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1.3 Research Objectives & Questions 
This project aims to explore, identify, and assess a method for predicting the colour quality of Red19 
kiwifruit. More so, given the current prevalence and ubiquity of smartphones and their recent advances in 
imaging and computing capabilities, this project will explore the practicality of implementing this method on 
a typical modern smartphone.  

This method will consist of capturing an image of a kiwifruit and then producing a consistent and reliable 
prediction of fruit redness independent of the type/model of smartphone and the lighting conditions in 
which the image is captured. 

This thesis aims to answer the following research questions: 

1. What constitutes a relevant objective grading scale for Red19 kiwifruit redness?  
2. Can we create a colour measurement system that is invariant to changes in illuminant and spectral 

sensitivity that can predict the redness of kiwifruit on this scale? 
3. How might this be implemented in a practical way? 

 

1.4 Thesis Structure 
This thesis consists of six chapters: Introduction, Literature Review, Methodology, Results, Discussion, and 
Conclusions/Recommendations. The literature review explores the basics of colour, colour constancy using 
smartphones, and the state-of-the-art in spectral super-resolution and illuminant estimation. 

The methodology outlines the processes used throughout this project to capture data and ensure it is of high 
quality. The results show the outcome of the experiments that were used to create a scale of kiwifruit 
redness and develop a unique colour measurement system for measuring this scale that is invariant to 
change in illumination and spectral sensitivity. 

The discussion explores what these results mean, their implications for red kiwifruit colour measurement, 
areas of potential future research, and the limitations of this study. Finally, the conclusion summarises the 
findings and implications of this body of research as a whole. 
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2.0 Literature Review 
This chapter delves first into the basics of colour and the methods used to emulate colour in print and digital 
media. Next, this chapter explores what instruments are used to measure reflectance and predict colour in 
different environments, and how reflectance has previously been measured using a smartphone. Finally, this 
chapter explores the state-of-the-art in spectral super-resolution (SSR) and illuminant estimation as a means 
of addressing invariance to spectral sensitivity and illuminance. 

 

2.1 Beauty is in the eye of the beholder | The Basics of Colour  
Lime green, sky blue, and hazelnut brown. Such terms are commonplace in our everyday lives. Yet, we 
seldom stop to consider the deeper meanings of our daily descriptions of colour. Most people are able to 
identify whether a feather is heavier than a brick, one is one gram and the other, one thousand. But if asked 
which colour is more red - Apple red or Ferrari red? A similar quantification is much less obvious. This is 
because colour, much like taste, smell, hearing, and touch, is a subjective sensation which depends on both 
physical and psychological factors (Ohta & Robertson, 2005; Fairchild, 2014). 

 

2.1.1 Understanding the Human Visual System 
Colour vision, as we experience it every day, begins when photons, the quantum particles emitted by light 
sources and reflected by physical objects, interact with photosensitive material in the eye. A highly 
specialised process converts the signal of a light-activated visual pigment (neuron) within the eye into an 
electrical signal or impulse that is then interpreted by the brain; this process is known as photo-transduction 
(Hunt & Carvalho, 2016).   

In the case of human vision, there are two primary types of neurons in the eye that are sensitive to light. 
These are referred to as Rods and Cones. Cones are primarily responsible for photopic vision (the perception 
of colour in relatively bright environments like during the day), whereas Rods provide humans with scotopic 
vision (colourless vision in low light conditions like at night) (Ohta & Robertson, 2005).  

Cones are responsible for colour perception. There are three types of cones in the eye that responds to short, 
medium, and long wavelengths of visible light (between 400 and 700nm) that, at a basic level, are often 
considered to perceive blue (short), green (medium), and red (long) wavelengths of light. The peak sensitivity 
of the short, medium, and long cone cells is 430nm, 530nm, and 560nm respectively (Hunt & Carvalho, 2016; 
Vienot & Valraven, 2007).  

The presence of three photoreceptors with different sensitivities to light allows the human visual system to 
perceive colour. It is not strictly the absolute value of these signals, but rather the differences between them 
that our visual system uses to perceive colour (Hunt & Carvalho, 2016); this is referred to as cone opponency 
(Lee & Silveira, 2016) and is illustrated in Figure 2.2.  
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Figure 2.1: Diagram of cone opponency process where the excitation of rod and cones in the retina are encoded along different 
opponent pathways to produce opponent colours and the perception of colour (Lee & Silveira, 2016). 

Another complex natural phenomenon in colour perception is referred to as metamerism. Two objects are 
considered to be metameric when they appear the same colour under one illuminant and a different colour 
under another (Figure 2.3). That is, the two objects are of matching colour under a given illuminant but have 
different spectral compositions (Hunt & Pointer, 2011). 

Figure 2.3 highlights how a change in illuminant can make two objects which initially look the same colour, 
appear different colours when their illuminant is changed. This can also be caused by change in spectral 
sensitivity of the observer not just changes in illuminant (Hunt & Pointer, 2011). Metamers are defined as a 
set or pair of colour stimuli that produce the same tristimulus values, such as the same RGB values, when 
computed using the standard colourimetric observer (Hunt & Pointer, 2011). 

 

Figure 2.2: Diagram showing how metamerism can make objects appear the same colour or different colour depending on the 
light source. 

Not only does the human visual system actively respond to changes in illumination, it also actively responds 
to changes in the colour or spectra of the illuminant through a process called chromatic adaption. Chromatic 
adaption is a process that occurs when we experience a change of illumination e.g., from sunlight to 
incandescent light, the colour produced by an object largely remains the same (Ohta & Robertson, 2005).  

This phenomenon is also referred to as colour constancy, although colour constancy also incorporates the 
role of memory and expectation/prior learning into the perception of colour (Olkkonen & Ekroll, 2016; Ohta 
& Robertson, 2005; Hunt & Pointer, 2011). Chromatic adaption works by varying the sensitivity of the three 
types of cone cells in the eye so that the final or resultant colour of the object closely resembles that of its 
daylight conditions (Ohta & Robertson, 2005), although there are differing theories as to how colour 
constancy is achieved by the human visual system. 

There exist other observable phenomena produced by the human visual system that relate to spatial features 
within a scene such as simultaneous contrast and spreading (Johnson & Fairchild, 2003). Similarly, luminance 
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3.0 Methodology 
Kiwifruit spectra is best captured using a hyperspectral camera. To calibrate a model to estimate the 
reflectance of Red19 kiwifruit, our methodology has consisted of capturing a series of RGB/RAW images 
paired with their ground truth reflectance data from hyperspectral images.  

The key methods to achieve the goal of this project are as follows: 

1. Capture hyperspectral and RGB/RAW images. 
2. Develop a new metric/scale to represent the redness of Red19 kiwifruit. 
3. Train a model to estimate the reflectance of Red19 Kiwifruit. 
4. Train a model to predict the redness score of Red19 Kiwifruit from its reflectance data 

 

3.1 Hyperspectral Imaging 
3.1.1 Fruit Collection 
1863  fruit was collected from 11 different growers from across New Zealand. Fruit was collected at harvest 
maturity and transported to Massey University where it was stored at 1°C in a controlled temperature room 
(CTR) until it was imaged. Kiwifruit was stored in plastic poly-liner packaging placed within cardboard boxes 
as provided by Zespri. Prior to image capture and due to the larger CTR that held all of the fruit at 1°C being 
in different building from the HSC, small portions of kiwifruit were transported to a CTR nearer the HSC 
system which was held at 3°C. Kiwifruit were not stored more than three days in the CTR near the HSI system. 
Data collection occurred over a period of 27 days between the 1st of April and April 27th, 2021. 

Of the 11 growers, four growers have fruit that span the majority of the different fruit sizes (27844, 5205a, 
48785, 7829e). The other 7 growers have fruit only of size 36 (Figure 3.1). 

 

Figure 3.1: Distribution of Kiwifruit count by grower and fruit size.2 Image Capture 
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3.2.1 Image Capture 
HS images were captured using a Specim FX10 push-broom camera (Specim Spectral Imaging Ltd, 2021) 
translation stage, and lighting rig featuring two arrays of seven halogen bulbs oriented 45° to the translation 
stage. The FX10 is an all-in-one imaging solution designed for industrial and laboratory use with a spectral 
range of 400nm-1000nm and a sampling distance of 2.7nm producing 224 bands over its spectral range. The 
FX10 has a resolution of 1024 pixels per line. The HS imaging rig (Figure 3.2) was setup in a dark room. 

 

 

 

 

 

 

 

 

 

 

 

To maintain consistency across fruit sizes, each fruit was cut into a 30mm slice using a custom-made, 3D-
printed guillotine mechanism (Figure 3.3). A 30mm slice was taken so the depth of the slice exceeded the 
light penetration depth of kiwifruit as estimated by Qin & Lu (2008). (Qin & Lu, 2008) 

The height of the camera was set to 390mm above 
the translation stage as this was the lowest the rig 
would allow. 

A custom-made, laser-cut iris mechanism was created 
which straddled the translation stage and ensured the 
center of each fruit aligns approximately with the 
center of the imaging lens (Figure 3.4) 

Spatial calibration is undertaken by running the 
automatic calibration algorithm (Middleton Spectral 
Vision, 2021). This algorithm adjusts either the frame 
rate of the camera or conveyor speed of the 
translation stage to ensure each image maintains the 
correct aspect ratio. Four conveyor speeds were 
tested by running the calibration algorithm until it 
reached a steady state (produced the same suggested 
settings each time). 

Figure 3.2: Hyperspectral Imaging Rig. 

White Calibration Tile 

Translation Stage 

FX10 Camera 

Lighting Array 

Figure 3.3: 3D-printed Guillotine Mechanism used to slice 
cross sections of Kiwifruit. 
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Upon visual inspection, a lower conveyor speed and 
lower frame rate appear to produce more realistic 
results. That is, results that appear to maintain the 
correct shape as seen by the human eye. Higher 
speeds appear to stretch the images slightly. The 
translation speed was set to 5mm/s and the camera 
frame rate was set to 20.72Hz. 

Exposure time was determined experimentally by 
imaging the same fruit and varying exposure time. An 
exposure time above 5.5ms showed clear saturation 
on the white calibration tile of ~99% reflectance and 
hence this was taken as above the maximum limit for 
exposure time. Because exposure varies as a function 
of wavelength, longer exposure times are favourable 
in HSI as it allows for more information to accumulate 
on the sensor and thus improves the quality of the 
data (so long as it is not saturated). 

Figure 3.5 shows that at 5.5ms there is a clear 
saturation of the maximum value around the 120th 
band. Similarly, 5.2ms also reaches this saturated 
value. 5ms exposure time appears to offer maximal pixel intensity without reaching saturation. 

 

 
 

Figure 3.5: Comparison of mean (orange) and max (blue) signal from FX10 by band number for exposure times of 5 ms (A), 5.2 
ms (B), and 5.5 ms (C) where lower band numbers correspond to shorter wavelengths starting at 400nm �t 100nm. 

Figure 3.4: Iris Mechanism used to Kiwifruit during 
hyperspectral image capture. 
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Before images were captured the HS camera was given at least 30 minutes to warm up to allow the sensor 
and light bulbs to reach a steady state temperature. A set of 10 images were captured to produce an 
estimate of the signal to noise (SNR) for the HSI system and was found to have an average SNR of ~115 and a 
median of SNR ~90 (Figure 3.6).  

 

3.1.3 Image Processing 
Each HS image capture produces three RAW image files: one of the white reflectance tile, one of the dark 
current (shutter closed), and one of the kiwifruit. Each RAW image has a header and log file associated with 
it. The imaging software also outputs a series of metadata and calibration files for each image. A general 
overview of the image processing pipeline is shown in figure 3.7. 

 

Figure 3.7: Overview of image processing processes to convert raw hyperspectral images into contrast-corrected sRGB images. 

Due to the fixed height of the camera rig, approximately 250 of the total 1024 pixels contained information 
related to each kiwifruit. As such, a segmented script was written to automatically extract the data only 
related to each kiwifruit from each HS image. This script used the false colour images from the HS data and 
segmented the fruit based on the intensity of the blue colour channel to produce a binary mask that could 
then be used for segmentation purposes (Figure 3.8) 

Figure 3.6: Comparison of median (A) and mean (B) signal to noise ratio for a single kiwifruit image. 
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SNV and MSC were processed from the filtered HSI. However, because SNV shifts the mean of the spectra to 
zero, both outputs from the correction techniques were adjusted so that their means matched that of the 
filtered data (Figure 3.12). sRGB images were then created from each set of spectra and contrast adjusted 
(Figure 3.13). These results show that SNV and MSC are not suited for this application as they comprise the 
colour information of the kiwifruit images and look nothing like the real kiwifruit. 

 

Figure 3.12: Comparison of spectra when filtering (A), using MSC (B), and SVN (C) correction techniques.

 

Figure 3.13: Comparison of kiwifruit images after spectral correct techniques and before contrast correction: filtered (A), MSC 
(B), and SNV (C) and kiwifruit images after contrast correction: filtered (D), MSC (E), and SNV (F). 
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Table 3.2: Balanced Incomplete block design for Kiwifruit sensory trial. Each block is made up of four treatments (A, B, C, D) 
where each treatment is a pair comparison experiment of 12 kiwifruit images. Each block was undertaken by 5 participants and 
the treatment order was randomised. 

Participant ID  Block Number  Set 1 Set 2 Set 3 Set 4 

23 5 C D B A 
24 5 C B D A 
25 5 A C D B 

26 5 D B C A 
27 5 D C A B 
28 6 E F G H 
29 6 H G F E 
30 6 H F E G 
31 6 H E F G 
32 6 E F G H 
33 4 I J K L 
34 4 J I K L 
35 4 K L I J 
36 4 L K J I 
37 4 I J K L 
38 7 N P M O 
39 7 O P M N 
40 7 P M O N 
41 7 M P N O 
42 7 O    
43 7 O N P M 
44 8 Q S T R 
45 8 S Q T R 
46 8 T Q R S 
47 8 S T R Q 
48 8 T S R Q 
49 9 V U X W 
50 9 W U X V 
51 9 X V W U 
52 9 U W X V 
53 9 W X U V 
54 9 U X W V 
55 10 2 Y Z 1 
56 10 Z Y 2 1 
57 10 1 2 Y Z 
58 10 Z Y 1 2 
59 10 Z 2 Y 1 
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Code was written in MATLAB to compute these images and can be found in Appendix 8.5. 

3.4.3.1 Validation of methodology 
To explore the methodology of constructing sRGB images from reflectance data, a reflectance image of the X-
Rite ColorChecker was captured using the same HS system as the kiwifruit images. The illuminant was 
captured from the white calibration tile attached to the HS rig using the HS Camera. An average reflectance 
of each tile was then calculated, see figures 3.19 through 3.22.  

Figure 3.19: X-Rite ColorChecker Reflectance tiles 1-6, dark skin(black), light skin (yellow), blue sky (blue), foliage (green), blue 
flower (magenta), bluish green (red).  

 

Figure 3.20: X-Rite ColorChecker Reflectance tiles 7-12, orange (black), purplish blue (blue), moderate red (red), purple 
(magenta), yellow green (green), orange yellow (yellow) 
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Figure 3.21: X-Rite ColorChecker Reflectance tiles 7-12, blue, green, red, yellow, magenta, cyan 

 

Figure 3.22: X-Rite ColorChecker Reflectance tiles 19-24, white, neutral 8, neutral 6.5, neutral 5, neutral 3.5, and black 

The reflectance image was then projected into sRGB using the CIE 1931 standard colourmetric observer and 
the D65 illuminant and the sRGB values were compared to the ground truth values provided by X-Rite (X-Rite 
Incorporated, 2009). The projection (Figure 3.22) is shown below.  
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Figure 3.23: Comparison of computer generated (A) (Image Analyst, 2022) and estimated (B) X-Rite ColorChecker 

The mean error for the three RGB channels is 8.71, 6.08, and -1.17 respectively with standard deviations of 
9.08, 8.77, and 16.33. There are large errors, particularly on the blue channel. 

To ensure we are projecting from HS to sRGB correctly the reflectance data captured from (The BabelColor 
Company, 2022) was used to generate sRGB values using our method as well as that provided by 
(Magnusson, et al., 2020). The error in each RGB channel is shown in table 3.3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(A) (B) 









 

Page 49 of 154 
 

 

Figure 3.26: Comparison �d�Z�������������o�����}�u�‰���v�Ç���~���•�U���š�Z�]�•���‰�Œ�}�i�����š�[�•���(�]�o�š���Œ������spectra (B), linearly interpolated spectra (C), and linearly 
interpolated spectra with smoothing (D) of light skin ColorChecker tile. 

 

 

Figure 3.27: Comparison �d�Z�������������o�����}�u�‰���v�Ç���~���•�U���š�Z�]�•���‰�Œ�}�i�����š�[�•���(�]�o�š���Œ�������•�‰�����š�Œ�����~���•�U���o�]�v�����Œ�o�Ç���]�v�š���Œ�‰�}�o���š�������•�‰�����š�Œ�����~���•�U�����v�����o�]�v�����Œ�o�Ç��
interpolated spectra with smoothing (D) of the neutral 6.5 ColorChecker tile spectra 
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In some cases, particularly the white, grey, and black tiles, there is a large difference in the absolute 
reflectance values which produce the spikes seen in figure 3.27. To improve this, the range of the Babel data 
was extended from 380-450nm to 380-500nm. The errors are plotted below in figure 3.27. Individual errors 
per tile of each method are shown in figures 3.28 through 3.30. These result show that our reflectance data 
produces noisy sRGB values compared to The BabelColor Company, (2022). 

 

Figure 3.28: Comparison of Average Error (mean error in R,G,B channel across all 24 ColorChecker tiles) and Standard Deviation 
of Error in red, green, and blue colour channel across reflectance spectra. Because error can be positive and negative, some 
reflectances produce low average errors, but due to the direction of error, high standard deviations in error. 

 

Figure 3.29: The Babel Company sRGB ColorChecker Error by colour channel 
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Figure 4.2: Visualisation of all data captured during trial. 

Exploring the agreement of participants vs redness score it appears that there is no clear trend under any 
threshold to suggest participants agree or disagree more or less regarding greener or redder fruit. 

 

Figure 4.3: Mean and median disagreement over all blocks (A) and visualisation of datapoints (B) when comparing fruit 1500 
redness score a part. 
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Next the effect of reconstructing the full spectrum for PCs and its effect on network loss was explored (Table 
4.5). That is, does the network produce lower errors when using the full spectrum in its loss function. The 
results show that reconstructing the full spectrum from PCs and then passing it to the loss function 
significantly reduced the network error and this approach will be continued moving forward. 

Table 4.5: Comparison of network errors when calculating loss using principal components vs full spectra 

Loss Space AE MSE RMSE SAM 
PCA 0.0410 0.0039 0.0618 0.0273 
Full Spectrum 0.0202 0.0002 0.0131 0.0290 

 

Next the loss of the visible and NIR ranges were compared (Table 4.6). It appears that the visible and visible + 
NIR spectrums produce similar results. 

Visible Range vs VIS+NIR 
Table 4.6: Comparison of network errors over visible and visible-NIR spectral range 

Spectral Range AE MSE 
 

RMSE 

VIS 0.2024 0.0002 0.0131 
VIS-NIR 0.2144 0.0001 0.0113 

 

Exploration of Error by Camera, Angle, Grower, and Size 
The next logical step to check that this error is consistent regardless of phone, grower, angle, and size (Table 
4.7). It does not appear that any one phone, size, angle, or grower produced significantly higher errors than 
any others when predicting the average reflectance of a kiwifruit. 

Table 4.7: Comparison of network errors by grower, size, phone, and angle over the visible range 

 Count AIE MRAE RMSE 
 

SAM 

Whole Network 13,002 1.2659 
std=0.6125 

0.0331 
0.0154 

0.0118 
0.0050 

0.0290 
0.0110 

iPhone 6659 1.2581 0.0331 0.0118 0.0286 
Samsung 6343 1.2741 0.0330 0.0118 0.0294 
Orthogonal 6464 1.2179 0.0317 0.0114 0.0288 
Diagonal 6538 1.3135 0.0344 0.0122 0.0291 
Grower �t 48785 2470 1.1955 0.0307 0.0110 0.0308 
Grower �t 27844 2827 1.3068 0.0329 0.0116 0.0292 
Grower �t 7829e 2710 1.2970 0.0338 0.0123 0.0268 
Grower �t 5205a 1635 1.4377 0.0391 0.0142 0.0334 
Grower �t 98948 615 1.1790 0.0327 0.0117 0.0257 
Grower �t 9205j 0 ~ ~ ~ ~ 
Grower �t 7174a 445 1.2923 0.0344 0.0115 0.0300 
Grower �t 87143 585 1.1282 0.0295 0.0104 0.0279 
Grower �t 77357 597 1.2395 0.0326 0.0114 0.0275 
Grower �t 32204 420 1.2577 0.0324 0.0118 0.0299 
Grower �t 26278  698 1.0249 0.0283 0.0097 0.0235 
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Size �t 25 681 1.2148 0.0309 0.0113 0.0255 
Size �t 27 1112 1.3588 0.0359 0.0130 0.0280 
Size �t 30 922 1.1678 0.0315 0.0113 0.0262 
Size �t 33 1063 1.1717 0.0321 0.0114 0.0275 
Size �t 36 3937 1.1828 0.0314 0.0110 0.0268 
Size �t 39 1200 1.1751 0.0312 0.0112 0.0292 
Size �t 42 2048 1.3805 0.0346 0.0126 0.0319 
Size �t 46 1695 1.4339 0.0355 0.0127 0.0343 
Size �t 49 344 1.3794 0.0394 0.0136 0.0322 

 

It is also possible to assess the network by its ability to predict kiwifruit score or kiwifruit class from 
demosaiced images. That is, does explicitly or implicitly estimating kiwifruit reflectance lower the networks 
failure rate?  

To simplify the redness scale of kiwifruit, fruit that fell below a score of 0 were clipped to 0 and those above 
10,000 were clipped to 10,000. Likewise, to establish classes of fruit, the redness scale was split evenly into 
five classes based on each class being 2000 score from the next class. Hence, five classes of 0-2K, 2-4K, 4-6K, 
6-8K, and 8-10K were created and denoted from 1 (low score) to 5 (high score). 

 

Predicting Kiwifruit Redness Score from RAW images 
Using the same network architecture with a single output value, the network produced a mean error, defined 
as the average difference of the predicted redness score from the ground truth values, of 270.30 with a 
standard deviation of 196.42 (Table 4.8). If we analyse our features we can see that phone, camera angle, 
and size do not appear to affect the rate of failure. There are a couple growers who have higher fail rates. 
This can likely be solved with some data augmentation. Translating this error into a classification failure rate 
by counting the number of times this error in redness score causes be counted as different than its actual 
classification, the network successfully classifies kiwifruit 89.5% of the time. 

Table 4.8: Comparison of redness score error produce by CNN 

Feature Count Class Fail Rate Mean Dist. Max Std 
Total 11,820 0.01149 270.30 3397.6 196.42 
iPhone 5820 0.1005 247.62 2869.9 228.50 
Samsung 6000 0.1288 292.30 3397.6 262.97 
Orthogonal 5979 0.1162 265.49 2868.9 240.88 
Diagonal 5841 0.1135 275.22 3397.6 254.22 
Size - 25 424 0.1156 251.32 1238.5 206.89 
Size �t 27 1097 0.1376 344.47 3397.6 444.74 
Size �t 30 747 0.1165 266.86 1543.6 235.94 
Size �t 33 854 0.1838 249.58 1145.5 193.83 
Size �t 36 3757 0.1038 257.30 1388.3 203.37 
Size �t 39 1088 0.0873 238.54 1116.9 189.93 
Size �t 42 1962 0.1075 275.12 1617.54 235.58 
Size �t 46 1601 0.1205 288.58 1584.7 240.01 
Size �t 49 290 0.0862 235.17 1181.3 198.81 
Grower - 48785 2428 0.1429 230.61 997.47 175.96 
Grower �t 27844 2400 0.1271 306.41 1617.5 263.86 
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Grower �t 7829e 2301 0.1182 276.42 3397.6 333.26 
Grower �t 5205a 1622 0.0692 285.01 1584.7 265.95 
Grower �t 98948 598 0.0719 261.12 969.79 203.93 
Grower �t 9205j 0 ~ ~ ~ ~ 
Grower �t 7174a 389 0.1388 270.25 1025.7 211.29 
Grower �t 87143 603 0.0514 223.68 878.26 171.91 
Grower �t 77357 532 0.1504 270.67 1070.5 211.88 
Grower �t 33204 387 0.1008 215.52 818.34 163.58 
Grower �t 26278 560 0.1518 312.69 1191.8 238.83 

 

Similarly, figure 4.6 shows the number of times a class boundary is crossed and at which boundary. There are 
naturally fewer crossings at the higher boundaries, and this is simply because there is less fruit with higher 
redness scores, see figure 4.7. Also worth noting, is that misclassified fruit were only one class from their 
correct value in 99.4% of cases. There were no misclassifications larger than two classes in error. 

 

Figure 4.6: Comparison of number of classification errors at each class boundary 
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4.3.2 General Regression Neural Network 
The next question is how well does the average reflectance of each kiwifruit predict its redness score? And 
how does compare to estimating score from sRGB images? 

Visualising the five classes of kiwifruit (Figure 4.10), it appears that there is significant overlap in spectra 
between classes. However, considering figure 4.11 and figure 4.12, it appears that between the wavelengths 
450nm-700nm there is a pattern emerging between the classes.  
 

Figure 4.10: Comparison of classes 1(A), 2(B), 3(C), 4(D), and 5 (E) average reflectance spectra.  
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Figure 4.17: Effective Failure Rate of different kiwifruit segments as network Inputs over the visible range 

 

 

Figure 4.18: The Effect Of Kiwifruit Segment Average Reflectance Spectra On Different Error Metrics In The Visible Range 
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Figure 4.19: Effective Failure Rate of different network inputs in the visible NIR range 

 

 

Figure 4.20: Comparison Of The Effect Of Using VIS Or VIS+NIR Spectra As Network Inputs On Network RMSE 
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Figure 4.21: Comparison Of The Effect Of Using VIS Or VIS+NIR Spectra As Network Inputs On Network Mean Error 

 

 

Figure 4.22: Comparison of the effect of using VIS or VIS+NIR spectra as network inputs on network Mean Error 

Finally, table 4.18 outlines the memory used to trained and test the network. The results show that training 
and validation use minimal memory and are suitable for use on a smartphone. 

Table 4.18: Memory usage by GRNN 

Process Batch Size Memory Allocated (Kb) 
Training 64 191.5 
Validation 64 36 
Testing 1 1 
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Figure 4.23: Sweep graph showing all 300 sweeps (A) and best performing sweeps (B) 
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A comparison of synthetic and real image error metrics on the validation set is shown in table 4.20. There has 
been a significant improvement in the RMSE values of the synthetic data compared to the real data (Table 
4.20) and the results show that synthetic data produces a lower RMSE value compared to real data and this 
difference is approximately three standard deviations different. 

Table 4.20: Comparison of errors when training and testing on real vs synthetic data 

Spectral Range MAE MSE 
 

RMSE Std of RMSE 

Synthetic - VIS 0.1834 0.000046 0.0068 0.0032 
Synthetic - VIS-NIR 0.1187 0.000043 0.0065 0.0024 
Real -VIS 0.2024 0.0002 0.0131 0.0044 
Real -VIS-NIR 0.2144 0.0001 0.0113 0.0049 

 

The results also show (Figure 4.25) that the integral error is lowest for synthetic data in the visible range, 
although considering the other error metrics, the NIR range appears better regarding MRAE and SAM scores 
(Figure 4.26). 

The performance metrics by datatype, phone type, grower, and fruit size across the visible and NIR ranges 
can be found in figures 4.27 through 4.29. There does not appear to be any one attribute that causes 
significantly higher or lower errors compared to the network average. This suggests that training on a 
combined dataset will not produce higher error than compared to using on real images. 

 

Figure 4.24: Comparison of integral error of synthetic data 
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Figure 4.28: Comparison of Error Metric by Phone Type Over the Visible Range 

A full set of results can be found in Appendix 8.2. 

Next, the RAW images from the iphone12 and the Samsung Galaxy s8 were combined to create a dataset of 
both real and synthetic images. The dataset totalled 11,927 images and the network was retrained (50 
epochs) (Table 4.21). Whilst our model error metrics are comparable across all datasets, it appears that when 
using the combined dataset there is a clear difference in error metrics between the raw and synthetic data 
(Figure 4.30, 4.31). The error of the combined dataset falls, as expected, between the RMSE values of the real 
and synthetic dataset. 

Table 4.21: Comparison network errors from real, synthetic, and combined datasets 

Spectral Range MAE MSE 
 

RMSE 

Combined - VIS 0.1502 0.000121 0.0109 
Combined - VIS-NIR 0.1302 0.000092 0.0096 
Synthetic - VIS 0.1834 0.000046 0.0068 
Synthetic - VIS-NIR 0.1187 0.000043 0.0065 
Real -VIS 0.2024 0.000211 0.0145 
Real -VIS-NIR 0.2144 0.000135 0.0116 
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Figure 4.29: Comparison of Error Metrics of Real vs Syntenic data from Combined Dataset Over the Visible Range 

The error metrics by grower, fruit size, phone type, and data type can be found in figures 4.31 through 4.37. 
There appears to be a slightly high error on size 46 in the visible range (Figure 4.32) and the real phone 
images also produce higher than average errors across both the visible and NIR range (Figure 4.33 and 4.36). 

 

Figure 4.30: Comparison of Error Metrics of Real vs Synthetic data from Combined Dataset Over the Visible NIR Range 
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A full set of results can be found in Appendix 8.3. To check that the network has sufficient epochs to reach a 
minimal error, the validation RMSE was plotted against the number of training epochs. As can be seen in 
figure 4.37, the network reaches a minimum value around ~15 epochs 

 

Figure 4.37: Graph of the Validation loss by epoch 
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could not be found. However, these are the closest models of phones that we have both RAW and synthetic 
data of.  

This experiment sought to understand the validity of using synthetic data in place of real data by training the 
network on the synthetic data and validating it using the real data and vice versa.  
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It was noticed that fruit synthesised from hyperspectral data appear 90° rotated from those captured with 
smartphones (Figure 4.37). To control for this rotation the real dataset was rotated 90° clockwise so that the 
angles in both datasets matched (Figure 4.39). After rotation, the images were then laterally inverted so they 
aligned completely (Figure 4.40).  

Figure 4.38: Comparison of Synthetic (top) and real (bottom) RAW images before rotation 

Figure 4.389: Comparison of Synthetic (top) and real (bottom) RAW images after rotation 
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The synthetic images appear slightly blurred in comparison to the real images in these figures as the synthetic 
images are generated from the hyperspectral data which has a low spatial resolution of around 250x250px. 
However, when input into the network, all images are resized to 200x200px. 

 

Figure 4.39: Comparison of Synthetic (top) and real (bottom) RAW images after lateral inversion 

It appears that training the network on synthetic vs real and validating it on opposing datasets produces 
similar results (Table 4.22).  

Table 4.22: Comparison of network error using real or synthetic data for training and validation 

Metrics NIR Range MAE MSE 
 

RMSE 

Training (Synthetic) 0.1748 0.0000825 0.00886 
Validation (Real) 0.2383 0.0001556 0.01242 
Training (Real) 0.1472 0.0000572 0.00739 
Validation (Synthetic) 0.2608 0.0001830 0.01337 

 

It appears that both networks show similar results (Table 4.23) and that training a network with synthetic 
data, in the case of kiwifruit, has been successful. This means that it is best to use the combined dataset to 
maximise spectral and illuminant variance in further training of the model. As this experiment controlled for 
the orientation of kiwifruit, it is likely that the high errors produced previously (Figure 4.33 and 4.36) when 
using the combined datasets can be attributed to the orientation of kiwifruit. This can be addressed by 
adding randomly rotating images so the network can learn invariance to rotation. 
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Figure 4.41: Pseudo-reflectance output from KiwiNet plotted against wavelength by kiwifruit class where red=class 0, 
green=class 1, purple=class 2, blue=class 3, pink=class 5 (class 0 is very green and class 4 is very red in appearance) 

Figure 4.43 shows the appearance of kiwifruit at 583nm. There appears to be a clear pattern that as redness 
score increases the fruit appear darker at this wavelength. 583nm represents signals that appear yellow to 
the eye and considering yellow can also be achieved through the mixing of red and green primaries, it is likely 
that this single point reading is another way of representing the subtraction of red and green RGB channels of 
a kiwifruit image. Figure 4.44 shows a clear trend between the value of the pseudo-reflectance and kiwifruit 
class 

 

Figure 4.42: Sample of a range of kiwifruit with different redness score at 583nm 
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Figure 4.43: Pseudo-reflectance from KiwiNet by fruit class 

In place of the larger conjoined network, the CNN and GRNN were trained separately and then the output 
from the validation set of the 50th epoch was passed into the GRNN to evaluate the overall performance of 
the whole system (Table 4.26).  

Table 4.26: Redness Score errors from KiwiNet using real reflectance 

 Count Mean Error Median Error Standard Deviation 
Kiwinet Redness 2908 220.33 171.00 213.82 

 

It appears that the combination of the CNN and GRNN has provided redness score results with similar errors 
to those from the ground truth reflectance data. This would suggest that the GRNN network has some 
robustness to spectral errors that are produced by the CNN as the final RMSE match those from the ground 
truth data. This error rate would lead to a correct classification rate of 91.06%. A histogram depicting the 
distribution of redness score errors can be found in figure 4.45. 

 

Figure 4.44: Histogram of absolute errors in redness score from KiwiNet. 

Lastly, a proof-of-concept mobile application was created to ensure the CNN and GRNN models could be 
deployed on a typical smartphone. An app was created using Android Studio that is compatible with Android 
versions Lollipop and higher. The app was tested on a Samsung Galaxy S8 device. The app allows a user to 
take an image or select one from their gallery and then pass the image through the CNN and GRNN models 
separately (Figure 4.47). 

The app demonstrates that both the CNN and GRNN can be deployed on a typical smartphone. Figure 4.47 
shows the reflectance output from an AdobeRGB image as, at the time of writing, we do not have any Red19 
kiwifruit to take images of. Further testing can be carried out over the next harvest season. Hence the 
pseudo-reflectance shown in figure 4.46 does not align with the reflectance presented in previous sections of 
this thesis as the image in figure 4.46 is in AdobeRGB format whilst the CNN model was trained on 
demosaiced RAW images. This pseudo-reflectance does, however, show a distinct dip in its spectrum that 
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aligns with those of the reflectances trained on raw images. This suggests that the model has learned some 
invariance to image datatypes.  

 

Figure 4.45: Figure of KiwiNet mobile application showing the estimated pseudo-reflectance of a single kiwifruit. 
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4.3.6 Network Visualisation 
The filters of the CNN trained as part of KiwiNet and trained independently can be found in Appendix 8.3. It 
appears that the filters do not match and considering KiwiNet is outputting pseudo-reflectance as opposed to 
actual reflectance, it is expected that these filters would look different. There does not appear to be any 
obvious patterns in either set of filters. 

The output of a single kiwifruit from each filter from KiwiNet (Figure 4.47) and when the CNN is trained 
separately (Figure 4.48) are shown below. There does not appear to be any obvious trends or similarities 
between them. 

 

Figure 4.46: Visualisation of single kiwifruit after convolution from 32 filters of KiwiNet when trained together. 

 

 

Figure 4.47: Visualisation of single kiwifruit after convolution from 32 filters of KiwiNet when trained separately. 

 

 








































































































