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A B S T R A C T   

There are strong economic pressures to improve automated inspection of apples. A considerable difficulty, 
acknowledged in the literature, but not adequately quantified, is the question of the extent to which the surface 
of apples, tumbling randomly on rollers, is covered by camera views during inspection. 

This work demonstrates a method to measure the roll, pitch and yaw of tumbling apples by tracking features 
on the skin between succeeding camera images and then to use the measured data to provide precise statistical 
descriptions of the tumbling process. The method was tested on an image library of four apple varietals; Eve and 
Granny Smith, which have mostly uniform skin colour, and Royal Gala and Braeburn which have a variegated 
skin colour. The images included apples that rotated stem-over-calyx (as the starting position) and apples that 
rotated equatorially for all varietals. The variegated varietals had many more trackable skin features 
(1,731–2,065 image pairs) than the mono-coloured varietals (238–859 image pairs) and stem-over-calyx rotation 
produced more tracking image pairs (723–2,065 image pairs) than equatorial rotation (238–2,041 image pairs), 
because the stem and calyx provided trackable features. 

Probability histograms are presented for the normalized incremental rotation in pitch, roll and yaw for each 
varietal and each direction of initial rotation. Skew-Gaussian distributions are fitted to the probability data to 
give the mean, standard deviation, skew and mean square error for the pitch, roll and yaw for each of the four 
varietals in each of two initial orientations (stem-over-calyx and equatorial). These stochastic characterisations 
can be used in future Monte Carlo simulations to provide precise determination of camera coverage during the 
inspection of apples tumbling on rollers. This is an important contribution to the field of automated apple 
inspection.   

1. Introduction 

In 2017, world apple production was 87.2 million tonnes (FAO Food 
and Agriculture Organization of the United Nations, 2019) and with 
such immense production comes the need for it to be graded and 
inspected in a fast and reliable manner. This can only be achieved using 
automated systems because manual inspection is slow, costly, unreliable 
and has poor repeatability (Chopde et al., 2017; Eissa and Khalik, 2012). 
Automated grading using computer vision (CV) for size, shape and 
colour is well-developed and commercial grading systems that do this 
are common (Wilson et al., 2017). However inspecting apples for defects 
remains a challenge and is largely reliant on a final manual inspection. 
There are several comprehensive reviews of the CV research in this area 
(Zhang et al., 2018; Lu and Lu, 2017; Zhang et al., 2014; Ma et al., 2016) 
and these highlight three main difficulties. Firstly, it is hard for CV 

systems to distinguish defects from normal apple features (such as the 
stem and calyx) particularly when the defect is close to these normal 
features. Secondly, defects are harder to find on apples with a variegated 
or multi-coloured skin (such as Royal Gala) compared with mono- 
coloured apples (such as Granny Smith) since defects may be hidden 
or obscured in the coloured pattern (Sofu et al., 2016). Thirdly, defect 
detection can only be accurate if the whole surface is inspected for all 
apple sizes, shapes and surface topographies (Baek et al., 2019). 

In packhouses, apples are commonly placed between rotating biconic 
rollers to make the apple tumble and, ideally, expose the whole surface 
to cameras in order to achieve whole-surface inspection (Blasco et al., 
2017). Baek et al. (2019) note that this exposes only about two-thirds of 
the surface to the cameras since the border regions near the rotation axis 
are not seen by the cameras. They show that the addition of mirrors (to 
simultaneously capture different views of the apple) can increase the 
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exposed area but mirrors are impractical in the dirty packhouse envi
ronment. Inspection of defects on round steel balls used in bearings 
presents a similar problem and various ‘surface unfolding’ mechanisms 
are used to ensure that the entire surface is viewed (Chen et al., 2016; 
Wang et al., 2015). This is a somewhat easier task than unfolding the 
surface of an apple because apple shape is not spherical but is in fact very 
varied and complex. 

Characterization of apple shape using the 12 ideal apple shapes 
published by the International Board for plant Genetic Resources is 
important in defining the properties of new apple cultivars (Paulus and 
Schrevens, 1999). Zhang et al. (2018) note that for a particular cultivar, 
variations in season, maturity and origin will have an effect on size and 
shape. Keshavarzpour and Rashidi (2010) describe apples as varying in 
shapes from oblong spheroid to oblate spheroid depending on the aspect 
ratio. Other researchers use Fourier descriptors for the apple shape 
(Paulus and Schrevens, 1999; Currie et al., 2000). However, despite the 
obvious fact that apple shape varies, very few studies take this into ac
count when investigating CV inspection for defects on the apple. Most 
investigations simply assume that varying apple shape will ensure that 
each apple tumbles randomly as it passes beneath cameras and that with 
sufficient views the whole surface will be inspected (Sadegaonkar and 
Wagh, 2015). The exception is Baek et al. (2019) who inspect fiducial 
dots marked on rotating apples viewed in multiple-mirror images and 
show that while all the dots are found in 78% of their sample (of 101 
apples), dots are either missed or counted more than once in the 
remaining 22% of the sample. 

A further common assumption is that the apple will tumble contin
uously but this is not always true. A very few researchers note problems 
such as apples sticking in one position (slipping on the rollers) or being 
over-packed on rollers. Eissa and Khalik (2012) report that apple rota
tion on rollers is non uniform ‘due to differences in apple sizes and 
frequent bouncing due to non-uniform shapes.’ Sofu et al. (2016) note 
that catching images that define all sides of the apple is difficult because 
larger apples do not ‘easily whirl round’ on the rotating rollers. Wilson 
et al. (2017) mentions the need to track points as they move below 
several cameras and Zhang et al. (2014) note that whole surface in
spection remains one of the challenges for CV inspection of defects. In 
the context of surface measurement, Leach et al. (2015) discuss the 
general need to take numerous measurements of small overlapping re
gions of interest with an accurate recording of the way in which the 
object is rotated (to ensure that the entire surface is unfolded and seen). 
However, controlling the rotation may be too time consuming to be 
practically useful (Zhang et al., 2018). Bakker et al. (2017) provide an 
analysis of the number of cameras required to inspect the entire surface 
of a sphere rotating on biconic rollers assuming that there is no slip 
between the sphere and the rollers. They also provide an analysis of 
redundancy, i.e. inspecting the surface more than once, which is unde
sirable since it adds unnecessary overhead to the inspection processing 
time and may increase the frequency of false positives. 

In summary, there is a need for precise measurement of the rolling 
behaviour of apples to establish the extent to which whole-surface 
exposure occurs as they tumble. Apples can be positioned so that they 
rotate initially either stem-over-calyx (SC) or equatorially (EQ). In the 
general case an apple will rotate on an axis that lies somewhere between 
these two axes. This investigation considers initial SC and EQ rotation as 
the two extreme cases and determines the way in which the position of a 
point of interest on the apple moves for each. Two mono-coloured va
rietals (Eve and Granny Smith) and two multi-coloured apple varietals 
(Royal Gala and Braeburn) are tested. 

2. Materials and methods 

2.1. Experimental data 

A detailed description of the experimental rig used to collect the li
brary of apple images used in this work is provided in Caulton (2011). 

The apples were placed on 65 mm diameter rollers, 92 mm between 
centres, rotating at 0.5 revolutions per second. Over a period of 2 s the 
apple moved through one full rotation and each camera captured 30 
images (i.e., one image for every 12 degrees of rotation of the apple). 
High frequency (20 kHz) fluorescent lamps were used for lighting, 
together with linear Polyvinyl Alcohol-Iodine (LPL) filters to remove 
specular reflections from the apple skin. The camera was set to auto 
exposure, with the white rollers ensuring that the apple images were not 
overexposed. 

The camera was mounted 340 mm above the centre of rotation of the 
apples. The apples varied in size from 62 mm to 100 mm diameter. The 
library consists of 20,880 images comprised of serial images of 348 
apples moving on rotating cylindrical rollers (beneath a camera) with 
varying degree of pitch, roll and yaw (as defined in Fig. 1) between 
consecutive images. 

The apples are one of four varietals; Eve and Granny Smith which 
have mostly uniform skin colour (red and green respectively) and Royal 
Gala and Braeburn which have a variegated skin colour (Fig. 2). The 
cylindrical rollers are fitted with soft black rubber O-rings with a clear 
rubber tubing cover. The roller design was chosen during the develop
ment of an automated apple packing line (Flemmer et al., 2014) to 
protect apples from damage as they are dropped onto the roller during 
the packing process. It differs from the standard biconic roller 
arrangement but has the advantage that friction between the soft rubber 
and the apple prevents the apple from slipping during rotation. This 
ensures precise registration between apple and roller which is desirable 
in the analysis of tumbling behaviour. The image sequences were 
captured, at a rate of 15 images per second, for apples rotating stem- 
over-calyx (SC) and for apples rotating equatorially (EQ). Sample im
ages are shown in Fig. 2. 

2.2. Visual tracking analysis 

The purpose of visual tracking over several rotations of an apple is to 
determine the statistical gyrations of real apples in order to estimate 
how much of the apple surface is seen as it passes under inspection by 
one or several cameras. In sequential images of a tumbling apple, there is 
some degree of pitch, roll and yaw, as defined in Fig. 1. The aim is to 
track a region of interest (ROI), initially near the visual centre of the 
apple, as it moves from the preceding image to the succeeding image 
(Fig. 3). The position and rotation of the ROI can be expressed in terms 
of the corresponding angular incremental changes in pitch, roll and yaw 
(Fig. 4). The calculation of these incremental changes requires a mea
sure of the distance between the moving surface and the centre of 
rotation of the apple (i.e., that point in three dimensions that does not 
move during the interval between acquiring the two images). This 

Fig. 1. Set-up of an apple on rollers. The black bands on which the apples 
rotate are O-rings with clear rubber tubing covering. Rollers rotate clockwise 
when viewed from the right. 
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distance is the instantaneous radius for the rotation, rs. 
We begin with a ROI centred at (i, j) in the first image and with no 

rotation (γ = 0), i.e. at starting condition(i, j,0)). Note that this notation 

does not agree with the raster of the camera retina and a simple trans
formation is necessary before using pixel data. The camera, facing 
vertically downward, takes an initial image and we identify a region of 
interest located at i, j in this image. Note that the location of the initial 
location (i, j) is generally not at the centre of the image. In the second 
image this ROI has moved to location(i’, j’, γ). We may view this com
posite rotation as being comprised of incremental changes in pitch, roll 
and yaw which we refer to as Δθ,Δφ and ω respectively and which we 
assume act about the centre of the apple, which is momentarily fixed in 
space. The instantaneous radius for this rotation is rs. 

The axis about which the apple pitches is parallel to the axis of the 
rollers and is represented by a vector aligned with this axis. Its length 
represents the magnitude of differential pitch. Roll of the apple is like 
that of an aircraft, and acts about an axis pointing in the direction of 
motion of the aircraft. From Fig. 3 we can see that roll and pitch are 
aligned with the cardinal axes, therefore, incremental roll only affects 
the i-coordinate in the new image while incremental pitch only affects 

Fig. 2. Sample images showing apple varietals tumbling in one of two orientations. (a) Eve apple in SC orientation, (b) Granny Smith apple in SC orientation, (c) 
Royal Gala apple in EQ orientation, (d) Braeburn apple in SC orientation. 

Fig. 3. View from above of movement of a region of interest (ROI) from one image to the next in terms of pitch, roll and yaw rotations.  

Fig. 4. Coordinate system used in images. The view is vertically downwards, 
from the camera’s pupil. 
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the j-coordinate. An aircraft or apple yaws when it rotates about a ver
tical axis and therefore, the yaw, ω, is the same as γ and results in change 
to both i- and j-coordinates. We will look at these transformations 
individually; assuming that pitch happens without roll and yaw, roll 
happens without pitch and yaw and yaw happens without pitch and roll. 

2.2.1. Pitch 
Fig. 5 shows a view of the apple along the line of the roller. The initial 

condition is shown in Fig. 5(a), where the location of the centre of the 
ROI has a coordinate, i. 

θ = sin− 1
(

i/rs

)

(1) 

After a rotation (change in pitch) of Δθ from the initial condition the 
location of the centre of the ROI has moved to coordinate i’θ and we have 
the situation shown in Fig. 5(b). The change in pitch angle Δθ is: 

Δθ = sin− 1
(

i’
θ

rs

)

− sin− 1
(

i
rs

)

(2) 

The change in the position of the point between images is given by: 

Δi = i’
θ − i (3) 

Substituting i’θ from (3) into (2): 

Δθ = sin− 1
(

i + Δi
rs

)

− sin− 1
(

i
rs

)

(4)  

2.2.2. Roll 
By a similar analysis the initial position in the roll direction is given 

by: 

φ = sin− 1
(

j
rs

)

(5) 

And the change in roll angle from one image to the next is given by: 

Δφ = sin− 1
(

j + Δj
rs

)

− sin− 1
(

j
rs

)

(6)  

where j is the initial position on the image, Δj is the displacement be
tween the two images and Δφ is the angle through which the apple rolls. 

2.2.3. Yaw 
The effects of yawing the apple are more complex because they affect 

both i- and j-coordinates. However, this is simplified by the fact that the 
(pure) yaw angle, ω, is the same as the rotation angle of the ROI between 
images, γ (Fig. 6). This is because our initial ROI has zero yaw, by 
definition. 

If we define the initial coordinates of the ROI before the yaw rotation 

as 
(

i’γ , j’γ, 0
)

(i.e. oriented with the axes) then a yaw of ω will produce a 

ROI rotated by γ from the vertical. We will see that the process of 
mapping (by regression on the data), the initial ROI to the succeeding 
ROI provides a value of γ. 

2.2.4. Regression to determine the rotated position of the ROI 
We now examine a regression of the camera data as an initial and a 

following image are compared, in order to find the final position of the 
ROI. Conceptually, the template provided by the initial ROI will be 
translated and rotated across the second image in order to find the best 
match. This is accomplished by systematically changing the values for i , 
j and γ and, at each trial location, computing an error function, and 
assessing how well the template data matches the trial position. 

To map a pixel of the initial ROI on the final ROI we can either 
translate in the i- and j-ordinates and then rotate, or else rotate and then 
translate. These sets of operations are not commutative. If we choose the 
former order of operation then the change in the coordinates, Δi and Δj, 
will be known to us as outputs of the regression algorithm. This is also 
true of the rotation angle, γ. This is shown in Fig. 7 where the output of 
the regression operation will be the triplet of Δiθ,Δjφ, γ. 

From this parameter triplet we can directly calculate the pitch, roll 
and yaw angles using the equations from the previous sections and the 
apple radius, rs, whose value we now consider. 

2.2.5. Effective apple radius 
To perform the above calculations, we must use a value for rs, the 

effective radius of the apple. By Euler’s Theorem, for any general rota
tion, from an initial orientation to a final orientation, there exists a fixed 
line in three-space about which the object rotates from initial to final 
configuration. The shortest distance from this line to either of the ROIs is 

(a) Initial position and pitch angle of ROI (b) Position and angle of ROI after incremental 
change in pitch

Fig. 5. Apple rotation due to change in pitch about radius rs. (a) Initial position and pitch angle of ROI, (b Position and angle of ROI after incremental change 
in pitch). 

Fig. 6. Position of the ROI that would result in the final position due solely to a 
yawing movement. Yaw angle, ω, is equal to the rotation of the ROI, γ. 
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the effective radius of rotation. The radius of the apple at the rollers 
determines the angle of rotation for a given change in i- and j-co
ordinates. Looking at the plan-form profile of an apple as it moves on the 
rotating rollers (Fig. 8) there are two radii, rupper and rlower, which affect 
the rotational behavior of the apple. If the two radii are equal then the 
apple will rotate only about the pitch axis. If the two radii are different 
then the apple will rotate in three dimensions with changes in roll and 
yaw angles as well as in pitch angle. The ratio of the two radii is an 
indication of their relative difference and the greater this ratio differs 
from one, the greater the three dimensional rotation. The effective 
radius, rs, was assumed to be the average of the upper and lower radii. 

2.2.6. Normalisation 
If the rollers were biconic, the angular rotation of the rollers would 

be directly related to the angular rotation of the apple and we would be 
safe in using the measured pitch, roll and yaw angles directly. However, 
in this work, the rollers are parallel so that the circumferential distance 
that the roller rotates is the same as the circumferential distance the 
apple rotates. This means that the amount of pitch rotation will depend 
on the apple size. The larger the apple, the smaller will be the pitch 
rotation. Therefore, we must normalise the angles that we report to 
eliminate the effect of apple size. This can be done by dividing each of 
the pitch, roll and yaw angles by the mean pitch angle for all images 
from one apple. 

We must also recognise that the rotation of the apple is a dynamic 
process and that, unless the rotation is so slow that the apple maintains 
contact with both rollers at every point, the apple’s average movement is 
dependent on the rate of rotation of the rollers and cannot be reported 
independent of this. The amount of rotation between images therefore 
provides us not with the apples’ rotation between those points in time 

but rather with its angular velocity. 

2.2.7. Tracking regions of interest 
In any first image (before incremental rotation), three ROIs were 

defined, each being 50 × 30 pixels in size. The left border of the first ROI 
was centred on the apple centre and the other two ROIs were positioned 
20 pixels above and 20 pixels below the first ROI (Fig. 9). The pixel 
variability of the three ROIs was assessed and those ROIs that were too 
bland (i.e. lacking features) were discarded. Mono-coloured apple va
rietals (particularly Granny Smith) had relatively few qualifying ROIs 
while Royal Gala apples (with highly patterned skin) had many quali
fying ROIs. 

In the second image (after the incremental rotation), regression was 
used to find the translation and rotation with the best fit, as follows: 

S1. In the search, each ROI in the first image was conceptually 
overlaid with its centre on some point on the second image and 
rotated by some yaw angle. 
S2. An objective function was defined by finding the normalised Root 
Mean Square Error, RMSE, (pixel by pixel) between the pixels in the 
initial ROI and the pixels in the second image over which the initial 
ROI was laid. 
S3. A Nelder and Mead (1965) algorithm was used to regress for the 
best fit of each of the qualifying ROIs. Only satisfactory fits were 
accepted and not all apples yielded data for every transition. 
S4. The effective radius of the apple, rs , was determined as described 
in Section 2.2.5. 
S5. The yaw angle, γ, was determined from the angle of rotation of 
the ROI as given by the regression. 
S6. The pitch and roll angles could then be determined from the Δi 
and Δj used in the regression algorithm using Eqs. (4) and (6) 
respectively. 
S7. The data were stored, indexed to the apple reference number, 
frame number and whether the initial orientation was SC or EQ. 

The algorithm for obtaining tracking data is summarised in Fig. 10. 

2.2.8. Post processing 
The post-processing algorithm is shown in Fig. 11. The threshold 

RMSE was determined by sorting the image pairs for each varietal and 
orientation by increasing RMSE. The tracked ROIs were then manually 
examined to define the RMSE cut-off point representing reliable 
tracking. The number of accepted image pairs, compared with the total 
number of image pairs, indicates how many fell within the required 
limits and were used in subsequent analysis. These quantities are shown 
in Table 1. 

Granny Smith apples have very few features on the almost uniform 
green skin (Fig. 2) so there are fewer accepted pairs of images where 
ROIs are tracked. This is most pronounced when the apple is rotated 
equatorially; only 9% of the image pairs (or 238 image pairs) allow 
reliable tracking. When Granny Smith apples are rotated stem-over- 
calyx (SC), 32% of the image pairs (859 image pairs) allow reliable 

Fig. 7. Consecutive transforms of the ROI from first image to second image.  

Fig. 8. Apple image showing the definition of the upper and lower horizontal 
apple radii. 

Initial ROIs

Fig. 9. Three initial regions of interest used for regression.  
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tracking because there are more well-defined features in the stem and 
calyx regions. Eve apples, although largely red in colour, have light 
speckling on the skin so that a higher percentage of image pairs have 
trackable ROIs compared with Granny Smith apples. As expected, the 
highly patterned skin of the Royal Gala varietal (red/yellow variegation 
with marked striping) is the easiest to track with over 90% of image 
pairs allowing reliable tracking for both EQ and SC orientations. Brae
burn is less variegated with 60% and 37% of image pairs allowing 
reliable tracking for SC and EQ orientations respectively. 

An example of the tracking analysis is shown in Fig. 12 for a Royal 
Gala apple with initial EQ orientation. The yellow lines show the iden
tification of the boundaries of the apple used to determine the mid-point 
of the apple (and hence the search area for ROIs). The values for rupper 
and rlower were found with a template match based on colour transition 
and were used to calculate the effective radius, rs. The white rectangle 
shows the ROI in the left image and, after having undergone a trans
formation through the three rotation angles, in the right image. The 
black circle shows the mid-point of the apple plan view. The trans
formation, in this image pair, can be seen as an almost horizontal shift in 
the ROI of about 25 pixels to the right with a slight rotation counter 
clockwise. The accuracy of the tracking process is clearly very much 
more subtle than could be achieved by human inspection on an indus
trial packing line. 

Although this analysis takes minutes on a modern computer, this is 
not a problem because such an analysis would only ever be done off-line. 

3. Results and discussion 

3.1. Rotation angle variation 

The pitch, roll and yaw differential angles between succeeding 
matched images is shown on box-and-whisker plots (Fig. 13). These are 
normalised by dividing by the mean differential-pitch angle for each 
apple. 

In these plots, the top and bottom of the boxes represent the upper 
and lower quartiles, the ends of the whiskers represent local maximum 
and local minimum, the horizontal line in the boxes is the median, and 
the red crosses are considered outliers, i.e., outside the local extrema. 
The local maximum is the last data point that lies within 1.5 times the 
inter-quartile distance above the upper quartile. The local minimum is 
the last data point that lies within 1.5 times the inter-quartile distance 
below the lower quartile. This means that the length of the upper and 
lower whiskers may not be the same. Although the percentage of 
matches for some varietals is not high (Table 1), there are between 347 

Fig. 10. Method of obtaining tracking data from image pairs for one apple.  

Fig. 11. Method of finding suitable thresholds for selecting acceptable 
tracking data. 

Table 1 
The percentage ROI successfully tracked in image pairs for each apple varietal 
and initial apple orientation.  

Varietal Initial 
Orientation 

Accepted 
Pairs 

Total 
Pairs 

Tracked Pairs 
(%) 

Eve SC 723 2233 32 
Eve EQ 347 2233 16 
Granny 

Smith 
SC 859 2755 32 

Granny 
Smith 

EQ 238 2755 9 

Royal Gala SC 2065 2233 92 
Royal Gala EQ 2041 2233 91 
Braeburn SC 1731 2871 60 
Braeburn EQ 1055 2871 37  
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and 2,065 matched images for the four varietals, which is large enough 
that the statistical values of pitch, roll and yaw differentials are 
meaningful. 

3.2. Validation of the apple effective radius 

Fig. 14 shows a box-and-whisker plot of all the upper and lower radii 
measured in the 5,742 images of Braeburn apples (whether they had 
matched ROIs or not). All radius measurements larger than the box-and- 
whisker limit (the red crosses on Fig. 14) were discarded, together with 
any matched ROIs corresponding to these outliers. Although it seems 
that there are very many red crosses, it must be borne in mind that the 
box-and-whisker plots represents 1,731 measurements for SC rotation 
and 1,055 measurements for EQ rotation, so that, overall, the radius 

measurement is very good. Also shown on Fig. 14 is the ratio of the two 
radii, expressed as a percentage, for both SC and EQ rotations. The 
greater the excursion of the ratio from 100%, the greater the rotation of 
the apple. The plot is shown only for the Braeburn varietal because the 
other varietals performed similarly. 

3.3. Statistical findings 

Fig. 15 shows the probability histograms for normalised incremental 
rotation in the pitch, roll and yaw directions for each varietal for each 
initial orientation (SC and EQ). The probability is found by dividing the 
number of observations in each bin by the total number of observations 
for that varietal. Note that the probability represented in Fig. 15 and 
tabulated in Tables 2 through 5 are the probabilities of a point lying in 

Fig. 12. Analysis of a pair of images for a Royal Gala apple with initial EQ orientation.  

Fig. 13. Distribution of the pitch, roll and yaw differential angles for SC and EQ rotation for each varietal. (a) Eve, (b) Granny Smith, (c) Royal Gala, (d) Braeburn.  
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one of the equally spaced bins. This resolution is adequate for a future 
Monte Carlo simulation. 

Skew-Gaussian distributions were fitted to the probability data for 
each varietal, rotation direction and orientation. The equations are: 

x’ =
x − x

σ (7)  

y =
e− 1/2x’2

σ
̅̅̅
π

√ f (s) (8)  

where x is the independent variable, x is the mean, x’ is the normalised 
variable, σ is the standard deviation and f(s) is a piecewise function for 
the skewness developed by Ashour and Abdel-hameed (2010). 

The sum of the probabilities was constrained, during fitting, to be 1 
± 0.03. The parameters of the fitted distributions are shown in 
Tables 2–5. These parameters could be used, for example in a Monte 
Carlo simulation, to replicate the stochastic rolling behaviour of the 
varietals. The Mean Square Error (MSE) of the fit is shown for incre
mental pitch, roll and yaw angles in each case. 

The results (Fig. 15 and Tables 2 through 5) show:  

• For all varietals, the probability distributions of incremental rotation 
in the pitch, roll and yaw are narrower (have smaller standard de
viation) for apples rotating about an initial EQ axis (Fig. 15 b, d, f and 
h) compared with apples rotating about an initial SC axis (Fig. 15 a, 
c, e and g). This is expected since rotation about the SC axis is made 
more irregular by the change in apple shape in the stem-calyx 
regions. 

• For apples rotating about an initial EQ initial orientation, the prob
ability distribution of incremental change in pitch has a varying 
degree of skew and this affects the value of the mean pitch for the 
distribution.  

• For apples rotating about an initial SC orientation, the skew in the 
incremental pitch distribution is much higher than for EQ rotation.  

• For all varietals rotating about both an initial EQ orientation and an 
initial SC orientation the normalized incremental distributions are 
centred approximately on unity for pitch angle and on zero for roll 
and yaw (Fig. 15 a-h).  

• For all varietals and for both initial orientations, roll has a wider 
variation (standard deviation) than yaw. This was to be expected 
because any change in yaw is always the result of differential per
turbations between the two rollers and we might expect that each 

perturbation would tend towards the mean, thus providing a smaller 
yaw – which we see. The single exception is Granny Smith apples 
with an initial EQ orientation where the variation in incremental roll 
and yaw is approximately equal (Table 3), indicating that the 
equatorial region for this varietal is close to spherical.  

• The similarity of the curves (Fig. 15 a-h) suggests that an average of 
these curves might be used for all varietals in order to predict camera 
coverage, but this will be determined more precisely in future work. 

4. Conclusion 

Automated inspection of apples using computer vision relies upon 
the premise that the entire surface of the apple is seen by the cameras as 
the apple tumbles past. The apples are assumed to tumble in a uniform 
manner, neither bouncing nor stick-slipping on the rollers and this 
assumption is held to be true for all apple sizes, shapes and varietals. 
Whilst researchers have reported seeing irregular tumbling behaviour, 
no attempt has been made to quantify the extent of irregular rotation 
and this is the research gap addressed here. 

As a first step towards quantifying apple rotation, this research de
velops a method to obtain a statistically reliable measure of the distri
bution of rates of pitch, roll and yaw for tumbling apples that is 
standardised so as to be independent of the apple size and roller speed. 
The method tracks features on the apple skin in consecutive images of 
tumbling apples and uses regression to determine the translation and 
rotation of the features from one image to the next. This allows the in
cremental changes in three-dimensional rotation (expressed as pitch, 
roll and yaw angles) to be calculated. These are normalized and used to 
produce probability histograms of incremental change in pitch, roll and 
yaw angles that are independent of apple size. Skew-Gaussian distri
butions are fitted to the histograms to determine the parameters (mean, 
standard deviation, skew and mean square error) of the changes in pitch, 
roll and yaw angles of tumbling apples. 

The method was applied to an image library of four varietals of ap
ples rotating on non-slip cylindrical rollers. Two of the varietals, Eve and 
Granny Smith, have mostly mono-coloured skin and the other two va
rietals, Royal Gala and Braeburn, have multi-coloured/patterned skin. 
The tracking is significantly easier for multi-coloured varietals than for 
mono-coloured varietals since the former have many more discernible 
features than the latter. The images were captured with the apples 
placed in each of two initial orientations; with rotation stem-over-calyx 
and equatorially. Rotation stem-over-calyx axis provides more trackable 
features than rotation equatorially axis because the stem and calyx 

Fig. 14. Braeburn varietal variation in upper radius, rU, lower radius, rL, and the ratio of upper radius to lower radius for SC and EQ rotation.  
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Fig. 15. Probability histograms of the incremental angular pitch, roll and yaw between images for the four varietals during rotation. (a) Eve SC initial orientation, (b) 
Eve EQ initial orientation, (c) Granny Smith SC initial orientation, (d) Granny Smith EQ initial orientation, (e) Royal Gala SCinitial orientation, (f) Royal Gala EQ 
initial orientation, (g) Braeburn SC initial orientation, (h) Braeburn EQ initial orientation. 

C. Flemmer et al.                                                                                                                                                                                                                                



Computers and Electronics in Agriculture 188 (2021) 106362

10

regions have distinct features, even on mono-coloured varietals. 
In future work, these results can be used in Monte Carlo simulation to 

determine the extent of apple surface seen by overhead cameras during 
tumbling. A limitation of the current research is the type of roller, 
namely non-slip cylindrical. In apple packhouses, biconic rollers are 
more common. Therefore, the future work will include gathering an 
image library of apples rotating on biconic rollers and the application of 
this method to determining the stochastic tumbling behaviour. 
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