguehich allows remoal of the baseline effects
(or low frequency noise) in the raw spectra aasblution ofoverlapping spectrairst and
second derivatives are often employed in analytical chen(Steyk et al., 1990)The first
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derivative captures the slope of the raw spectrum while the second derivative captures the slope
of the first derivative spectra at each wavelength. The peak of the first derivative spectrum is
the maximum slope, and the zeros corresponds to the maximaniona of the original
spectrum. So, the first derivative removes the additional baseline in the spectral data. By
contrast, the second derivative measures the curvature of the original spectrum. By this way,
the second derivative eliminates both the addél and multiplicative baseline due to
scattering effects. In addition, if the spectral signals overlap, derivatives with narrow
bandwidths relatively enhance the amplitude of overlapping spectra and this increases with
higher derivative orde(Clark et al., 1990)Derivative spectra often empldiie Savitzky

Golay method as a differentiation filter that uses polynomial fanstifitted over certain

bandwidth intervals to smooth noisy dgtdaes et al., 2004; Saeys et al., 2019)
¥ Smoothing

Smoothing is dilter pre-processing technique used to remove Higlquency noise a
signal A Savitzky-Golay algorithmis typically applied to smooth the spectra. Two steps are
applied in Smooth technique. First a subset is selected of adjacent data points witlegriesv
polynomial (e.g., order 0) in the filter window. Second, the filter window is fitted into the
specta. A filter is generally chosen to accommodate an odd number of data points, centered
on the data points of current interest. Since selected data points are equally spaced, the method
of linear squares generates convolution coefficients to smooth spegteaticular coherent
spectra. The smooth filtesignificantly removes noise without losing necessary signals
(Gallagher, 2021; Naes et &004; Saeys et al., 2019)

¥ Multiplicative Scatter Correction
Multiplicative Scatter Correction (MSC) is a ppeocessing technique applied to remove
multiplicative scattering effects embedded in raw spectra. MSC algorithm fits a regression line
for the individual ith spectrum at the k wavelength variables descrasefbllows:
Tyl =pE T8 E Aydeq. 2.20)
wherei is the sample of-ih, k is the number of wavelength variableg; 4s the individual
spectrum of the-th sample fork wavelengths,=js the intercept andx;is the slope of

regression line, anekis the MSC model error. Therefore, eveth spectrums corrected:

79 L %gfb (eq. 2.21)
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From equation 2.21, MSC corrects each spectrum over spectral data, but also changes
intercept and slope from the regression line. Potentially, subtle absorptions in spectral data
might be los(Saeys et al., 2019)

¥ Standard Normal Variates
Standard Normal VariatdSNV) was first described by Barnes et al. (1989) to correct
spectral data having scattering effects. SNV removes the additive and multiplicative scatters
from theraw spectra. Differing from MSC, SNV calculates the subtraction of each wavelength
variablexik from the mearcentered value nand therdivides the differencey the standard

deviation Qof that spectrum:

i L%@ (€q.2.22)

This equation isippliedfor each sample over all variables. When the SNVjjpoeesses
with the mean zero, the standard deviation value@#ill become 1. Compared to MSC,
SNV can overcome the loss of spectral information from MSC algorithm since SNV algorithm
corrects thendividual spectrum of a sample just based on the spectral data of that sample
(Saeys et al2019)

¥ Orthogonal Signal Correction

Orthogonal Signal Correction (OS@jeprocessing technique is employed for spectral
data that contain much variation due to different time measurements or sample preparation.
OSCremoves the variation from the specifatlata that is orthogonal to the respoafg. By
input of thespectral data into the space of few latent variables, @SiDes a first latent
variable which captusthe most variation oK uncorrelated witty. Then, the second latent
variable isgeneratedifter subtracting the contribution tfe firstlatent varidle. The same
procedure is continued feequentialatent variable. OSCworks wellfor datahaving many
spectralvariables exceeding the number of samples. For two differerdedat@deasured with
different instruments, OCS can also help to remove im&ntial variation that is not related to
the predicted variables. Compdr® other techniques, OSC can compen$atehe risk of
removing relevant information which most grecessing techniques beahen applied

scatter correctioSaeys, 2018)
2.12.5. Variable selectiontechniques

The spectral data contain many spectral variables. Variables nearby are often correlated.

This is known as multicollinearity. When the number of variables in the spectral data are larger
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than the number of samples, multicollinearity can impair the robsstof a predictive model
(Wilcox, 2019) Since several variables in a dataset given may be unnecessary, they can
complicate the prediction results due to the attachment of irrelevant compounds. A robust
model often contains few variables, only those relatethé target chemicalSaeys, 2018;

Saey<t al., 2019)This section describes three variable selection technicpeekin this study.
¥ Variable Important in Projection

Variable Important inProjection (VIP)is often used along with the PLS model to
estimate the importance of each projected variable. VIP calculates the weighted sum of squares
of PLS scores that account for the explained y variance at each latent vdrabés et al.,

2015) The bands with larger VIP score or close to 1 arsidered as being important, while
bands with a VIP score less than 1 are considered as being less important. Low score variables
will be excluded from the final model. VIP technique is often applied after modelling to

improve the predictive modé€baeys, 2018; Saeys et al., 2019)
¥ Genetic Algorithm

GeneticAlgorithm (GA) techniquas used through erossvalidation regression method
(i.e.,, PLS) to select a subset of variables which will give superior prediction. First, GA selects
a random subset of variables as an individual window and generates the gene for that window.
At each gene, the predicti@nror (.., RMSECV) is calculated. Then, the GA algorithm uses
the fitness function to describe the fitness of the window in the population. Finally, GA chooses
windows with the greatest fit avhich give the smallest prediction erro(Saeys, 20185aeys
et al., 2019; WikiEigenvector, 2020)

Figure 2.14 illustrates the output afdiagnostic plot during GA running (a) and the
selection of variables (b). The plot of fitness and number of windows (Figure 2dd left)
shows the fitness and number of valgalwindows of the whole population. The evolution of
average and best fitness plot (Figure 2 1tbp right) indicates the trend of the average fitness
(blue line) and the best fitness (red line) at each generation number. The evolution of number
of windows plot (Figure 2.14, bottom left)showsthe trendin number of variable windows
required. Models with window plot (Figure 2.a4bottom right) presents the frequency of each
variable window is used. The highthefrequency of variabless, the more importance those

variableshavein the final model selectiofWikiEigenvector, 202Q)
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Figure 2.14.The output of diagnostic plots during GA running (a) in a PLS model over NIR
spectral range 37@2500 nm and selection of variables (b). GA stopped at generation 40
giving the best fithess (Honey data, 2020)

¥ Interval Partial Least Squares
Analogous to GA, Interval Partial LeaStiquares (iPLS) also collects subset of
variables, but the variable selection works for a variable interval rather than the variable
window asin the GA algorithm. For a given variablinterval, iPLS sequentially searcties
the best combination of variable intervals giving good prediction (Figure 2.15). The forward
procedure is implemented by adding the best interval while the backward is done by excluding
unnecessary ban@Saeys, 2018; Saeys et ab1®; Xiaobo et al., 2010)
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Forward iPLS Results
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Figure 2.15. Variable selection (greenabs) ofa forward iPLSwhich was run witf80
intervals over NIR spectral range 3A2500 nm TheiPLS plot showed a relationship
betweercrossvalidation prediction errors (RMSEC\Nd selected variables. The
green interval illustrated theelected variables (Honey data, 2020)

2.12.6. Statistical measures

Most linear regression methodee quantified from the regression coefficienthen the
sum of square of residuale) (s minimised to predict they value from theX variable data
(Saeys et al., 2019)

y=,; +e(eq.2.23)

When the equation is estalbledd, linear regression models are evaluated by statistical
parameters to assess how well the models are generalised. Important statistical parameters are
used for diagnostics of the predictive model performance as follows.

¥2Goodnes=of-fit metrics

x Root mean square error

Root mean square error (RMSE) is the absolute error whicbmputed from a linear
model. Root Mean Square Error of Calibration (RMSEC), Root Mean Square Error of Cross
Validation (RMSECV) and Root Mean Square Error of Predicitii$EP) are calculated for
evaluating the moddbr calibration, crossalidation and on test sets, respectively. A good

model performs a tradeff where RMSERachievesas a low value as that of RMSECV.

1 5 %4 i . 5 %4 . .
415" L 8 Al UF U;° L 8 Al T F WS (eq. 2.24)
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In which n is the number of sampleg;& yi are the estimated and measured values for
the sample with spectral vectox.

In comparison with other models for different sample size, the n@edaioot Mean
Square Error (hnRMSHS used.

J4/5' L E—fg"?"g\/i‘vhere Ws the mean of the measured values.

In addition, other statistical parameters are also checked together with RMSE since
RMSE does not indicate clear information about the systematic (average) error of the predicted
values or random error.

X Bias

In contrast to RMSE, bias value representsatierage difference between the predicted

values and the measured values.

$E:LO—Z Al UF Wy L—EA‘E‘-@S:TyF W (eq. 2.25)

x Standarderror of prediction
Standard error of prediction (SEP) is also calculated to measure the estimationrerrors o
the accuracy of predictions.

, 5 ....,. ] - a . 16 5
5'2L 8 A UF WF $ESOL §-:4/5'¢F $E=D (eq. 2.26)

wheren-1is the number of degrees of freedom witheingthe number of samples

X Ratio ofprediction todeviation

Ratio of prediction to deviation (RPD) is the ratio of standard error of performance
(RMSECV) to standard deviation (SD). It calculates how accurate the model is estiypated
comparinghe predicted to the averagmeasuredalue § Table 2.4 showthe interpretation

of RPD value for a predictive model performance.

A §WACB—'IO?E$’ §W|||E

428l E/EI%II:"

——— Ly, (€a.227)
S5 Ag. i @iV <i1%

whereSSTO is total sum of squares and SSE is the error sum of squares.

49



Table 2.4. Explanation of RPD value ranges indicating utility of a calibration model
(Saeys et al., 2005)

RPD value Explanation
53" Thecalibration model is not usable
53" " The calibration model can distinguish between high and low val
53" 7  The calibration model can give approximate quantitative predict
53" " Predictions by the calibration model are classified as good
RPD >3 Predictions by the calibration model are classified as excellent

x Coefficient odetermination

Coefficient ofdetermination(R?) is calculated to evaluate the fit between predicted and
measured values in a linear regression model. PheaRerepresents the variance in the
predicted y response that is explainedgatafrom the model. The RPD is related téiR
that it also expesses which fraction of the variationyimesponse captured in the model.

4L sF—2L sFﬁ (eq. 2.28)

From equation 2.28, the? value ranges from 0 to 1 (+0.05). The predictive model is
linear when the SSE value is 0Rf equals to 1. In practice, SSE never goes to 0 since the
model always contains erISSE expresses the variance that is not explained by the model.

To summarise statistical measurB$js often used to determine how well the model fits
the data. A higher Rvalue indicates better fit to the data. Depending on the applicatfon, R
value in some certain range can be accepted. Two or more statistical parameters are often
combined to examine how well the model performs. For examplendRRMSECV, R and
Bias, R and SSE, Rand RPD or three combinations of these statistical parasneter

¥, Statistical comparison between models

To compare models with different selected variables, some common statistical
parameters are often used.

x Coefficient of determination®Ryjusted

R? agjustediUmber is calculated to compensate for models aliffarent variables.

Ell
A8 xv e dorzrs (€0 229

WhereN is the number of samplep;is the number of variables aRES is residual sum of
squaresBoth RSS and (M-1) will decrease when the number of varialgéscreases.

x RMSECV/RMSEP

Different models with different numbeiof variablesp can be comparel based on
RMSEP/RMSECV. lIdeally, RMSEP/RMSECV will first decrease with increagingnd
stablize around an optimal value. When RMSEP/RMSECYV value increases, the model starts
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overfitting. A model should be chosen when p variables miggfRMSEP/RMSECVWhere
two models give a similar value BMSEP/RMSECM\hat with the smaller p is preferable.
addition, models processed with different goeocessing canalso be evaluate by
RMSEP/RMSECV.

x ODOORZTV &

0 D O O Rpdsfugefé&l in selecting between competing models using different subsets of
the available variables. A low€), value is generally preferable.

% LL'ELLF O (eq. 2.9)
where RSS is residual sum of squaréss she estimated value of the residuatiance of the
model;p is the number of variables; ahtds the number of samples.
x Evaluating overfitting

The complexity of a model is determined by thember ofdegres of freedom For
simple multiple regression, the degrees of freedidm k which is the number of predictors
(i.e., slope, intercept). For multiple regression, dieN-k-1 wherek is the number of latent
variables, regression coefficients or the number of factdds)s the number of total
observationgWorkman & Mark, 2016) Therefore, thek factor in multivariate regression
PCA/PLS model equakhie number of latent variables choserhen many variables or latent
variables are used, the degree otflem of a model is high which risksodel overfit. A
tradeoff should be chosen between underfitting and overfitting. GenetsddRMSECYV value
decreases when increasing the number of PCs/LVs. The rule of thumb for theftrade
selection is the firstdcal minimum RMSECV versus principal components (PCs) or latent
variables (LVs). The lowest number of PCs or LVs is seldctadhich the prediction error is
not significanly worse than the error of RMSECV. It is better not to increase the number of
PCs/LVs if the reductionin erroris lessthan 2%. Using factor signal to noise ratio (SNR) to

select factors (PCs/LVs) imoreaccurate foavoiding overfitting(Saeys, 2018)
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This chapteunfolded principles of neimaging and imaging sensor systems combined
with chemometrics and machine learning methods. In the next chapter, thef gtat@t will
be described for nemvasive systems and analytical methoegortedin recent studies for
DQDO\WLQJ KRQH\V LQ SDUWLFXODU P—QXND KRQH\V

2.127. Detection of outliers

Detection of outlierss an essential steguringdata analysisr modelling The presence
of outlierscan obscure thue relationshipand patterns inhe dataobserved Saeys, 2018)
Duringinterpretation oflata, outlierg€ould skew the resulendlead to inaccurate conclusion
and poor prediction(Hadi et al., 2009)Therefore,removing outliersis often suggested to
ensureinformative and accurateresults. Howeversome outliers could indicate important
information in the datdt is necessaryo observalata and check outliecarefully.

There are several techniques used suchesiglual analysis, Hotelling's?Btatistic,
Mahalanobiglistance,& R R tigtdAhceand leverage analygbladi et al., 2009; Saeys, 2018)
This studymainly uses Hotelling's 7 combined withresidual analysigo detect outliers
Hotelling's 7 shows how faeachdatapoinis from the meainf the datavhile residuaknalysis
indicates how difference between the true valueahdatapoint andts predicted value
(Wikieigenvector, 2023)The plotbetween Hotelling's Tand Q residualshows the potential
of outliers which have high scores of Hotelling'$ @and Q residualand lie outside 95 %

confidence limit (dash lines) (Figure 2.1 tampared to the remaining populatitmaddition,
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Leverage analysiss also observedto confirm outliers detected. Leverage calculates the
distanceof each datapoint in the dataset to theanmof the whole populatiofSaeys, 2018)
Datapoints have high leverage which indésaoutliersThe plot betweeheveragescore and
standard deviation of residuadsobserved taetect outliersFor examplefFigure2.17 showed
two outliersdetected in thd650honeydatasetobservedoy the Hotelling T vs Qresiduals
plot (Figure 2.17a). Theswvo outliers showedigh leveragescores compared to remaining
datapoints (Figure 2.17b)
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Figure 2.17.Detection of outliergpink datapoints in red circles) in th¢SI 1650honey
dataseffor PLSpredictionof DHA.

2.12.8. Software

This studymainly usedPLS Toolbox 9.0 (Eigenvector Research, Inc., Manson, WA
98831, USA) inraMATLAB environment for almost chemometric methods.

In addition R x 64 4.1.2(library: ggplot2, matplot, dplyr,tidyr, ggraph, caret, dplyr,
tidyverse, plotly andPython3.9 (packagesskimage, scipymatplotlib, and spectral pythpn
werealsousedto visualize data and segmentyperspectraimages for extraction of spectral
data.

53



Chapter 3

State of the art and research gap

3.1. Introduction
AXDOLW\ DVVHVVPHQW RI P—QXND KRQH\ LV QHFHVVDU\

control purposes to ensure its value. In the pastears, several studies have been conducted

WR DXWKHQWLFDWH P—QXND KRQH\ VeRotanldaVdfiginaAsLKRQH\ U
scoparium(Goss, 2009; Noviyanto & Abdulla, 2020; Stephens et al., 2010; Yang et al., 2020)
These studies have employed both conventional andinvasive methods. However,
accordngWR RXU NQRZOHGJH DVVHVVPHQW RI P—QXND KRQH
changes of chemical markers usingfu&structive methods has not been reported. In addition,

QR UHSRUW DQWLFLSDWHYV W Kivasiwp iefor@ theRektiaet (rocesd KR QH\

while honey is stilin comb form in the frame.

This chapter describes the state of the art of most current analytical methods used to
FKDUDFWHULVH P—QXND KRQH\ *RRJOH 6FKRODU DQG 6FRS
to assessment dioney quality, determination of its botanical origin and verification of
authenticityas P—QXND KRQH\ 7KLV VXPPDU\ FRYHUV EDVLF Pl
limitations of each analytical method. Based on the summary of state of the art and industry

needsthe research gap was then identified to guide the current study.

3.2. Conventional analytical methods

3.2.1. Melissopalynology

Melissopalynology ighe scientific field of studying pollen and spores in {emey to
investigate botanical originDinkov, 2015) Melissopalynologywas codified by the
International Commission for Bee Botany in 19E®uveaux et al., 1978nd validated in
2004(von der Ohe et al., 2004 verify botanical origin of honey®inkov, 2015; Guzelmeric
et al., 2020) This method first identifies spores morphologically by microscopy and then
counts the number of pollens present in honey. The count indicates botanical sources. When
bees collect nectar, it is usually randomly contaminated with pollen particles. Pollens of large
size are often removed by the bee, but small pollens can remain in the(Wactdtaton,

2014) The relative abundance of pollens in honey allows the origin of floral sources to be
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estimated. Ministry for Primary Industries (MP1) of New Zealaadused nelissopalynology
to classify monefloral and multifloral honeys for supporting the export of honeys. The honey
sample needs to be prepared before counting. Firstly, dndigy sample is dissolved in
distilled water having sulfuric acid solution 5 % and then centrifged, 4000 rpm 30 mins)
to remove supernatant. Secondly, pollens in the pellet are washed with distilled water twice
and then centrifuged (e,8500 rpm 20 mins) to collect pollendobis et al., 2013)In the
next step, the washed pollens were counted and classified under light microscopy (magnitude
400x). Total count of pollen grains in a sample camp to 1000, enough to generate a pollen
spectrum which reflects the localitijoral origin and characteristics (e.gavour, odour, and
colour) of that honey sample. Relativeefuencies of pollens in a total count of pollens and
other particles arexpressedbased ora nomenclature referendable (Moar, 1985) A floral
honey having the frequency of a specific pollen at least 45 % of total pollen count is considered
as a mondloral honey(Guzelmeric et al., 2020For mone P — Q KXoNds, the total count of
L. scopariumpollen grains neexito reachat least70 % frequency(McDonald et al., 2018)
Otherwise, honeyareclassified as mukfloral P — Q XoNéys due taixing with otherfloral
sources.

Currently, the standard method of quantitativelissopalynolog has been updated by
using a Burker chambébinkov, 2015) The new method gives more rapid results of counting
the number of pollen grains in 10 g honey than the previous methadieéaux et al. (1978)
andvon der Ohe et a{2004. With development of technology, the Classifyritfera digital
microscope was developed at Massey University in 2013 and is now available from Veritaxa
Limited. ThisClassifyndel scars pollensas objects atp to 200& magnification. The images
collectedby microscopeDUH FRPSDUHG ZLWK UHIHUHQFH LPDJHV LQ L
1HWY DOJRULWKP XVHG WR FODVVLI\ SROOHQV EDVHG RQ
parameters. The Classifynd¥érmicroscope automagecounting pollens which helps reduce
time and eye strain compared to traditional counting technigladey, 2013; Li et al., 2022,
Pedersen et al., 2018)

Melissopalynology plays an important role for beekeepers to identifpndeey origin.
It is a simple but tim&onsuming. The technique requires considerable training and
comprehensive knowledge of pollen morphol¢Bpbis et al., 2013; Mildenhall & Tremain,
2005) The results of melissopalynology are often inconsistent with high stasdard since
pollen grains can be lost during the extraction or can be limited in the honey due to vegetation
issues.0 —Q XND &&©<irH @d shape similar those of knuka.Kanuka Kunzea
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ericoides) isa plant in the myrtle family whichas flowers and pollens similar to those of

P — Q ¢Siéfhens et al., 2005; Van Eaton, 20D VFULPLQD W L R Q aadHkahdkaH Q P — C
pollen grains couldgosea challenge if only usingnorphological characteristicOverall,
melissopalynology requires more time and effort than is appropriate forlise iatthe honey

industry(Guzelmeric et al., 2020)
3.2.2.Molecular biological techniques

Molecular biological techniques analyse pollen DNA and protein in honeys. Alfxaut 0.
- 0.3% (w/w) protein is contained in honeys which dependtherorigin of nectar sources and
bee specieChin & Sowndhararajan, 2020; Hellywet al., 2017)Enzymes (amyse, invertase
DQG JOXFRVH R[LGDVH « IURP KRQH\EHHVY DSSHDU LQ PR
havecatalaser acid phosphatag€hin & Sowndhararajg 2020) Some honey proteins come
directly from nectar sources. For example, arabinogalactan protein is uniquely originated from
L. scopariumnectar(Gannabathulat al., 2012) Therefore, protein analysis could be useful to
help identify the origin of floral sources.

Comparedo protein analysis, DNAased methods are more reliable since DNA from
pollen is \ery specific to botanical origin€Zabrodska &Vorlova, 2014) Enzymelinked
immunosorbent assay (ELISA) and real time polymerase chain reatBR&@R() are common
techniques for DNA analysis. ELISA aims to detect DNA meanwhile PCR amplifies DNA
before detecting. PCR is more sensitive but less tatigk than ELISA. In additiorsodium
dodecyl sulphate polyacrylamide gel electrophoresis ($ID&E) is also used for DNA
analysis and has recently been used to authenticate h@igiyps& Sowndhararajan, 2020;
McDonald et al., 2018)

Molecular methods often give correct results, but they are laborious anddimeeming
due to the laboratory extraction process. The extraction process of DNA from pollen has been
optimised by automated methods which shortens the waiting time. Howesdgctimique
requires highlyskilled and welltrained labworkers, and laboratofyased equipment and
laboratory clean roomé# is not suited to industrial use-le.

New Zealand MPI has recently included the pollen DNA test as one of the official
techncal criteria to charactH P—QXND DJIBEQYXWD QREpDEpPEYMUM
scopariumpollensare usuallyIRXQG LQ P—QXND KRQH\ EHFDXVH WKH \
relatively small(7 um in diamete). Depending on floral regions, pollen sidefers from 10-

35 um (Waite, 2016) In general, DNA technique is accuraroughto distinguish pollens
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from different nectagbut is destructive. In additiorhé chance ofeptospermum scoparium
pollers EHLQJ SUHVHQW LQ P—Q XN D (K\Ri@ZBudrez eQaR \XOTAO ZD\V

3.2.3. Chromatograpty-based techniques

SK\WRFKHPLFDOV LQ P—QXND KRQH\ DUH HRMbEdddHQWO\ F
methods. High Performance Liquid Chromatography (HPLC), Liquid Chromatography (LC)
and Gas Chromatography (GQ@ften coupled with mass spectroscopgye been used to
guantfy SKHQROLF FRPSRXQ Gs\(Chap ePal; Q013 BlvikaRreQaH,\2008; Inoue
et al., 2005; Oelschlaegel et al., 2012; Rdatute et al., 2007; Wang, 201HPLC & LC-

MS methods were employed to determine MGO concentr@itvira et al., 2008and four
chemical markers (AP, 3-PLA, 4-HPLA and 2MBA) of MPI criteriawith 100 % accuracy
(MPI, 2017b)

The authentiication of P — Q Kddé&y ha been studied using HPLC/:RIS methods.
Rueckriemen & Henle (2018) used HPIMS to differentiate between conercial New
=HDODQG 1= P —l@pdshermurm@reys/from Astralia and other norP — Q X N D
honeys by quantifying concentrations of MGO and pbghemical markers in honey samples.
7TKHLU UHVXOWY VKRZHG D VLJQLILFDQW DPRXMARY3RI 0*2 D
PLA, 4HPLA and 2MBA) in Leptospermunhoneys, but MGO was not found in ron
LeptospermumKRQH\V ,Q DGGLWLRQ 1 =ndd-arépndrkablyidgh @Qudiadge FR Q W D |
D PR X QW/ARI(1118 mg/kg), 3PLA (795.5 mg/kg) and-#HPLA (11.8mg/kg), whereas
LeptospermunK RQH\V TURP $ XV W UDNAR dmMpduRZaAdsn@alRam§unts of 3
PLA and 4HPLA. However, 2MBA in Australia { Meptospermurhoneys was more abundant
WKDQ WKDW LQ 1(Rueckd€memNDHENRPB18pimilarly, Daniels et al. (2016)
and Bong et al. (2017) applied HPIMS to identify LeptosperiiMM1) and Lepteriding™
3,6, #trimethyllumazine (MM2). Their results indicatec¢hat MM1, MM2 and their
fluorescence signal® UH XQLTXH WR P—QXND KRQH\

Charactesing honey adulteration based on carbohydrate compositiasbeenalso
reportedusing HPLC/GGMS techniqueqRuiz-Matute et al., 2007; Wang et al., 2015)
Merchantsin floating markets often mix raw honeys with sugar syrupgh(fructose corn
syrup or invert sugarsyrup) which contain a product of caramelizatioraoctions, secalled
difructose anhydrides (DFAsYThis modified honey hashanges in the carbohydrate profile
compared tdhat of theoriginal honey(Ruiz-Matute et al., 2007)RuizMatute et al. (2007)
analysed carbohydrate profile in fake honeys by-GIS along with yeast treatment. Firstly,

major monosaccharides in honey were removed bydatiag yeast since yeast consume
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monosaccharides to produce carldxide and waterY east amot digestany DFA present
After 24 hours, honey treated with yeast at GOvas analysed byGC-MS to detect DFAs
(Ruiz-Matute et al., 2007)By contrast, Wang et al. (2015) detected honey adulteragion b
HPLC without prior yeast fermentation. Their studgimed to determine the degreef
polymerization (DP) of oligosaccharid@&/ang et al., 2015)0ligosaccharideshorterthan 5

DP arecommonin authentic honey. When honey is mixed with starch syrups or other syrups,
the modified honeynaypossessore and largesligosaccharidg residue oftarch hydrolysis
syrup HPLC method can detect aduterated hosdaving starckderivedsyrupat >10 %
concentrationw/w) (Wang et al., 2015MPI has used HPLC taneasure concentrations of
key chemical marker@-MAP, 3-PLA, 4HPLA and 2MBA) which helps toauthenticate
monaofloral and multifloral P — Q MoN&Ys(MPI, 2017b)

HPLC-/LC-/GC-MS and the pollen DNA testrenow the officialstandard methods to
characterizéNew ZealandP — Q X N DfoK $2l@ Fhese twesuite analysson honey samples
are expensiveprohibitively so if testing individual frameBeekeepers and honey companies
can onlyafford toapply these techhTXHV WR HYDOXDWH WKH TXHi2OLW\ RI
extraction process which multiple frames are lumpéato large drums. Potentially, poand
good honeyframes could be mixed wMQ H[WUDFWHG WRJHWKHU PHDQLQJ
honey could belevdued.

3.2.4.Non-invasive methods

Spectroscopy and hyperspectral imaging technologies besrrecently applied to
charactege honeygYang et al., 2020; Zhang & Abdulla, 2022Zhey are rapid, accurate and
nontdestructive. Several spectroscopic methods including Near Infrared, [iNi®escence
and Ramamspectroscophave been used to discriminate honey adulter@Banar et al., 2016;
Bong et al., 2018; Dramicanin et al., 2018; Gan et al., 2016; Nickless, 2015; Oroian et al.,
2017)

NIR spectroscopyas beerwidely employed at line ithe food industry for over 25
years(Bazar et al., 2016; Pu et al., 202B)R methodsuse the electromagnetic radiation in
the shortinfrared (1300 2500nm), mid-wave (2500- 15000 nm)and longinfrared (15000
25000 nm)rangesto interpretchemicalsignatures based on absorptsignals(Bazar et al.,
2016; Gan et al., 20165anet al. (2016) successfullglassified botanical origins of honey
samples andlistinguished raw honeyfrom adulterated honsycontaining rice/corn syrup
usingFourier Transform (FTNIR and Midinfrared (MR)spectroscopyThey used a total of
105 samples and scanned with NIR and MIR illumination acros$@0@0- 4000 cm® and
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4000- 650 cm' ranges, respectivelfhe spectratiata were optinsed by Interval Partial Least
Squares (iPLS) technique to obtain regié340 +5847 cm! (NIR) and3397- 3298 cm?,
2893- 2592 cm' & 1381- 980 cmt (MIR) corresponding to the absorptions oHoand GH

in NIR, G-H, O-H for HO and CO & C-C stretching bands in MIR. These optsad regions
were then modelled by Partial Least Squares Discriminant Analysis (PLSDA) resulting in 100
% and 96 % accuracy for septing floral origins and the detection of adulterated honeys,
respectivelyGan et al., 2016 5imilarly, Bazar et al. (2016) investigated detecting adulteration
of honeys in the NIR regiofL300 £1800 nn) based orthe absorption differencelsetween
raw andforeign watermolecules associated with polymeric materigisotein, vitamins,
minerals, fibres)n ahoney matrix. Authentic honeys contain wettuctured water molecules

in the honey matrix, but once diluted with oteanple carbohydraggwater molecules atess
highly structured The differentiation of water spectra between original and fake homays
identified in the NIR range of 13001800 nm(Bazar et al., 2016)The NIR models could
detect theadulteraibn rate inhoneys withthe lowest crossalidation error of 1.48 %Bazar

et al., 2016)

Fluorescence spectroscopy is roteworthy technique recently used forquality
assessment of fod#&aroui & Blecker, 2011)It analyses fluorescenegnissionfrom sample
fluorophores When fluorescent compounds absorb electromagresigrgy of the right
wavelength, theyeleasainiquefluorescence signat the lonelectromagnetienergy longer
wavelength than theincident energyLakowicz, 2006) Fluorescence spectroscopy was used
to detect distinctive fluorescence profiling in genuine honeys, which cdisdreninatedrom
adulterated honey@ong et al., 2018; Dramicanin et al., 201Byamicanin et al. (2018)
applied fluorescence excitati@mission matrices to measure 99 native and 15 adulterated
honey samples in five differenpadral regionsacrossthe excitation 240 375nm and the
emission 370 520nmranges The fluorescence data were amsaly by statistical tools (PCA
& LDA), which can detect adulterated hosayith 100% accuracyDramicanin et al., 2018)

In addition, fluorescence spectroscopy has been also used to classify honeys based on botanical

origins. Lenhardt et al. (2015) applied synchronous frtade fluorescence spectroscopy to

capture fluorescen@pectra of honeys in the excitation 2800 nm range. Since honeys from

different botanical and geographic origins contain a large variety of physical and chemical

information, the analysis of honey fluorescence data using chemometrics was able to

distinguish geographic districts of honeflsenhardt et al., 2015)New Zealand honeys
P—QXND DQG NDQXND KRQH\V DOVR HthdtlpgterwallX €abh Hex H 10 X R

detected to identify signatures of floral local geografBgng et al., 2018; Dramicanin et al.,

59



2018) Although fluorescence spectroscopy has been used to chamadterieg in the
laboratoryand use in the field has been anticipatetrescence spectroscopy employed to
FKDUDFWHULVH 1 atlihe4QndisDyasnQtHhédh reported.

Raman spectroscopy is also considered as a powerful detection technique, which can find
tiny moleculescontainedin adulterated honey(Oroian et al., 2017)Similar to NIR and
fluorescence smptroscopies, Raman spectroscopy captures foasmirholeculesof interest
throughRaman scatterinducedwhen exposed tdaser light(Larkin, 2018; Nickless, 2015)
Oroianet al. (2017) used Raman spectroscopy along with multivariate statistics to determine
levels ofadulterant agents (fructose, glucose, invert sugar, hyadlyulin sugar and malt)
added to several native honeys (acacia, sunflower, tilia, polyfloralhandydew).Their
results showed fake honeys were discriminated by classification technique PLSDA, and the
adulterant concentration was also predicted by statistical toolsdgt&ssior& PCR.Li et al.

(2012) used Raman spectroscopy combined with chetios@LSDA) to detect adulterants

(high fructose corn syrup and maltose syrup) in honeys with an accuracy of 84.4 %. In respect
to P — Q Maddys Nicklesset al.(2015) appliedFourier transforn{FT) Raman spectroscopy
coupled with chemometride measuethe concentration of DHA iheptospermum scoparium
nectar from various NZ cultivard heir results predicted DHA well with ar? Bt 0.85 when

using HPLC data as standald. general,Raman spectroscopy has not been employed to
authenticag R1 P — Q X NLan# Rothék\ts applicationto honeyatline in industry been

reported.

Hyperspectraimaging along withchemometrics andhachine learning methods e
beenusedo authenticate honeyMinaei et al., 2017; Shafiee et al., 2018hafiee et al. (2016)
and Minaei et al. (2017) applied Inseanning hyperspectral imagingthe bboratoryin the
VIS/NIR region to determine the authenticity of raw honeys (acacia, buckwheat, tilia and
rapeseed). Genuine honeys and mixuwte fructose/glucose (1:1) adulterated with native
honeys werescanned with &yperspectratensolin transmittace mode. By using supervised
classification methods, authentic and adulterated honeys were discriminated with high
statistical accuracy>(90 %). Employing a heatmap to viswusiadulterated componentsan
2D image these authoraere able to identify #ir positions mixed in raw honsyAlthough
hyperspectral imaging requires computational efforts to interpret data, the potential of using it
WR DXWKHQWLFDWH 1H ZisdiebrOlovigaatorRR-AlRIXIA @020RG Bhang
& Adulla (2022)differeniated commercial monoflor&lew Zealandoneys including®P — Q X N D

honeys using reflectae line scanning hyperspectral imaging in the range from 399.40 to
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1063.79 nmThey obtainedhigh accuracy(> 90 %) among commercial P — Q Kax&ys with
different UMFM level, and between cloverP — Q »irid andmono P — Q XbhBys
However, their studyvas only applied onretail honey productsagainst the label identity
(Noviyanto & Abdulla, 2020; Zhang & Abdulla, 202 pplications of hyperspectral imaging

to honey in comb before extraction for the frame has not been reported.
3.2.5. Summary

Both conventional and nemvasivemethods have beesmployedto charactege NZ
P—QXND Reaptty)ttie demand for nalestructive technologiesl(R spectroscopy and
hyperspectral imagir)ghas grown.The previous findingsindicated thatvarious spectral
techniquesgive good predictions of chemical compositions in honeys in comparison with
conventional methods (HPLC, G@S, molecular biological anatis andmelissopalynology).
Usingchemometriceind machine learning to analyse spectroscopic and hyperspatéraas
UHVXOWHG LQ JRRG FODVVLIL Bhon&yL&y&nét &lultdvaxeomel QW LF P
However, no report yet discovered has mentioned applygmgdestructive methods to
HYDOXDWH P—QXND KRQH\ ZKLOH LQ FRPE IRUP LQ WKH IU

3.3. Research gap

The eght chemical makers (DHA, MGOZ2 fMAP, 3-PLA, 4-HPLA, 2-MBA,
Leptosperinand Lepteridin€') are important to definéhe quality and identity o — Q X N D
honey(Bong et al., 2018; MPI, 2017bQuality assessment d? — Q XbinBys is officially
based on these chemical markers usingratographybased technique@MPI, 2017b)

However, such techniques are destructive and inconvenient for evaluating frame by frame. No
studies have been reported to measure these markers usimyasine methods whileoney

is still in the frameandundiluted. The current study aimsdevelop scientific guidance and

methods for estimation of the eight chemical markesgng nordestructive methods.
Measurement of concentration of chemical markers is a direct way to assess honey quality.
However, the complexity ofhe honey matrix duea variation in botanical sources could

impact prediction. So, this study introduces an additional way to measure quality and purity of

P— QMKdi¢y, soFDOOHG P—QXNDQHVV &KDSWHU 3SRWHQF\ P—
of DHA, MGO and Leptosperin. PwhW\ P—QXNDQHVV ZDV EXLEWPIURP FRP
3-PLA, 4HPLA, 2-MBA, Leptosperin and Lepteridif® 3 RWHQF\ P—Q@os&hyDQHVV L

relatedto the UMFM score since UMP" is primarily estimated from MGO concentration
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although Leptosperin also contributes to the UNi#alue(Hellwig et al., 2017; Owens et al.,
2019; Snow& Manley-Harris, 2004; UMFHA, 2022)

Honey quality varies across apiaries, beehives and in a honey frame. This depends on
geographidistricts and seasonal temperature which changes everyBears et al., 2018;
Williams et al., 2014)The value ofP — Q X N DchéaRg@sHy&arly due to variation in botanical
sources. Blind extraction of multiple frames together could devRlae Q X N D sikde ¢hel \
UMF™ score decreases if good frames are mixed with poor frames. The vaRie-o® X N D
honeyis often represented by tHeéMF™/$$ curve(i.e., pricing curve) that igenerally
concave upwards but could change every year. Quality assessment of honey frames before
lumped extraction could preservie@ — Q X N D villRe@tHSource. This study also aims to
calculate the dollar benefdf using nondestructive method& separate the ic P— Q XN D
framesfrom the lean frames.
Line-scanning hyperspectral imaging was able to discrimirfate- Q Xdh&ys from
other honeyswvhen applied to commercial honey samples in the laborddoyiyanto &
Abdulla, 2020) Noviyanto ad Abdulla (2020)showedthat line-scanning hyperspectral
LPDJLQJ DORQJ ZLWK FKHPRPHWULFV FRXOG FO®DoutvLI\ P—C
their study did not predidd MF™ scoresZhanget al.(2022) used deep learning to improve
the classification® P —QXND IKR®HARYL\DQWR DQG $EGXOODTV K\SH!
results alsodid not predictUMF™ scores nor identify chemicals relevant to classifying
P—Q XN D flOR QteY Yioneys.
Fluorescence spectroscopy has been used to detect two unique fluorescenceirmarkers
P — Q X N D (BoRgEeHaAl., 2018; Bong et al., 2017; Lin et al., 202beir methods used
fluorescencenode to detedteptosperin and Lepteridif® in dilutedhoney sample® avoid
scattering effects and fluorescersadf-quenching by other compounds in the complex honey
matrix. Detecting fluorescence signatucdd_eptosperin and Lepteridif in UD Z &ka-Q
honey in frames without dilution has not been studied before-ddaening hyperspectral
imaging coupled with chemometricd machine learningpuld bea powerfultechniquefor
charactesLQJ P—QXND KRQH\ +RZHYHU WK Hriugtbofilled ity LOO VH"
chemical markers and P — Q X N @r@thl WeVpredictedor uncapped honey frames at line
VSHHG LQ D P—QXND KRQH\ HIWUDFWLRQ SODQW
X Research gap 1: No continuously variable statistic for codifyatgncy and purity
of 3P—QXNDQHVV"™ I[URP HLJKW PHDVXUHG TXDQWLWLH
has been reported.
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X Research gap 2: CharacsdriQJ P—QXND KRQH\ LQ KRysdftér I UDPHV
uncapping using optical technology has not been reported.
X Research gap Jhe economic benefit in return if quality of honey frames can be
evaluated before bulk extraction has yetbeen reported.
X Research gag: The matrix effect of undiluted® —Q XND KRQH\ RQ IOXRU
emission of Leptosperin and LepteridiMehas not been investigated.
X Research gap: The combination of fluorescence and NIR reflectance data to
assess multiple honey compounds has not been examined.
Based ortheseresearch gap&ur research questiomms hypothesefr answering in this
PhD could be identifiedThe overall objectivesi to examine the potential afapid, non
GHVWUXFWLYH K\SHUVSHFWUDO LPDJLQJ DQG VX&®RUWLQJ
chemical markers honey frames before bulk extraction to permitteak grading at line.
Research hypotheses were ideatifto testas follows
X Hypothesis 1: Tat thH RSWLFDO VLJQDOV RI HLJKW NH\ FKHP
honey associated wiftotency and purit P— QXNDQHVV™ DUKNEBRHWHFWD !
spectroscopy andyperspectral imaging enabling a Aorasive proxy for scoring
SP—QXNDQHVV’
X Hypothesis 2Thathoney frames can be sortieg qualitybefore lumped extraction
using Ms-NIR methods andhat this brings commercial benefit over the current
extraction methd in which all frames from an apiary are lumped together.
X Hypothesis3: That itis possible to develop chemometric methods to eliminate the
effect of the undiluted honey matrix on fluorescence emission to detect
IOXRUHVFHQFH VLIJQDW Xkathohe. VVRFLDWHG ZLWK P—Q
X Hypothesis4: That n-framepotency and purity3 P —QXNDQHVV"™ FDQ EH S|
more accurately by combining fluoresceraze Ms-NIR hyperspectral imaging

systems
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Chapter 4

Estimation of chemical markers using NIR methods

4.1. Introduction

M-QXND KRQH\ FRQWDLQV WKH HLJKW NH\ FKHPLFDO PDL
quality and identity(MPI, 2017b; UMFHA, 2021) Chemical structures of these markers
(described in Chapter 2 (Literature review)) contain hydrogen bondts exhibiting
characteristic molecular vibrations and interactions in the NIR réfggsztof & Christian,

2019) Therefore, the current chapter is aimed at research hypothesis 1: assessment of the
capability of nordestructive Near Infrared Spectroscopy (NIR@nbined with chemometrics

WR HVWLPDWH FRQFHQWUDWLRQV RI NH\ FKHPLFDO PDUNHU
are: 1) can the signals of key markers be distinguished from the bulked signal of the honey
matrix? 2) if the premise 1) is truezan spectral signals of honey be used to measure
FRQFHQWUDWLRQV RI NH\ P BdiNridrinvagn@ (56— Z300Nn) KrikiQ H\
hyperspectral imaging (5471701 nm) techniques were used to assess honeys. This chapter
describes the methodology of thes® twchniques in capturing the complex signals of honey
spectra. Then, modelling methods (chemometrics) were employed to extract chemical
information from spectra for prediction of key chemical markers.

Section 1. NIR norimaging system(350- 2500 nm)
4.2. Materials & methods

4.2.1. Materials

A total of 1451 honey samples drawn from a set of 1656 samples (205 samples were
mismatched during scanning withe non-imaging system), collected from eight geographic
districts of the North Island of Ne#ealand, along with standard laboratory analytical data for
each sampleéSamples and dateere provided by Comvita_td. for use in this work. All honey
samples were harvested between December 2019 and April 2020. The samples were scanned
within one year bchemical analysis. Some chemical markers (e.g., DHA and MGO) could
change slightly in concentrations over the tispanof the research, but Leptosperin and
Lepteridiné™ are stable during storagBong et al., 2018; Stephens et al., 2017)
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Each honey sample was a single composite of honey which had been extracted from
many frames from several hives usually from the same afiachsample was stored in a 50
mL polypropylene plastic container and kept at ambient temperature until scanned. A clover
honey with UMEM 0 was introduced as a sample control flPA— QXND KRQH\ LQ WKH
Some honey samplestine 1451k-datasheet were alsated UMEM 0, but none was devoid of
all compounds of interesBamples were randomiyrouped into24-honey sample setsnd
were scanned in the darkroom laboratory at Agresedel©hu building, Palmerston North,

New Zealand.
4.2.2. Statistical overview

The 1451 honey sampldsad a large distribution of chemical compositions having been
drawn from eight geographic distrigiSigure 4.1) but the datasetvas unbalanced in that a
majority group was mond® —Q XND KRQH\V GXH WR JR®&alf fhénd/ KHU WK
P — Q X N D tyikiBallyHdantairs higher levels of key chemical markers than mul® — Q X N D
and nonP—Q XND FKiBuHN\YV shows cumulative probability distribution plot, also
known as a cumulative distribution function (CDF) plot of 10mnctwal parameterén the
current dataset. The CDF plots ofalmost all key markersDHA, MGO, Leptosperin,
Lepteridiné™, 4-+3/$ -MAP, 2-MBA, 3-PLA, and UMFM) arecurved lines skewedto
the leftand havinglong taik to the right This indicateshe data of these markers are fion
uniformly distributed havingmore samples with low valué¢lan high valuesHowever, the
dataare stillconsideredhs ifnormaly distributed The mean concentration of thgsrameters
can be seen in the CDF plot. For examplentean UMEM is 10andthe mearDHA is around
1500 mg/kg.Thereare fewsamples with UMEY score abovel7 but many samplesiawe
UMF™ 0. There is a paucity ofesnpleswith DHA above2500 mg/kg.Thesearealso found
in other chemical markers.

The intercorrelation matrix of eight key chemical markers in #tel-honey dataset was
calculated for pairs of markers using Origin software (version 2020, OriginLab Corporation,
ODVVDFKXVHWWY 86% DQG 3HDUVRQYV U YDOXHV ZHUH RE
between each pair of markers (Tabl®) 4Leptosperirand Lepteridin€ are highly correlated
ZLWK '+$ 0*NAP &nd 2MBA. The UMFM™ score is likely correlated to almost all
chemical markers, but least withFP3.A. However, 3PLA is highly correlated fr= 0.90) with
4-HPLA. The colour parameter is not sificantly correlated to any key chemicals or to

UMF™ value.
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Table41. ODWUL[ RI VTXDUH 3HDUVRQTVY U FRUUHODWLRQ FRHI
(as determined by labased analysis) from &&l-sample dataset.
9 3- 2- 4- Lepteridin UMF™
Chemicals DHA MGO MAP PLA MBA HPLA e™ Leptosperin Colour

DHA 1.00

MGO 092 1.00

MAP-2 091 082 1.00

PLA-3 055 057 052 1.00

MBA-2 085 073 082 046 1.00

HPLA-4 070 069 069 090 063 1.00

Lepteridiné™ 086 0.88 080 063 066 073  1.00

Leptosperin 092 0.86 080 055 073 067  0.85 1.00

Colour 002 009 000 055 010 045  0.14 0.05 1.0

UMET™ 092 098 082 062 077 074 0.88 0.88 015 100

Note: bold numbers mean significantly correlated

4.2.3.NIR spectroscopy
The NIR range (8002500 nm) was investigated, extending intovisgble (Vis) region
(350- 7 QP WR VHDUFK IRU IRRWSULQWYV RI FKHPLFDO PD
Analytical Spectral Devices (ASD) spectroradiometer (Model NIRLS408, ASD Inc., Boulder,
CO, USA) was ustin the 350 2500 nm range. This is a namaginginstrumentas shown in
Figure 42, the spectral reflectance of each sample was captured through the transparent base
RI WKH SRO\SURS\OHQH VDPSOH FRQWDLQHU QHJOHFWLQJ
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absorption maxima lies in 2400 cm'). The spectral data were collected by adtjois
software LabSpec 4 (ASD Inc., Boulder, CO, USA).

4.2.4.Modelling method

Linear partial least square@PLS) regressionwas employed to model and predict
concentrations of eight chemical markers from the spectral data. For modelling, the spectral
data (n= 1451 samples) of eight districts were divided into calibrationvafidation sets using
the KennareStone technique. This technique was applied to split the sample set 70:30
calibration to validation samples. The PLS model was optignusing the 1@old venetian
blind crossvalidation procedure. Ten subodels were formd during ondold of calibration
dataset leaveut. The output of a calibration model was obtained by the average of all sub
PRGHOVY SUHGLFWLRQ UHVXOWY 7KH FDOLEUDWLRQ PRGH
and goodnesef-fit was evaluated.

The PLS method searches a small number of independent linear combinations of latent
variables that maximises the covariance between the spectraKdlatad(the referencg) to
enhance prediction accuracy. Severalmacessing techniqueSNV; areanormdised, MSC,;
first and second derivativesd their combinations were investigated on the mean of spectral
data. For feature selection, two methddsS andVIP wereemployedto discard irrelevant
spectral bands. Since some chemical interferents from different botanical sources could absorb
at wavelengths close to key markers that could affect prediction, variable selection helps to
improve prediction of key markers. The-Bflerval iPLS was first operated on the full spectral
data to select subsets of 30 spectral bands giving optimal prediction. Then, automatic VIP was

applied to select important spectral features with sofudf 1, which removed wavelengths
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having PLS projetion scores smaller than($aeys et al., 2019; Xiaobo et al., 201@) PLS
model was selected based on the relationship between the number of latent variables (LVs) and
root mean square error of cresgidation (RMSECV).When the number of LVs increases,
the value of RMSECV decreases. However, a large number of LVs could lead to
overestimation. The optimal number of LVs was chosen that would significantly improve the
modelling predictive accuracy {RV) and obtain a low value of RMSEC\During PLS
modelling, aitliers were detected and removed usingaloé of Q residuals and Hotelling?T

For each PLS model, the prediction to deviation (RPD) and model bias were calculated.
The RPD number is used &valuate the model predictive capability towards a new sample
(Table 2.4 Chapter 2)RPD is calculated by the ratio between standard deviation (STD) and
standard error of performance or RMSE(S4eys et al., 2019; Saeys et al., 2005)del bias
was also expected to be close to O since it reflects a small variation between the prediction and
true referencéAleixandreTudo et al., 2018)

This section investigated two modelling approaches: global and rbgged models.

The PLS global model was built from a whole dataset of 1451 samples spafirsnght
geographic districts. MeanwhilaPLS regiorbased model wasuilt from the dataset of each
geographic district alone. Between and within districts there are different floral sources
contributing to honey. Thisesults ina complex matrix of spectral signals of+#aka honey.
These two approaches would help to astessffect of chemical variation from nectar sources
among geographic districts on ability to detect the signals of key markers.

4.3. Results

4.3.1. Honey reflectance and absorbance spectra

All honey samples were scanned in the spectral range fronro33#00 nm. Figure 8.
shows the mean spectra of 1451 honey samples collected from eight districts. Biguaed.
C show the mean reflectance and absorbance honey spectra of each district while Fgjure 4.
and D displaythoseof three MPI classes (neoR —Q XND PPXQOMMWD DQG P—QXND K|
The absorbance spectra of honeys from each geographic district are visibly different in the 600
- 1400 nm range. By contrast, the absorbance spectra-oPrenQ XN D PRPRIXRND DQG P XO\
P—QXND KRQH\V BhléHn th& pactial \rath&eDot) 150@500 nm. Overall, the
absorbance spectraofmuB —Q XND PP XARD KRQH\V ZHUH TXLWH VLPL
1500 nm.
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The absorption intensity is low in thasiange between 650850 nm and then slightly
increasesfter 900 nm. The absorption intensity continues to rise and finally drops after 1600
nm. The absorption peaks around 1000 and 1450 nm are relevalitdeeBone and %
overtone of GH of water molecules in the honey matfkaobo et al., 2010)Meanwhile, the
absorption peak around 1200 nm could be relevanf'toviértone of GH combination of
carbon groups-CHs, -CHz, -CH) (Xiaobo et al., 2010)
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4.3.2. Development of global models
The NIR norimaging data described in Figur84vere analysed by PL&gressiorio
derive models to predict concentrations of chemical markers and colour. The best PLS

calibration models derived are displayed in the Talflead follows.
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Table 42. The best PLSegressionmodels of NIR norimaging 145isample data for
prediction @ eight chemical markersFDOLEUD W L\WRRIQV W

PLS models Pre LVs R? RMSE Bias R? RMSEP Bias RPD
processing (CV) CV (CV) (Pred.) (Pred)

DHA SNV 13 0.60 640.75 0.45 0.53 688.58 -22.48 1.59
MGO SNV 13 0.47 83.84 0.16 0.41 88.89  -10.32 1.39
3-PLA SNV 13 0.60 319.08 0.25 0.45 316.70 -26.34 1.53
4-HPLA SNV 12 0.56 2.39 0 0.40 2.49 -0.10 1.48
2-MAP Normalised 13 0.49 0.49 -0.01 0.40 10.87 -0.97 141
2-MBA Normalised 12 0.50 2.75 0 0.51 2.48 -0.19 1.38
Leptosperin SNV 13 0.56 19492 -0.49 0.49 203.27 7.35 151
Lepteridine SNV 12 045 4.67 -0.38 0.43 4.85 -0.38 1.39
™

Colour MSC 7 0.67 7.34 -0.02 0.53 5.75 -0.13 1.63

Overall, PLScalibration global models did not perform well wih eight geographic
districts lumped together. None of the PLS creslidation and prediction models efght
markers gave RCV) and (Pred.) coefficients exceeding 60 % model accuraddié® and
Lepteridiné™ were predicted least accurately. Only DHAPBA and Leptosperin gave
SUHGLFWLYH GHWHUPLQDWLRQ 53" VFRUHV - VLIQDOOI
and low values.

In general, prediction of eight chemical markers arduwdy global models built from
NIR norrimaging data was highly impacted by regional variation. This became obvious when
plotting global models across geographic districts for each chemical prediction (Figures 4.
7). Overall, Wairarapa and Kerikeri andiéhganui data gave greater linearity in the prediction
for most markers than other districts (Hawkes Bay, Waikato, Mobile Unit, JV Kaimanawa
Honey). There looked to be considerable sample variability within some districts, in particular
Hawkes Bay, MobildJnit and Waikato. The presence of high sample variability could impact
overall performance of global models as mentioned in TaBleThese results indicated that
some districts may be better served by regipecific models, while others may suit thelglb
model better, drawn from all the data available.

Much of the limitation in prediction of chemical markers likely derives from variability
native to the honey samples. Few districts will be dominated by asinglg 8ub LHW\ RI1 P—Q X1
nor show the saemmix of noRP —Q XND QHFWDU VRXUFHV ODQ\-FKHPLFI
P—QXND QHFWDUV FRXOG DEVRUE DW WKH VDPH ZDYHOHQJ'
FKHPLFDO PDUNHUV FKDUDFWHULVWLF RI P—QXND KRQH\ 7
cause the matrix effect of regional variability on modelling which obscures the information of

chemical markers to be extracted.
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4.3.3. Understanding regiorbased models

The NIR nonimaging data in the 3502500 nm range were modeledth SNV pre
processingor each district, using district level data. After discarding irrelevant bands by iPLS
& VIP, the besperformedPLS modelsselected with the lowe&MSECVwith small number
of LVs, areshown in Table 8. Kerikeri, Wairarapa and Whanganui provided good predictive
regional PLS models over all chemical markers, which was in line with the regional observation
from the findings mentioned in the global models. The calibration models from Kerikeri district
resuted the best model performances at over 72 % accurd&MRacross seven chemicals
(DHA, MGO, 3-3/$ -MAP, 2-MBA, Leptosperin and Lepteridin¥); For 4HPLA only 67
% accuracy was achieved, but the predictability was high with RPD > 3.-Phé &nd 2
MBA calibration models were good enough for quantitative predictions since the RPD score
was around 2+ ZKLOH WKH '"+$ /HSMWMRYE&VEdRPO cdse® 39

All calibration models obtained from Wairarapa, and Whanganui regions could discern
high concentration from low, for almost all key chemicals (RPD number2).&ith accuracy
over 60 % (R-CV > 0.60). However, the Leptosperin and Lepteritithealibration models
from Whanganui district seemed unable to predict Leptosperin and Lepg€Yidin
concentrations well since the RPD scores were less than 1.5. These markers appear especially
variable in Whanganui honeys.

Hawkes Bay, Waikato, Mobile Unit and JV Kaimanawa did not result in as good
calibration models. JV Kaimanawa showed most nwodet an RPD number above 1.5, but
RMSECV and bias values were quite large compared to those of other districts. So, JV
Kaimanawa did not rate as a wphedicted district. The Mobile Unit seemed the wors
SGLVWULFW"™ WR GHYHORS D VSHFLILF PRGHO IRU SUHVXP]I
sample set.

Table 43. Summary of calibration models for each chemical prediction at each district

Districts Kerikeri Wairarapa Whanganui  Hawkes Bay Waikato Jv Mobiles Unit
(n=171) (n=211) (n=392) (n=187) (n=218) Kaimanawa (n=169)
(n=103)

PLS R? RPD R? RPD R? RPD R? RPD R? RPD R? RPD R? RPD
models CVv CV CVv Cv CV CcVv CcVv

DHA 0.88 286 0.72 1.86 071 176 062 164 051 147 051 152 052 141
MGO 074 192 0.63 191 062 159 061 158 067 184 061 168 05 1.36
3-PLA 0.81 248 0.76 1.97 067 171 075 2.08 0.59 157 051 145 048 134
4-HPLA 0.67 3.77 0.61 1.71 061 158 069 184 0.67 1.76 052 151 047 136
2-MAP 0.86 260 0.71 1.78 060 155 056 149 061 174 071 190 045 1.29
2-MBA 0.79 219 0.77 2.09 072 178 057 154 044 1.30 069 198 035 124

Leptosperin  0.86 2.68 0.66 1.57 056 149 051 142 029 112 061 167 053 141
Lepteridine  0.72 187 0.63 1.65 048 142 054 147 026 110 057 160 053 1.39
™

Colour 0.89 290 0.53 1.45 0.75 180 045 1.21 0.82 2.20 0.66 1.64 054 1.42
Note: CV means crosslidation
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4.3.4.Discussion

Performance of the global models, using data from all eight districts, was poor for most
markers. Only for DHA and-BLA were calibration models able to discern highm low
levels of concentration. The limitation of prediction of eight chemical markasdikely due
to the varying floral nectar sources across different districts ddmplexity of the honey
matrix regarding variation in botanical sources become high when all districts are lumped
together. This made it difficult for PLS modelling to exir the information of chemicals of
interest since other chemicals may be present and absorb at the same wavelengths as key
markers.

When eight districspecific models were developed and evaluakestikeri gave the
bestperformed model followed by Wairapa and Whanganui districts. These three districts
were better served by regi@pecific models than by the global model. In general, these
districts had the highest levels of the eight chemical markers. Thus, Kerikeri, Wairarapa and
Whanganui districtgustify having their own prediction models to estimate the values of
chemical markers. For other districts, the global model looks more promising regardless of its
weakness.

In conclusion, the signals of key markers can be detected and quantifiedcaeibtable
level of accuracy in the V4BIIR range (350 2500 nm) using NIRS (for example models for
Kerikeri). However, regional variation in botanical sources influences the prediction of
chemical markers at global levels and even at some other #iegsaa models. Districts with
a small number of samples (g.lylobile Units, JV Kaimanawa) offered insufficient variation
to generate a robust model. The complex matrix of honey signals varies among geographic
districts and seasons that impacts the detection of chemical markers for assessment of honey
guality and prity. To deal with the complexity of the honey matrix, modelling needs more

degrees of freedom, but this was limited in the current dataset available for some districts.
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Section 2. NIR hyperspectral imaging system (5471701 nm)
4.4.Materials and methods

4.4.1 .Materials

The samesamplesd, but a total of 1656 honey samplstored in 50 mipolypropylene
(contact clear) plastic containevere scanned under NIR hyperspectral imaging camera (547
1701 nm).

A line-scan hyperspectral imaging system was employed for collecting reflectance
spectra of honey samples. As shown in FiguB(8), the system was centered on an HSI
camera covering weelengths in the VidNIR range of 547 1701 nm(Model 1003B- 10151,
Headwall Photonics, Fitchburg, MA, USA). A mobile conveyor belt moved the honey samples
being scanned by the camera. A halogen lamp (JCR 21 V 150 W/AL Japan 2DB) was employed
as a lightsource. A computer running acquisition software (Headwall Hyperspec Ill, model
E41211 vs 64, Headwall Photonics, Fitchburg, MA, USA) was used to monitor all settings. In
all experiments conducted, the following settings were optimised and then usedufangens
that the quality of collected images is suitable for further analysiswtrking distance
between camera and sample surface was 600 mm; the speed of the conveyor belt was 38.3
mm/s; the camera aperture was 2.8 and acquisition time 19.8 ms.

For s@anning, a set of carton trays were used to hold honey samples (as shown in Figure
4.8 (a)), each tray bearing up to 24 honey samples. The imaging system was then used to scan
the trays, obtaining hypercubes of size 350 x 320 x 235 for each. A total gp&rspectral
images were captured from 74 trays covering the 1656 samples. The spatial resolution of the
collected HSI images is dependent on the camara settings and the conveyor belt speed which

created a square unit of 0.8 x 0.8 mm/pixel under a fieldesd (FOV) of 256 mm.

Conveyor belt

75



4.4.2. Hyperspectral imaging segmentation

Segmentation is an important step in extractegjons of interest (ROIs) from an HSI
image. Each image collected consists of spectral information from different honey samples.
Figure 49 demonstrates the segmentation process in which ROIs for individual samples were
segregatedThe fgmentation procesvas implementedn Python3.8 with main packages:
skimage, scipymatplotlib, andpectral python (thpython codescriptis attachedn Appendix
B). This processelps remove carton background, container shadow and saturation light or
noise keeping onlyROIs.Theapproach used consists of three stages: #awil thresholding
(1), a set of morphological operations (opening, closing, region filling) (2), and cedne
components labelling (3). Then each ROI (i.e., segment) was extracted and linked to laboratory
reference data of that sample. The centroids of the segments obtained were calculated and used
to localise the segments and match them with the referetae da

For each segment, the spectral information was extracted as the mean spectrum of all
pixels inside the segment. Then, the extracted average spectra of the 1656 honey samples were
stacked into a matrix of size 1656 x 235, where 235 is the number efangths (or variables)
in the spectra collected. The reference data, including the'Wkdore and the class of honey
(mono P—QXNDPPRPXQOWD PGGQRRD ZHUH DOVR VWDFNHG LQ D
each row represents the reference data of the sawen the spectral matrix. These two

matrices were then used for modelling, data analysis and visualisation.
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4.4.3.Modelling method

PLS regression was employed for prediction of key chemical markers from hyperspectral
signals. Similarly to the previous section (4.2.4), the global and réigised models obtained
from hyperspectral imaging data were investigated to comyitlréhe resits of nonrimaging
data. Before modelling, calibration and test sets were generated by the KS8toraed
algorithm from the raw data with ratio split 70:30. The sameppoeessing and cross
validation techniques used for namaging data were investigateduring modelling
hyperspectral dat®utiers were detected before modelling using the HotellihgeFsus @
residual plot For selection of important variables, only the iPLS technique with 4 band

intervals were employed

4.5. Results

4.5.1. HSI reflecance and absorbance spectra

The reflectance spectra extracted from ROIs of hyperspectral images were converted into
absorbance before modelling. Figurgé@displays the mean reflectance and absorbance spectra
of 1656 samples plotted across eight geographic districts (Fighd@ 4. c) and across three
MPI honey classes (Figureld.b & d). The absorption intensity is low in the 6560150 nm
range and thersignificantly increases from 1200 nm and finally drops after 1600 nm.
Absorbance spectra of eight districts are visibly separated over00 nm. This suggests
that the optical properties of honey samples among geographic districts are different. By
contrast, the absorbance spectra between riere Q XN D P POQOXWD DPQ-&6QX®RD DUH
slightly different beyond 700 nm and after 1200 nm. The absorption peaks around 1000 and
1450 nm could be relevant t8%vertone and *Lovertone of GH of water moleculg in the
honey matrix(Golic, 2003; Jiang et al., 201@Yleanwhile, the absorption peaks around 1200
and 1400 nm could correspond ttf Bvertone GH and ' overtone GH combination of
carbohydrate groups@Hs,-CH> & -CH) (Xiaobo et al., 2010)This is similar to the case of

the absorbance spectra @irimaging data observed in the range 54701 nm.
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4.5.2. Developments of HSI global models
Similar tonorrimaging data, hyperspectral data with eight districts together were also
run as global models. TableMllustrates the best iPLl-BLS calibration models for prediction
of eight chemical makers and colour from HSI data. In general, PLS calibratiesnaadinot
perform well on NIR hyperspectral data (547701 nm) when eight geographic districts were
combined. This was also found in global models of NIR-imaaging data. The PLS cress
validated prediction models of most chemical markers resulteccimacy values of RCV)
8 H[FH WA (R (CV) = 0.68). Lepteridin€! was predicted least accurately?(R
pred= 0.04). However, calibration models of DHA, MGGPRA, 4-HPLA and Leptosperin
JDYH D 53" VFRUH = V L J Q D@ highJrdonHdwOralvés. WR GLVFULPL
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HSI global models (5471701 nm) covering all eight districts were also clearly impacted
by regional variation. This was evident when observing district by district for each global
model (Figures 411- 14). For most markers, Wairarapa, Kerikeri and Whanganui data showed
linearity in the prediction. By contrast, Hawkes Bay, Waikato, Mobile Unit, JV Kaimanawa
and Contractors data showed predicted values highly scattered around the linear line. These

districts had small sample sizes which could also impact modelling due to constrained variation

Rl NH\ PDUNHUVY OHYHOV

performance of global models (Tabl&}.

These results were in line with the findings from the NIR-moaging data (3560 2500
nm) (sectiord.3). In conclusion, NIR hyperspectral imaging global models predicted chemical
markers similarlyto those of NIR nofimaging despite different acquisition settings. For NIR

hyperspectral data, Kerikeri district may be better served by ragiecific models, while

:DLUDUDSD DQG .HULNHUL KDG
followed by Whanganui. Overall, the presence of regional variability infeeetnice overall

others may suit the global model better, drawn from all the data available.

Table 44. The best iPLSPLS regression models of NIR HSI 1658mple dataF DOLEUDWLRQ

WHVW
PLS models Pre LVs R? RMSE Bias R? RMSEP Bias RPD
processing (CV) CcV (CV) (Pred.) (Pred)
DHA MC 11 0.58 640.57 -3.07 0.55 611.16 -35.78 1.52
MGO MSC 11 0.58 71.76 0.27 0.54 73.37 -7.71 1.55
3-PLA SNV 10 0.68 283.38 -0.01 0.60 242.20 -30.09 1.66
4-HPLA SNV 6 0.61 2.20 0.00 0.43 2.20 -0.08 1.55
2-MAP Normalised 11 0.54 9.21 -0.02 0.58 8.48 -0.14 1.47
2-MBA SNV 11 0.47 2.75 -0.01 0.42 2.72 -0.41 1.37
Leptosperin MC 11 0.58 183.11 -0.04 0.57 173.24 -25.14 1.53
Lepteridiné™ MC 12 0.49 4.37 0.00 0.04 4.46 -0.22 1.41
Colour SNV 7 0.74 6.61 -0.01 0.43 5.62 0.29 1.78
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4.5.3. Understanding HSI regiorbased models

The NIR hyperspectral data in the 547700 nm range were modelledth SNV pre
processingor each district, using only data from that district. The best iPLS models
selected with the lowest LVs and RMSE@¥rformedas shown in Table 8. No districts had
a good predictive result fall chemicals. The models from Kerikeri district predicted DHA,
0*2 -WIAP and Leptosperin with an?RCV) of 62 % and RPD 1.52.5. The remaining
models estimategoorly (R?> (CV) < 50 %, RPD < 1.5). Wairarapa and Whanganui were
expected to obtain goodauiction models of eight chemical markers, but most models from
these districts were poor, except for models -6fL2\ and 4HPLA from Wairarapa district
which performed with R(CV) > 60 % accuracy and RPD >1.5.

Compared to regichased models of NIRon-imaging data, HSI data (547.701 nm)
did not perform well for specific districts (Kerikeri, Wairarapa and Whanganui). Similarly, the
Hawkes Bay and Waikato HSI models did not result in as good calibration models as did the
regionbased noamaging malels. The JV Kaimanawa and Mobile Unit seemed to provide the
worst datasets from which to develop a specific mpdabablydue to lack of sample variation

(small sample size) (Figures 4.114).

Table 45. Summary of calibration models for each chempraldiction at each district

Regions Kerikeri Wairarapa Whanganui  Hawkes Bay Waikato JV Mobiles
(n=204) (n = 240) (n=442) (n=202) (n=273) Kaimanawa Unit
(n=109) (n=186)

PLS models R2CV RPD R? RPD R? RPD R? RPD R? RPD R2CV RPD R? RPD

Ccv Ccv Ccv Ccv Ccv
DHA 086 249 032 122 019 108 035 126 0.23 119 0.05 100 0.2 1.01
MGO 062 154 053 144 024 113 049 143 043 143 0.04 101 0.47 1.25
3-PLA 049 120 075 188 052 135 060 162 0.68 175 017 117 05 1.35
4-HPLA 051 133 063 163 04 121 052 152 0.74 192 012 114 042 1.28
2-MAP 077 194 031 126 018 1.09 030 122 0.53 1.47 0.07 099 0.33 1.13
2-MBA 046 130 04 127 03 115 032 122 0.37 127 016 105 0.28 1.15

Leptosperin 076 18 04 131 0.2 1.08 041 134 0.1 1.03 0.03 1.04 0.13 0.96
Lepteridiné™ 049 123 038 126 024 111 036 129 031 114 010 103 04 115
Colour 084 223 061 152 068 163 038 120 085 246 044 129 045 1.28

Note: CV means crosslidation

4.5.4. Discussion

The NIR hyperspectral system (542701 nm) can be used to predict eight chemical
markers. Global models, using data from all districts, could predict high and low levels of
DHA, MGO, 3PLA,4-+3/$ DQG /HSWRVSHULQ EXWAPIPMBAEBMWHG SRR
LepteridinéM. The predictive performance for these eight chemical markers was poor by

regionbased models. Kerikeri, Wairarapa and Whanganui with large diverse sample sets were
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expected tgerform well, but the predictive models were poor when using NIR hyperspectral
data.

Compared to regichased modelbuilt from Vis-NIR nonimaging data (3506 2500
nm), regional models of hyperspectral imaging data (64701 nm) may haveerformed
poorly, but global models from both data sets shared similar trends. Varying floral sources
across different geographic districts may have imposed common limitations through both sets
of spectral data. In addition, different acquisition settinefsveen hyperspectral imaging and
norrimaging data could also impact honey spectral signals captured. NIR hyperspectral
acquisition was operated in the spectral range of-847/01 nm. The interval band between
two adjacent wavelengths was 5 nm, and tiséadce between the detector to the surface of
honey sample was 660 mm. By contrast, the NIR-intaging acquisition covered a broad
spectral range of 3502500 nm with much higher spectral resolution between two adjacent
bands of 1 nm. The light sourcecethe detector almost directly contacted samples being within
5 mm of the thin polypropylene plastic layer of the inverted sample container. The light
penetration, the spectral range, spectral resolution and the sensor sensitivity between the two
acquisiton systems could generate differemae capturing honey spectral signals carrying

chemical information.
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Section 3. Capture of honey samples in the black 9@ell plate

The potential of hyperspectral imaging was good enough for estimatiegical
markers. In sections 4.4 & 4.5, honey samples were presented in 50 mL polypropylene plastic
containers. The diameter of a container bottom was 40 mm. However, in industrial reality the
diameter of a honey cell in the comb form is small. Moderndsmdrs commonly use honey
frame made from a black plastic substrate on which to lay wax comb for bees to fill with honey.
Therefore, to mimic honey in combs, a subset of honey samples was filled in blaekl 96
plates with a diameter 6.96 mm per well &meh scanned with a hyperspectral imaging system.
This section discusses the NIR HSI system capability at capturing reflectance spectral signals

of honey in black plates for prediction of chemical markers.
4.6. Materials and methods

4.6.1. Materials

Selected from the 1656 honey samples, a-dataset of 570 honey samples harvested in
Dec 2019 Jan 2020 were subsampled into blackn@8l plates (NUN137103, ThermoFisher
Scientific, MA, USA) before scanning. The same hyperspectral camera-(5401 nm) was
used to capture hyperspectral images of honey in the well plates. The hyperspectral settings for
this scanning experiment were as follows: Warking distance between the camera and the
sample surface was 250 mm; the translational speed of the plate was 7.5 mm/s, camera aperture
was 2.8 and the acquisition time 34 dyperspectral image with hypercube size (500 x 320
x 235) having spectral resolution®hm and spatial resolution of 0.3 x 0.3 mm/pixel contained
10-honey samples with three replicates on each microplate was captured under FOV 96 mm
(Figure 4.5).
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4.6.2. Hyperspectral segmentation and analysis

Hyperspectral images having regions of interest (ROIs) were collected by Headwall
Hyperspec Il (E41211 vs64) software from the dg@anning acquisition. Similar to the
previous section (4.4.2) three main stages of the segmentation processhmasitinting,
morphological operation and labeling with centroid detection) was applied to remove all
background and noise, even including the microplate background. toiheyROIls were
collected from which were drawn the final spectral data. The diagram of Spgoéral

segmentation and extraction of spectral information for modelling is illustrated in Figére 4.1

Once spectral data were acquired, statistical analysis was performed using the PLS
toolbox 8.8 and MIA toolbox 3.7 (Eigenvector Research, Inc., WA 98831, USA) in
MATLAB R2109a (The MathWorks, Inc., Massachusetts 01760, USA).
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Prior to multivariate analysishe reflectance spectral data of 570 samples were converted
to pseudeabsorbance data by Log (1/R) transformation. The transformed data were divided
70:30 for a calibration set and a test set using the KefBtamd method in PLS toolbox.
Classificationand regression models were undertaken by using different statistical methods
coupled with several prerocessing techniquesl¢rmalised (area) SNV, MSC, Smoothing,
15t & 2" derivatives and their combination). The multivariate regression PLS method was

applied to estimate concentrations of eight chemical markers.

4.7. Results

4.7.1. HSI honey spectra on the 9%ell plate

A total of 570 honey samples in 9&ll plates were scanned under a HSI camera on
different days. Two honey batches were filled into the pktes. The first batch was filled
full of convex meniscus, but the second batch was filled juspffgibncave reniscus. Honey
spectra of the first bat@dhowedhigher signals than the second batch-proeessing Standard
Normal Variates (SNV) was applied to spectra of the two honey batches to remove additive,
multiplicative and baseline effects due to scatterimdjimbalanced filling in the well. Figure
4.17 shows the mean reflectance and absorbance spectra of 570 samples after employing SNV
pre-processing. Spectra across geographic districts are clearly different.
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Absorption peaks are apparent at 1000, 1200 and 1450 nm. There anéwsmall
peaks at wavelengths 980 nm and 1200 nm. These absorption peaks were also observed from
non-imaging and hyperspectral imaging spectra extracted from transparent plastic containers
in the range 7001700 nm.

4.7.2.Prediction of chemical markes

PLS regression was applied on 570 samples spanning five districts (East Coast, Hawkes
Bay, Mobile Unit, Wairarapa and Whanganui) for predicting chemical markers. Global models
of 570sample spectra extracted from-@éll plates were very poor (Table6). even worse
than those of 1656ample HSI data. Overall, none of predictive models built fromplates
could be useful for further application. The sigt@hoise of HSI data captured from the- 96
well plate (0.3 x 0.3 mm/pixel) was lower than thatained from 50 mL plastic containers
(0.8 x 0.8 mm/pixel) due to small FOV.

Table 46. The best iPLSPLS regression results of combined two datasets of 570 honey

samples for global modelsF DOLEUDWLRQ WHVW
PLS models Pre LVs R? RMSE Bias R? RMSEP Bias RPD
processing (CV) CV (CV) (Pred.) (Pred)
DHA SNV 8 0.37 714.41 -6.36 0.17 946.23 -169.23 1.3
MGO SNV 7 0.31 9551 -0.37 0.24 105.54 -32.37 1.1
3-PLA SNV 6 0.35 380.07 0.83 0.17 431.05 -205.72 1.2
4-HPLA SNV 6 0.43 2.15 0.03 0.08 2.99 -1.36 1.3
2-MAP SNV 7 0.35 9.71 -0.02 0.19 12.60 -2.12 1.3
2-MBA SNV 6 0.24 0.26 0.08 0.24 2.80 -1.11 1.2
Leptosperin SNV 6 0.25 24471 -1.28 0.03 360.77 -184.30 1.1
Lepteridiné™ SNV 5 0.23 5.89 0.01 0.07 6.86 -1.32 1.2

4.8. General discussion and conclusion

The current chapter addresses the capability of NIRimaging (350- 2500 nm) and
NIR hyperspectral imaging (547.701 nm) for prediction of the eight key chemical markers.
The findings indicate that variation in floral sources across geographic districts strongly impact
modelling, in particular global models when all districts are contbixarying floral sources
is the nature of wild honeys at harvest, but this induces complexity in the honey matrix.
Chemicals that are not fron scopariumnectar can interfere with the signals of chemical
markers in the honey matrix and can obscure prediction of chemicals of interest. The current
chemometric modelling method, PLS regression, seems poor at modelling interferent signals

of chemicals not derad fromL. scopariummectar.
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NIR nonrimaging data permitted better prediction of chemical markers than NIR
hyperspectral imaging data, in particular with regib@sed data. This indicates that detection
capability of NIR noAimaging is stronger than that NIR hyperspectral imaging. The two
systems have differeacquisition settings as follows: sensor design, illumination, the spectral
range of interest and spectral resolutidhe nonimaging system directly captures diffuse
reflectance signals from treample while the hyperspectral system captures a signal that is
split among a number of pixels. Thus, the amount of signal detectidé HSI system is
smaller, which could lead to lower sigrtatnoise ratio than the namaging system. In
addition, thdight source was set close to the surface of sample (< 5 mm) in tHenagimg
design that gave a high energy flux irradiating the sample. By contrast, hyperspectral imaging
employed a notollimated light source placed 600 mm from the sample. The regulight
intensity per unity of area of subject in the imaging system was lower than in ti@aging.

The spectral range and spectral resolution also influence capture of goodasigniae.The
non-imaging sensor covers a broad WW{R range of 350 2500 nm whilethe hyperspectral
imaging sensor used captures signals in the-3401 nm range. Signals below 547 nm and
beyond 1701 nm are not detected with this NIR imaging syJteenspectral resolution of the
norrimaging system was 1 nm while thaftthe imaging system was 5 nm. This difference in
spectral resolution could affect the ability to detect subtle signals from markers such as
shoulders in the bands. All these factors influence ability to separate the signals of chemical
markers from theignals of the honey matrix. The current study employs two systems different
in sensor design and illumination which cannot change once scan data have been collected, but
it is possible to investigate the effect of spectral range and resolution. In thehaptér, the

study will investigate this effect.

In conclusion, NIRS provides the capability to capture signals of the eight chemical
PDUNHUV ZKLFK FDQ EH XVHG WR DVVHVV WKH TXDOLW\ DC
shows that prediction of sbchemical markers gave about 60 % accuracy when using standard
chemometrics PLS method and that the complexity of the honey matrix affects modelling

performance.
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Chapter 5
Comparison between NIR non -imaging and

hyperspectral imaging systems

5.1. Introduction

NIR nonimaging and hyperspectral imaging (HSI) systems have been employed to
capture spectral signals of honey. Both systems show capacity to capture honey signals good
enough to predict the eight chemical markers (Chapter 4). The NIRnawing system
performed better than the NIR HSI system mainly due to several different settings (sensor
design, illumination, the spectral range and spectral resolution). Since sensor design and
illumination were fixed when scanning honeys, the current chapter cannwelstigatethe
effect of difference in the spectral range and resolution between these two systems in capturing
KRQH\ VLJQDOV IRU SUHGLFWLRQ RIhBrley.KW FKHPLFDO PDUN

5.2. Research question

This chapter considers whether the poorer perémce of HSI relative to nemaging
was due to primarily due to the narrow spectral range of sensor or was due to reduced spectral
resolution inside that narrower band. The third influence, that of different sensor design and
illumination setting is assned relatively minor. To test this question, existing-maging
data were narrowed in spectral range by selecting similar wavelengths as the hyperspectral data
and then nofimaging data were compressed fiodd by averaging five adjacent bands to

generge a spectral resolution of 5 nm, thus simulating HSI data.

5.3. Materials and method

5.3.1. Materials

Two different datasets were generated from the previously collected rauwnagimg
data to compare performance in prediction of chemical markers with the current hyperspectral

imaging data of the same samples.

1) A selected and compressed dataset: a ¥8®bands of wavelengths were generated
from the noAmaging dataset to match the more limited range &man spectral

resolution of a hyperspectral imaging dataset: by first selecting data between 547 and
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1701 nm then by averaging five adjacent 1 nm baridhe raw nofimaging data to
reduce spectral resolution to 5 paquivalent to hyperspectral data.

2) A compressed dataset contained 430 wavelengths of 5 nm width averaged as above
across the range 352497 nm.

5.3.2. Method

PLS regression with SNVre-processing was employed to analyse the two datasets for
prediction of eight chemical markers. The iPLS technique withrdd interval was used during
modelling of the selected and compressed data while the iPLS witlarRD interval was
employed for thecompressed datdhe final PLS model was selected basedtan lowest
RMSEC & RMSECWith asmall number of LVsOutliers were detecteshd removed in the

final modelusing theplot of Q residuals vs Hotelling®T

Before modelling, thesdatasets were split to calibration and validation sets with the
ratio 70:30 using the Kennafétone technique. Venetian blind crasdidation was employed
for all models. Each dataset was investigated as a global model (covering eight geographic
districty and as regiofvased models, where each district was modeled using data from only
that district. Modelling and prprocessing techniques were operated with PLS toolbox 8.8
(Eigenvector Research, Inc., WA 98831, USA)

5.4. Results

5.4.1.Prediction of chemical markers bynon-imaging data selected and

compressed to simulate HSI data

5.4.1.1. Selected and compressed nonaging versus raw nonimaging data
Table 5.1 displays prediction results of eight chemical markers from selected &
compressed neimaging in comparison with raw namaging data. At the global level,
prediction was better with selected and compressed data than rawamging data. Most
chemical markers could be predicted as low or high concentration with accuracyo>a$0
indicated by RPD numbers > 1.5. Lepteridiheould be predicted with only 56 % accuracy.
When modelling district by district using selected & compressedmaging data the
situation reversed. Prediction accuracy was @oor almost all chemicainarkers compared
to raw norimaging data, in particular, for three districts: Kerikeri, Wairarapa and Whanganui
(Table 5.2). Differences are less marked for other districts.
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Overall, the global models of selected & compressedimaiging data showed bette
performance than those of raw Riomaging data. The high frequency noise due to the imperfect
sensor may have been minimised by selection and compression that may have helped
generating better prediction of chemical markers. However, this benefit dstiometup when
modelling at regional level. This suggests that spectral ranges below 547 nm and beyond 1701
nm were essential to generate good predictive performance of chemical makers from region

based models.

Table 5.1.Comparison of prediction results eight chemical markers between raw non
imaging and selected & compressed4maging data at global level

Raw data Selected & compressed data

(350- 2500 nm @ 1 nm, 2151 bands) (547- 1701 nm @ 5 nm, 235 bands)

PLS models R? R? RMSECV RPD Bias R? R? RMSECV RPD Bias
(CV) (Pred.) (CV) (cvVv) (Pred.) (cv)

DHA 0.59 0.53 646.38 1.50 0.00 0.7 0.72 556.68 1.83 0.00
MGO 0.47 0.42 83.93 147 0.02 059 0.56 73,54 159 0.06
3-PLA 059 0.44 325,92 140 15 061 0.61 313.36 156 0.00
4-HPLA 0.56 0.40 2.41 1.42 0.00 0.63 0.55 221 16 0.00
2-MAP 0.53 0.42 9.99 1.47 -0.04 0.62 0.56 885 1.58 -0.01
2-MBA 0.52 0.53 2.69 1.34 0.01 058 0.59 261 146 0.01
Leptosperin  0.54 0.44 200.10 158 -0.09 0.64 0.67 173.87 1.69 0.00
Lepteridiné” 0.42  0.37 4.78 1.39 0.02 056 0.44 4.18 1.53 0.00

Table 5.2. Comparison of prediction results of chemical markers between raw non
imaging and selected & compressed 4maging data at Kerikeri, Wairarapa and
Whanganui districts

Regions Kerikeri Wairarapa Whanganui
(n=198) (n = 240) (n=442)
Raw data S&C Raw data S&C Raw data S&C
data data data
PLS models R RPD R2 RPD R?> RPD R* RPD R’ RPD R? RPD
(CV) (CV) (CV) (CV) (CV) (CV)
DHA 0.88 286 086 259 0.71 1.81 048 129 0.71 1.76 0.32 1.16
MGO 0.74 192 052 137 0.63 191 046 1.28 0.62 159 0.37 1.20
3-PLA 081 248 0.71 1.74 0.76 197 0.78 196 0.65 165 05 1.32
4-HPLA 0.67 3.77 069 173 0.61 1.71 057 144 064 163 039 1.21
2-MAP 0.86 260 0.79 2.06 0.71 1.78 0.49 133 0.61 156 0.28 1.18
2-MBA 0.79 219 039 1.24 0.77 2.09 031 1.14 0.68 1.63 0.44 1.28

Leptosperin 0.86 2.68 0.68 1.67 0.66 157 055 1.39 049 1.38 0.39 1.22
LepteridinéM 0.72 1.87 055 140 0.63 1.65 0.65 159 0.47 1.39 0.29 1.15

Note: S & C refers to selection of 54701 nm and compressed to 5 nm wavebands
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5.4.1.2. Selected & compressed namaging versus hyperspectral imaging
data

Prediction results for all chemical markers from models built from the selected &
compressed neimaging data were compared with those built from HSI data with the same
wavelengths 5471701 nm and the same spectral resolution 5Mast global models from
selected & compressed nonaging data showed a similar trend of prediction ltsga HSI
data. DHA, MGO, 3PLA, 4-HPLA, and Leptosperin could be successfully predicted at high
or low level for both datasets. Predictions efBA and Lepteridiné" were poor for both
GDWDVHWYV EXWMAP sb@ibédVirhnk $@ectédl & dompressedHmaging data
performed better than that from HSI data. This suggests that the difference in sensor design
and illumination setting between nimaging and HSI sstems had minor impacts on capture

of signals of key chemical markers.

Table 5.3.Comparison of global models of chemical markers obtainedtShdataandfrom
selected & compressed nonaging data

HSI data Selected & compressed nanaging data

(547- 1701 nm @ 5 nm, 235 bands) (547-1701 nm @ 5 nm, 235 bands)

PLS models R? R? RMSECV RPD Bias R? R2 RMSECV RPD Bias
(CV) (Pred.) (CV) (cv) (Pred.) (cv)

DHA 0.57 0.55 640.6 152 -3.07 0.7 0.72 556.7 1.83 0.00
MGO 0.57 054 7176 155 0.27 059 0.56 7354 159 0.06
3-PLA 0.67 0.6 283.4 166 -0.01 061 0.61 3134 1.56 0.00
4-HPLA 0.61 043 2.20 155 0.00 0.63 055 221 160 0.00
2-MAP 0.54 0.58 9.21 1.47 -0.02 0.62 0.56 8.85 158 -0.01
2-MBA 0.47 0.42 2.75 1.37 -0.01 0.58 0.59 261 146 0.01
Leptosperin 0.57 057 183.1 153 -0.04 0.64 0.67 173.9 1.69 0.00
Lepteridiné”  0.49 0.04 4.37 141 0.00 056 0.44 418 1.53 0.00

Predictions ofchemical markers were poor for almost all districts using rebased
models obtained from either HSI or selected & compressedhmaging data in the 5471701
nm range (Tabke5.4a & b). Perhaps theneas alack of key important wavelengths below
547 or beyond 1701 nm range which helped capture good signals of chemical markers for
Kerikeri, Wairarapa and Whanganui districts. For other districts, perhaps the presence of
spectrally active chemicals from ndeptosperin scopariurfloral sources intedred with
signals of key chemical compounds, and this effect showed through the limited datasets at these
districts.
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Table 5.4a.Comparison of prediction of chemical markers between HSI data and selected &
compressed neimaging data at Kerikeri, Wairapa and Whanganui districts

Districts Kerikeri Wairarapa Whanganui
(n=198) (n=240) (n=442)
HSI data S & C data HSI data S & C data HSldata S & C data

PLSmodels R? RPD R? RPD R2 RPD R? RPD R2 RPD R? RPD

(CV) (CV) (CV) (CV) (CV) (CV)
DHA 086 249 0.86 2.59 0.32 122 0.48 1.29 0.19 1.08 0.32 1.16
MGO 062 154 052 1.37 0.53 1.44 046 1.28 0.24 1.13 0.37 1.20
3-PLA 049 120 0.71 1.74 0.75 1.88 0.78 1.96 052 135 05 1.32
4-HPLA 051 133 0.69 1.73 0.63 1.63 0.57 1.44 04 121 039 121
2-MAP 0.77 194 0.79 2.06 0.31 1.26 0.49 1.33 0.18 1.09 0.28 1.18
2-MBA 046 130 0.39 1.24 04 127 031 1.14 03 1.15 044 1.28

Leptosperin 0.76 1.86 0.68 1.67 04 131 055 1.39 0.2 1.08 0.39 1.22
Lepteridine 0.49 1.23 0.55 1.40 0.38 1.26 0.65 1.59 0.24 1.11 0.29 1.15
™

Note: S & C refers to selection of 541701 nm and compressed to 5 nm wavebands

Table 5.4b.Comparison of prediction of chemical markers between HSI data and selected &
compressed neimaging data at Hawkes Bay, Waikato and Mobile Unit districts

Districts Hawkes Bay Waikato Mobiles Unit
(n=202) (n=273) (n=186)
HSI data S & C data HSI data S & C data HSldata S & Cdata
PLSmodels R?> RPD R? RPD R? RPD R? RPD R*> RPD R? RPD

(CV) (CV) (CV) (CV) (CV) (CV)
DHA 035 13 056 1.53 023 119 0.17 112 0.2 101 0.22 0.99
MGO 049 14 049 143 043 143 038 133 0.47 125 043 1.17
3-PLA 060 16 062 1.68 068 175 049 140 05 135 047 1.30
4-HPLA 052 15 059 158 074 192 044 135 042 128 0.16 1.02
2-MAP 030 12 045 136 053 147 036 128 0.33 113 0.28 1.02
2-MBA 032 12 043 135 037 127 025 116 0.28 1.15 0.39 1.20

Leptosperin  0.41 1.3 0.53 1.45 0.1 1.03 0.13 099 0.13 096 0.17 0.97
Lepteridine 0.36 1.3 0.36 1.27 031 114 012 099 04 115 0.38 1.10
™

Note: S & C refers to selection of 541701 nm and compressed to 5 nm wavebands

5.4.2. Nonimaging data compressed but not selected

Section 5.4.1 reported the effect of simulating HSI data by compressing and selecting spectral
data collected by neimaging instrument. Predictive capacity of models from modified data
was similar to theaof models built for HSI indicating that spectral range and/or spectral
resolution were important, probably more so than other system settings. This next section
examines whether spectral range or resolution is the more important by compressing data

acros the full range available 35@500 nm.
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5.4.2.1. Models from raw and compressed neimaging data

Table 5.5 describes global models of eight chemical markers comparing raw and
compressed neimaging data. In general, global modelsompressed neimaging data gave
better prediction than those of the raw data. Most chemical markers were predicted with
accuracy above 62 %, except for LepteriditheCalibration models of DHA, MGO-BLA, 4
+3/% -MAP, 22MBA and Leptosperin gave RPD luas above 1.6. It seems that by
averaging of five adjacent bands, high frequency noise was also removed at little cost in

valuable information. This is encouraging for HSI which compression was seeking to emulate.

Table 5.5.Comparison of prediction athemical markers obtained froraw non-imaging
with from compressed neimaging data at global level

Raw data Compressed data

(350- 2500 nm, 2151 bands) (352- 2497 nm, 430 bands)
PLS models R? R? RMSECV RPD Bias R? R? RMSECV RPD Bias

(CV) (Pred.) (CV) (€Vv) (Pred) (CV)
DHA 059 0.53 646.4 150 O 0.73 0.74 534.2 1.91 0.98
MGO 0.47 0.42 83.93 1.47 0.02 0.64 0.63 69.96 1.67 0.05
3-PLA 059 0.44 325.92 140 15 0.65 0.61 305.6 1.6 0.18
4-HPLA 0.56 0.40 2.40 142 0 0.63 0.56 2.19 1.61 0.01
2-MAP 053 0.42 9.99 1.47 -0.04 0.65 0.63 8.31 1.68 0.09
2-MBA 0.52 0.53 2.68 1.34 0.01 0.66 0.73 2.31 1.65 0.01
Leptosperin 054 044 200.1 158 -0.09 0.66 0.69 170.8 1.72 0.44
Lepteridine™ 0.42 0.37 4.78 1.39 0.02 0.54 0.48 4.30 1.48 0.01

The pattern was less clear with regioesed models: those from compressed- non
imaging data performed no better than those from rawimaging data (Table 5.6). For both
data types, Kerikeri models performed best. Overall, the results indicate thiagfitterse by
taking the average of five adjacent bands did not help when modelling at the regional level.
The effect of filtering noise becomes less important than the honey matrix effect due to
variation of botanical sources when modelling ediskrict separately
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Table 5.6. Comparison of prediction of chemical markers between mawimaging and
compressed neimaging data at Kerikeri, Wairarapa and Whanganui districts

Regions Kerikeri Wairarapa Whanganui
(n=198) (n = 240) (n=442)
Raw data Compressed Raw data Compressed Raw data Compressed
data data data
PLS models R? RPD R? RPD R? RPD R? RPD R? RPD R? RPD
(cv) (CV) (Cv) (cv) (V) (V)
DHA 0.88 286 0.87 285 071 181 077 203 071 176 067 161
MGO 0.74 192 0.75 2.06 063 191 053 140 062 159 063 156
3-PLA 0.81 248 064 1.95 0.76 197 075 193 065 165 059 1.43
4-HPLA 0.67 3.77 0.50 1.42 061 171 064 165 064 163 049 131
2-MAP 0.86 260 085 260 071 178 065 162 061 156 044 125
2-MBA 0.79 219 0.68 1.79 077 209 063 161 068 163 056 1.37

Leptosperin 086 2.68 0.83 2.48 066 157 055 146 049 138 049 133
LepteridinéM 072 187 060 160 063 165 0.5 140 047 139 041 1.29

5.4.2.2. Compressed neimaging versus hyperspectral imaging data

Prediction of key chemical markers obtained from compressedhmeging data (352
2497 nm) were compared with that of HSI data (62701 nm) (Table 5.7). Both datasets had
a similar spectral resolution of 5 nm between two adjacent bands, but different spectral range.
Overall, global models obtained from compressed-inm@ying data performed better
predictions than those built fromHE DWD LQ SDUWLFXQOWMAP, PRMBASKMHOH GLFW LI
Leptosperin. Both datasets predicted well for DHA, MG LA and 4HPLA with RPD >
1.5 but worse for Lepteridin¥d (RPD < 1.5). The results indicate that the difference in spectral
range between twdatasets is indeed important to prediction of chemical markers at the global
level.

Regionbased models of compressed #imaging data also showed better prediction of
chemical markers than HSI data for some districts, in particularly Kerikeri and Vgairara
districts(Tables 5.8a & 5.8b)This reconfirmed that wavelengths below 547 nm and beyond

1701 nm were important to prediction of chemical markers at regional level.
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Table 5.7.Comparison of global models of chemical markers obtained F8Sidata with
from compressed neimaging data

HSI data Compressed neimaging data
(547- 1701 nm @ 5 nm, 235 bands) (352-2497 nm @ 5 nm, 430 bands)

PLS models R? R? RMSECV RPD Bias R? R? RMSECV RPD Bias

(CV) (Pred.) (cv) (cv) (Pred.) (CV)
DHA 0.57 0.55 640.6 1.52 -3.07 0.73 0.74 534.2 1.91 0.98
MGO 0.57 0.54 71.76 1.55 0.27 0.64 0.63 69.96 1.67 0.05
3-PLA 0.67 0.6 283.4 166 -0.01 0.65 0.61 305.6 1.60 0.18
4-HPLA 0.61 0.43 2.20 155 0 0.63 0.56 2.19 1.61 0.01
2-MAP 0.54 0.58 9.21 147 -0.02 0.65 0.63 8.31 1.68 0.09
2-MBA 0.47 0.42 2.75 1.37 -0.01 0.66 0.73 2.31 1.65 0.01
Leptosperin 0.57 0.57 183.1 1.53 -0.04 0.66 0.69 170.8 1.72 042
LepteridinéM 0.49 0.04 4.37 1.41 0.00 0.54 0.48 4.30 1.48 0.01

Table 5.8a.Comparison of prediction of chemical markers between HSI and compressed non
imaging data at Kerikeri, Wairarapa and Whanganui districts

Regions Kerikeri Wairarapa Whanganui
(n=198) (n=240) (n=442)
HSldata  Compressed dat: HSI data Compressed HSldata  Compressed
data data
PLS models R? RPD R? RPD R? RPD R? RPD R? RPD R? RPD
(CV) (CV) (CV) (cv) (CV) (cv)
DHA 0.86 249 0.87 2.85 0.32 122 0.77 203 019 108 0.67 161
MGO 0.62 154 0.75 206 053 144 053 140 024 113 0.63 1.56
3-PLA 049 120 0.64 195 075 188 075 193 052 135 059 1.43
4-HPLA 0.51 1.33 0.50 1.42 0.63 1.63 0.64 165 04 121 049 131
2-MAP 0.77 194 0.85 260 031 126 065 1.62 0.18 1.09 044 1.25
2-MBA 0.46 1.30 0.68 1.79 04 127 0.63 161 03 115 0.56 1.37

Leptosperin 0.76 1.86 0.83 2.48 04 131 0.55 146 02 108 049 1.33
LepteridinéM 049 1.23 0.60 1.60 038 1.26 0.5 140 024 111 041 1.29

Table 5.8b.Comparison of prediction of chemical markers between HSI and compressed
norrimaging data at Hawkes Bay, VWato and Mobile Unit districts

Regions Hawkes Bay Waikato Mobiles Unit
(n=202) (n=273) (n=186)
HSI data Compressed HSI data Compressed  HSI data Compressed
data data data
PLS models R? RPD R? RPD R2 RPD R? RPD R2 RPD R? RPD
(cv) (CV) (CV) (CV) (cv) (cv)
DHA 035 13 061 164 023 1.19 0.5 1.43 0.2 1.01 036 1.23
MGO 049 14 069 177 043 143 063 171 047 125 038 1.25
3-PLA 060 16 079 231 0.68 1.75 0.7 1.87 05 1.35 038 1.20
4-HPLA 052 15 066 176 0.74 192 055 153 042 128 029 1.14
2-MAP 030 12 048 138 053 1.47 0.6 169 033 1.13 033 1.16
2-MBA 032 12 040 132 037 127 035 121 028 1.15 033 1.19

Leptosperin 041 13 034 122 0.1 1.03 0.15 1.02 013 096 0.27 1.14
LepteridinéM 036 13 0.51 1.42 031 1.14 0.29 1.12 04 115 037 1.22
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5.5. Discussion and conclusion

This chapter reports modifying nemaging data to match characteristics of
hyperspectral imaging to ascertain whether spectral range and/or spectral resolution and/or
other system settings have greatest impakibal models with all eight geographic districts,
built from selected & compressed data and from compressedjdagahetter prediction results
of most chemical markers than did models built from rawin@aging data and hyperspectral
data. This was dui® the effect of compression and selection removing noise from the system
and enhancing prediction accuracy across the global models generated:liRegidmodels
of modified data (selected & compressed) performed less well than those of rawagdmg
data, but similarly to those of hyperspectral data. These results imply that the spectral range
and spectral resolution are important for modelling at regional level.

Differences in sensor design and illumination setting betweerimaging and HSI
systems seem to have minor impact. This became apparent when comparing selected &
compressed nemaging and HSI data with the same spectral range and spectral resolution.
The finding revealed that the spectral range below 547 and/or beyond 1701 nnrianitripo
prediction of chemical markers. In addition, this study also indicates (through differences
between global and regidrased models) that prediction of eight chemical markers can be
affected by the presence of other chemical compounds frorhegosperin scopariumectar
that could absorb in the same wavelengths in the spectral range of interest. This obscures
signals of chemical markers, in particular for districts containing high variation in botanical
sources.

In conclusion, the current chaptshows that the spectral range greatly influences
prediction of key chemical markers and spectral resolution may also be important. Future work
is suggested examining némaging data in the narrow 5472701 nm range having resolution
1 nm in comparisowith HSI data with the same spectral range but resolution 5 nm. This would
measure the impact of spectral resolution independently from spectral range. In the next
FKDSWHUV WKH VWXG\ LQYHVWLJDWHY DOWHUQDWLYH WHF
quality and identity. Onvay is to use an advanced modelling technique (e.g., deep learning)
to minimise the impact of the complex honey matrix (Chapter 9). Another way is to apply
different optical methods (e.g., fluorescence) to capture better sighethemical markers, in

particular in the visible range (Chapter 10).

97



Chapter 6
SUHGLFWLRQ RI SRWHQF\ DQG SXULW\ F

6.1. Introduction

Previous chapters showed the capability of NIR methods to capture signals of eight
FKHPLFDO PDUNHUV(hept&rs4@ X StBndaik Ghidrhometric mettsmiich as
PLS regression can model NIR spectral signals to predict concentration of chenmiasma
but the findings indicate the regional variation impacts modelling performance. The complexity
of the honey matrix due to regional variation of floral sources diminished prediction of
chemical markers when all geographic districts were combinetglgioodels). When PLS
modelling NIR data at each geographic district (regional models), model performance of each
chemical marker was different from district to district. The results suggested that the presence
of other chemical compounds from Rbaptospemumscopariumnectar could interferaith
prediction of chemical markers. This matrix interference, or the complex honey ,nmtrix
difficult to minimise since in nature honey is often mixed from different nectar sources. Quality
DVVHVVPHQW Ry bRsed@iXth&nisaRrarkers can be applicable but challenging if
the honey matrix changes every year.

7R VHDUFK IRU DQ DOWHUQDWLYH DSSURDFK WR DVVH
honey, the current study has introduced two new quality measuremmest $ecalled potency
P—QXNDQHVV EDVHG RMFP HEoweXadd® X QW \R P —iaseN brQ HV V
verification of botanical origifirom MPI criteria(MPI, 2017b; UMFHA 2022) The research
question was: could NIR methods can measure WMf€ore and verify the botanical origin
RI P—QXND KRQH\V" 7ZR KRQH\ TXDOLW\ DWWULEXWHYV ZHU
(so-called potency) based on UMY score that reflestthe concentration of key chemical
markers; and 2) a discrete scale-¢atled purity) that defines boundaries among concentration
of chemical markers defining the floral sources. The potency allows quality assessment of
honey even if it comes mostly frothe same floral source while the purity allows the
segmentation of honey among floral sources. Honey samples from eight different geographic
districts were utilized to provide variability in botanical sources:NR spectra in th&50-
2500 nmrange (noAmaging system) and the 5471701 nm range (hyperspectral imaging

system) were collected nonvasivelyfrom the samples. Models for predicting the continuous
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variable and a discrete category from the spectra were investigated including methods capable

of handling norlinearities inherent in the interaction between light and honey.

6. 0—QXNDQHVV WHUPLQRORJ\

The UMFM UDWLQJ V\VWHP DQG 03, FULWHULD DUH FXUUHQV
quality and identity (purity), respective(¥Pl, 2017b; UMFHA, 2021) The UMFM rating
V\VWHP PHDVXUHV WKH TXDOLW\ RI P—QXND -tv€gH\V ED)\
methylglyoxal(MGO) and Leptosperin. MGO mainly represents the antibacterial properties
while Leptosperinbroadly corresponds to the ainiflammatory characteristic. According to
the UMFM rating system, MGO anbeptosperinconcentrationsnust excee®3 mg/kg and

PJ NJ UHVSHFWLYHO\ WR VLJQLI\ JHQXLQH P—QXND KRQI
UMF™ 5+ (UMFHA, 2021) 3XULW\ Rl P—QXND KRQH\ LUNSLADBELFDWHG
MAP, 2-MBA, 4-HPLA, 3-PLA and the pollen DNA test fdr. scoparium(MPI, 2017b)

S0—QXNDQHVV™ LV LQWURGXFHG LQ WKLV VWXG\ DV D
P—QXND KRQH\ TXDOLW\ DQG SXULW\ EDVHG RQ VSHFWUL
reflects both the qualityan8 XULW\ RI P—QXND KRQH\ PHDV¥Xrdtidgs IURP W
VI\VWHP DQG 03, FULWHULD 7KH TXDOLW\ DQG SXULW\ RI P
so FDOOHG SRWHQF\ DQG SXULW\ P—QXNDQHVV UHVSHFWLY
classification) were applied to spectral data to generate pweditdols. The regression
approach was applied to spectral data to predict Mécores as a proxy for potency
P—QXNDQHVV OHDQZKLOH WKH FODVVLILFDWLRQ BPDSSURDF
, multi-,andnorP —Q XND KRQH\V DV D SJUR\ PHDXXDIYP HRYVEXIRWHQF
P—QXNDQHVV SUHGLFWLRQV JLYHQ WRJHWKHU FRXOG DOO
decisionPDNLQJ 3UHGLFWLRQ RI SRWHQF\ DQG SXULW\ P—QX
indirect measurements since spectral sgoahtain footprints of chemical markers (MGO &
Leptosperif for UMF™ Y D O X H V-MA®,&MBR, 3-PLA& 4-+3/$ IRU P—QXND KRQ
LGHQWLW\ 7KXV WKH P—QXNDQHVV SUHGLFWLRQ FRXOG F

chemical laboratory data and iemfect spectral modelling.
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6.3. Materials and methods

6.3.1. Materials

The NIR nonimaging data (350 2500 nm) of1451 honey samplesand the NIR
hyperspectral imaging (5471701 nm) of 1656 honey samples (Chaptebddhcollected from
eight districts of the North Island of New Zealametre investigated to predict potency and
SXULW\ P—QXNDQHVYV

7R HYDOXDWH KRZ ZHOO SRWHQF\ DQG SXULW\ P—QXN
datasets (noimaging and hyperspectral imaging), the laboratory aétthe same 1656
VDPSOH GDWDVHW ZDV DOVR FRPSXWHG IRU SRWHQF\ DQC

profile that was provided b@omvite® (laboratory data are shown in the Appendix, Section 1)
6.32 6WDWLVWLFDO PHDVXUHPHQWY RI P—QXNDQHYV

Regressiongchniques were used to analyse the spectral data of honey samples, including
partial least square@LS) regression and support vector machine regression (SVR); and
classification tools employed included partial least squares discriminant analysis (P&SDA)
support vector machine discriminant analysis (SVMDA). All chemometric methods were run
with PLS toolbox 8.8 (Eigenvector Research, Inc., WA 98831, USA), except the SVR model
which was run with Statistics and Machine Learning toolbox. Both toolboxes rweri
MATLAB R2021a (The MathWorks, Inc., Massachusetts 01760, USA).

6.3.2.1. Estimation of UMEM scores

Linear PLS and SVR regression methods were employed to predictMJddBres from
spectral data. For modelling, the spectral data of eight districts were divided into calibration
and validation sets using the Kenn&tbne technique. This technique was applied to split the
sample set 70:30 calibration to validation samplég PLS and SVR models were optsad
using the 1€fold leaveoneout venetianblind crossvalidation procedure. Ten suhodels
were formed during ontld of calibration dataset leaxgut. The output of a calibration model
was obtained by the average af sub P R G H@didfion results. The calibration model

performance was tested on validation data and goodridtsvas evaluated.

PLS uses latent variables to maximise the covariance between the spectral data and the
response (described more fully amapter 4).Analogous to PLS, support vector machine
regression (SVR) operates on a classification problem by employing a support vector machine

algorithm to return continuouglued results. With SVR, arftube insensitive region is
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formulated around aegression line, and support vectors of the training dataset lie outside the
boundary of theAtube. SVR with linear kernel worked better than radial basic functizh (
kernel for prediction of UMP scores. A linear kernel was selected which used duostion

| E %—2 I S18to minimise the prediction error. The box constraint or regularization C value in

the linear SVR model was searched in the 180 value range with an automatic selection
default of Epsilon § and standardized data. A largersi@nificantly minimises prediction
error, but the chance of ovestimation rises. Therefore, an optged C value was chosen in
the model in which the prediction correlatiod \Ras high with the lowest prediction error
(Awad & Khanna, 2015; Saeys, 201&PD value was calculated fewaluation of model
performance of both PLS ai8¥/R modes.

6.3.2.2. Classification oMPI honey classes

Classification into three MPI classes (meRo— Q XN D- P PXQOWMD DR-GOQRXRD
honeys) was performed by PLSDA and SVKbf{ models. The linear PLSDAnethod
transforms spectral data into a simple matrix with few latent variables. This way, the covariance
between the spectral data and dummy matrix with zeros forfherQ XND DQG RQHV IRU
was maximsed(Yang et al., 2020)Tenfold leaveoneoutvenetiarblind crossvalidation was
applied. Preprocessing techniques (SNV, MS@rmalised, first and second derivatives) and
their combinations were examined whichaade the raw spectra into dimensionless data prior
to modelling. The 36nterval iPLS and VIP (automatic) techniques were applied to the spectral
data to select dominant spectral bands. The best classification model was selected based on
RMSECV and the cksification overall accuradLu et al., 2020; Saeys et al., 2019; Xiaobo
et al., 2010)

As with PLSDA, SVMDA ¢bf) was applied for classifying monomulti- and non
P—QXND KRQH\V 690'$ RIWHQ ZRUNV ZLWK D ELQDU\ FOD
separate them by support vectors. Fouli-FODVVHV WKH SDLUZLVH 3RQt

classification approach is driven. SVMDADb{) with the Gaussian function) kTgako L

A’ €98 transforms the input data into the high dimensional kernel space for modelling the
honey classes. Thef kemel was defined by Cost (C) and gamnth{yperparameters which
determine the number of support vectors needed. The support vectors create the kernel margin
or hyperplane which separate the target class from another by minimizing the misclassification
eror. A larger kernel margin or more support vectors mean a target class would be

discriminated more easily, but it also drives egstimation and low classification accuracy
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(Truong et al., 2021)Optimising kernel hyperparameters (@J) is necessary to enhance
classification accuracy with a small numbers of suppectors. In PLS toolbox 8.8, a set of
default values of the 1€ parameter ranging £6 107 and 15F Uvalues ranging 10- 10t were

run to optimize the kernel function. In this SVkbf) modelling, PCAbased mode was kept

off since it did not help to improve the classification performance. The best SVM model was
automatically selected from PLS toolbox that gave the highest average classification overall
accuracy and the lowest classifioa error(Lu et al., 2020; Saeys et al., 2019; Xiaobo et al.,
2010)

6.32 O—QXNDQHVY SUHGLFWLRQ

SRWHQF\ DQG SXULW\ P—QXNDQHVV ZHUH JHQHUYUDWHG IU
score and classification of three MPI classes respectively following the equation,

y =X +e(Nilsson et al., 1997Rullanagari et al., 2021)

Where is the vectoof PLS regression coefficients of each spectral variabls, the
input spectral datay is the vector of predicted wss ande is the vector of error values
(Pullanagari et al., 2021)

SRWHQF\ P—QXNDQHVV ZDV FDOFX®dheiHGpréseRPthE UHGLF
relationship between the predictive UMFvalue and the true UMF reference for the whole
SRSXODWLRQ OHDQZKLOH SXULW\ P—QXNDQHVV ZDV JHQH
multi- and noARP —QXND KRQH\V WK D Wnlbéterhn tha\clssficatibnr&id)of H O D
the predictive and the true classes over the whole population. The predictive values are
expected to equal the true reference values for which the coeffifidatermination?is close
to 1 (AleixandreTudo et al., 2018)

6.4. Resultsand discussion
Sectionl. NIR non-imaging data
6.4.1.Prediction of non-imagingpRWHQF\ P—QXNDQHVYV

6.4.1.1. Regression results

Spectral data (3502500 nm) were modelled LS regression to estimate UNIE
scores. A 3@nterval iPLStechnique first applied on a full range to discard unnecessary bands.
Later, only the 370 1700 nm spectral range was selected for modelling since below 370 and
beyond 1700 nm contained noise and irrelevant information. The latter PLS model {8100

nm) used 4 intervalPLS and automatic VIP to optisd dominant spectral bands for UMWF
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prediction. A raw 145honey dataset with UM score profile between 0 and 20 quantified
at harvest time (UMB' 0-month) and after Hnonth storage (UMP' 10-month) wee
observed. A linear PLS model against UMFLO-month gave a correlation coefficient R
(0.74)similar toa model against UM 0-month (R=0.72). Usage of UM® 10-month for
honeysscanneda year after harvest for PLS modelling was more compatiblb thie

experiment time. Thus, a PLS model of UMFLO-month was chosen.
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Figure 6.1.Output ofnonimagingPLS model with SNV pyerocessing for UMP* score estimation with
calibration set (black circle) and test set (red diamond): a) Latent variable plot versus RMSE
(calibration: solid line, crossralidation: dash line & test: solid line with stars) b) Q residuals &
Hotelling T2 plot, c) PLS score plotl) Leverage plot and e) regression plot between measured and

estimated UMP™ scores
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Figure6.1 shows the regression output of a final Rh8del for prediction of UMB*
scores. SNV prprocessing was applied to the spectral data and thirteen latentiesatre
selected which gave the first lowest root mean squared error ofvalodstion (RMSECV) &
calibration (RMSEC) values. The PLS modehieved arR? (CV) of 0.71 and R (Pred.)of
0.72 with RMSECV and RMSEP values of 2.83 and 2.55, respectiveiyregidual predictive
deviation (RPD) for this PLS calibration model was 1.84. In this model, the'¥kEtimation
(Figure 6.1e) contained some negative values and some-eelictive points at UMM
reference 0. This hinted at some bias or constraints that could not be explained by the model.

As with the results of the PLS regression model, SVR was trained to predict tH& UMF
values over a full spectral range (352600 nm). A trained SVR model @ined an Rof 0.66
and RMSE 2.87 revealing a poorer prediction accuracy than that of PLR, but SVR predictive
capability was slightly higher with RPD 1.86. The SVR maakéntested on the validation
set gave R0.74, and RMSE (validation) 28hat was fgher than in the PLS model (RMSEP
2.55).

6.41.2. Variable selection from the regression model

A total of 204 spectral variables were usedhafinal PLS model after applying iPLS
and VIP (auto) techniques. The PLS loading plot shows 21 important features giving high
loading weight values (Figu2). Two influential spectral regions can be discerned. The first
region covers spectral features below 700 nm that could be releviaeatabsorptions of DHA,
MGO and some flavonoids. Another important region between 991 and 1373 nm could
correspond to footprints of local water molecules and carbohydrate groups6Tabticates
dominant spectral bands which could link to some specdmpounds. Wavelengths around
1000 nm correspond to th8%vertone GH stretching band while bands in 1342374 nm
range indicate thelovertone combination of € stretching of-CHs groups. By contrast
bands near 11551245nm reflect thepresence of the"2overtone GH stretching o£CHs, -
CH2 & -CH groupgXiaobo et al., 2010)
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Figure 6.2.Important spectral features extracted fromnimagingPLS regression

loading plot for UMEM prediction

Table 6.1 The important spectral features and correspondent chemical footprints

defined from therorrimagingPLS-UMF™ prediction

Spectral Identified Relevant chemical Relevant compounds
regions (nm)  wavelengths (hm) footprints discussed
447, 462 MGO MGO
476, 489, 497,509 DHA DHA
Below 700 552 flavonoids guercetin
607, 636, 674, 692 colour pigments chlorophyl
& 697
991-1373 991, 997, 1000 2" overtone GH H20

1342, 1354, 1364 & 1%overtone GH

1374 combination ofCHs3
1155, 1159, 1236 & 2" overtone CH of
1245 -CHs, -CH2 & -CH

MGO, DHA & other
carbohydrate groups
MGO, DHA & other
carbohydrate groups

Note: MGO: methylglyoxal; DHA: dihydroxyacetone
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6.4.1.3. GenerasDWLRQ RI SRWHQF\ P—QXNDQHVYV
SRWHQF\ P—QXNDQHVV ZDV JHQHUDOLVHG IU®RP WKH
prediction.Figure6.3 GHVFULEHY SRWHQF\ P—QXNDQHVV RI HLJKW
with a correlation¥of 0.74.Whanganudistrict possessed the highé#F™ values with a
KLIJK SUHGLFWLRQ YDOXH RI SRWHQF\ P—QXNDQHVV FRPSD
districts. There were some samples from disti¢tskato, Mobile Units and JV Kaimanawa
with UMF™ 0 scores for which the model overestimated poteney @ XNDQHVYV LPSO\LQJ
a weakness in the predictive ability of the model, or noise in the parent data.
Comparedo thelab-basedPRGHO R SRWH Q the predicakiityDothelNI/
nonimaging modelgave22 percentage poistloweraccuracy A large variation of potency
predictive values wagbservedn the output ohonimaging SRWHQF\ P—QXM&QHVV Z
not sea from that of the ladbased dataHowever,NIR nonimaging could still pick up
information of chemical markeessociaVHG WR SRWHQF\ P—QXNDQHVYV

20{ y=24+072-x, ' =074

-
a
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Contractors
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JV Kaimanawa Honey
Kerikeri

Mobile Unit

Waikato

Wairarapa
Whanganui
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* # & »

w

0 5 10 15 20
UMF measured

Figure 6.3. Linear regression betweamnimaging SRWHQF\ P -a@U¥MAD'QHV V
measuredf the 145ihoney samples @ightgeographiaistrictscombined
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6.4.2.Prediction of non-imagingpXULW\ P—QXNDQHVV

6.4.2.1. Classification results

Two multivariate linear PLSDA and ndmear SVMDA (bf) classifiers were employed
to analyse the full VENIR spectral data range ofid1 honey samples. The three MiRiney
classes were chosen as classification categories. Thevalaasted classification models of
3/6'$ DQG 690'$ SURGXFHG DQ DFF6&2siwws thelp@diction réddIis O H
of both classifiers on the 45ample validation set which gave 889 % overall accuracy.
SVMDA classification of muliP —Q XND PRGCQRRD RE WD laqiH5.8 %,
respectively which were highéy 3 - 5 % than those of PLSDA (69%, 628 %). However,
PLSDA classification of the highly valuable mei®— QXND KRQH\V UHVXOWHG L
accuracy which was better than that of SVMDA a®%.accuracy. Figure.8illustrates the
receiver operating characteristic (ROC) curves from the oufpilieoPLSDA model on the
validation set. The sensitivity and specificity of classifying mdhe— Q XN D P P-XQOMMD D QG
non P—QXND KRQH\V0.9D QakHifigation of the three honey classes was highly
effective with the area undéhne curve of ROC hove 90 %. Additionally, an extra PLSDA
model was built on @97-samplecalibration set containing only multand nonrP — Q XN D
honeys. This PLSDA model was tested on a 169 saugbigation set which performedglith
825% (MultiP—QXND DQG -P—l)eeiQcieRRelativeto a PLS model with
three classes, the PLS smiodel increased classification accuracy byéicentage poinfer
mult-P —QXND KRQH\V EXW GLG QRW LRXUINDY KRIIHAX U DR\ AR Q W
additional SVMDA model builshowed an improvement in accuracy for both m&it— Q X N D
(811 %) and nonP — Q XN D

Table 6.2 Classification performance on the test dataset for linear PLSDA and
nortlinear SYMDA models

Test data PLSDA SVMDA (rbf)
(n =450) (CV: 82.2 %) (CV: 82.2 %)
Mono-P—Q X NI 97.44 % 94.89 %
Multi-P —QXNEL 65.82 % 72.73 %
NonrP—QXND 62.79 % 69.44 %
Kapa 0.73 0.74
Prediction accurac) 88.3 % 89.43 %
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Figure 6.4. Receiver operating characteristic (ROC) curves from-imaging
PLSDA model on the test set

6.42.2. Variable selection from theclassification model

The PLSDA model was used to select important wavelengths for classification of mono
, multi-, and norRP —QXND KRQH\V $ WRWDO RI GRPLQDQW EDQ
model after employing 3bnterval iPLS and VIP (auto). The PLS loading plot spedifihe
important spectral features which possessed high loading values 6TgblEour important
spectral regions were identified such as below 600 nm and arourd888thm, 1006 1400
nm and 1850 1873 nm. Tableé.3 indicates specific features whidould link to specific
compounds. The assignment of spectral features to chemical groups is sithéadigcussed
above for regression models. Based on these important spectral bands, it seems apparent that
phytochemicals, water, and carbohydrateshiea honey matrix contribute strongly when
classifying mong multi-, and nonRP —Q XND KRQH\V
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Table 6.3 The important spectral features and correspanahemical footprints were
identified from thenonimaging PLSDA classification of mond® —Q XND PPOQOXWD DQG
nonP—QOQXND KRQH\V

Spectral Identified wavelengths (nm) Relevant Discussed
regions chemical compounds
(nm) footprints
Mono- P —Q X N Multi-P—Q XM NonrP—Q X N
Below 413,417,438, 412,417,437, 412,417,433, MGO MGO
600 441 444 455
470, 499 471, 499 475, 494 DHA DHA
589 564 589 flavonoids Unknown
830-860 859 859 859 39overtone GH carbohydrate
groups
1000 1006 1007 2" overtone GH H;O
1160 1166 1160 2"overtone GH carbohydrate
groups
1000 1309 1295 1309 1stovertone GH  MGO, DHA,
1400 combination carbohydrate
groups
1340, 1367, 1398  1349,1364, 1340, 1370, 1%tovertone GH MGO, DHA,
1382 1394 combination carbohydrate
groups
1873 1879 1872 1873 2" overtone C=0 (DHA,
1879 C=0 stretching MGO) +

+ 1stovertone water
OH combination molecule

6.4.2.3. GenerasDWLRQ RI SXULW\ P—QXNDQHVYV

SXULW\N P—QXNDQHVYV ZDV JHQHUDPVYEEBNILRPXJOOD/VLII
and nonP—QXND KRQH\V and i SMMBAG{H) modelsboth classified three MPI
classes with high accuracy (Kappa 0:78.74). Linear PLSDA modelling was chosen to
FDOFXODWH SXULW\ P—QXNDQHVV 7KUHMHF+FDON HVIRU PX
P—QXND DQG -PHRX®RRWEKRH PHDVXUHG ZHLJKW YDOXH 3XU
estimated by multiplying the regression weight with the whole spectral dataset. i§ure
LOOXVWUDWHY YLROLQ GLVWULEXWLRQ SORWYXRD HNFWQYD
P—QXND PQ-&Q RORdYs.KThelER[T LQVLGH RI HDFK pYLROLQY VKDS
the population whictconfirms that there is no overlap between these boxes. However, the
MYLROLQY GLVWULEXWLRQ WDLO EHWZHHQ KLJKIlitEeXULW\ P.
overlain. 7KLV ZDV DOVR IRXQG EHWZHHQ ORZ SXULW\ P—QXND

most of overlapping takes place at the boundaries of the classes.
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Figure 6.5 9LROLQ GLVWULEXWLRQ SORW RI S%JLW\ P—QXNI
imagingPLSDA model against reference meRo— Q XNDP P XQOXWWD DQG QRQ
P—QXND KRQH\V

6.43.Non-imagingpRWHQF\ DQG SXULW\ P—QXNDQHVYV SOF

The relationship of potency and puriB— Q XNDQHVV REWDLQim&yind RP WKF
spectral data is shown in Figures&vith U ZKLOH SRWHQF\ DQG SXULW\ ¢
EDVHG GDWD JWXH W BV XOWSE QHRKEL7KLY LPSOLHVY WKDW 1
LPDJLQJ FRXOG XIOMLVP\D WHCWIKEGHPIB DY X WD KIRBPRIQR EDVHG RQ V
VLIQDOV RI FKHPLFD @ ROLWNEOWDWYYV )DOXOUWDPSOHYVY RI HLIJKW G
WKH UHJUHVVLRQ GDYHGISWWHIRE\1IDRG SXULW\ ZLWK OLW
DSDUHQW +RZHYHU KRQH\ VDPSOHV RI HDFK UHJLRQ ZHUF
OLQH )LEXUH
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6.44. Discussion

Spectral signals in the 35@500nm Vis-NIR range were captured using a fioraging
sensor from 1451 honey samples spanning mBre- Q X ND- P POQOXWD DR-GQXARD
honeys from eight districts of the North Island. The naasorbance spectra of honeys at each
district were quite different in the 50@500 nm range (Figu2 C). Meanwhile, spectra of
mono P—QXND PPXQOWD LPGQRRD KRQH\V ZHUH VOLIBRW O\ GLII
nm, but more separable in the middi&ared 1500 2500 nm (Figuré.2 D).

Several studies have sought to determine botanical origin of honeys using NIR methods.
Molecular vibration of GH, C-H and GO bonds are commonly identified for differentiating a
specific honey in the NIR range. Fexample, authentication of moffloral and multifloral
honeys in the 4200 and 5200°¢@923 +2381 nm) range wasportednostly due to €0 and
C-C stretching regions of saccharidBsioff, Luginbuhl, Bogdanov, Bosset, Estermann, et al.,
2006) Corsican and neforsican honeys were separated in the 212408 nm rangéased
on six important chemical bonds, which were relevant to hydroxyl grotpev@rtone GH
stretching, the combinations-B stretching and @4 deformation (1935 nm)), carbohydrate
groups (¥ overtone-CH, & combination of-CH, stretching and deformation (1460n),
combination of GH stretching (2095 & 2280 nm),-O stretching) and the absorptions of
fructose and glucog®Voodcock et al., 2009%imilarly, Yang et al. (2020) also classified raw
P—QXND KRQHYE OBRMBMAIRS- QXND KRQH\V D BO0 R VI\UXS
overtone of GH stretching) and 1600800 nm (carbohydrate vibration). The absorption of
water molecules (1300 QP SOD\HG DQ LPSRUWDQW UROH LQ GLIIH
DQG DGXOWHUDW ¢y aéhgretalQ 20RMI his R/gx sy found in the study of Bazar
et al. (2016) for charactamg raw honey and syrogdulterated honey@azar et al., 2016)
However, the network of water nemules in honey matrices of merld— Q X N D P P>QOXW D
and norP—QXND KRQH\V LQ WKH FXUUHQW VWX-GQ PNDKW\GKISH
EOHQGHG P—QXND KRQH\V DQG FRUQ V\UXS LQ WKH VWXG\

According to Stephens et g2006), UMFM activity dropped when moR® — Q X N D

honeys were blended with other honeys collected from different nectar source (e.g., to become
multi-P—QXND KRQPMWQOXNRQKRQH\V JHQHUDOWScaeDG2.5¥ HU\ OR
Differences in chemical markergdiles, polyphenolic contents and free water molecules in
honey matrix could also impact on the estimation of UNiscores. Therefore, the absorption
RI FKHPLFDO PDUNHUV RI P—QXND KRQH\V700KD)W (®YHVHQW\
1400 nm) cou potentially contribute to the UMM prediction. Firstly, DHA, MGO and
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Leptosperin are discussed since they are present in high amounts mtARrem@ XND KRQH\V D

they are primary compounds contributing to UMFactivity. DHA is a 3C carbonyl

compound, with gradually converts to MGO by dehydration in the honey mé@aainger et

al., 2016a) DHA potentially reacts with amino acids in the presence of water to form brown

pigments during Maillard reactioii&rainger et al., 2016bAccording to Nguyen et al. (2003),

DHA-induced brown pigments absorb in both UV at 340 nm and Vis in 880 nm(Nguyen

& Kochevar, 2003) Thus, it is hypothesised that tmeportant wavelengths (462, 476, 489,

497, 509 nm) characterised from the PLS loading plot near3®BDnm could indirectly reflect

the presence of DHA. The absorption of free MGO was strongly discerned mn4880nm

range with a broad peak in 41@50 nm. This work also assumed that wavelength 447 nm

FRXOG EH UHOHYDQW WR IRRWSULQWY RI 0*2 FRPSRXQG

exposed to exciting radiant energy at below 420 nm, MGO could experience photolysis to form

CHsCO + HCO radicals(Staffelbach et al., 1995)The presence of these free icadl

compounds containingCHs, and CO groups could contribute the stretching ®f&12"™

overtone combination €l stretching o-CHz (Table6.1). Besides, several side reactions of

MGO during photolysis might happen in the honey maf{taffelbach et al., 1995)

Leptosperin is another chemical mark& R LGHQWLI\ P—QXND KRQH\V ZKLF

UMF™ score(Bong et al., 2016; Bong et al., 2017; Johnston et al., 2018; Stephens et al., 2017)

According to Bong et al. (2017), Leptosperin strongly absorbs in UV range (maximum at 270

nm) which was out of range of this work in 35@500 ranggBong et al., 2017)but sub

chemical bonds of LeptosperirCHz, O-H and CO) might be captured in the NIR range.
0—QXND KRQH\V JHQHUDOO\ FRQWDLQ VLJQElW.FDQW D

250.18 £ 14.39 pg/gYiuchung et al.2019) characteristic of botanical origii®elschlaegel

et al., 2012; Stephens et al., 2Q1@henolic acids and flavonoids are secondary plant

metabolites present in honeys which may also play key irolgsIF™ activity (Algarni et al.,

2016; Johnston et al., 2018; Stephens et al., 2010; Wang, 2@tbyding to Bogdanov et al.

(2004), phenolic compounds derived from propolis also occur in ritomal honeys. This

might have some impact on differences among rrftoral honeys(Bogdanov et al., 2004)

Phenolic acids typically absorb lighttime UV range rather than V4BIIR region(Aleixandre

Tudo et al., 2018; Ang et al., 2013; Danila et al., 2018; Wang, 2@1dyonoids are also

essential compounds contributing a variety of UM FWLYLW\ DPRQJ KRQH\V 0—(

areknown to contain several flavonoids such as hesperitin, naringin, hesperidin, quercitrin,

myricetin, morin, luteolin + quercetin, naringenin, apigenin, kaempferol, chrysin, galangin, and

tangeretin(Yiuchung et al., 2019)Almost all these flavonoids absorb in two specific ranges
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(300 - 400 nm) and (240 300 nm) corresponding to cinnamoyl system anaizbgl ring,
respectively(Wang et al., 2020)Quercetin is exceptional, absorbing maximally at 5350
nm with a shoulder around 44@50 nm in water at pH 2.5/5(Bmorati et al., 2017)Thus, it
is hypothesised that the waveband near 552 nm-5%8 nm) relates to quercetin.

Honeys are different in colour that could reflect their qualNggueruela & Perez
Arquillue, 2000; Stephens, 200&)hlorophyl, carotenoids, xanthophylls and anthocyanins are
colour pigments found in honeys which might diffetweerhoneys. InmonoP —Q XND KR QH\V
these pigments are deriveatieely fromLeptospermum scopariunectar(Algarni et al., 2016;
Danila et al.,, 2018; Negueruela & Pet&muillue, 2000) Carotenoids ancanthophylls
absorb in the range 400500 nm while anthocyanins absorb in the 52840 nm range
(AleixandreTudo et al., 2018; Nagao et al., 2018)avelengths near 4640 nm might also
be relevant to carotenoids, xanthophylls and anthocyanins. Chlorophyl a & b &ghkorb
energy in the blue (428453nm) and red regions (66672 nm)(Pedros et al., 2008)t is
suggested that important features (636 & 674 nm) charsexddn this study could link to the
second peak of chlorophyl a & b. Other remaining bands in Vis range might be relevant to
some unknown chromophores in honeys. However, further research issteug¢e test
hypotheses.

The 991- 1374 nm region reflects absorption of water molecules and carbohydrate
characteristicgXiaobo et al., 2010; Yang et al., 202BJsorption by water molecules at local
peaks at 991 and 997 nm may also indicate differences of'Wiiivity in honeys. The
vibration of F overtone GH combination (1342, 1354, 1364 and 1374 nm) dfd2ertone
C-H stretching (1155, 1159, 1236 & 1245 nm) of carbon groqps , -CH; and £CHs
correspond to differences in quality and identity among honey saippéesbo et al., 2010)
Overall, the contribution of free water molecules aabon characteristics in the honey matrix
likely plays an important role in the estimation of UMFscores.

7KH SUHGLFWLRQ RI SRW klats\toRhe-UMEN dx(yiky Vvie BuUalityQ O \
of honeys in terms of UM activity differs between geogphic districts (Figures.3). This
was in line with the study of Stephens (2006) who stated that the"Untfivity depends on
geographical factors within and between regions. Varietieepfospermum scopariuand
the abundance of other florals both diffeetween district§Stephens, 2006)The estimation
Rl SRWHQF\ P— QNXIR EaqpE dbtained 79 ¥\accuracy, good enough to distinguish
between high and low UMF scores among honey frames before lumped extraction.
Validation of the potency model performance by independent datasets (unpublished results)
VKRZHG WKDW WKH SUHGLFWLR @3RrbusiRuaresiniate Rue QMEND QHV V
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values by 2.4 unitsof samples with UMPY below 7.5, and underestimate true UM~ alues
by 2.4 for samples with UM above 15. Between 2.5 and 15 UMEthe model performed
well. The poorer prediction performance on validation data could be due to a paucity of samples
with UMF™ above 15 in the raw dataset, and not necessarily fundamental to the method.
Further research would suggest adding more samples in this range could improve model
performance. In addition, a complex model is also suggested to confront the regiatarvari
which further improves the UM prediction.

PLSDA and SVMDA (bf) classifiers gave overall accuracies of 82 % (cradslation)
and 88- 89 % (prediction) (Tablé.2). These results were compatible with the study of
Noviyanto & Abdulla(2020), whoXVHG 690'$ WR FODVVLI\ FORYHU P—QXI
P—QXND KRQH\V ZDWKXUDF\ +RZHYHU WKHVH DXWKRUV X\
honey products, whictverequite different fromthe single composite honey samples in this
current study which were recently extracted from honey frames and pooled from known
apiaries.

Classification results showed mer®d— Q XND KRQH\V VLIQLILFDQ@WO\ GLV
97 % accuracy which was 20 % higher than those of rRIHFQ X ND PQR-GQRXRIEB KRQH\
(62 - 72 %) (Table6.2). This could bepartly due to a large dataset of this group. The
investigation of discrimination between muli— Q XND PQR&6QRRD KRQH\V VKRZH:
multi-P—QXND ZDV FODYV®LYL &tchragy WMo nefP — Q X ND Z WK
accuracy. Ruoff et al. (2006) found that discrimination of a small group of-fitanabhoneys
from poly-floral honeys might be challemy due to the unequal dataset. However, mono
P—QXND KRQH\V ZHUH D PDMRULW\ JURXRult-P —@XWD \CH\G |
nonP—QXND KRQH\V UHSUHVHQWHG DURXQG SHU HDFK
classification of three MPI classes (menoulti-and norP —QXND DQG WZBndFODVVH\
nonP—QXND DV ZHOO DV GLG 690'$ ORWAWH®R ¥HPUSDWROE DUHD X
shows the probability of separation of each honey grexpeede®0 %. The sensitivity and
specificity of classification of mord® —Q XND KRQH\V DSSURDFKMH-GQXINDG WK
and noArP—QXND KRQH\V ZHUH D UR XQd8ls might/nétilbe bdiyRiestedV K D W
by the imbalanced dataset in this study.

Important spectral ranges selected were (4600 nm), (859 & 1000 1400 nm) and
(1850- 1880 nm). This was in line with the study bviyanto & Abdulla (2020put was
different from Yang et al. (2020). Noviyanto & Abdulla (2020) discriminated rftoral
P—QXND KRQH\V-bléhK Bloeraqdbbtieen mer— QXND KRQH\V ZLWK G
UMF™ levels in 400 1000 nm(Noviyanto & Abdulla, 2020) The selected range in the study
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of Noviyanto & Abdulla (2020) contained the Vis range sinlaio the current study.
However, the authors did not indicate any chemical footprints linked to spectral features. In the
current work, importanbands in (408 600) could be relevant to footprints of DHA, MGO
and colour pigments while (859 & 10601400 nm) and (1850 1880 nm) could reflect
carbohydrate characteristics and water molecules in the honey matrix §Iabky contrast,
Yang et al(2020) selected the region of 1300800 nm to differentiate mon® —Q XND KR QH\V
from syftupEOHQGHG P—QXND KRQH\V DQG FRUQ VV\UXS ,Q WKH
mostly corresponded to the absorption of water in the honey ndamng et al., 2020)Iin this
study, the absorption peaks of local water molecuese also identified at 1000 nm,
1398/1399 nm and 1850/1852 nm. The matrix of fresh maonolti-, and noAP —Q XND KRQH\V
is different fromadulterated honeys studied by Yang et al. (2020). In this study, the presence
of key chemical markers, polyphenolic compounds and water molecules was profoundly
important for the classification of monanulti- and nonRP —QXND KRQH\V

In conclusion, VisNIR spectroscopy (VIiNIRS) showed the capabilitio estimate the
honeyTXDOLW\ LQ WHUPV RI SRW HTEanaiSofSpectiaMinfonaticnX N D Q H
(based on important spectral bands) showed the ability @RS to capture unique chemical
information related to potency and purity. Thas@ortant spectral features were identified in
both Vis and NIR ranges which could mostly correspond to DHA, MGO, flavonoids, colour
pigments, and water moleculestire honey matrix Classification models forysity of mone
P—QXND KRQH\ DFKLHYHG DERYH DFFXUDF\ LQ EHLQJ G
(multi-P—QXND PQEQ®RD KRQH\V +RZHYHU WKH PRGHO IRU S
a moderate prediction performance due to the regional infpaetdl, the proposed approach
would allow the assessment of honey quality by spectral estimation of the biological activity
as well as the botanical origin.

Section2. NIR hyperspectral imaging data
6.45. SUHGLFWLRQ RI +6, SRWHQF\ P—QXNDQHVV

6.45.1. Regression models

Similary to NIR nonimaging data, 4656honeyHSI dataset in the 5471701 nm range
wasmodelled by PLS® SVR to estimate 14nonth UMFM scoresThe 4-interval iPLS and
VIP (auto) techniques @veapplied on the PLS output to enhance the predictive performance.
Figure 67 displays the PLS output of UM prediction from HSI dataFourteen latent

variables were employed to minisaithe prediction error. The model oltadl the R(CV) 0.7
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and R (Pred.) around 0.66. The root mean squared error of-zedisktion (RMSECV) and
prediction (RMSEP) were 2.75 and 2,.8espectively. The residual predictive deviation (RPD)
was 1.82Relative to PLSegressionthe SVR model did not improve the predictiotudiF™
score (results not shown in this chapter) since RPD < 2.
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Figure 6.7. The output oHSIPLS regression on UMHM prediction with calibration set
(black circle) and test set (red diamond): i) Latent variable plot versus RMSE-(cross
validation: dash line with cross & test: solid line with cross), ii) Leverage plot, iii) PLS score
plot, iv) Q residuals & Hotelling Fplot, v) regression plot between measured and predicted

UMF™ scores
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In the PLSmodel, the UMEM estimation (Figure @-v) contained some negative values
and some ovepredictive points at UMP* reference 0. This could iply some bias or
constraints that add not be explained by the model. The results of the HSI PLS model were
quite similar to those dhenonimaging PLS model, but the HSI predictability was lolwer

6 percentage poirgccuracy than that of namaging.
6.45.2. Variable selection from the regression model

Since PLS and SVR obtained similar RPD values, a PLS model was chosen to select
important wavelengths for understanding chemical signature ismpagrediction of UMFEM
score.A total of 108 variables were containedarfinal PLS model. The PLS loading plot
shows 27 important spectral features having the highest loading weight (Fig&eTéble
6.4). Four spectral regions were discernedower’00 nm, between 730922, 972- 1011 nm
andbeyond1090 nm.The first region with bands 607, 626, 651, 671, 696 could relate to color
pigments.The £cond region (730, 765, 794, 828, 873, 888 and 922 nm) reflects stretching of
39 and 4" overtone GH of carbohydrate groupsGH, -CHz & -CHs). The third region
indicatesthe local absorption of water molecules at 972, 991, 1011 & 1425 nm dtfbatod?2
1%t overtone of GH. The fourth region relates to"®overtone GH (1090, 11341114,1164,

1174, 1277 & 1292 nm) and'bvertone GH combination 0fCHs, -CH; & -CH (1327, 1341,
1327 & 1351 nmjXiaobo et al., 2010)

Loading values

900 1000 1100 1200 1300 1400
Wavelengths (nm)

Figure 6.8. Important spectral features extracted from HSI PLS regression loading plot for
UMF™ prediction
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Table 6.4.The important spectral features and correspanchemical footprints
charactesed from theHSI PLSUMF™ prediction

Spectral regions ldentified

Relevant chemical

Relevant compounds

(nm) wavelengths (nm) footprints discussed
Below 700 607, 626, 651, 671 & color pigments chlorophyl
696
730922 730 4" overtone GH of -CHs  MGO, DHA & other
carbohydrate groups
765,794 & 828 4™ overtone GH of CH,, - carbohydrate groups
CH and/ or 3 overtone  and/or HO
O-H
873, 888 & 922 39 overtone GH of -CHs, MGO, DHA & other
-CH; & -CH carbohydrate groups
9721011 972, 991, 997, 1011 2" overtone GH H.O

Beyond 1090

1292

1327, 1341, 1327 &

1351
1425

1090, 11341114,
1164, 1174, 1277 &

2"d gvertone GH of -CHg,
-CH; & -CH

1t overtone GH
combination ofCHjs

1stovertone GH

MGO, DHA & other
carbohydrate groups

MGO, DHA & other
carbohydrate groups

H20

6.45.3. GeneralisDWLRQ Rl +6, SRWHQF\ P—QXNDQHVV
SRWHQF\ P—QXNDQHYV Vsel bdnXliHeaZ B\&edtds3iohUFIg e 69

displays global prediction of+ 6,

SRWHQF\ Pacr@gaciyid diftereént districts witta

coefficient of determinatiorf0.62. 7KLV VKRZV WKDW S Raw bb®QrEasdhabl® X ND Q H
proxy for UMFM values identified in the UM® rating system, although its 62 % accuracy

compares poorly with the 74 % (0.74) achieved for neimaging dataagainst the samkab-

derived chemical dataith 96 % (¢ 0.96) The potential for using nedestructive spectral
PHWKRGV WR HVWLPDWH SRWHQ EvYeithis (@veNdD £2¢tiNasy doMdG LV F H

be useful at the point of honey extraction.
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646 3UHGLFWLRQ RI +6, SXULW\ P—QXNDQHVV

6.46.1. HSI classification models
PLSDA and SVMDA (rbf) classifiers were employedaimalyse HSI data for classifying

monom auka, multtim auka and nom -ARuka honeys. Table.Bdisplays the classification

results obtained with the test set. The PLSDA model gave overall classification (OA) accuracy

of 84.5 % and class accuracies (CA) for mpam -ruka, multtim -ruka and nom -ruka were

95.1 %, 52.6 % and 55.2 %, respectively. Meanwhile, SVMDA classifier obtained OA 86.3 %

and CA were 90.4 %, 73.2 % and 66.7 %, respectively. Overall, thikneamn SVM classifier

gave better discrimination acaay than the linear PLSDA (TableSh Subclassification

models of only two classes of mulB —Q XND PQ-EQRRD ZHUH DOVR EXLOW V
classed data were unbalanced with the majority of samples beingmenr®@ XND KRQH\V $ V
SVMDA model perfomed with OA ~74 % on the test set, higher than theFdLBADA model

(69.6 %) (Table6.6). However, both models could classify muRi— Q X ND A7 WK

accuracy which was higher by ~ 15 percentage padiv#n the model achieved with three

classes. For ctaification of nonP—QXND D 3/6'$ PRGHO RI WZR FODVVEH

percentage poisbetter accuracy.
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Compared to noimaging classification results, the classification output of HSI data
gave aboullO %lower crossvalidation accuracy, but thgredictability of new samples was
similarly above 80 %. This indicates that HSI classificatiomdelswas also good enough to
classify mone, multiand nonP —QXND KRQH\V ZLWK WKH8GWHGLFWLYH D

Table 65. Comparison betweeRSI PLSDA andSVMDA (rbf) for classification of
mono P — Q,XNID P — Q Xnid BorP —QXND KRQH\V

Model Recall Precision F1 OA
Mono Multi Non Mono Multi Non Mono Multi Non (%)
PLSDA 090 069 048 083 089 097 093 059 052 845

SVMDA 097 043 055 063 095 098 094 051 0.60 863

Table 6.6.Comparison betweddSI PLSDA and SVMDA (rbf) for
classification of muliP — Q Xd BorP — Q XND KR QH\V

Model Recall Precision F1 OA (%)
Multi Non Multi Non Multi Non
PLSDA 0.75 061 061 0.75 0.75 0.61 696

SVMDA 081 0.62 0.62 0.81 0.79 0.65 73.91

6.46.2. Selection of important variables

A PLSDA model was selected to interpret important wavelengths for classifying three
honey classes. A total of 44 spectral variables were selected after applyigs4and VIP
techniques. Againmportantregions of thesspectrabands (Table &) were smilar to those
mentioned in previous section for predicting UMBcore. Exceptionwere the587 and 602
nm bands which could ndite deteced as importanin the PLS regression model buere
identified in the PLS classification model. These bands caildlevant to flavonoids giving

colour of honey.
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Table 6.7. The important spectral features and correspanahemical footprints were
identified from theHSI PLSDA classification of mond® —Q XND-PPQO(WD P QG

P—QXND KRQH\V

Spectral Identified wavelengths (nm) Relevant Relevant
regions chemical compounds
(nm) footprints discussed

Mono-P— Q> Multi-P—QX Non-P—Q X
Below 600 587 & 602 587 & 602 587 & 602 flavonoids quercetin
631 &651 632 & 651 626 & 651  color pigments  chlorophyl
730,740 & 750 730,735,740 730,735& 4"overtone € MGO, DHA,
& 750 750 H of CH;, and/ carbohydrate
or 3%overtone groups and/or
O-H H.O
830-860 844,888 &900 843,888 & 898 843,883& 39overtone € MGO, DHA
897 H of -CHj, - & other
CH: & -CH carbohydrate
groups
1000- 1350 1110&1114 1110& 1115 1099 & 1110 2" overtone @ H-0
H
1144 & 1159 1144 & 1154 1149 & 1144 2" overtone € MGO, DHA,
H of -CH3;& -  carbohydrate
CH> groups
1297 & 1320 1297,1302,132 1297 & 1331 1%'overtone € MGO, DHA,
2&1331 H combination carbohydrate
of -CHjs, groups

6.46.3. Generalsationof +6, SXULW\ P—QXNDQHVV

A linear regression PLSDA model of three classes were chosen to estimate purity

P—QXNDQH V Vintar@¥MDA mQdel@asot easy to interpreflhree classes of MPI

were coded 1 for nerP — Q X N D
ZHLJKW YDOXH

QRC

1RY PXNDVRQ G-P+RUXRR AR/ WKH PHD
3XULW\ P seddioM IO khvay regidasioh MveightUrer Gk

whole dataset. Figure  LOOXVWUDWHYV +6, & Xéehenatéd FremQUPNIDA H V V

model. Similar to nonimaging and labEDVHG GDWD

+6,

classes quite overlapped although the dsoshowing75 % variance of distribution were
separatedMost of moneP —Q X ND P POQOWD P RIRD KRQH\V KDG RYHUO

other in 1- 3 purity range. Some samples from three clabadsegative values (bias) which

could notbe explained in the model.
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6.47. +6, SRWHQF\ DQG SXULW\ P—QXNDQHVYV SORW
ThelinearrelationshippetweenSRWHQF\ D QG S X WhtsihedrentHSNdat® HV V
was strong buthie correlatiorof determinatiorr? was only0.56 (Figure 6.11). Compared to
norrimaging dataand labbased datathe HSI linear accuracy between potency and purity
P—QXNDQHVV UHGXFHG E\ DQG S Fhis fdicatasDitait th8rk L Q W V
were nonlinearities between potency and puriB— QXNDQHVV REWDLQHG IURP +

the complexity of honey matrix that cannot be explained by modelling.
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6.48. Discussion

The NIR hyperspectral imaging system (5474701 nm)showedability to predict
SRWHQF\ DQG S X |butWids welit@ndid beNHRMNdrimaging system (3502500
nm). The predictive results of HSI data shovweedecrease in prediction accuracy 1Q@5
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percentage pointtRU WKH HVWLPDWLRQ RI ERWK SRWHQFtoDQG SXI

the resultfrom nonrimaging data.Factors differentiating nemmaging from HSI datawere

discussed in Chapter. 3n addition, the complex honey matrix also influences the HSI

prediction results which cannot be explained by PLS modelowgevertheHSI systenstill

showedSRWHQWLDO IRU SUHGLFW LUR®Dess] SRWHQF\ DQG SXULW!'
The spectral wavelengthdentified as important for prediction of UNI¥ score and

classification of MPI honey classes displayed in Tables & 6.7. These wavelengthgere

close to bands obtained framonimagingmodels. Overall, thabsorption of chemical markers

(DHA, MGO), flavonoids and water molecules in \N$R range was important to

charactesingmone P— QXND KRQH\V ITURP RWKHU KRQH\V

6.5. General discussion and conclusions

The current chapter investigated NIR rioraging and hypepectral imaging methods
IRU SUHGLFWLRQ Rl SRWHQF\ DQG SXULWasBdan@ysésDQHVV |
BUHGLFWLRQ RI SRWHQF\ P—Q XN D Q H\rvaghd 6B &9H3) DFF
but only gave 62 % accuracy for hyperspectral imaginggdd 3UHGLFWLRQ RI SXULW
from nonimaging data (OA= 89 %) was also highdsy 3 percentage poisthan that from
hyperspectral imaging data (GA86 %). In general, hyperspectral imaging data resulted in
poorer prediction of potency and purity s+ Q X N D Q H VimayingDdpsispeRtQuith the
discussion in Chapter. Fhis suggests that tlsgnaltto-noise ratiobetween two systems and
the complexhoney matrixmay haveaffected prediction of potency and purity. Tdignatto-
noisecanbechange to enhancéhe prediction accuracy, but tbemplexhoney matrix is still
present due to different botanic@urces originatettom different geographic districts. The
complexily of honey matrix affects NIR data that was also observed in thiedséd data for
WKH SUHGLFWLRQ RI PSeQNDQHVYVY $SSHQGL]

,Q FRQFOXVLRQ SRWHQF\ DQG SXULW\ P—QXNsDQHVV FD
measure the quality and purity 8f— Q X N D K RN@RHoni@dagihg and imagingothshow
WKH DELOLW\ WR SUHGLFW SRWHQF\ DQG SXULW\ P—QXND
was likelylimited by the nature oWild harvesthoney datavhich carriesbotanical variation
from differentdistricts. This chaptegenerally supports the potential describe€iraptes 4
and>5.
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Chapter 7
Investigating the impact of NIR methods for grading
PSQXND KRQH\V LQWR "Ghucket¢$) HQW 80)

7.1. Introduction
AXDOLW\ DVVHVVPHQW RI P—QXND KRQH\ RMU@mg 1,5 PH

chaptes KDYH VKRZQ WKH SRVVLELOLW\ RI 1,5 PHWKRGV IRU H
based omotency and purityOverall, the prediction of potency and purity achieved 80 %
accuracy. here arelimitations on prediction accuracy due to modelling error and the complex
honey matrix reflecting regional variatidRegression and classification approaches were used
WR VFRUH SRWHQF\ DQG SXULW\ P—QXNDQHVYVY UHVSHFWL
JLYH EHWWHU SHUIRUPDQFH WKDQ UHJUHVVLRQMEBRWHQF\ F
score which is a contindV YDOXH &RQYHQWLRQDOO\ P—UMKND KRQH\
5, >UMF™ 10, >UMF™ 15 or >UMF™ 20. Therefore, it could be useful to assess potency
P—QXNDQHVYV ZLWHKUMFEDhwketsRHbhefsIwith different levels of UMM
could be divded into severdUMF™ buckets (for example, very high, high, medium and low)
for quality assessment of honey frames. This process could improve modelling accuracy and
VWLOO FRXOG JHW WKH EHQHILWYV IRU JUDGLQJaRésP —Q X NI
with highUMF™ scoresbeingmixed with lowUMF™ scores

In the currentchapter the UMF™ bucketapproachwas employedo investigate the
impact of NIR methods on modeling performameedictingUMF™ scores andlassifying
three MPIclassesThis helps to assess the NIR methodsaitegorisingjuality UMF™ buckes
with minimum impact of the honey matrix effebt.practice, beekeepers and honey producers

can decide the numband sizeof UMF™ buckets which could optirsé their production.
7.2. Materials and method

We have used two datasets, one of 1451 samples from tHenagimg sensor and one
of 1656 samples from the imaging sensor. The results of prediction of "UMieres using
PLSregressiorand of classification of three MPI classes using PLSDA and SVM (rbf) were

examinedn Chapter 6or sorting into differentyMF™ buckets

Five UMF™ bucketswereselected bsed on UMP" scoresof honey sampletUMF™
bucket 0 (UMEM ~ 8 0 bucket 5 (2.5 UMF™ ~ 8 0 bucket 10 (7.5
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UMF™ ~ 8 0" bucket 15 (12.5x UMF™ ~ 8 0" bucket 20 (UMEM >
17.5).

Classification ofUMF™ buckes was evaluated by confusion matrix, misclassification,
overall accuracy (OA) and class accuracy (CA). From the regression and classification results,
honey samples were counted for eattiF™ bucketand displayed in the confusion matrix
and misclassificabn tables. Then, overall accuracy and class accuracy were calculated on

MATLAB (version 2020) based on the confusion matrix results.

7.3. Results
Section 1:NIR non-imaging data

7.3.1. Assessmenbf the SVM (rbf) classification model

Linear PLSDA andSVM (rbf) were employean NIR (norimaging) datao classify
mone P—QXND-PPXQOWD DPRRGQRARD KRQH\V 3/6'$ DQG 690 UE
obtained overall classification accuramfy82 % and Kappa 0.73 ~ 0.74 (Chapte-&wever,
SMV (rbf) gave higher class accuracy than PLSDRAerefore, a SVM model was chosen for
sortingUMF™ buckets.

Table 7.1 shows therossvalidated results of a SVM model.dioco P—QXND P XOWL
P—QXND PG RIRD KR gepdrated With Elass accurdfy4 %, 842 % and 831
%, respectively Prediction ofthe test seshowed a similar trend with crosgalidated results

with overall accuracyf 89 % (the results were showedGhapter 6).

Table 7.1.Confusion matrix ohonimagingCV-SVM classification results for
mono P—QXNDPPOXQOWD PG RRD KRQH\V
&9690 UEI PRGHO

2YHUDOO DFFXUDF\ Q V

&O0DVV Mono-P—Q> OXORVEQS 1R® —QXN
3UH G IPROQRG Q X 554 21 6
3 U H G IPFRKVORMGE Q X 8 181 26
3UHG IRPHG® XN 6 31 182

&0DVV DFEXUD 954 % 842 % 83.1 %

Note: CV means crosslidated

The predicted classes of the SVM model were plotted agtiiasmmeasuretdMF™
scores UMF™ 10 month)(Figure 7.1) There was a distribution gap betwagMF™ 0 and

UMF™ 2.5 due to some error in the lab dataset. In genérade was an overlap between
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mono P—QXNDPPXQOWD IPREQRARD KRQH\ VDME® Hodres/ KDBW KD G
TheSVM modelindicatedmono P — Q X N D viktR (QMF"/>10werewell classified Some
of mono P — Q XaMples were misclassified as mul? —Q XND [PQRGQRARD tkeR QH\V
were mostly fromUMF™ bucket 0 (UMEM DQG EXFNHWM<75).S086)
multi-P — Q X N D WeRe@iddlgssecas non P — Q X N Boni2 Q@ P — Q Kdwé&yswere
mislabdled as multiP —QXND KRQH\V 7KHVH VDPSOMFM Fudkgtth DOP RV
and bucket 5.

Tables 7.2a & b describe the confusion matrix and misclassification of theSSA¥
model The precisiorvaluesof UMF™ buckes 10, 15 and 20 were above 90 Fallowing
were UMF™ bucketsO and5 with 78 - 85 % precisionscore (Table 7.2). Somesample in
UMF™ bucket of 5 were misclassedth samplegrom bucket 10, but almosto samplegrom
bucket 0 B_UMF_0 were misclassedvith samples inBuckets 10, 15 & 20, except for 1
sample ofbucket 10 B_ UMF_10 was predicted as ne® — Q X ND  7i).HeHighest
misclassification rate was at buckets 0 an8&mne honeys ithe UMF™ bucket of 15 were
misclassified with samples in bucket Nb honeys ilUMF™ buckets 20 (B_UMF_20yere
misclassified Overall, honeys ihigh-rankingbuckets (1015, 20) were nicely separated from
honeys in buckets 0 &.

201

—
[%)]

Group

Measured UMF
o

Mono-rﬁanuka Multi-rﬁanuka Non-rr'nanuka
Predicted MPI classes
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Table 7.2aConfusion matrix of honey samples correctly classifiech anorrimaging
CV-SVM modeland then sorteth different UMF™ buckets
Correct classification

Prediction Mono-P—Q X  Multi-P—Q X1 Non- P— Q) Precision
B_UMF_O ref 7 21 158 0.78
B_UMF_5 ref 36 155 20 085
B_UMF_10 ref 315 5 4 098
B_UMF_15 ref 172 0 0 098
B_UMF_20 ref 24 0 0 1.00
Sum 554 181 182

Note:ref means reference dagaprecision was calculated by dividing the number of correctly
predicted samples of a bucket by tb&l number of samples in that bucket.

Table 7.2bMisclassification ohoneysamples predicted frommmnimaging CVSVM
modelandcounted in different UMB' buckets

Misclassification

Prediction Mono-P— Q. Multi-P— Q> NonrP— Q> Misclassed
ratio

B_UMF_O ref 5 31 15 0.22

B_UMF_5 ref 8 14 16 0.15

B _UMF_10 ref 1 4 1 0.02

B _UMF_15 ref 0 3 0 0.02

B_UMF_20 ref 0 0 0 0

Sum 14 52 32

Note: ref means reference da& misclassed ratio was calculated by dividing the number of
misclassed samples of a bucket by the total number of samples in that bucket.

Honeys from eaclhdistrict were plotted to understand whidatistricts had highest
misclassification. Figure 7.2 illustratehe crossvalidated SVM results grouped by eight
districts. Honeys withred colour were misclassed. MonB—Q XND KRQH\V ITURP +DZN
and Mobile Units seemed quibienmisclassed as multP —Q XND KRQH\V OHDQZKLOI
themulti- P — Q XoNdys arenisclassified asnelP —Q XND KRQH\V PDLQG\ FDPH I
Bay and Waikato. Some noR— QXND PLVFODRMXNDV KRX®DHNY ZHUH IR
Mobile Units, Waikato and Wairarapa. This suggested that hooeyposition mayary
districtby district The impact of regional variation on the results of global modé&mpeance

(e.g., SVM)was weltnoted.
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7.3.2.Assessmenbf the PLS regressionmodel

A CV-PLS regression moddbr predicing UMF™ scoresfrom nonimaging data
spanningeightdistricts combinedvas investigatedl'he prediction resuljave72 % accuracy
(Chapter 6) To understand the prediction performance, honeypkswith PLS predicted
UMF™ values were sorted into five UM¥ buckets. Table 7.3 displays the confusion matrix
of honey samples between PLS predicted values and the measured valubs faboratory.
Samples from UMPY bucketsO and 5 B_UMF_0 and B_UMF_¥bwere mostly misclassed
together, but only % of these buetswere misclassed with samples from UMBuckes 10
& 15 (B_UMF_10 and B_UMF_15K None of them were predicted laslonging tabucket20
(B_UMF_20. About 11 % and 20 %asnples from UME" bucket10 weremisclassedvith
lower zones B UMF _0 and B_UMF_band higher zonesB( UMF_15 & B_UMF_20),
respectively About 50 % and 13 % samples frddMF™ bucket15 were misclassed with
samples fromUMF™ buckes 10 and 20, respectively.

The PLS regression modshowed that it coulgredictwell for samples inUMF™
buckes 5 and 10with above65 % accuracyOverall the modewasable to separate honey
samples above UMF 7.5 (samples in B_UMF_10, B_UMF_15 & B_UMF_20) from saraple
with  UMF™ pelow 7.5 (samples in B_UMF 0 & B_UMF_5)As expected, the
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misclassification took place on the boundaries of edelss. Figure 7.3 illustrates the
percentage of each UM¥ bucket predicted fromthe nonimaging CVPLS modé The
misclassification at each MF™ bucket showed the overestimatioar underestimation
happeningat boundaies of each UMBPY bucket. Intuitively, when the boundary of each

UMF™ pucket changes, the sample distribution could also change.

Table 7.3.Confusion matrix of samples predicted from a4magingCV-PLS regression
model were sorted intive UMF™ buckets

Prediction B_.UMF 0O B UMF 5 B _UMF 10 B _UMF_15 B_UMF_20
B_UMF_O_ref 98 129 10 0 0
B_UMF_5_ref 32 181 35 1 0
B_UMF_10_ref 1 38 226 65 0
B_UMF_15 ref 0 1 102 72 27
B_UMF_20_ref 0 0 5 19 0
Class accuracy 41.4 % 72.7 % 68.5 % 41.1 % 0

Note: ref means reference data
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Figure 7.3.Thestackedar chart indicating the percentage of each UMmBucket correctly
estimatedyellow), overestimated (green) and undestimated (redjrom the noAmaging
CV-PLS model. Note: theercentage error increases with dark color
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Section 2:NIR hyperspectral imaging data

7.3.3.Assessmenbf the HSI SVM (rbf) classification model

The SVM (rbf) modehchieved higherlassification accuracy thatid thePLSDA model
(Chapter 6)Therefore, the C\GVM model was chosen to investigate the model performance
when sorting into differenUMF™ buckets The CV-SVM classification results ofmono
P—QXNDPPXQOMWD DRQRGQRARD deEsQoMh\in Table 7.4As with the non
imagingSVM mode| the HSI SVM modebnly obtained 78.5 % overall accuracy, which is ~
6 percentage poirfower accuracy than thaff the nonimaging SVM modelClass accurac
of each honey clasgas also aboutO %under theaccuracyof the nonrimaging SVM model
(Table 7.1)

Table 7.4.Crossvalidaed SVM classification results of hyperspectral data for
classifying moneP — Q X ND P POQO(W D P RARD KRQH\V

&9690 UEI
23 Q DPSOHV
&0ODVV Mono-P—Q; OXORVEQ. IR@—Q.
BUHGLFWRG-Q} 600 80 22
3UHGLFWP-G Q@) 37 151 48
3UH G L FWPH-GQ XF 14 48 160
&O0DVV DFFXUL 855 % 63.9 % 721%

Note: CV meansrossvalidated

CV-SVM was used to classify infive different UMFM buckets. Firstly, the correct and
misclassed were plotted against UMFscores(Figure 74). Honeyswith green colour were
correctly classified while honeys with red colour were misifesl. AlImost all moneP — Q X N D
honeys were weitlassified as mord® —Q XN D Z Mhakove 07)5.About 1 % mono
P — Q dhBys with UMF™ scores > 7.5were misclassed as muitP — Q XhbdhBys
Approximately 7 % monoP —QXND KRQH\ VD P'SOHWWwere Midcla8Lfiled as
multi-P —QXND- RYB@AD® KRQH\V ,Q DGGLWLHRANDERKERXIRDP XO
honeys were misclassed together and as rierRe Q XND KR QH\V

Tables 75 a & b show that honey samples were correctly classified and miseldssi
after separating into five different UMY buckets. Overall, almost all misclassed samples fell
into UMF™ buckets of 0 and 5 (B_UMF_0 and B_UMF _5). Only one misclassed sample was
predicted as moRrd® — Q X N D | U'Rtfici8d 9f 15. Th€V-SVM model coull predictwith
a precision 000 % accuracy for all moA® — Q X N D K R Qinl UMFAHmGekelof 10,15
& 20.
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When grouping the SVM crosalidation results bgeographic distrist;, mone P — Q X N D
honeys from Whanganuliistrict were weltclassified(Figure 7.5), followed by Kerikeri and
Wairarapa. MonoP —Q XND KRQH\V IURP ORELOHV 8Qdistvicsm@raNHV % D
mostly misclassedas multi- P — Q Xdnéys.Thesedistricts also showed misclassification
between muliP —Q XND PG-GQARARD KR QreEsuits weke livhithio those found in
norrimaging classification result3he misclassification ratio of thmagingSVM model was

10 %higher than that of the neamaging SVM model.
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Table 7.5a.Confusion matrix of honey samples correctly classifiedn a HSI
CV-SVM modeland then sorteth different UMF™ buckets

Correct classification

Prediction Mono-P—QX Multi-P—QX NonP—QX Precision
B_UMF_Q ref 1 11 131 0.57
B_UMF 5 ref 40 132 29 0.65

B _UMF 10 ref 340 8 0 0.92
B_UMF_15 ref 196 0 0 0.98
B_UMF_20 ref 23 0 0 0.96
Sum 600 151 160

Note:ref means reference dafaprecision was calculated by dividing the number of correctly
predicted samples of a bucket by the total number of samples in that bucket.
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Table 7.5b. Misclassification ofhoneysamples predicted from ldSI CV-SVM
modelandcounted in different UMB' buckets

Misclassification

Prediction Mono- Multi-P — Q> NonrP— Q. Misclassed

P—QXN ratio
B_UMF_O ref 22 48 37 0.43
B_UMF_5 ref 23 52 31 0.35
B_UMF_10 ref 5 24 1 0.08
B_UMF_15 ref 0 4 1 0.02
B_UMF_20 ref 1 0 0 0.06
Sum 51 128 70

Note: ref means reference da& Misclassed ratio was calculated by dividing the number of
misclassed samples of a bucket bytthial number of samples in that bucket
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7.3.4.Assessmenbf the HSI PLS regression

The C\APLS modebased on imaging data£1.160)coveing eightgeographic district
predictedUMF™ scoreswith an accuracys7? % (ChapteB). The predicted UMP* values
were sorted into five UMM buckets to understand the prediction model performance. Samples
from UMF™ buckets 0 and 3 UMF_0 & B_UMF_5 wereseparatedvell from samples in
UMF™ buckets 15 and 20B( UMF_15 & B_UMF_20. Some samples frorhucket 10
(B_UMF_10 were misclassified wit samples frorbucket 5§B_UMF_5) and only one sample
of bucket 10 were misclassifién bucket 0. However, anysamples fronbuckets 15 and 20
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werepredicted asamples fronbuckets 10Unfortunately, o samples from UMP" bucket
20 B_UMF_20 could beidentified as B_UMF_20, but instead of misclassifyingpuckets
5, 10 and 15This was due to a paucity of samples in this zone for buittiegnodel, but it is
probablynot afundamentalssue Although themagingregression model was not tegtthan
the norimaging regression model, after separating samples from™UNdEckets, samples
from B_UMF 5 couldbe prediced with65 % accuracy and samples from B_UMB dbove
67 % accuracyFigure 7.6 displays the percentafdJMF™ buckets predicted frorthe HSI
CV-PLS model. Overallhigh-quality honeg (e.g, B_UMF_20) were predictedinto low-
guality honeys andsimilarly low-quality honeys wereatedashigh-quality honeys. Ths issue

was worse in imaging PLS modeln did noAmaging PLS model.

Table 7.6. Confusion matrix of samples predicted from a IE$*+PLS model were
sorted into different UMP* buckets

Prediction B UMF 0 B_UMF_ 5 B UMF_10 B_UMF_15 B_UMF_20
B_UMF_Q ref 89 146 15 0 0
B_UMF_5 ref 38 202 66 1 0
B_UMF_10 ref 1 46 256 75 0
B_UMF_15 ref 0 2 103 95 1
B_UMF_20 ref 0 2 16 6 0
Class accuracy 35.6% 65.8% 67.7% 47.3% 0%

Note: ref means reference data
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Figure 7.6.Thestackedar chart indicating the percentage of each UMBucket
correctlyestimatedyellow), overestimated dreer) and undetestimated (redjrom

the HSI CVPLS model. Nat the percentage erromcreaseswith dark color.
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7.4. Discussion and conclusion
Chapter 6 showed NIR namaging models gave better prediction and classification
results than those of imaging dapsobably due to different acquisition settingsThe
complexity of the honey matrpesulting from variation in botanical sources impacts prediction
of potency UMF™ score$ and purity (verification of mond® —Q XN D P PQOXWD DQG QRC
P—QXND KRQH\V ZKHQ XVLQJ 1,5 PHWKR GNF™tKd¢keBa$U UH QW
quality categorieso grading honeys. UsingMF™ bucketsseems to minimise the complex
honey matrix effect and enhance the predictability of NIR methods. This provides a benefit to
grading honey by avoidingmonbORUDO P—QXND KRQH\V EHLQJ GLOXWHG
Overall, the regression and classification models of NIRin@aging and imaging data showed
that samples iWMF™ buckets of 15 and 20 were well separated fromUdF™ buckets of
0 and 5. There was some overlapping classification lyndstppening aUMF™ bucket
boundaries, in particular, between boundaries of buckets 5 and 10 and of buckets 10 and 15.
NIR models seemed to predict low for highF™ samples in buckets 15 and 20 and
predict high for lowUMF™ samples in buckets 0 and 5 into the budketThis could impose
a risk of missing higtu MF™ honeys by loss into lower buckets (e.g., buskét& 20), and
the risk of diluting low with highet MF™ honeys (e.g., bucket 5). However, this only takes
place at the boundaries of these buckets. N#®hods can still provideenefitby dviding
honey quality into different UMP buckets comparedith lumping all honeys togethehe
matrix effect seemed mild when applyibdF™ buckets. For example, Whanganui district
possessed many highMF™ honey senples compared to other districts. The complexity of
the matrix honey due to variation among geographic districts may inegaon prediction of
categoryUMF™ puckes than on the continuous valuedMF™ scores.
In conclusion, using UMP buckets helpseducethe influence of theomplexhoney
matrix when applying modelling to NIRpectral dataandthis canbenefitgradingof honey
quality. This chapterevealsthe ability of NIR methods to sort honeys into different UMF
buckets. Theravassomeoverlappingat boundariedbetweerbuckes. The clvice of UMF™
boundaryfor buckes could impact the distribution of honey sampbesweerbuckes. At the
extraction plant, honey companies can decide suitable'¥Mé&cketsto optimise production

and value
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Chapter 8
Economic benefits of NIR methods when assessing
PSQXND KRQH\ TXDOLW\ EHIRUH EXON H

8.1.Introduction

The current chapter considers how NIR technology can contribute value in the New
Zealand honey industry. Thigoject is premised on the belief that predicting the quality and
LGHQWLW\ RI P—QXND KRQH\ DW IUDPH OHYHO EHIRUH H[WL
and lower value honeys in the extraction process will lead to higher returns. Intuitively, this
expected because the UME$S$ curve (i.e., pricing curve) is concave upwards. The
proposition is also based on the belief that real apiaries are likely to contain considerable frame
to-frame variation. To date the project is premised on these assertions. Not until an NIR non
imaging (spectroscopy) or hyperspectral imaging (HSI) unit is placed in an extraction plant and
data collected from thousands of frames from dozens of apiaries will the real situation clarify.
This chapter seeks to examine the impact on revenue of applying péd&rascopy or
K\SHUVSHFWUDO LPDJLQJ WR DVVHVV P—QXND KRQH\ TXD
different levels of variability within apiaries and for a range of different shapes of pricing curve.

Several models were developed to predict UNiseore and classify monéloral-, multi-
floral-and noArP—Q XND KRQH\V DQG ZHUH GLVFXVVHG LQ WKH SU
we investigate the potential of NIR applied to imaginary apiaries. An imaginary apiary is a set
of 300 imaginary frames, eadmaving a spectrum and single suite of laboratory data.
Imaginary apiaries were tested by PLS regression and classification models. After estimating
UMF™ values by a regression model, imaginary honey frames were sorted into multiple
UMF™ puckets and thealue was calculated in two ways: (1) summed across each bucket
(simulating possible future prediction), and (2) summed across all frames mixed together as a
single lot (simulating current practice). Additionally, imaginary frames were classified into
MPI identity group. Four pricing curves were applied in this study to represent a range of
likely price/quality scenarios over years. And four different scenarios were used for different
types of variability that might arise in an apiary. Then how much revercreaseNIR
technology could bring was calculated for both NIR-moaging and hyperspectral imaging
systems by grouping honey frames into different UNBucketsrelative to groupingas a

single averaged lot.
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8.2. Materials, methodology, hypothesesha NIR model performance

8.2.1.UMF™ puckets

Five different UMEM buckets were elected to sort honey frames at apiaries into
categories of honey quality. Each UMFoucket has &init interval of UMEM:
x Bucket 0 (B_UMF_0) possessed UMHevel less than or equal 2.5.

x Bucket 5 (B_UMF_5) covered in the 2.3.5 UMFMranJ H 80) ”
X %XFNHW %B80)B UXQ IURP WR 80) ”
x Bucket 15 (B_UMF_15) had UMF VFRUH EHWZHHQ DQG

17.5)

X Bucket 20 (B_UMF_20) contained UNMEmore than 17.5.

Samples with high UMPR' level were segregated into buckets 15 and 20, while samples
in buckets 0 and 5 were considered low UMRevels. Samples in bucket 10 were in the
middle.

Table8.1 shows the 145%ample dataset separated into five different U¥1Buckets
by laboratory UMEM value before modelling. Bucket 0, bucket 5 and bucket 15 contagfed
- 334 samples while bucket 10 consisted of 478 samples. In contrast, bucket 20 only contained
33 samples. Adding more samples in bucket 20 was not possib&ethe honey season 2019
2020 had passed. This base dataset before modelling was quite unbalanced although some

chemometric methods (e.g., PLS and PLSDA) could deal with an unbalanced dataset.

Table 8.1.Number of 1451 honey samples separated indifferent UMF™ buckets
UMF™ buckets B_.UMF_ 0 B UMF 5 B _UMF 10 B_UMF_15 B_UMF 20

Samples 281 325 478 334 33

8.2.2.Methodology

We built imaginary frames from real samples (provided by Comvita and scanned-by non
imaging NIR and by HSIinstruments) by randomly selecting 25 real samples and then
combining them in pairs to generate (calculate) new ones. This way, we used the same
background variability as is embedded in the real data we have at hand but could generate very
large data setdVe could manipulate an imaginary apiary to be essentially high value with

some poorer frames hidden within, or perhaps mainly low BM&nd less likely to grade as
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several models to predict UMF and classification of MPI honey classes.
8.2.3.Hypotheses

We sought to test two hypotheses.

Hypothesis 1: sorting honey frames into different buckets could bring more benefit in
return than the current averaging method of all honey frames togé#tisewe could test using
the laboratory data alone.

Hypothesis 2: NIR technology could predictnley quality sufficiently well to evaluate
the quality of each frame (based on UMRKcores) before the extraction process, to be able to
exploit hypothesis 1.

To test hypothesis 1, firstly four imaginary apiaries were generated from randomly
selected da points of the 145%ample dataset. Each apiary consisted ofi@@@inaryframes
and was considered as an independent new dataset having been created from combinations of
25 raw datapoints. The imaginary apiaries should each cover a larg&UNafiribution (O-
20). In addition, one should be constructed to have 80 % high'Wt&mes and 20 % low
frames. Another one should have 80 % low and 20 % high. Honey frames from each apiary
were separated into different UMY buckets based on their lalatory UMFM values
(regarded as true UMM). The revenue derived from each apiary was calculated to assess
whether sorting frames into UM® buckets was better than averaging all frames. Revenue
was calculated according to four pricing scenarios (segé Befow).

For evaluation of hypothesis 2, NIR models were firstly built on spectral data of 1451
(nonrimaging data) and 1656 (imaging data) honey samples harbetteelen December 2019
and April 2020 All samples were sorted into five different UWFbuckets (section 8.2.1)
based on their true UMF values from laboratory data. Two NIR systems:-imaging (350
2500 nm) and hyperspectral imaging (54700 nm) were employed to collect spectral data.
Multivariate regression and classification models weii# irom each honey dataset based on
UMF™ levels. The classification model classified samples directly into different buckets. In
contrast, the regression model predicted continuous YM#&lues and then samples were
lumped into five UMEM buckets accoiidg to those values. The best NIR models were selected
to use with the dataset of four imaginary apiaries.

Hypothesis 2 was assessed based on predicted or classified values from NIR models.
Honey frames were again sorted into five buckets and the pegeecttange of NIR revenue

was calculated relative to the averaging method. To know whether NIR offers more benefit by
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separating frames in multiple buckets, the NIR revenue percentage was compared with that
calculated from the labatafrom hypothesis 1.

The bucket system employed in this study is only a device to test these hypotheses and
not a suggestion for real life extraction. In reality, the extraction plant manager can decide on

buckets and may choose to operate two only buckets on the basis @fgoo@iate heuristic.
8.2.4.Imaginary apiaries

To evaluate the predictive model performance, four imaginary apiaries were created to
mimic true apiaries. An apiary often contains around 2300 frames. So, this work created
300 frames in each apiary by 300 combinations of two data points built by 25 randomly drawn
samples from the raw 145hmple dataset. Averaging was applied for generating a new frame

from two data points. All procedures geconducted by R command (version R 4.1.1).

Each imaginary frame had both spectral and chemical information generated from two
original data points by averaging. Chemical marker concentrations of new frames could be
calculated by simple arithmetic aveiagg However, UMEM scores may not be a linear
function of DHA, MGO and Leptosperin contents. Thus, arithmetic averaging of Ystfere
from those of raw data point might not be appropriate. However, it found that there was a high
correlation £ (0.95- 0.99) between averaged UNE scores and the predicted UMF values
estimated using concentration of DHA, MGO and Leptosperin. Therefore, this work assumed
that averaging UMP scores from laboratory data would adequately generateUMiues
for new frames.

Four criteria were applied to generate four different imaginary apiaries (H1, H2, H2+ and
H3) for selection of random data points from 14%inple data (Table 8.2). The idea was to
create different distributions of UMM level. In reality, honey frames apiaries could contain
a large variation of UMP" scores (criterion 1). Moreover, some apiaries could have 80 %
3JRRG” IUDPHV™KLEKRU80) PL[HG ZLWK SE D Scdresp P H V
(criteria 2 & 3), and reversely (criterion 4).
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Table 8.2.Four criteria of randomly selected datapoints from the raw-545iple dataset

Criteria Criterion 1 (H1) Criterion 2 (H2) Criterion 3 (H2+)  Criterion 4 (H3)
UMF™ Cover a full variation - 80% high UMF - 80% high UMF - 80 % low UMF
characteristics  of 0- 20 UMF™ range > 17.5 range > 7.517.5 range 07.5
level range & & &
- 20% low UMF - 20% low UMF - 20 % high UMF
range < 2.5 range < 2.5 range > 17.5
Sample 5 data points in eacl - 10 data points ir - 10 data points ir - 10 data points ir
selection UMF™ buckets B_UMF_15 B_UMF_10 B _UMF_O
- 10 data points ir - 10 data points ir - 10 data points ir
B_UMF_20 B_UMF_15 B_UMF_5
- 5 data points in - 5 datapoints in -2 data points in
B_UMF_O B_UMF_O B_UMF_15
-3 data points in
B_UMF_20

825.6FHQDULRY RI P—QXND KRQH\TV SULFH YDOXHYV
0—QXND KRQH\ YDOXH KDV FRQWLQXRXVO\ EHHQ LQFUF

higher UMFM scores will attract higher prices. Four honey pricing scenaréssbased on
the price experience over 20 years. A logistic function or logistic curve was fitted to generate
a generic pricing curve ($/kg) as follows:
B: T, LW
wherex LV WKH [ YDOXH RI WKH VLIJPRLGY V PLGSRLQW
/ LV WKH FXUYHYV PD[LPXP YDOXH

k is the logistic growth rate or steepness of the curve.

7TDEOH VKRZV WKH ORJLVWLF FXUYHYV SDUDPHWHU\
scenariosFigure 8.1 illustrates the four sigmoid pricing curves expressed by $/kg. Scenario 1
shows the steepest price curve when UNigcore is at the point of inflection of 15. Following
are scenario 2 and 3. Scenario 4 is almost linear. None of these will be a perfect representation
but they should be useful for the purposes of this study.

For a sample of known UMF value (from laboatory or from predicted models) the
pricing curve of each scenario was consulted to calculate the price $/kg. At each imaginary
apiary, the prices from the four scenarios were calculated for each frame and averaged for all
frames. Then, percentage gaimenenue was computed between the sum of each §amalkeie
DQG WKH DYHUDvdueRl DOO IUDPHVY
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Table 8.3.Parameters of the logistic curve generated for each pricing
curve scenario

Parameters Scenario 1 Scenario 2 Scenario 3 Scenario 4

Xo 15 15 15 10
L 90 95 99 140
k 0.8 0.6 0.5 0.3
$/kg Scenario 1 $/kg Scenario 2
120 120
100 100
80 20
60 60
40 40
20 20
0 0
0 10 20 30 40 10 20 30 40
UMF UMF
$/ke Scenario 3 $ikg Scenario 4
120 100
100 80
80 50
00 40
40
20 20
0 0
0 10 20 30 40 10 20 30 40
UMEF UMF

Figure 8.1.Four scenarios ofP — Q X HNdING values over the past 20 years

8.2.6.NIR regression and classification models

8.2.6.1. Nonimaging system

™ Prediction of UMF™ score

Multivariate linear partial least squares (PLS) and linear support vector machine (SVR)

regression were employed to predict UMBcores from NIR data of 1451 honey samples. A

final PLS model gave 72 % accuracy on the test set while SVR model produceste¢arécy.
The residual predictive deviation (RPD) values obtained were 1.84 & 1.85 for PLS and SVR

models, respectively that indicate the potential capability of these models to discriminate
between low and high UMK values. Since PLS and SVR showed &amRPD values, the

PLS model was chosen, being the less complex model.
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™ Classification of UMF™ buckets

Linear partial least squares discriminant analysis (PLSDA) andimesr support vector
machine discriminant analysis (SVMDA) witBaussian radial dsis kernel (rbf) classifiers
were used to discriminate five different UWFbuckets (B_UMF_0, B_UMF_5, B_UMF_10,
B_UMF_15 and B_UMF_20) of the 1451 honey dataset. PLSDA classification after optimising
spectral regions of interest i87 440- 700 nm & NIR: 1000- 1400 nm) by iPLS technique
seemingly performed better than SVMDA ogied over the full NIR range (35@500 nm).
PLSDA and SVMDA gave overall accuracies on the test set of 58.6 % and 55.4 %, respectively.
SVMDA could not predict any samples in B_UMF_20 since the number of samples in this
class was very small and was cdesed as a minority group compared to other groups. PLSDA
could predict samples in B_UMF_20 although only with 25 % accuracy. Moreover, PLSDA
classified samples in B_UMF_10 a full 10 % better than did SVMDA. Other class accuracies
of both models were q@tcomparable (Table 8.4). Thus, the PLSDA model was selected as a

final classification model for the NIR ndmaging system.

Table 8.4.Classification outputs of five different UME buckets on the test set of
norrimaging PLSDA and SVMDA models
THGW W D 3/6'$ 690'$ UEI
(n=450s) &9 DFFXUDF\ &9 DFFXUDF\
%B80)B
%B80)B
%B80)B
%B80)B
%B80)B
.DSSD
SUHGLFWLR
Note: CV means crosslidated

8.2.6.2. Hyperspectral imaging system

™ Prediction of UMF™ scores
Linear PLS and SVR regression methods were used to estimatéM#déres. After
discardingirrelevant wavelengths, an optimised PLS model resulted 2{(Q¥) 0.7 &
RMSECV 2.756 and R(pred) 0.66 & RMSEP 2.608 on cregalidation and test sets.
Analogous to PLS, SVR gave RCV) 0.64 & RMSECV 3.022 and®Rpred) 0.57 and RMSEP
2.944. The RPD nuber of PLS and SVR were 1.84 and 1.68 which indicates both models

could only predict between high and low UMHevels. The linear PLS model optimised in
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(600- 1000 & 1040- 1400 nm) showed a higher predictive performance than the linear SVR
model in thefull 547 - 1700 nm range. So, the PLS model was chosen as a final model to

estimate UMM values in hyperspectral imaging system.

™ Classification of UMF™ buckets

PLSDA and SVMDA (rbf) classifiers were used to differentiate five UNBuckets of
1451 samples each with spectrum collected by a hyperspectral imaging systemi 7947
nm). SVMDA gave 59 % overall classification accuracy, better than PLSDA (47 % accuracy).
Again, SVMDA could not pick up information of samples in B_ UMF zZ2e. PLSDA only
classified this bucket with a low accuraafyl0 %. Overall, SVMDA did better than PLSDA.
The SVMDA model were chosen as a final model. However, this study also calculated the
model benefit from a PLSDA model to compare betweenimaging and hyperspectral

imaging systems.

Table 8.5.Classification outputsef five different UMFM bucketson the test set ¢Sl
PLSDA and SVMDA models

7THVW GDWD 3/6'$ 690'$ UEI
(n=450 s) &9 DFFXUDF\ &9 DFFXUDF\
%B80)B

%B80)B

%B80)B

%B80)B

%B80)B

.DSSD

SUHGLFWLR

8.3.Results and discussion

8.3.1.Distribution of four imaginary apiaries

Four imaginary apiaries were generated to reflect different scenarios at beehives. H1
contained broad distribution of UM, while H2 and H2+ had at least 63 % frames with high
UMF™ 80) ! DQG " 8%) yespectively) and at most 26 % frames of low
UMF™ (0 - 7.5). On contrast, H3 had at most 66 % frames of low OMP - 7.5) and 4 %
frames of high UME > 17.5. These criteria were used for both-imoaging (Figure 8.2) and
hyperspectral imaging data (Figure 8.3).

Figures 8.2 and 8.3 display the distribution of four apiaries plotted against"UMF
generated from laboratory data and predicted from bothimaging and hyperspectral

144



imaging by PLS regression method. Overall, PLS regression models in both systems predicted
lower than laboratorgata derived UMB' values for samples with UMM above 17.5. By
contrast, PLS models estimated higher than laborataty derived UMB values for samples

with UMF™ pelow 5. One reason to explain this might be the imbalanced dataset of 1451
honey samples on which the PLS models were built since the number of samples with UMF

> 17.5 (B_UMF_20) was less than 50. Mosimples were quite equally spread across
B_UMF_O, B_UMF_5, B_UMF_10 and B_UMF_15. A balanced calibration dataset might

improve the regression model performance.

UMF

UMF
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H1 apiary distribution
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H2+ apiary distribution
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Figure 8.2.Distribution of four apiaries from neimaging data. Black circles were

honey samples with generated UNfBcores from the lab. Red circles were

predicted UMEMsamples from the PLS regression model
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Figure 8.3.Distribution of four apiaries from hyperspectral imaging data. Black
circles were honey samples with generated UXeores from the lab. Red circles
were predicted UMB' samples from PLS regression model

8.3.2.What benefit arises if honey framesare sorted into different UMF™

buckets?

Currently, monefloral honey quality is valued on the UNIfEscore of a single composite
sample taken from a drum with many frames extracted and mixed together. We have imagined
that honeyframe UMFM levels are cheked prior to extraction and frames grouped into five
different notional buckets (B_UMF_0,B_UMF_5,B_UMF_10,B_UMF_15and B_UMF_20).
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We wish to test whether sorting frames into notional buckets is a good strategy sroterm
revenue benefit in comparistm averaging all frames via a real drum.

To test this hypothesis, four apiaries having their UNIIEvels calculated from laboratory
data were sorted into five different buckets. Each UMBucket hasa pricing value at each
pricing curve scenario. FiguBe4 illustrates the revenue impact of division into buckets as the
percentage increase (positive) or decrease (negative) over the bulk average of all frames for
four apiaries (H1, H2, H2+ & H3) for both nemaging and hyperspectral imaging data.

Overall separation of honey frames into five different buckets brought more benefit for all
DSLDULHYV DQG + 7KH JUHDWHVW EHQHILW FDPF}

pricing curve with the steepest sigmoid curve. Least gain came from the lmesatyscenario

+ + +
4 curve.

Figure 8.4 shows the revenue gain of four imaginary apiaries for four different pricing
scenarios. Apiaries H1 and H2 gained greatest revenue for pricing scenario 1 for both non
imaging and hyperspectral imaging systefsimilar trend was followed by H2+, then apiary

H3. Apiaries H2 & H2+ gained less than 1 % for the pricing scenario 4.

40 407

i 204

| . | o]
H2+

% LAB revenue

207 I

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Scenario

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Scenario

] - - Scenario

§ S . Scenario 1
i 504 . Scenario 3
= . Scenario 4

Figure 8.4 Percentage gain in honey revenue was calculated for four pricing scenarios for four

imaginary apiaries (H1, H2, H2+ and H3) with namaging laboratory data (left) and hyperspectral

imaging laboratory data (right). Revenue percentage was the differetwedn values from sorting

frames inNUMF™ buckets and averaging all frames
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This dichotomy was not expected with sorting frames into buckets. It was expected that the
current bulk averaging system would be the best in apiaries with all frames with'3MF.5
although this situation was not always true. Closer inspection shows three things: (1) under the
linear pricing curve of scenario 4 there is little change in revenue performance gained by
apportioning into buckets. And (2) those imaginary apiad@sinated by samples falling
where the pricing curve is concave upwards gain the greatest benefit while (3) those dominated
by samples in the concave downward portion of the curve gain most revenue where all samples
are bulked together. It appears that ifoney is high on a strongly sigmoid pricing curve, there
are diminishing returns to higher UNtand more gain is had by mixing it to bring the bulk
up into the steeper part of the curve. This implies that if the pricing curves is not sigmoid, but
contirues to steepen, then it is always better to segregate than to mix.

In conclusion, application of sorting honey frames into different buckets before
extraction can bring considerable benefit relative to bulk extraction effectively into a single
bucket. But this only applies for apiaries which are having a large variation of Ustiere
or all frames with UMEM < 17.5. It will be better to keep frames together if apiaries have less
variation or all frames have UME >17.5.

As yet, we do not kne how much of the gain made possible by discriminating into
buckets is lost by poor prediction. Next, we compare revenue gains by the bucket method
operating on NIR technology results or directly on laboragstymatel UMF™ level. Sections
(8.4 and 8.5fiscuss incremental revenue gains broumyHbucket classification of laboratory

data therfrom NIR nonimaging and hyperspectral imaging data.
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8.3.3. Benefit of NIR nonimaging (350- 2500 nm)
8.3.3.1. Calculation of regression revenue

™Evaluation of NIR regression performance based on the revenue

benefit

The selected PLS model was employed to estimate MMEores of apiary H1. Samples
with predicted values were put into five different UNffbuckets. Table 8.6 shows the number
of true samples sorted in five buckets against with predictive samplesObs#mples in
B_UMF_5 misclassified with B_UMF_10. 14 @f samples in B_UMF_10 misclassified in
B_UMF_15 and 30 % misclassified in B_UMF_5. No gées in B_ UMF_0 misclassified with
samples in B_UMF_15 and B_UMF_20. No samples in B_UMF_20 were predicted in
B_UMF_20, but they were misclassified in B_UMF_15 and B_UMF_10. This meant that the
PLS model predicted lower UME values than the true UME reference. The
misclassification rate of prediction of UME score for H1 was 0.37. Underprediction at high
UMF™ was of particular concern.

The revenue impact of the bucket method over bulk average from a drum was calculated
for apiary H1 (Figure 8.5). On the ldfand panel, applying bucket classification to the actual
laboratory data gave over 40 % revenue gain for pricing curves 1 dowrfao the linear
scenario 4. Noiimaging NIR data from apiary H1 gave gains around half this. The greatest
revenue gain occurred under scenario 1 with the greatest curvature in thqugatite
relationship. By contrast, negative benefit was gained uhddinear pricing scenario 4 from

separating honey frames into multiple buckets.

Table 8.6.Non-imagingPLS regression results were sorted in five different buckets
for the apiary H1

H1 Reference
Predicion B _UMF 0 B_UMF_5 B_UMF 10 B UMF_15 B_UMF_20 sum
B_UMF_O 6 7 0 0 0 13
B _UMF_5 10 47 18 3 0 78
B_UMF_10 0 24 97 29 3 153
B_UMF_15 0 0 8 38 10 56
B_UMF_20 0 0 0 0 0 0
sum 16 78 123 70 13 300
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Figure 8.5.Percentage gain in honey revenue by classifying into multiple quality buckets

% Revenue

using a PLS regression model based onrimaaging NIR data revenue (right) compared
to the gain achieved by classifying on laboratory data (left) for four different pricing
curve scenarios, all for apiary H1 (i.e., 300 frames evenly spread@UMF™)

If the PLS model of nomaging data could predict samples in B_UMF_10 (Table 8.7)
with 100 % accuracy, limited further revenue gains are made under scenarios @ anatet
8.6). By contrast, if the PLS model correctly estimated 100 % samples in B_UMF_15 (Table
8.8), all scenarios would gain mong to 12 % revenuacreasecompared to the original
predicted buckets (Figure 8.7). And, if the PLS model could precsetyl00 % samples in
B_UMF_20 (Table 8.9), up to 10 % more revenue could be gained for all scenarios (Figure
8.8) compared to the original PLS model prediction.
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Table 8.7.Non-imagingPLS regression results were sorted in different buckets if
achievingl00 % predictionnto bucket 10 at apiary H1

+ SHIHUL
SBUHGLF %B80)F %B80)F %B80)B %B80)B %B80)B VX

%B80)B
%B80)B
%B80)B
%B80)B
%B80)B
VXP

Bucket LAB -average LAB Bucket NIR -averaged LAB
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2 . Scenario 1
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= 20 . Scenario 3
l . Scenario 4
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Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 1 Scenario 2 Scenario 3 Scenario 4
Scenarios

Figure 8.6.Percentage gain in honey revenue by classifying into multiple quality buckets
using a PLS regression model based on-moaging NIR data revenue with absolute

accuracy of prediction at Bucket 10 (middle); additional gain made by perfect accuracy at

bucketl0 (right); compared to the gain achieved by classifying on laboratory data (left) for

four different pricing curve scenarios, all for apiary H1
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Table 8.8.Non-imagingPLS regression results were sorted in different buckets
if achievingl00 % predictionnto bucket 15 at apiary H1

+ SHIHU
3UHGLF %B80)E %B80) %B80)B %B80)B %B80)B VX

% B80)B
%B80)B
%B80)B
%B80)B
%B80)B
VXP
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Figure 8.7.Percentage gain in honey revenue by classifying into multiple quality buckets using a PLS
regression model based on nimnaging NIR data revenue with absolute accuracy of prediction at
Bucket 15 (middle); additional gain made by perfect accuracy at baiBk@ight); compared to the

gain achieved by classifying on laboratory data (left) for four different pricing curve scenarios, all for

apiary H1

% Revenue
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Table 8.9.Non-imagingPLS regression results were sorted in different buckets
if achievingl00 % predictionnto bucket 20 at apiary H1

+ SHIHUL
SBUHGLF %B80)F %B80)F %B80)B %B80)B %B80)B VX

%B80)B
%B80)B
%B80)B
%B80)B
%B80)B
VXP
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Figure 8.8.Percentage gain in honey revenue by classifying into multiple quality buckets using a PLS
regression model based on risnaging NIR data with absolute accuracy of prediction at Bucket 20
(middle); additional gain made by perfect accuracy at bucket 2@tjrigompared to the gain
achieved by classifying on laboratory data (left) for four different pricing curve scenarios, all for

apiary H1

This analysis shows that revenue gains are possible if the predictions are accurate in the
right zonesTherefore, future modelling aims to improve the accuracy of the PLS regression
model performance for samples in B_UMF_15 and B_UMF_20 zones. Improving the accuracy
of predicting samples in B_UMF_20 might not be easy for the current dataset due to the
relaively small number of samples (< 50) in that zone. Enhancing the precision of estimating
samples in B_UMF_15 could be possible. It is suggested that using a classification method for

each UMEM pucket might be better than a regression method (next s€cic).

153



™Impact of apiary variability on revenue gains using NIRbasedumrF™

predictions

Figure 8.9 illustrates the total percentage revenue gain (or loss) for four imaginary
apiaries (H1, H2, H2+ and H3) using nonaging NIR data anthboratory data for sorting
into five different buckets relative to the current method of bulk extraction. Thehagiat
panel shows laboratory data grouped into buckets relative to laboratory data lumped into a
single bucket; the left panel shows rAiareging NIR data relative to laboratory data in a single
bucket. As mentioned in section 8.3.1, apiary H2 with a large proportion of its"UMF
distribution above 17.5 UM did not earn any additional value through assigning frames into
different buckets usman NIR dataderived model. This looks to be a modelling deficiency
deriving from a paucity of toguality samples in the calibration set and is not fundamental.

Laboratory data show greater revenue in all cases, with greater increase for greater price
guality curvature. The model built from némaging NIR data shows revenue increase for
three imaginary apiaries H1, H2+ and H3. Greatest benefit was obtained under scenario 1 for
apiaries H1 & H2+. Apiary H3 was anomalous having most benefit under sc@remib 3-
H3 contained mainly samples with UMflevel (7.5-12.5) (Figure 8.9). For scenario 4, the
near straightine pricequality curve, H1 and H2+ did not increase in value using multiple

buckets but apiary H3 gained over 10 % (Figure 8.9).
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Figure 8.9.Percentage gain in honey revenue by separating into differeiit™ buckets
by PLS model of nemaging NIR (right) and laboratorgerived data (left) for four
different pricing curve scenarios (Scenario 1, Scenario 2, Scenario 3 and Scenario 4) at
apiaries H1, H2, H2+ and H3

Figure 8.10 displays contour plots of UWFagainst pricing scenarios. Contours reflect
percentage revenue change of grouping frames at eachmagimg NIR modepredicted
UMF™ bucket relative to the averaged laboratory revenue for four different pricing scenarios.
Any zone coloured black repreds reduced revenue. Red zones represent over 50 % gain in
revenue from grouping into five buckets on NIR predication rather than into one bucket by
laboratory data. To generate smooth contour plots adjacent pricing curves were interpolated by
Origin software (Origin, version 2020). As expected, greatest benefit was from pricing curve
1 for all apiaries containing frames in UNMbucket 15 (H2, H2+). No benefit was obtained

from UMF™ bucket 20 for any apiary, especially apiary H2 since the NIRimagingmodel
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underpredicted UMP* > 17.5. H2+ showed the largest NIR revenue gain from OMficket
15 for pricing scenario 1. Meanwhile, apiaries H1 and H3 had greatest revenue Y UMF
buckets 5 and 10, respectively relative to their majority frames in thegetlmones.

In summary, apiaries having a large variation of UMBenefited most from classifying
into multiple buckets. Only apiaries with a predominance of very-gighiity honey failed to
benefit, but that appears to be a weakness in the currenttpye models rather than a problem
fundamental to the approach. Ultimately models may need to be selected for their ability to

perform well at the most sensitive parts of the quality range.
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Figure 8.10.Contour plots of percentage change in revenue fomaping frames into UMP
buckets by model based on Aoraging NIR relative to revenue from averaging across all frames
UMF™ calculated from laboratory data, for four different pricing curve scenarios (Scenario 1,
Scenario 2, Scenario 3 and Scenaridat)apiaries H1, H2, H2+ and H3
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8.3.3.2. Calculation benefit from the PLSDA classification model

In cortrastto PLS regression, the PLSDA classification model discriminated samples
betweerB_ UMF_0, B_UMF_5 and B_UMF_10, but misclassification arose between samples
in B_UMF_10 and B_UMF_15 and B_UMF_20. Figure 8.11 illustrates the percentage of
samples classified in different buckets from the final PLSDA classification model compared
with thetrue laboratory values for all four imaginary apiaries. The misclassification rate of this
PLSDA model was 0.41 which was higher than that of the PLS regression model.

In general, the PLSDA model ovemted samples which originally came from
B_UMF_10 inb B_UMF_15 & B_UMF_20. No samplieom B_UMF_0 was misclassified
into B_UMF_15 & B_UMF_20, and no samples in B_UMF_5 were misclassified into
B_UMF_20; few samples were misclassified in B_UMF_15.
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Figure 8.11.Percentage of samples classified from a-imoaging NIR PLSDA
classification modeltép) and from laboratoryderived model of true sampldsoftomn)
sorted in five different buckets (B_UMF_0, B_UMF_5, B_ UMF_10, B_ UMF_15 and
B_UMF_20) at apiaries H1, H2, H2+ and H3

The percentage revenue gain from tHB RLSDA classification was calculated for four
LPDJLQDU\N DSLDULHV ZLWK IRXU GLITHUHQW P—QXND KRQH
the PLS regression models, additional revenue fromMUBDA was earned with apiaries H1,
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H2+ and H3 for four prieig scenarios. Apiary H2 also obtained further gain in revenue at most
5 %, but only for scenarios 2 and 3, an effect not seen with the PLS regression models. All
apiaries (H1, H2+ & H3) were predicted to increase revenue more by thelNEBA than by

the laboratory datalerived model using the scenario 1 pricing curve. This linked to a high
number of samples estimated into B_UMF_15 & B_UMF_20.
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NIR classification PLS modebf) compared with that of laboratomgerived model
(bottom)for four different scenarios (Scenario 1, Scenario 2, Scenario 3, and 8cenar
4) at apiaries H1, H2, H2+ and H3
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8.3.3.3. Comparison between regression and classification models
The additional revenue calculated from tblassification method exceeded that of
regression, but it may have owated samples into higher classifications (Figure 8.13). The
regression model predicted lower UWFscores for samples in B_UMF_20 (UM> 17.5)
but may have undegstimated UME atthe highquality end. Thus, the classification method
returned more benefit than regression at this stage of model development.
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8.3.4. Benefit of NIR hyperspectral imaging (54741700 nm)
8.3.4.1. Calculation of regression revenue

™Evaluation of HSI NIR regression performance based on the revenue

benefit

The final PLS regression model built from hyperspectral imageitg evas used to
estimate UMM scores for all imaginary honey frames from four apiaries H1, H2, H2+ and
H3. Table 8.10 displays the regression prediction at apiary H1 after putting frames into five
different UMFM buckets. The results showed there was misclassification between samples in
B_UMF_5and B_UMF_10 or between B_UMF_10 and B_UMF Nibsample in B_UMF_0
was misclassified with samples in B_UMF _15 and B_UMF_20. However, there were a few
samples in B_UMF_5 raclassified with samples in B_UMF_15. No samples were predicted
in B_UMF_20, but true samples in B_UMF_20 were misclasasdB_UMF _10 or
B_UMF_15. The misclassification rate was 0.45, which was 0.1 higher than that of a PLS
regression model from namaging data. A familiar pattern is visible however: higher quality
samples were underrated, and lower ones overrated.

Figure 8.14 shows the percentage change in revenue from apiary H1 from sorting frames
into different buckets. Apiary H1 contained a large \tataof UMF™ distribution from 0 to

2Q0\ XQGHU P—QXND KRQH\ SULFLQJ VFHQDULR GLG HE
in cases of scenario 2, 3 and 4. This is a long way short of the increased returns available using
laboratory data (left side #figure 8.14) and was lower than results for four scenarios ef non
imaging NIR data modelled by PLS regression (sectiBr88). The predictive models need

further tuning.
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Table 8.10.HSI PLS regression results were sorted in different buckets for the apiary H1

+ SHIHU
3UHGLF %B80)l %B80)f %B80)B %B80)B %B80)B VX

% B80)B
%B80)B
%B80)B
%B80)B
%B80)B
VXP

Scenarios

. Scenario 1

Scenario 2

. Scenario 3
. Scenario 4

% revenue

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 1 Scenarioc 2 Scenario 3 Scenario 4
Scenarios

Figure 8.14.Percentage gain in honey revenue by classifying into multiple quality

buckets using a PLS regression model based on HSI NIR data (right) compared to the
gain achievedy classifying on laboratory data (left) for four different pricing curve

scenarios, all for apiary H1 (i.e., 300 frames evenly sprea@0 UMF™)

If a HSI NIR PLS regression model could improve to 100 % accuracy in predicting all
samples at B_UMF_10 @ble 8.11 & Figure 8.15), the revenue could increase morandet
5 % more. If samples in B_UMF_15 were estimated at 100 % accuracy (Table 8.12 & Figure
DOO VFHQDULRY RI P—QXND SULFLQJ YDOXH JDLQ XU\
thebase modelAnd if 100 % of all samples in B_UMF_2@erecorrectly estimated, up to 15
% more revenue could be earned (Table 8.13 & Figure 8.17). Thus, the model predictive

accuracyneeds to be improvad the B_UMF_15 & B_ UMF_20 zones.
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Table 8.11.HSI PLS regression results were sorted in different buckeishieving100
% predictioninto bucket 10 at apiary H1
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Figure 8.15.Percentage gain in honey revenue by classifying into multiple quality buckets
using a PLS regression model based on HSI NIR data with absolute accuracy of prediction at
Bucket 10 (middle); additional gain made by perfect accuracy at bucket 10 (righf)aoednto
the gain achieved by classifying on laboratory data (left) for four different pricing curve

scenarios, all for apiary H1
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Table 8.12.HSI PLS regression results were sorted in different bucketshiieving100
% predictioninto bucket 15 at apiary H1
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Figure 8.16.Percentage gain in honey revenue by classifying into multiple quality
buckets using a PLS regression model based on HSI NIR data with absolute accuracy of
prediction at Bucket 15 (middle); additional gain made by perfect accuracy at bucket 15

(gain); comm@red to the gain achieved by classifying on laboratory data (left) for four

different pricing curve scenarios, all for apiary H1
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Table 8.13.HSI PLS regression results were sorted in different buckeishieving100
% predictioninto bucket20 at apiary H1
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Figure 8.17.Percentage gain in honey revenue by classifying into multiple quality buckets

% revenue

=)
=3

using a PLS regression model based on HSI NIR data with absolute accuracy of prediction at
Bucket 20 (middle); additional gain made by perfect accuracy at bucket 20 (righf)aoeadnto
the gain achieved by classifying on laboratory data (left) for four different pricing curve
scenarios, all for apiary H1

™Comparison of the revenue among four different apiaries

Figure 8.18 shows the total percentage gain in honey revenue MéRiderived model
(right) and a laboratorderived model (left) for four imaginary apiaries. Overall, only apiaries
H1, H2+ and H3 benefited from the current HSI NIR regression model when separating frames
into five UMF™ buckets. Apiary H2 with a high lel of UMF™ >17.5 lost revenue by
separating frames into different UNMMfbuckets due to the underestimation of UMRralues
in buckets 15 and 20. Further investigation indicates that it is better to keep frames together if
all frames obtained UM® > 17.5. If there isa large variation of UMP levels or UMEM <

17.5, itis suggested to divide frames into different buckets.
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Figure 8.18.Percentage gain in honey revenue of N8R model (right) and laboratory

derived model (left) for four different scenarios (Scenario 1, Scenario 2, Scenario 3, and

Scenario 4) at apiary H1, H2, H2+ and H3
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Figure 8.19 displays contour plots of percentage change in revenue generated by
groupingframes at each HSI NIR modgtedicted UMEM bucket relative to the averaged
laboratory revenue for four different pricing scenarios. It was unexpected that greatest benefit
did not come from the pricing curve 1 due to the underprediction of the HSI regression model
for frames with UMEM > 15. No beefit was returned from UM bucket 20 for any apiary.

H2 did not get the highest NIR revenue gain in bucket 20 and 15 for pricing scenario 1 but had
the greatest revenue in UNMEbucket 10 under the pricing scenario 4. Also, H1 & H2 did not
gain revenuén UMF™ bucket 20 and 15. Their greatest revegaa was obtained from
IUDPHV LQ EXFNHW <12.5)for all$fding scenarios. H3 obtained the highest
revenuegain in bucket 5 for the pricing curve 4. Overall, the HSI NIR regression model
undeestimateceven morehandid the nonimaging NIR regression model, which did not bring
much revenue gain of frames in UWFbuckets 20 and 15. This seemedorrespond to both

a deficiency of samples in bucket 20 and the inefficiency of regression mgdeflestimating

frames in bucket 15.
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Figure 8.19.Contour plots of percentage change in revenue from grouping frames int6"UMF
buckets by model based HSI NIR relative to revenue from averaging across all frames
UMF™ calculated from laboratory data, for four different pricing curve scenarios (Scenario 1,
Scenario 2, Scenario 3 and Scenario 4) for apiaries H1, H2, H2+ and H3
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8.3.4.2. Calculation of HSI classification revenue

To improve the accuracy of sorting frames into B_UMF_15 and B_UMF_20, HSI
classification technique was applied to sort frames into five different buckets. The SVMDA
model obtained 66 % overaticcuracy which was better than the PLSDA model (54 %
accuracy). SVMDA may have improved the accuracy of prediction of samples in B_UMF_15,
but no true samples were correctly placed in B_UMF_20; instead they were misclassified into
B_UMF_10 & UMF_15 (Figue 8.20).
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Figure 8.20.Percentage of samples were classifiedH$t SVMDA (op) and laboratory
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Figure 8.21 shows the percentage gain in revenue built from the SVMDA model for four

apiaries. Only apiaries H2+ and H3 gained revenuledsh so for three pricing scenarios 1, 2

and 3, but not for scenario 4. Apiary H1 only gained 4 % under the pricing scenario 1 but did

not gain for other scenarios. Negative gain was found from apiary H2 fBiSh&IR model.

The SVMDA model showed a fahar pattern in the predictive revenue gaimilar tothe PLS

regression model (Figure 8:2dp).
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Figure 8.21.Percentage gain in honey revenue were quantified frorii8i&IR
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and Scenario 4 (Syat apiaries H1, H2, H2+ and H3
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To compare nolLPDJLQJ DQG K\SHUVSHFWUDO LPDJLQJ FODVYV
PLSDA model was also used to calculate the percentage gain in revenue. Figure 8.22 displays
the percentage gain of the multiple bucketeaysestimated by1SI PLSDA compared with
the true sample reference from laboratory data. In general, PLSDA predicted fewer samples in
B_UMF_10 and more samples in B_UMF_20 for all apiarielS| PLSDA gave a
misclassification rate 0.53, which was 0.18 highan that oHSI SVMDA at0.35. Compared
to nonimaging PLSDA, the misclassification rate bISI PLSDA was also 0.12 higher than
that of norimagingPLSDA.
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Figure 8.22.Percentage of samples were classifiedHi8f PLSDA {op) and from
laboratory-derived modell{otton) into five different buckets (B_UMF_0, B_ UMF_5,
B_UMF_10, B_UMF_15 and B_UMF_20) for four apiaries H1, H2, H2+ and H3
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Figure 8.23 illustrates the revenue percentage gain difi¢°’LSDA model. It was
obvious thatHSI PLSDA estimated additionakvenue as did the laborateagrived model,

but it may have overated samples into B_UMF_20 zone.
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Figure 8.23.Percentage gain in honey revenue was quantified H@&HNIR PLSDA model
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8.3.4.3. Comparison of benefits between regression and classification
ComparingHSI PLS regression andSl PLSDA classification models, the percentage

revenue obtained from classification was higher than from the regression(figdet 8.24).

Regression showed benefit loss in apiary H2 while classification indicated no loss by separating

frames into UMFEM buckets. This was also found in risnaging PLSDA.
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8.4. Discussion

The current chapteralculatedthe economic benefit of the approach of sorfiragnes
into UMF™ buckets before bulk extractiaverthe current method of averaging all frames.
The results indicate that grouping honey frames into five OMBuckets (B_UMF_0,
B_UMF_5, B_UMF_10, B_UMF_15 and B_UMF_20) could enhance revenue compared to
the current praate of lumping of all honey frames from one apiary together. This is in line
with the study of Stephens (2006) where the author suggested grouping different levels of
UMF™ [evel for optimising the quality value of mMonKORUDO P—QXND KRQH\V +R
level of benefit derived depends on the level of variability amongst frames in an apiary and on
the shape of the prieguality curve. The benefit is clear when the proposition is tested using
laboratory data for measuring UMY but also applies using NIRadels. The study assessed
the impact of the accuracy from NIR nonaging and hyperspectral models on the benefits of
sorting into five UMEM buckets. The highest economic benefit came from an NIR non
imaging model for prediction of UM scores with 74 %ccuracy. This allowed additional
revenue of up to 25 % in some apiaries when sorting into different’Mickets.

In this exercise a sigmoid pricing curve was ussncave upward below UMM 15
and concave downward above that point. Revenue gairs figé-bucket over onducket
approach) were greater at UWF< 17.5 since thealue curve was concave upward in that
zone. If all frames have UMM > 17.5, little benefit was gained, and lumping frames together
may be the best option. Here, M&h materal is being added into honey at a steeper part of
the pricing curve. Clearly the benefit to be gained from classification before extraction depends
on the shape of the pricpiality curve. Where the curve is always concave upward, there is
probably alwaywalue to gain. Where the sigmoid curve is nearly straight there may never be
value to gain. Where the sigmoid is pronounced, the greatest value is at the steepest point with
least value gain where it is concave downward.

The gains are demonstrably avai&hbwhere the honey quality is known with the
precision of laboratory dataas showed by using models based directly on laboratory data. It
is also possible to apply both Ni®nimaging regression and classification models to separate
honey frames intoife UMF™ buckets. At the current stage of development, the regression
models tend to underpredict honey quality in the top bucket (UMF > 17.5 (B_UMF_20)) while
classification may overrate highguality samples and inflate that bucket. The parent data set
on which the models were trained were leanest in this-Vadlre zone. There is room for

improvement in the models. There are still new modelling techniques available, and it may
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make sense to tune a model for most accurate performarice wgiper qualiy end where
consequences are greatest.

Hyperspectral imaging (HSI) has the advantage of providing spatial and spectral
information simultaneously. This would allow the operator to understand variability across
frames and also offer the option removing jBxeot associated with clean honey. From the
above research findings, HSI based models showed similar strengths and weaknesses to non
imaging NIR despite narrower spectral range and lower spectral resolution, but with slightly
less good predictive performee and consequently slightly reduced revenue enhancement. The
current work has only tested extracted samples so far, without the interference of wax or any
other contaminant on the surface of a newly uncapped frame. The imaging approach offers the
advantge of removing contaminated pixels before spectral analysis. The jury is still out on the
choice of noAmaging or HSI approaches.

The model can be of a regression type giving continuous values of a dependent variable
(in the case tested this was UNI, or it can be a classification model assigning frames to
buckets teffectively a discontinuous variable. Both work and it may depend on the model
performance which is better for a particular application. It may yet prove best to uséiex two
system where BVIDA is first used to assigned frames to buckets then a regression model
chosen for that UMP range is used to predict final UNIEvalue.

The current study used five buckets. There is no magic in the number five, but it was
convenient for testing theassification technique against regression.

This work did not look closely at classification into the three MPI purity classes which
also impacts heavily on value. This is probably best not studied by direct classification. Rather
the accuracy of prediamn of the chemical markers used in the MPI classification is likely to
be more useful since that may allow a specific chemical to be targeted almost regardless of

accompanying MGO level under some circumstances.
8.5. Conclusions and future suggestions

Both nonimaging and hyperspectral imaging NIR systems potentially bring benefit for
sorting honey frames into different UMY buckets. NIR methods apetl toframes showed
the gain in revenue depends on pricing curvature, honey variability and model accuracy.
Greatest benefitamewhen applying to framewhich had a broad spread of UMY values
and pricing curvewhichare concave downward. If the curve is concave upward and all frames
had high UMBEM values >17.5, it would be the best for all frart@delumped and extraed
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together. In addition, apiaries having a broad variation in botanical sources would benefit the

most when sorting into different UME buckets.

Further research is suggested to improve the performance of both classification and
regressiomodels. It is noted that the complexity of honey matrix could not be totally removed
since it is the nature of wild honey when harvesting. In addition, the reference laboratory data
also contain errors when calculating the UMRalue from MGO concentration. So, modelling
accuracy could not reach 100 %. However, it can be improved. Two approaches are suggested
to enhance prediction accuracy. On the one hand, use of advanced modelling techniques (e.g.,
convolutional neural netwosk(CNN)) could tune a complex model which can eliminate the
complexity of honey matrix to enable improving the predictive accuracies. On the other hand,
using other optical technique that is different from NIR method could minimise the impact of
the compl& honey matrix. Fluorescence is noteworthy and fusion of fluorescence and NIR
methods combined is promising to enhance the model predictability despite the matrix effect.

In the next chapters (Chapter 9 and 10), these two approaches are investigated.
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Chapter 9
At-OLQH DVVHVVPHQW RI PSQXND KRQ
monoflorality using hyperspectral imaging combined

with deep learning

9.1. Introduction

Rapid assessment of honey quality during processing is of great interest to the industry
and noninvasive techniques are envisaged to ensure the final product meets consumer
expectations. Thprevious chapter (Chapter 8) shows the economic benefit of itRaus
IRU DVVHVVPHQW RI P—QXND KRQH\ TXDOLW\ DQG PRQRIORI
hyperspectral imaging is promising forlate assessment of honey quality while still in the
frame. However, the complexity of the honey matrix due t@tian in botanical sources is a
source of noise which heavily affects modelling. Traditional chemometric methods, linear
partial least squares (PLS), and support vector machine (SVM), showed limitations when
DSSOLHG WR FKHPLFDO |RM®RBtStheligpacvofRegithat @avrabiiibruig Q H \
et al., 2022) The regional impact was severe wheodelling hyperspectral data (54701
nm) by linear techniques resulting in poor predictions of potency and monoflorality. Therefore,
this study investigates deep learning as alimear advanced modelling method which uses
multiple training layers t@xtract chemical information carried in hyperspectral sig@slls
Sarayreh et al., 2020)

Convolutional neurahetwork (CNN), known as a deep learning technique, extracts
complex seHlearned features from among the input variables enabling relationship
identification between the input variables to accomplish tasks such as supervised classification
or regressioifAl-Sarayreh et al., 2020; Pullanagari et al., 20Pt¢vious studies indicate that
CNN models are robust and flexible for simultaneously analysing spatial and spectral
information of HSI image daf@#luang et al., 2019; Motta et al., 2020; Shen & Viscarra Rossel,
2021; Soni et al., 2021MI-Sarayreh et al. (2020) employed thBmensionalCNN networks
(BD-CNN) for classification of different types of me&oni et al. (2021) also used ene
dimensional CNN (1BCNN) for detection and quantification @fostridium sporogersin
food products. Both studies found sufficient robustness and efficiency of CNN to analyse
hyperspectral image data with > 90 % accurgdySarayreh et al., 202@oni et al., 2021)
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Therefore, in the current study, CNN was applied to hygetsgl data of a realorld honey

dataset collected from different geographic regions across New Zealand.

9.2. Research hypothesis

The current study hypothasd that hyperspectral imaging captured complex interactions
between light and the honey samm@ad this complexity can be modeled with deeper CNN
models. To test this hypothesis, the main objectives and contributions of this study are as
follows:

1) Development and evaluation of a-TODIN regression model for prediction of honey

potency based onmediction of UMEM score and comparison with traditional machine

learning models such as PLS and SVM.

2) Development and evaluation of a-tOINN classification model for classification of

monc IORUDO P—QXND KRQH\V SUHGLFWmhfe@ased aRRQRIOR

pixel-based levels and comparison of results with traditional machine learning
classification models such as PLSDA and SVMDA (rbf).

3) Evaluation and extraction of important variables (wavelengths) used by 16&ILD

models developed, fonderstanding chemical footprints of honey spectra.

4) Testing the robustness of ALNN modelling on an unseen set of HSI images that

simulates the practical use of the proposed methods and models.

9.3. Materials and methods

9.3.1. Sample dataset and hyperspectral imaging system

The hyperspectral datasdt 1656 honey samples spanning eight geographic districts,
scanned under a lirgcan hyperspectral camera (covering wavelengths in the range-of 547
1701 nm)(Model 1003B10151, Headwall Photonics, Fitchburg, MA, USAas used for
modelling with 1IBDCNN. The hyperspectral dataset aitd segmentatiorare described in
Chapter 4.

9.3.2. Spectral preprocessing

Spectral preprocessing is a common step prior to modeling HSI spectral data, aiming at
improving the quality of the collected data by reducing thpaich of noise and baseline
correction. The reflectance spectra were inverted to obtaiabb@bance specthy using a
logarithm function (Log(1/R)JSaeys, 2018; Truong et al., 202Then, several spectral pre
processing methods were investigated to reduce the impact of addiithmultiplicative noise.
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These methods are standard normal variate (SNV), first derivative, second derivative, and

combinationsof them.
9.3.3. Standard chemometrics and machine learning

Linear Partial Least Squares (PLS) and Support Vector Machine regression (SVR) were
used to anake HSI spectral data for estimating UMF score. Partial Least Squares
Discriminant Analysis (PLSDA) and Support Vector Machine Discriminant Analysis
(SVMDA) with rbf kernel were used to classify the three MPI honey classes {iReroQ X N D
multi-P —QXND P RRD &KDSWHU

All chemometric methods were run with PLS toolbox 8.8 (Eigenvector Research, Inc.,
WA 98831, USA), except the SVR model which waswith Statistics and Machine Learning
toolbox. Both toolboxes were run in MATLAB R2021a (The MathWorks, Inc., Massachusetts
01760, USA).

9.3.4. Onedimensional convolutional neural network

The basic architecture of the proposed-dimeensional convolutional neural network
(1D-CNN) contains of an input layer, three convolutional blocks, two fully connected layers

and an output layer as shown in Figure 9.1.

Feature flattening

CNN CNN Fully connected Output
layer block 1 block 1 block laver

1D-Conv layer (filters, kemel, strides) Three dense layers
Activation () (nodes: 256,128,1 or 3)

1D-MaxPooling (pooling size, strides) Activation ()

Figure 9.1.The proposed architecture of edanensional convolutional neural network
regression/classification framework to predict potency or monoflorality of honey in

hyperspectral images

The input layer presents spectral data as a vector. The three convbhltoka (hidden
layers) are considered as detector layers (or feature extraction layers) for filtering specific
features in an hierarchical way during the training process of theNl(Dertat, 2017)Each
block sequentially performs three different operations: comwoolal layer (feature extraction),

activation layer (nottinear transformation of features) and pooling layer for deampling
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the resulting features. Each convolutional layer has a number of features (feature maps),
convolutional kernel size and hyperpareters (stride, padding & kernel regularizer). The
number of feature maps defines the number of features to be extracted by the convolutional
block. Kernel size sets the filter size which allows specific features to be detected. Stride &
padding functionfielp to maintain the same dimension of the input and detected features. The
stride specifies the convolutional kernel step which moves along the input array, while the
padding adds zeros on the array e(fgieen & Viscarra Rossel, 202Hernel regularizer is
used as a penalty at each layer to osrtiie network and to avoid overfitting. The activation
layer is used to transform the resulting features from the convolutional layer into another space
allowing capture of notlinear relationships between these features. Moreaveactivation
function sich asRelLucan accelerate the optisation process during training of deep learning
models.

The 1DCNN architecture is operated with the support of the pooling layer and learning
operative function that smoothly cooperates with convolutional layers woldion blocks.
Pooling is the process of merging to reduce the size of features. The pooling layer also has
hyperparameters (pooling size, stride, and padding). These hyperparameters allow the input
dimensionality of features to be reduced by masimgiaveraging methods to shorten the
training time and avoid overfittingAl-Sarayreh et al., 2020; De Ketdlaeet al., 2022;
Pullanagari et al., 2021; Shen & Viscarra Rossel, 2021)

In the final CNN layer, all extracted features were flattened into a vector (i.e., one
dimension structure). These flattened features warected into fully connected (FC) layers
to optimise the relationship between the predicted and measured fe&atemctivation was
used to activate the resulting features from each fully connected layer. The output layer in the
proposed architectuepends on the purpose of the model. For regression models, the output
layer is a fully connected layer with a size of 1 and linear activation. This layer is used to
generate regression values. Meanwhile for classification, the size of the fully cormepied
layer depends on the number of target classes, and the activation function usedag(8I-
Sarayreh et al., 2020; Jeong, 2019; Shen & Viscarra Rossel, 2021; Soni et al., 2021)

Training of the poposed 1BCNN model consists of two main processes: fiega/ard
and baclkpropagation. In the feefrward process, a batch of samples (batch size) is fed to the
model to compute an error function between the model prediction and the measured outputs of
that batch. Then, depending on the measured error, the model parameters (called weights) are
adjusted in a systematic way to mingathe defined error function. This process is known as

backpropagation. The optirsation method used to adjust the weighta gochastic gradient
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descent (SGD) algorithm. These processes are repeated several times (epoch number) to make
sure that the training and optsation process can reach a point with best values of the model
weights. Batch size and epoch numbers arenmogd to enhance the learning process in
convolutional neural networkéShen & Viscarra Rossel, 2021Batch size indicates the
number of samples inserted for each training iteration while epoch is the number of training
times that specify the weight optisation (Wikieigenvector, 2021)Batch normakation is

applied for each convolutional block. Higher batch size and epoch numbers could lead to
overestimation. Optinging these parameters first is suggest_ater, optinging of number of
convolutional blocks, kernel size and kernel regularizer can reduce computationdSéféort

& Viscarra Rossel, 2021)

9.3.5. Modelling preparation and evaluation

The collected dataset (1656 honey samples) was split for training and test sets using
KennardStone technique with a ratio of 70:30. The training sesashples was used for
training all regression and classification models, including the-lbesenachine learning
models (i.e., PLS and SVM) and the proposedCININ model. In the training phase,-idld
crossvalidation was used for hyperparameter tuningdj thie best model selected. Then, the test
set of samples was used to evaluate models for reporting an unbiased comparison between all

models investigated.

To evaluate the performance of regression models, the following standard measures were
used: coeffia@nt of determination (8, root mean square error (RMSE), residual predictive
deviation (RPD), and the bias. Recall, precisions€dre and overall accuracy metrics were
used for evaluating classification modglBhang & Abdulla, 2022)The basdine machine
learning models (i.e., PLS and SVM) and the-CQRN model were develope Python

environment (version 3.8, used packages: Keras, TensorFlow, Sklearn and OpenCV).

During 1D-CNN training, 16fold cross validation is utilised to optimise the tunable
parameters of the proposed architecture to avoid overfitting and underfibingxample, the
optimal values of batch size and epochs were obtained using tfuéd1€ross validation
strategy. After obtaining the optimal values of all parameters, the final performance of the
model was examined using the independent test set tthatelem set aside during the training
procesgAl-Sarayreh et al., 2020\ samplebased 1ECNN model was builtdr prediction of
UMF™ scores (regression model) using the average spectra of the extracted ROIs from the

images. For classification, both sampksed and pixdbased 1BCNN models were
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constructed to observe the classification output. The average spéathpixels which
represent a honey sample were projected into a samapkrl model. By contrast, selected
pixels from each ROI, including the averaged pixel, were inserted into alygiget model.
The idea was to investigate the prediction resuh@trhage level (for frames) and at the pixel
level (for honeycomb). The output of the prkelsed model was evaluated by the voting system

in which the class assigned is that with the majority of pixels.

9.4. Results

9.4.1. 1DCNN regression model

Table 9.1 shows the details of the proposedCNIN regression model, including the
tunable parameters, the search space, and the sgatimalues of each parameter. The linear
PLS & SVR models showed limitations when predicting UMBcores from hyperspeat
data spanning eight geographic districts. Meanwhile, dee@NR improved prediction of
UMF™ score by 8 percentage points compared to PLS and SVR (Table 9.2). The RPD value
obtained from the proposed ACNN regression model exceeded 2.5 indicating thevas
useful for predicting UMP" values from new datasets. AINN seemed to be minimising the
impact of regional variation (Figure 9.2b). However, a model bias was obvious for some
samples with UMB" 0 which were predicted larger than 0. This appasés could be partly
due to a real lift in UMBV during storage of samples.

Table 9.1.The architecture of the proposed-TINN regression model for
prediction of UMEM scores

1D-CNN Search space Optimized values
hyperparameters
Convolutional layer 2,3,4 3
Number of nodes 8-64 8, 16, 32
Kernel size 2-4 3
Stride 1-3 1
Non-linear activation ReLu ReLu
Pooling Maximum, Maximum
average
Regularizer 1le03- 1e08 1e05
Learning rate 0-0.5 0.001
Fully connected layers 64-512 256, 128, 1
Optimizer Adam Adam
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Table 9.2.Comparison of prediction results of UMEscores between :BNN, PLS
and SVR

Models Pre R?> RMSE Bias R? RMSE Bias RPD
processing (CV) CV CV (test) (test) (test)

PLS Abs+SNV  0.71 2.75 0 066 261 -021 1.91

SVR Abs 0.73 2.66 0 067 256 -0.14 1.98

1D-CNN  Abs+P'der. 0.87 2.05 -059 0.73 235 -0.89 256
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Figure 9.2.The 1BDCNN regression plot of an independent 450 sample test set (a) and
regression plot observed by eight geographic districts (b)

Assessment of the importance of variables from the output €€MIN model was also
investigated. The deep learning expl&d RQ PHWKRG 36+$3° 6KDSOH\ DGGL\
was employed to calculate the impact of input wavelengths on the prediction dfM#uére
(Lépez, 2022; Zhang, 2021A total of 50 honey samples was randomly selected from 100
samples giving the highest prediction (lower RMSE values). For each sample, SHAP first

FDOFXODWHYVY D 3WDUJHW YDOXH™ [IRUrilum® sésoéRHF&ehDO IHD
wavelength is computed to yield a SHAP value.

Figure 9.3 illustrates SHAP values scaled frdnto 1. The values that are close to 1
(positive correlation) orl (shared negative correlation) mean that the relewamelengths
are significantly important. Wavelengths that give SHAP values near 0 suggest non
importance. Overall, spectral features in 6396 nm revealed it to be the most significant
region for prediction of UMB" score. Features below 637 nm alsotdboted to UMEM
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prediction. By contrast, features in the range 9882, 1169 1128, 1287 1406 and beyond

1642 nm were not important.

Interestingly, samples with UMF VKRZHG SRVLWLYH FRUR ODWLRC

range for prediction of UMP score. By contrast, samples with UM 10 showed negative

correlation (Figure 9.3). Some samples having the same'WM#ue (i.e., UMEM 11.4 or

12) showed both positive and negative correlation. This indicates that these honeys could have

different bochemical profiles, mostly relating to original botanical sources (different varieties
of L. scopariunor different contaminating nectars) but yield the same Uf\ieore.
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Figure 9.3.Selection of important wavelengths by-CDN usingSHAP method for

50 samples giving superior UM¥ prediction

9.4.2. 1DCNN classification models

Two advanced 1BCNN models at sampleased and pixdbased levels were constructed
to observe the classification output. Table 9.3 shows the details ofdpespd 1BECNN
classification model, including the tunable parameters, the search space and theaptimi
values of each parameter. With the proposedCNIN architecture, the sampbased model
achieved slightly better prediction than the pikaked modeDverall, classification of monro
P—QXND JDYH a D F F X{5D % \artl 60 &1 1% RrQndii P— QXND DQG
P—QXND UHVSHFWLYHO\ 7DEOH
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In comparison with standard models, the cnesigdated 1BCNN model gave 83 %
accuracy that was 47 percentage points higher than with SYVMDA and PLSDA. Table 9.5

shows the classification results of mepmulti- and noAP —Q XND KRQH\V RQ WKH W|

overall accuracy between three models is not significantly differentH®3 % accuracy).
Monom—QXND KRQH\V FDQ EH FODVVLILHG ZLWadDh&RYH
P—QXND KRQH\ RE&DOA addrédy for all models. This was possibly due to the
unbalanced dataset fawing mone P— Q XND KR QH\V -CNR ZRiecisidsh = 0.93)

gave sigificantly higher precision values for classification of meRo— Q XND KR QH\V WKD

PLSDA (Precision = 0.63) and SVMDA (Precision = 0.83) (Table 9.6). This indicates that 1D
CNN performance was better than PLSDA and SVMDA.

Table 9.3.The architecture of the proposed-TINN classification model

1D-CNN Search space Optimized values
hyperparameters
Convolutional layer 2,34 3
Number of nodes 8-64 8, 16, 32
Kernel size 2-4 3
Stride 1-3 1
Nontlinear activation ReLu& softmax ReLu& softmax
Pooling Maximum & Maximum
average
Regularizer 1e03- 1e08 1le04
Learning rate 0-0.5 0.001
Fully connected layers 64-512 256,128,3
Optimizer Adam Adam

Table 9.4.The output of thesamplebased (prgprocessing: % Derivative) and pixebased
(pre-processing: SNV) 1ECNN models on the test set for classification of mdhe— Q X N D
multi-P —QXND PR RARD KRQH\V

Samplebased (OA= 84.27 % Pixelbased (OA= 82.26 %)
N Recall Precision F1 CA (%) Recall Precision F1 CA (%)
Mono-P—Q?> 384 0.91 093 092 9141 0.89 0.93 0.91 89.06
Multi-P—Q X 71 0.55 053 054 5493 0.55 0.48 0.51 54.93
NonrP—QX 41 0.68 0.60 0.64 6829 0.66 0.55 0.60 65.85
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Table 9.5. Comparison between XDNN and PLSDA and SVMDA (rbf) for
classification of mong multi- and noArP —Q XND KRQH\V

Model Recall Precision F1 OA (%)
Mono Multi Non Mono Multi Non Mono Multi Non

PLSDA 090 069 048 083 089 097 093 059 052 84.48

SVMDA 097 043 055 063 095 098 094 051 060 86.29

1ID-CNN 091 055 068 093 053 060 092 054 0.64 84.27

Submodels of the balanced dataset of miti—Q XND IP-EQRRD KRQH\V ZHUH
asillustrated in Table 9.6. Overall accuracy of three models were also not significantly different
(69- 73 %). Multit P— QXND FDQ EH GLVFWPLPQRD I KR Q BFP/ALRVK
accuracy. Again, 1ECNN obtained a precision value for classifying mti— Q XND KRQH\V
higher than traditional models. Classification of mPti— Q XND KR QH\V-clegsed® DO O V
honey models increased ~20 percentage points over thecthssed mods. However, all
models performed poorly when classifying ieh— QXND KRQH\V 7KLV FRXOG EF
P—QXND KRQH\V RULJLQDWHG IURP PXOW kcogatkumthetFWDU V|
chemical profile of interest is different). These indicate thatldmssification results from three
modelling methods were likely more heavily impacted by the complexity of the honey matrix

rather than by the imbalanced dataset.

Table 9.6 Comparison 1BCNN model versus PLSDA and SVMDA
(rbf) for classification of multiand noArP —Q XND KRQH\V

Model Recall Precision F1 OA (%)
Multi Non Multi Non Multi Non
PLSDA 0.75 061 061 0.75 0.75 0.61 69.57
SVMDA 081 062 0.62 0.81 0.79 0.65 73.91
1D-CNN 71.74

185



9.4.3. Prediction of hyperspectral images

The pixetbased 1BCNN model was applied on 74 hyperspectral images of honey trays
for prediction of mong mult- and nonRP—QXND KRQH\V %\ XVLQJ WKH
mechanism, the model identified a sample as belonging to a honey class. Figure 9#dlustra
the resulting classification maps of hyperspectral images with green pixels for men®@ X N D
red pixels for muliP—Q XND DQG EOXH-SQMKNDV IRU QRQ

Overall, the majority of the pixels are correctly classified. In Figure 9.4 A, all mono
P—QXN®&s kBré classified as mo®— QXND KRQH\V +RZHYHU VRPH
misclassed pixels. Figure 9.4 B & C shows some rRi#—Q XND KRQH\V PLVFODVVH
P—QXND KRQHRV-OXND ERQH\V EXW-OQEND H® @W\P X CQNIHQH |
misclassedamples had UMM < 10. MoneP—QXND KRQH\ VDPSOIaWezL WK 80)
well-classified. Figure 9.4 D indicated the weakness of the-pixeéd 1BCNN model since

some samples were misclassed across all three types of pixel.

Figure 9.4.Prediction maps for honey trays from a pikalsedlD-CNN classification

model of monoP —Q XND KRQH\V-PIUA KD RPRQMAV-PUHHBXNCDQG QR
honeys (blue) using majority voting mechanism: predicted images (1) and ground truth
(2) where A, B, C, D are honey trays [image elongation is artifalsigbf conveyor belt

speed under HSI camera]
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9.4.4. 1DCNN interpretation of important variables

A total of 50 samples were randomly selected from 100 samples which gave superior
classification scores in 2BNN models for assessment of ihgortance of variables using
SHAP method. Figures 9.5 illustrates the important features selected from thiegsiedland
samplebased 1BCNN models for classification of monomulti- and noARP —QXND KRQH\V
7KH 36+$3 YDOXHV ~ ZHUH VA ELGH Gor lc@nparikdrelaivithportanée
among variables (wavelengths).

Overall, selection of important variables was more consistent for the shagdd 1D
CNN model than for the pixddased 1BCNN model (Figure 9.5) across 547600 nm. This
was beause the pixebased model showed more noise compared to the sdagpdel model.
In the samplébased model, the mean spectra were used to reduce random variation among
spectra compared to the bulked spectra used in thelpaseld model. However, both mtgle
indicated that important wavelengths having positive correlation for prediction of-mono
P—QXND KRQH\ ZHUH L{Q4%rnHand 8 bhiR.he $péctral region below 637
nm in the sampkpased model contributed to prediction of moRe— Q X N 1 bKitR&gatively

correlated. This region (< 637 nm) did not show importance in the-passd model.
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The samplebased model additionally identified spectral regions 140435 and 1583
nm as important, positively supporting classification of mdhe—Q XND KRQH\V 7KHVH |
were not highlighted in the pixélased model. The pixélased model did not providgear
spectral ranges for prediction of muld—QXND BPRRGOQRARD KRQH\V %\ FRQW
samplebased model suggested 66640 nm and 991 nm gave positive contributions for
prediction of muliP—QXND KRQH\V DQG DOVRPFOQDONES. REPESL FDWH C
below 755 nm and 1583 nm positively and negatively contributed to prediction-d?rerQ X N D
honey. Regions around 84473 nm and beyond 1642 nm did not indicate importance for
classification of any of the three types of honey in either model.

The wavelength 991 nm was highly associated with prediction of ffbrReQ XND KR QH\V
but was not dominant for prediction of Rdh— QXND KRQH\V )LJIXUH LOOXVYV
YDOXH SORW EHWZHHQ DQG -REBedRIBONN MQddI@ iSUR P W K|
obvious that almost all mor® — Q X N D K R @dH tMsdfiedUfidm the other two honeys,
but multtrand noAP —QXND KRQH\V RYHUODSSHG 7KLV VXJIJHVWHG
wavelengths contributing to classification of meRo— Q X ND KR Q Hit\- didiRnBA P X
P—QXND KRQH\V
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Shap values at 991 nm

Figure 9.6.The SHAP value plot of 50 superior prediction samples extracted from the three
classed 1BCNN model at 991 and 1435 nm

As with the threeclass 1IDCNN model, the tweclass 1IBDCNN model revealed clearly
important regions for prediction of mudind nonRP —Q XND KRQH\V $ WRWDO RI ‘
from 60 samples giving superior prediction were randomly selected for variable detection using
the SHAP method. Figure 9.7 shows that the wavelength 1435 nmpuagige indicator in
classifying nonrP —QXND KRQH\V 6SHPSUIID U198 1BI@ 406 nm
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showed no contribution for classification performance. By contrast, regions below 637 nm
were important for either class. Figure 9.8 illustratesSHAP value plot at 1435 nm against

the absorption values. MUtP —Q XND DRGOQRRD KRQH\V DSSHDUHG WR
separated. This reconfirmed that the 1435 nm band was significant when classifyirgnehulti
nonP—QXND KRQH\V

amples
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Figure 9.7.Assessment of important wavelengths from thectagsedsamplebased
1D-CNN model for classification of two MPI classes: miBt— Q XND OHPM-@XND QRQ

(right)

Figure 9.8.The SHAP value plot of 30 superior prediction samples extractediom
two-classed 1BCNN model at 1435 nm
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