Hyperspectral Imaging and Machine Learning to Identify Epicuticular
Wax Loss in Masena Blueberries for Post-Harvest Freshness
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Abstract— Blueberries harvested using mechanical harvest-
ing techniques, like over-the-row (OTR) harvesters, are not
suitable for the fresh market due to high damage rates. Assisted
harvesting (AH) techniques using hand-held shakers offer a new
approach which shows promise in increasing harvesting rates
without compromising fruit quality. Epicuticular wax is one
of the fruit qualities needing to be preserved during harvest-
ing. This paper investigates the effectiveness of hyperspectral
imaging techniques and machine learning to construct a model
to identify epicuticular wax rapidly and non-destructively. The
best performing model produced was a linear SVM, and had
an Fl-score of 98.6%. Additionally, this model was used to
show that blueberries harvested using hand-held shakers retain
more epicuticular wax than traditional hand-harvesting (HH)
techniques, a result that shows promise of potentially increased
fruit quality using automated methods.

I. INTRODUCTION

Global demand in agricultural products are continually
increasing, and the shift to automation is a step towards meet-
ing these demands [1]. Blueberry harvesting is also shifting
from hand-harvesting (HH) towards automation; however,
their desired properties are highly susceptible to damage,
both in pre- and post-harvest states. Berries harvested using
mechanical harvesters are generally lower quality as signif-
icant damage occurs during harvesting processes, making
them unsuitable for the fresh market [2], [3]. Research
has been conducted into both assisted harvesting (AH) and
automated harvesting on ways to minimise damage including
soft-catch surfaces (SCS) [4], and hand-held shakers [5], [6],
[7]. Other properties that contribute to the market price of
blueberries include hydration, firmness, size, colour, solu-
ble solids content (SSC) and epicuticular wax (EW), also
commonly referred to as bloom [8]. EW is the epidermal
wax layer present on many varieties of fruit, appearing as
the white, powdery substance on the skin of blueberries.
Retaining EW is not only important as it is visually appealing
to consumers [9], but also as it contributes significantly to
the berry’s quality both in pre- and post-harvest states. In
the pre-harvest state, it reduces susceptibility to pathogen
organisms and reduces the chance of deformations. In the
post-harvest state, EW increases moisture retention from
non-stomatal areas, prevents microbial infections, and helps
resist physical damage caused by external stresses [10],

1 Authors are with the School of Engineering, University of Waikato,
Hamilton, New Zealand

2 Authors are with the School of Computing and Mathematical Sciences,
University of Waikato, Hamilton, New Zealand

Corresponding authors: jonathan.pearse @waikato.ac.nz*,
yt244 @students.waikato.ac.nz**

[11], [12], [13]. One of the issues with HH methods is
that pickers need to handle the fruit. AH requires less
handling of berries, potentially increasing EW present on
post-harvest berries. Masena blueberries, a variety of high-
bush blueberry (Vaccinium corymbosum) selectively bred
by Mountain Blue Farms Pty Ltd, have a characteristi-
cally thick EW layer and thin skin. This makes Masena
an ideal variety for imaging EW. While numerous studies
have investigated impact damage on blueberries occurring
through automated or AH techniques, accurately assessing
EW retention has been impeded by the laborious nature of
the process and its subjectivity. To quantify EW, traditional
methods include visual inspection, or use of RGB cameras
[14], [15]. RGB cameras are well-suited for determining
most properties associated with the fruit’s grade, however
are limited for EW detection as blueberry colour or bruising
may affect perception on EW presence. NIR hyperspectral
imaging (HSI) captures responses in the 900nm to 1400nm
range, which is outside the visible light range. This can
provide much higher levels of accuracy by observing greater
spectral differences between areas of no EW and areas
with EW. HSI is a form of non-destructive analysis that
involves capturing multiple images for different spectral
groups. Captured images (2-dimensional) are arranged into
spatial maps called hypercubes, using the wavelength as a
3rd dimension. Applications of HSI in agriculture have been
revolutionary in improving crop quality [16], [17], including
blueberries [18], [19], [20], [21], and has only been gaining
more ground. This can be seen by the rapid increase of
research conducted, with 245 articles published in 2011-
2020 in comparison to 97 published in 2001-2010 [22].
As HSI is an expensive and complex imaging process, it
is impractical to use it in commercial automated graders.
However, it can be used to identify wavelengths characteristic
with EW on blueberries, and hence may be the first step
towards developing a specialised system utilising wavelength
specific imaging for automated grading.

This paper aims to improve on existing methods of imag-
ing EW through use of HSI and machine learning techniques,
and to identify if there is any significant observable differ-
ence in EW retention between AH and HH techniques.

II. MATERIALS AND METHODS

A. Data Collection

Figure 1 provides an overview of the methodologies
employed to produce a machine learning model. The exper-
iments presented in this paper were conducted on Masena
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Fig. 1.

blueberries harvested from an orchard located in Pukehina,
New Zealand. This orchard had their bushes under tunnels to
prevent damage from rain and dew, both of which can remove
EW and reduce fruit quality. Data was collected mid-season
on November 24, 2023. Blueberries harvested using AH
methods used an improved hand-held shaker developed by
the University of Waikato [23]. This shaker uses a brushless
direct current (BLDC) motor to turn a crank, causing the
head of the device to reciprocate, and hence transfer force
to a cluster of blueberries.

Using polyvinyl chloride (PVC) gloves, 20 ripe blueberries
were carefully harvested by hand, and placed into 3D printed
polylactic acid (PLA) carry trays (Figure 4, (a)). These were
classified as the ‘control’ with near perfect EW intact. 10
ripe blueberries were then harvested using traditional HH
techniques, without gloves, into a plastic bucket. Using PVC
gloves, 10 of these berries were carefully removed from
the bucket, ensuring minimal disturbance to remaining EW,
and placed into a separate PLA carry tray. Finally, 10 ripe
blueberries were harvested into a similar bucket using a
hand-held shaker (Figure 2, (a)). These were placed in a
separate PLA tray in the same way as the HH berries.
Following the harvesting, these berries were placed inside
an air-conditioned vehicle and transported within 3 hours
to the University of Waikato where they were refrigerated.
These blueberries were then imaged using the hyperspectral
camera within 9 hours after harvesting.

B. Hyperspectral Imaging Methods Used

HSI involves capturing an image in many spectral wave-
lengths. A typical camera captures an image in 3 spectral
ranges (red, green and blue), while an HSI camera captures it
in the hundreds of spectral wavelengths. Electromagnetic ra-
diation, typically given by an illuminant, either from natural
or artificial sources, is reflected off the surface of the sample
being imaged. Depending on the chemical and physical
makeup of the sample, this will be reflected differently
[24]. Thus, spectral reflectance can be observed using HSI,
typically in the visible and near-infrared (NIR) wavelengths,

(a-f) A flowchart representing the procedures conducted for this paper.

Fig. 2. (a) Hand-held shaker developed by the University of Waikato
shaking a cluster of Masena blueberries; (b) Traditional hand-harvesting
method where workers place blueberries into a waist-strapped bucket.

between 400nm and 2500nm. The imaging conducted in this
paper was between 900nm 1700nm. For reference, the visible
light spectrum is between 380nm and 700nm, hence all HSI
conducted was in the NIR region.

The configuration of a hyperspectral camera consists of
several fundamental elements: a lens, an image-capturing
spectrograph and an area-covering image sensor. For this
paper, a Specim FX17e camera captured NIR spectral bands
ranging from 900nm to 1700nm, divided into 224 spectral
bands with the resolution of 640x640 pixels. This camera
utilizes a line scanning configuration referred to as push-
broom technique. This means the camera scans the spectral
data of the target one line at a time [25]. This linear scanning
camera is also facilitated with a rotary stage. Using the
Specim Lumo Scanner software, the speed and angle of
scanning are effectively managed.

1) Physical setup: In the physical setup for the camera,
the HSI camera is fixed to a tripod stand, which is positioned
on an even surface. It was crucial to ensure that the tripod’s
legs remained stationary once the optimal setup had been
achieved. The link between the computer and the camera was
established by connecting an Ethernet cable to the computer
and attaching the other end to the camera using a standard
GigE M12 X-coded Ethernet connector. The camera was
rotated at a speed of 5.32 degrees per second while capturing



TABLE I
DATA SPLITTING

1. Total Fruits Imaged 39 images
a. Fruit with EW 30 images
b. Fruit with no EW 9 images
2. Total Pixels of Fruit with EW 316,474
a. In Training set with 10-fold cross-validation 182,513
c. In Test set 133,961
d. Background (excluded from training data) 15,378
e. White Reference (excluded from training data) | 992,785
3. Total Pixels of Fruit with no EW 148,547
a. In Training set with 10-fold cross-validation 99,200
c. In Test set 49,347
d. Background (excluded from training data) 10,112
e. White Reference (excluded from training data) | 488,466

the images of blueberries. From the control berries with
fully intact EW, 9 berries were carefully wiped using cotton
cloths to remove the wax before imaging. This allowed for
a definitive comparison between ‘perfect EW’ and ‘no EW’.
In total, there were 5 sets of spectral hypercubes collected
by the HSI camera. These were 'No EW’, ’Perfect EW’,
’No EW vs Perfect EW’, *Assisted Harvested Blueberries
(AHB)’, and 'Hand Harvested Blueberries (HHB)’. Table I
shows the composition of captured images.

2) Illumination: In HSI imaging, the illumination system
is the primary source of light that interacts with the object
under observation. This interaction is vital for achieving
optimal image quality and precise spectral data [26]. For
the imaging conducted in this paper, the Philips Plusline
Halogen 500W R7s 240V was utilized. It was positioned
facing the subject to ensure consistent and evenly distributed
illumination. The halogen lamp was placed at approximately
320 mm from the HSI camera.

C. Image Processing and Machine Learning

1) Normalization of Data: In the analysis of raw spectral
data, normalization is required [27]. When using dark and
white references in normalization, the spectral data is more
reliable and dependable as noise is removed. It also helps
with uniformity and consistency across multiple imaging
sessions and different environmental conditions. Background
noise and interference can be eliminated by subtracting the
dark reference, and the adjustment for illumination variations
is accomplished by dividing a white reference.

2) Software Utilised: Lumo Scanner is a software for
recording data from Specim’s HSI camera and scanner
systems. It provides a user interface for real-time monitoring
and adjustment of camera settings during imaging processes
[28]. It identifies over-exposed areas for correction, ensuring
the best setup. An in-house developed software called "ENVI
Viewer’ [29] was used to annotate the images, as seen in
Figure 3. The samples were categorised into four groups:
"EW’, ’No EW’, *Background’, and *White reference’. The

images were then saved in PNG format, and the annotations
were exported as JSON files using the Object-Predictions-
Exchange (OPEX) Format [30]. All the annotated data were
converted into .mat files to process in MATLAB.

Fig. 3. (a) AH Berry Annotations in ENVI Software; (b) HH Berry
Annotations in ENVI Software.

3) Data Splitting: In this experiment, 39 images of blue-
berries were collected, whereby 30 were of blueberries with
EW and 9 without EW. This data was then divided into
training and test sets, 70% and 30% each, respectively. The
validation set was obtained from the training using 10-fold
cross-validation. The distribution of pixels in the training set,
testing set, and validation set of blueberries with EW and
without EW are shown in Table I.

4) Machine Learning Approaches Used: Deep learning
models can be applied in this paper; however, classical ma-
chine learning models provided acceptable outcomes. Data
availability is another reason not choosing deep learning
models [33] as deep learning requires a large number of
datasets which was not available for this project. Compared
to classical machine learning, deep learning requires a huge
amount of hyperparameters to tune which was beyond the
scope in this particular study. In this study, supervised
learning models were used to train on datasets which have
been labelled. There are several algorithms in supervised
learning; however only three models such as decision trees,
discriminant analysis and Support Vector Machine (SVM)
were chosen. The types of algorithms and their characteris-
tics are described in Table II.

5) Validation Method: There are three common methods
to evaluate the performance of produced models in machine
learning such as holdout method, k-fold cross-validation and
leave-one-out cross-validation [34]. However, k-fold cross-
validation was selected to assess the accuracy of the produced
models. In this method, ‘4’ numbers of subsets (folds) are
used to split the datasets. Typical values of k are 5, 10 and 20
[34], and are dependent on the size of the datasets used for
training. For this sample, as the dataset was small, a k value
of 10 was used. The training dataset is split into 10 folds
and the model is trained 10 times. For each iteration, 9 of
them are used for the training data and the remaining 1-fold
is for the validation set. This action is repeatedly processed
for each of the 10 folds.

6) Evaluation Metrics: In this paper, the 7 machine
learning models described in Table II were trained using
the training set and applied to the test set for predicting



TABLE I
MACHINE LEARNING MODELS

Algorithm

Characteristics

1. Decision Tree

Decision tree is a graphical representation in a
tree structure which consists of nodes and
branches [29]. It is easily interpretable, and is
efficient and fast in training and making
predictions although it has low predictive
accuracy

1.1 Fine Tree

A fine tree can perform well to capture
complex patterns and it has a high accuracy
on training data. However, it has a high
chance of overfitting [30].

1.2 Medium Tree

A medium tree has fewer split nodes
than fine tree; however, it has more splits than
a coarse tree.

1.3 Coarse Tree

A coarse tree with limited split nodes leads

to faster training time than a fine tree [30].
Although its flexibility and training accuracy are
likely to be lower compared to fine tree, it has
less risk of overfitting. This means it is able to

provide more reliable predictions on unseen data.

2. Support
Vector
Machine
(SVM)

SVM is one of the most widely used supervised
learning models for analysing data which is
used for classification and regression analysis
[29]. SVM is also popular for performing linear
and nonlinear classifications.

2.1 Linear SVM

Linear SVM has a straight-line linear boundary
and it is applied to the data which is linearly
separable [31].

2.2 Cubic SVM

Cubic SVM has non-linear boundaries and

can capture more complex pattern in the data
[30]. In contrast, it is likely to have the risk of
overfitting when the model is too complex.

3. Discriminant
Analysis

This is one of the supervised machine learning
algorithms and is used for classification of
multiple classes and dimensionality in data
analysis. It is popular for it precision, fast
performance and easy interpretability [32].

3.1 Linear
Discriminant
Analysis (LDA)

Linear Discriminant Analysis creates linear
separation between classes

3.2 Quadratic
Discriminant
Analysis (QDA)

Quadratic Discriminant Analysis creates
nonlinear quadratic separation between classes

the EW on Masena blueberries. To evaluate these models’
performance, precision, recall and Fl-score play a crucial

role.

Precision is defined as the ratio of the instances of true
positive predictions to the sum of true and false positives
predictions. It detects the accuracy of positive prediction of
the model [35].

Precision =

True Positives

True Positives + False Positives
Recall can be defined as the ratio of positive predictions

to all positive predictions in the datasets [35].

True Positives

Recall =

True Positives + False Negatives

tion of precision and recall into a single metric [35].

F1-Score = 2 x

Precision x Recall

Precision + Recall

(1)

(2)

Fl-score is a statistical calculation which is the combina-

3)

III. RESULTS AND DISCUSSION
A. Trained Model Results

After training various models, the results, as seen in Table
III, show that the linear SVM model is the best model
due to high precision (99% in EW and 94% in No EW),
recall (97.8% in EW and 99.8% in No EW) and F1-score
(98.6%) in all classes. Some models, such as Cubic SVM
and Medium Tree, appear promising for some classes but
are inconsistent in comparison to the linear SVM model.

There are some limitations in the trained model. The main
limitation of SVM models is the kernel selection [36]. This
means that finding the most appropriate kernel of SVM is
challenging for a specific situation. Additionally, compu-
tational limitation, which in this case results in increased
training time, is another drawback of linear SVM [37].

Despite its limitations, the trained model had certain
strengths. Linear SVM models have better generalization
abilities [38] than other models in machine learning. This
means it can perform more accurate predictions and clas-
sification on testing data and not on part of the training
data. Therefore, it is an effective model for classification
of agricultural data [39]. Moreover, it predicts the outcomes
well and shows high precision and recall across all classes
compared to other types of machine learning models.

Decision trees have different categories based on some
criteria. The benefits of decision trees are interpretability
and feature selection. In terms of interpretability, they are
easy to classify and interpret due to the tree structure which
make predictions by following the branches and nodes.
When looking at feature selection, they always select the
most important feature to separate the data into different
categories based on some criteria [40]. Overfitting is one
of the limitations of decision trees. Which means that they
can perform high accuracy on training sets; however, it leads
to poor performance on testing data.

The advantage of discriminant analysis is dimension re-
duction technique [41]. It means that the discriminant analy-
sis can change the original data into simpler feature space by
determining a linear combination. By doing this, it results in
easy classification in new data based on the new dimensions.
However, it can have difficulty when the number of sample
size is smaller than the number of features [41]. It causes
unreliable performance of models, overfitting and limited
generalization which means the performance of the model
is inaccurate on testing data although it can perform well on
training data.

B. Application of HSI -SVM on Epicuticular Wax Retention

In this section, the best performing model (Linear SVM)
for the training set of hyperspectral images is referred to as
HSI-SVM. This model is applied on test images AH and HH
berries shown in Figure 4 and Figure 5 respectively.

Figure 4 (a) indicates that there is no EW lost from the
harvesting process, which seems inaccurate as Figure 4 (b)
shows several scrapes and areas that are darker, indicating
EW loss. Figure 5 (a) indicates that there are areas with no



TABLE III
PRECISION, RECALL AND F1 SCORE FOR VARIOUS TRAINED MODELS ON TEST SET

Fig. 4. (a) HSI-SVM results for AH berries; (b) RGB images for AH
berries.
Fig. 5. (a) HSI-SVM results for HH berries; (b) RGB images for HH
berries.

EW, and this is confirmed with the RGB image showing
where EW seems to have been wiped off during the harvest-
ing process. As this produced model assumes a single fault,
i.e. loss of EW, the linear SVM is a good fit. If more faults
were to be investigated, including but not limited to bruising,
mould or ripeness, models will need to be retrained. One of
the advantages of using the HSI-SVM model for determining
EW loss is that it reduces the misclassifications compared to
using traditional RGB imaging methods. As can be seen for
the upper 3 berries in the second column of both Figure 4
(b) and Figure 5 (b), these berries appear darker, as if they
have significantly less EW than the rest of the berries, and
would likely be rejected. However this darker appearance is
only due to inconsistent lighting. This inconsistent lighting
does not affect the HSI-SVM results. The generated model
can also be used to calculate a percentage of EW lost, by
comparing the number of pixels of No EW and EW.

Decision Trees Support Vector Machine (SVM) Discriminant Analysis
. . Linear Quadratic
DC;Z?SEH D:cli?ieon ]I;/Ie ec(illl;ll Cubic Linear Discrimir.lant Discrimil?ant
Tree Tree Tree SVM SVM Analysis Analysis
(LDA) (QDA)
Background Precision | 0.999 0.999 0.999 0.994 0.999 0.988 1.000
Recall 0.910 0.997 0.997 1.000 1.000 1.000 0.998
EW Precision | 0.879 0.926 0.901 0.964 0.999 0.999 0.741
Recall 0.877 0.956 0.959 0.807 0.978 0.939 0.902
No EW Precision | 0.659 0.869 0.866 0.636 0.945 0.858 0.351
Recall 0.672 0.792 0.715 0.916 0.998 0.994 0.144
F1-score 0.832 0.923 0.904 0.875 0.986 0.961 0.672
| mm v C. Limitations and Recommendations
Bl NoEW

Although the results have indicated that there is a differ-
ence in EW retention between HH and AH techniques, these
results have been derived from a limited data set. There is
also significant variability in the HH results seen in Figure
5 (a), which may be due to variation in EW quality of the
berries prior to harvesting, rather than the harvesting method
itself. It is recommended that further testing be done with
significantly larger data sets to confirm the trend associated
with non HH techniques. The HSI imaging has also assumed
absence of bruising and fungal infections, along with uniform
firmness, all of which can influence the NIR reflectance. If
more complexities like these were to be addressed, deep
learning methodologies should be considered for future
models. Additionally, as it has been found that EW can be
identified in the NIR region, further identification of these
wavelength signatures could be used for developing cheaper
imaging systems which capture reflectance only at required
wavelengths. Automated techniques are the next step after
AH, which can be further driven by the ability to retain
more EW, a property that has clearly been demonstrated to
drastically increase fruit quality.

IV. CONCLUSIONS

This paper presented a new method of quantifying EW loss
on Masena blueberries using HSI techniques with machine
learning models. 7 machine learning models were evaluated
on HSI images captured for berries harvested using either
HH or AH techniques. From the trained models produced,
Linear SVM performed the best, and attained an Fl1-score
of 98.6%. Using the Linear SVM model, it was found that
HH techniques removed more EW than AH techniques.
This indicates that automated techniques using end effectors
similar to the hand-held shakers could increase post-harvest
quality in blueberries by preserving more EW.
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