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ABSTRACT

Hyperspectral (HS) imagery in agriculture is becoming increasingly common. These images have the advantage
of higher spectral resolution. Advanced spectral processing techniques are required to unlock the information
potential in these HS images. The present paper introduces a method rooted in multivariate statistics designed
to detect parasitic Varroa destructor mites on the body of western honey bee Apis mellifera, enabling easier
and continuous monitoring of the bee hives. The present paper is the first to utilize hyperspectral imagery for
the task, previous studies existing only for multispectral imagery. The methodology explores unsupervised
(K-means++) and recently developed supervised (Kernel Flows-Partial Least-Squares, KF-PLS) methods for
parasitic identification. Additionally, in light of the emergence of custom-band multispectral cameras, the
present research outlines a strategy for identifying the specific wavelengths necessary for effective bee-mite
separation, suitable for implementation in a custom-band camera. Illustrated with a real-case dataset, our

findings demonstrate that as few as four spectral bands are sufficient for accurate parasite identification.

1. Introduction

Environmental issues, alongside the use of pesticides and the pres-
ence of parasites, pose significant threats to bee populations worldwide.
Among these threats, the Varroa Destructor (Varroa) mite is particularly
notorious for its role in most instances of Colony Collapse Disorder
(CCD), as highlighted in recent studies (Flores et al., 2021; Eliash and
Mikheyev, 2020).

Traditionally, detecting Varroa mites within beehives has relied on
manual, non-automated methods such as sugar shake tests, brood exam-
inations, and debris analysis (Jack and Ellis, 2021; Roth et al., 2020).
The recent advancements have introduced computer vision techniques
(CV) utilizing the automated analysis of the bee debris on a monitoring
plate in Konig (2020), or directly on the bee’s body using conventional
CV techniques in Bjerge et al. (2019), convolutional neural network
(CNN) classifiers in Picek et al. (2022) or the deep object detectors
in Bilik et al. (2021a), Liu et al. (2023). An extensive overview of the
computer vision techniques used for the Varroa mite monitoring and
bee colony health monitoring, in general, is shown, for example, in Bilik
et al. (2024c). Besides the CV techniques, analysis based on the sensor
and sound data is used, as presented, e.g. in Hall et al. (2023), Mekha
et al. (2022). Nevertheless, reliable detection of the Varroa mite in the
visible spectrum is challenging as it appears similar to the bee’s body
or the surroundings.
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Hyperspectral (HS) imagery for agriculture monitoring is becoming
readily available (Lu et al., 2020). There is an increased demand for
precise performant HS imaging processing techniques (Khan et al.,
2022). For monitoring bees and insects, HS imagery has been utilized
previously in very few cases. More studies are found with multispectral
data. The authors of Bjerge et al. (2019) used the VideometerLab4
instrument sensing in 19 wavelengths in the range of 375-970 nm
to measure samples of the bees and Varroa mites followed by Linear
Discriminant Analysis (LDA) on the spectral data to design an optimal
illumination for their bee monitoring device; and the authors of Méane-
fjord et al. (2022) used the multispectral data for insect monitoring,
but not for Varroa mite detection.

In this study, we introduce a novel approach for extracting spectral
data from HS images and leveraging this data to calibrate spectral
signatures for identifying clusters of parasites. We also propose meth-
ods for selecting wavelengths that discriminate between clusters. The
objective of this research is to explore the potential of HS imagery
in addressing significant questions related to bee health and parasite
detection:

« Is it possible to use hyperspectral imagery to identify Varroa mites on
bees?

» What procedures are necessary to extract discriminative information
between bees and Varroa mites?
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» How many and which specific wavelengths are crucial for distinguish-
ing between bees and Varroa mites?

+ Can statistical-based methods Yyield reliable results with independent
data sets?

Our methodology encompasses a process of spectral reconstruc-
tion aimed at enhancing the differentiation between bees and Varroa
mites, which is crucial for supporting classification or clustering al-
gorithms. This approach accentuates the contrasts between bee-mite
characteristics while minimizing the variations caused by background
elements, shadows, and pixel noise. Pixel noise, in particular, is often
a byproduct of the line-scanning technique employed by hyperspectral
cameras (Bjorgan and Randeberg, 2015). The process involves utilizing
Principal Component Analysis (PCA) (Rodarmel and Shan, 2002) to
decompose the HS image, followed by selecting only those principal
components that demonstrate a strong absolute correlation with a bee-
mite discrimination variable for the image reconstruction. K-means++
method (Haméldinen et al., 2020) is applied to cluster the reconstructed
HS images. Cluster centers are being applied to new images for effective
discrimination.

Kernel Flows-Partial Least-Squares (KF-PLS) (Duma et al., 2023b)
was utilized in the case of supervised clustering. It has the property to
maintain the qualities of multivariate statistical methods, such as the
reduced size of the calibration dataset, while extending applicability
to non-linear relationships. The spectra of bees and parasites are not
expected to be distinguished in a fully linear method; thus, there is
a need for spectral projection in a Reproducing Kernel Hilbert Space,
where they become linearly separable.

For the selection of spectral bands essential to discrimination be-
tween bees and Varroa mites, the mathematical methods utilized are
two partial least-squares (PLS) (De Jong, 1993) based methods: a mod-
ified version of the Covariance Procedure (Reinikainen and Hoskulds-
son, 2003), mentioned throughout the paper as the COVPROC method,
and the explained variance by wavelength (referred to as the R?
method), derived from forward interval partial least-squares (FiPLS)
(Yun et al., 2019).

The methodologies outlined in this paper were evaluated using a
two-part proprietary hyperspectral image dataset. The methods utilized
are all rooted in multivariate statistics, which has the advantage of
requiring a very small data base for model calibration when compared
to deep learning methods. This is due to the higher complexity and pa-
rameter tuning requirements of deep learning models, which need large
datasets to avoid overfitting and ensure accurate predictions (Rajula
et al., 2020). This dataset is made accessible alongside this article.

The novelty of the study lies in several key contributions: (i) in-
troducing the use of HS imagery for detecting Varroa mites, a novel
application in the field; (ii) developing a procedure for reconstructing
spectral data that effectively excludes background details, shadows,
and noise, ensuring clearer differentiation between subjects of inter-
est; (iii) offering a new methodology for identifying discriminating
spectral bands, which enhances understanding of the specific wave-
lengths vital for distinguishing between bees and Varroa mites; (iv)
proposing a technique for creating spectral profile-based classifiers,
which could improve how spectral data is used for classification pur-
poses; (v) demonstrating the feasibility of using minimal data for
training, addressing one of the common challenges in machine learn-
ing applications by reducing the requirement for extensive training
datasets.

2. Materials and methods

This section presents the origin of bees and Varroa mites samples to-
gether with their measurement arrangement (Section 2.1), followed by
the instrumentation, measurement setup and image data (Section 2.2),
and summarized with the mathematical procedures and algorithms
used for processing of the collected data (Section 2.3).
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Table 1
Basic camera and image parameters of Specim IQ (Behmann et al., 2018;
Tkdheimo and Jussila, 2018; Zem¢ik and Horak, 2023).

Specim IQ image parameters

Spatial resolution 512 px x 512 px
Field of view 31° x 31°
F/number 1/1.7

Min. focus distance 150 mm
Scanning principle push-broom
Spectral range 400 nm-1000 nm
Spectral resolution 7 nm

Spectral bands 204

Image format ENVI compatible

2.1. Collected samples of bees and varroa mites

Two sets of samples were collected from different areas and at
different times for the study. The first samples were taken from TéSinky
(49.9566236N, 15.1436481E; CZ) in November 2021. The second was
collected from Kroméfiz (49.3005392N, 17.3797958E; CZ) in June
2022. These locations are situated approximately 180 km from one
another. In both cases, the detritus containing dead mites and bees was
collected from the bottom of the hives. In addition, detritus from the
Tésinky locality was collected after a regular autumn fumigation with
Amitrazum 125 mg/ml.

The first set of samples, illustrated in Fig. 1(a), 1(b), 1(d) and 1(e)

contains samples arranged on the Petri dishes organized as follows:

+ Bees mixed up with detritus from locality Kroméfiz (Fig. 1(a)).

+ Separated bees, detritus and Varroa mites from locality Kromé&fiz
(Fig. 1(b)).

» Fresh bees from locality Kroméfiz, marked as K, and eight months
old bees from locality Tésinky, marked as R (Fig. 1(d)).

+ Eight months old Varroa mites from locality Tésinky, marked as

O and fresh Varroa mites from locality Kroméfiz marked as K
(Fig. 1(e)).

To suppress the effect of the polystyrene Petri dish used in HS
images of the first set, a second set was prepared out of the Kromériz
samples placed directly on a white reference panel supplied with the
used camera, which should have constant spectral properties across the
camera’s spectral range. Images of the detritus, bees, Varroa mites and
bees with placed Varroa mites were taken in a dense and clustered
arrangement as shown in the right column of Fig. 1, with the dense
arrangement shown in Fig. 1(c) and clustered arrangement shown in
Fig. 1(f).

In addition to the mites and the bees, the detritus consists of any
kind of waste material from the nest, such as wax, pollen, or sugar,
which is also visible in Fig. 1(a), 1(b), 1(c) and 1(f). In total, our data
contain 40 bees and 72 Varroa mites. We also made samples from our
dataset publicly available in Bilik et al. (2024b).

2.2. Hyperspectral imagery

The hyperspectral images were taken on a Specim IQ (Behmann
et al., 2018) portable hyperspectral camera that allows a simple mea-
surement setup and fast acquisition. Camera parameters relevant to the
data format are included in Table 1.

The samples were illuminated with a multispectral unit consisting
of 29 LEDs with individually controllable drivers. The LEDs for the unit
were selected to cover the spectral range of the experiments. Dedicated
software can adjust the illumination to optimize the lighting of the
samples. The particular settings of the illumination unit as measured
by a fiber optic spectroscope are in Fig. 2(c). Each image in the dataset
includes a spectral calibration target with known spectral properties
that allow for rectification of the spectra as shown in Fig. 2(b).
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(b) Clockwise: Bees; detritus; Varroa (c¢) Sample with detritus, bees, bees with
mites. Varroa mites and Varroa mites on the cali-
bration plate.
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(d) Upper part: freshly collected bees; (e) Left part: 3 month old Varroa mites; (f) Sample with clustered detritus, bees,
Lower part: 3 months old bee samples. Right part: freshly collected Varroa mites. bees with Varroa mites and Varroa mites
on the calibration plate.

Fig. 1. Samples from the HS dataset utilized in calibration (a,b, d, e) and testing (c, f). The images are taken with a digital camera and they are not RGB visualizations of the
hyperspectral images.
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(a) Used Specim IQ camera.

(b) Sample on the calibration plate.
Multispectralillumination unit spectrum
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(c) Hlumination unit spectrum.

Fig. 2. Utilized camera and measurement setup. The images are taken with a digital camera and they are not RGB visualizations of the hyperspectral images.
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RGB visualisation of the hyperspectral test data
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Fig. 3. RGB visualizations of the hyperspectral images with 204 bands for the (a) model calibration data and (b) model testing data. The images are taken with the hyperspectral

camera in Fig. 2(a).

For the modeling goal, a group of images from the dataset was
selected, containing two sets of images of dead bees and Varroa mites
collected from bee detritus, a total of six images. The first image set
was used to calibrate the models, whereas the second was held out for
testing purposes.

Fig. 3 showcases RGB visualizations of the 204-wavelength images
utilized for developing the model. The calibration set in Fig. 3(a) has
separate bees and Varroa mites placed on a petri dish on top of a white
paper sheet. The testing hyperspectral image is present in Fig. 3(b) and
presents bees (left), Varroa mites (up, right), and bees that have Varroa
mites on top of them (down, right). The goal of the model is not only to
discriminate between the bees and Varroa mites but also to correctly
identify the Varroa mites on top of a bee - a more likely scenario in
real-case studies. Another notable difference between the calibration
and testing sets is the different backgrounds, which can also differ in
real-case scenarios.

2.3. Mathematical methods and workflow

This subsection describes the spectral reconstruction and clustering
methods, followed by the wavelength selection technique and the
algorithms used.

2.3.1. Spectral reconstruction and clustering

The present section presents the mathematical methods building
blocks for the workflow in Fig. 4. The first procedure is to center and
scale the spectra by subtracting the wavelength mean and dividing by
its standard deviation, as seen in Eq (1), where x; is an individual
wavelength i, %; is the mean of the wavelength and o; its standard
deviation. Centering ensures that the largest variation profile does not
mimic the spectral average and that principal components (PCs) pass
through the origin, and scaling ensures that wavelengths are given the
same importance in the model.

xraw,i - X

gL m

O

In PCA, the scaled and centered spectra are decomposed into spec-
tral profiles named Principal Components (PCs). The method can be
summarized by Eq. (2), where T is the score matrix, P is the loadings
matrix and E is the residual matrix.

X=TP" +E (2)

The reconstruction of spectra is made only with the PCs whose
scores t have a high absolute correlation with the discriminating vari-
able y. This ensures that variational profiles that discriminate between

1. Spectral .
reconstenel on II. Clustering
‘ Sea g.and F_ X Initialize no. clusters
centering HS
P Z— ) v
pca ‘ Y K-me ++
‘. labels | > ane
4 L 4 :
———
—1 p T |
J Missclassified
PR > |mite spectra?
‘ PC selection ‘ b =
Y L ¥
no.
idxPCs clusters c
+=1
PR A
Spectral
reconstruction
\

Fig. 4. Cluster formation workflow.

background and insects or principal components related to noise are not
included. The pixels that are Varroa mites or bees are extracted from
the calibration data based on the calibration set ground truth. These
pixels’ scores are then evaluated in relation to a dummy variable with
two possible values: ‘1’ in case of membership to the ‘bee’ class and
‘0’ in case of membership to the ‘mite’ class. The absolute correlation
coefficients are calculated as in Eq. (3), where t; is the score vector of
selected pixels for the ith PC.

plty) = X 3)

01,0y

The reconstructed spectra are then subjected to a modified K-
means++ algorithm with the methodology presented in Duma et al.
(2023a). The initial clustering is considered correct if there are no ‘mite’
pixels miss-classified, meaning there are no false alarms, pixels inside
bees classified as Varroa mites, or un-detected Varroa mites. If one or
the previous cases occurs, the number of clusters is increased until the
criteria are met.

To utilize the calibrated clusters C with a new image, the spectra
need to be scaled, centered using the calibration mean and center, and
then projected into the PCA model, as in the following set of equations:
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X _ Xraw,new —-X
new p= @
Tnew = XnewP
2 _ T
Xnew - Tnew,xelPsel

The Euclidean distance of the newly reconstructed spectra X,,,,, is
then evaluated to the calibration centroids C, and pixel membership to
a cluster is assigned.

In the case of unsupervised clustering, K-means++ was chosen for
its ease of use. While K-means is a performant method for unsuper-
vised clustering, it needs to be provided with spectral profiles for
efficient cluster identification, as per the methodology presented below;
otherwise, it is affected by background variation, shadows, or noise.

However, if one has access to at least a set of labeled data and
would like to input the spectra as it is, without spectral profiling, an
alternative would be the usage of a multivariate statistical method with
discriminant analysis, such as the Kernel Flows-Partial Least-Square
(KF-PLS) (Duma et al., 2023b) with Discriminant Analysis. KF-PLS is
a variant of optimized Kernel PLS (Rosipal and Trejo, 2001), where the
wavelengths are projected via a Kernel function (Gaussian, Laplacian,
Matern or Cauchy) into a Reproducing Kernel Hilbert Space via a Kernel
Trick (Wu et al., 2005). If the relationship between the spectra and
the response variable (classes) is non-linear in the original space, a
higher dimension is found where the relationship spectra-classes these
becomes linear (Cook and Forzani, 2021). The optimization is based on
Kernel Flows (Owhadi and Yoo, 2019) that learns the kernel parameters
in a cross-validation manner. The Kernel Flows version of K-PLS is an
appropriate choice for the bee-mite discrimination case because (a) it is
capable of self-learning the kernel parameters to suit the case, and (b) it
can utilize as little information as possible, that includes the necessary
information for discrimination, being based in multivariate statistical
methods. The workflow of KF-PLS is presented in Fig. 5.

2.3.2. Wavelength selection

Two types of methods based on Partial Least-Squares (PLS) regres-
sion have been considered for the wavelength selection. In this study,
the SIMPLS version of PLS was utilized (De Jong, 1993). In PLS, the
response matrix Y is also decomposed, as in Eq. (5), where U is the
Y-side score matrix, Q is the Y-side loadings matrix and F is the Y-side
residual matrix. In this scenario, the PLS version utilized is PLS with
Discriminant Analysis (PLS-DA), as the y variables give information on
the membership or non-membership of a pixel to a cluster.

Y=UQ" +F (6]

The first wavelength selection method is the iterative forward selec-
tion based on the PLS model between the wavelengths and the group
membership variable y. The variable selection method is a modified
version of the Forward Interval PLS (FiPLS) (Balabin and Smirnov,
2011), where instead of utilizing intervals and cross-validation, the
search was exhaustive throughout all variables. To initialize the selec-
tion of variables, the first three correlated variables can be calculated
with the correlation coefficient with respect to the response variable,
as in Eq. (3).

The regression coefficients can be obtained through Eq. (6), where
W is the matrix of rotated loadings in the direction of maximum X and
y covariance.

b=wWeE'wW)"'Q" (6)

After the initial selection, the following steps can be followed, as
seen in Algorithm 1: (i) add the variables one at a time to the selected
list of variables, (ii) perform PLS between the selected variables and
the response, (iii) evaluate which iteration had the highest explained
variance of the y-variable R?, (iv) permanently add to the selected list
of variables the wavelength whose addition yielded the highest R?, (v)

Computers and Electronics in Agriculture 224 (2024) 109219

Initialize: learning rate « , number of latent variables N, kernel
parameters £, number of iterations I, number if sub-samplings, batch
ratio and sub-batch ratio r;, 7-;.

Fori =1,..,1
Sample r; % of the observations - XY
Compute the Kernel Matrix for X; - K = kX, X, 07)
Compute weights for K; « B; = kpls(K;, Y, N)
Compute norms - n; = BTK;B;
Forj=1,..,1]
Subsample r-; % of the batch .- X;,¥;
Compute the Kernel for X ; - K; =k(X;,X;,6;)
" B; = kpls(K;,Y;,N)

" n; = BTK;B,

Compute weights for K ;
i Compute norms

Compute loss function e ly=1- '—:f
Average loss = @
Compute gradients + Vo, = f(1,8)

Update parameters - b = f(Vi, b c)

Fig. 5. KF-PLS workflow.
repeat Step i until the desired number of variables has been collected.

In the present case, adding variables stops when the success conditions
of the clustering algorithm are met: no ‘mite’ pixels are misclassified.

Algorithm 1 R?-based Variable Selection
Input: spectral matrix, with wavelengths as columns and bee-mite
pixels as rows (X), bee-mite discriminating vector (y), the desired
number of variables to be selected (V).
Output: vector with selected wavelength indices of (s).
Initialize: initial vector of selected variables (sy), initial vector of un-
selected variables (sny), initial number of selected (N) and unselected
(M) wavelengths.

1: for v < 1 to V do

selected.

> Loop until desired number of variables

2: TSS « Y(y-¥)? > Calculate the total sum of squares.
3: for m < 1 to M do > Loop through unselected variables.
4: Siemp < [8,sm,,] > Add the current unselected variable to the

temporary variable list.

5: b —pls(X,,, .¥) > Calibrate PLS model.
: ¥y« Xswmp > Estimate y from the model.
RSS,, < Yy -$? > Calculate the prediction sum of
squares.
8: R « 1 — R55n > Calculate the prediction R? for the
T Cm TSS
iteration.
9: end for
10: idx « max(R?) > Select the iteration with the highest increase.
11: Sn41 < Shgy > Add variable to selected variables.
12: N« N+1 > Increase the counter of selected variables.

13: end for
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The second version of wavelength variable selection proposed is a
modified version of the Covariance Procedures (COVPROC)
(Reinikainen and Hoskuldsson, 2007), that is presented in Algorithm 2.
An optional step of relevance to the present paper is sorting the rounds
based on their included number of variables.

Algorithm 2 COVPROC-based Variable Selection
Input: spectral matrix, with wavelengths as columns and bee-mite
pixels as rows (X), bee-mite discriminating vector (y), the desired
number of COVPROC rounds (R), the total number of wavelengths (7).
Output: selected list of variables (s)
Initialize: a vector with ’0’ values of length I (a)
1: for r < 1 to R do
2: w <« pls(X,y)
3: idxw < sort(Jw])
save indexes.

> Extract PLS weights for one latent variable.
> Sort the weights in descending order and

4: W, < a > Reset w,,
5: fori < 1to I do
6: i « idxw; > Select variable.
7: W, < y'x; > Populate w, with selected variable/
response covariance.
8: t.; < Xw, > Compute iteration’s scores.
T,
a; % > Calculate evaluation metric.
10: end for
11: n < max(a) > Extract the index of the maximum a.
12: s, < idxw,_, > Extract the variables of the round.
13: s < [s,s,] > Append the selected variable list of round r.
X7, .
14: P F t”” > Compute the loadings of the round r.
r.ntrn
15 X<X-t,pf > Deflate X.
16: end for

3. Results and discussion
3.1. Variation profiles

After centering and scaling the image, the principal component
analysis revealed that the background of the hyperspectral images
represents 97% of the systematic variation, as seen in Fig. 6(a) and
Fig. 6(c). One can observe that the 2nd and 3rd principal components,
responsible for capturing the systematic variation between bees and
Varroa mites, can be utilized for spectral reconstruction. The two PCs
sum up to approximately 2% of the total variation. These were also the
principal components whose scores had the highest absolute correlation
coefficient with the bee-mite discriminating variable and thus were
selected for reconstruction.

The loadings of the discriminating PCs are displayed in Fig. 6(b).
It is observable that the 2nd principal component has high loadings
at the beginning and end of the spectrum, whereas the second one
describes the middle part of the spectra. The higher the absolute value
of a wavelength loading to a principal component, the more important
it is for the variation profile. The rest of the principal components seem
to either explain variation related to wings (PC4), shadows (PC4 to
PC8), or noise (over PC9).

3.2. Full-spectral clustering

A minimum of four clusters are necessary for the k-means algorithm
to separate the Varroa mites from the bees, as seen in Fig. 7(a). If the
clustering is ran with a lower number of clusters, the Varroa mite and
some parts of the bee are being clustered together.

The full-wavelength model utilizes the spectral reconstruction of
the second and third principal components as an input to the k-means
algorithm. The testing image (Fig. 7(b)) has been centered and scaled
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with the calibration image mean and standard deviation prior to the
PCA projection and spectral reconstruction.

Furthermore, Fig. 7 shows that with four clusters, the bees are not
fully separated from the background, yet the Varroa mites are already
separated into their cluster. The mites can even be detected on top of
the bees Fig. 7(b).

The KF-PLS algorithm needed 150 iterations to converge. It was
trained on four classes containing 300 pixels from each category:
Varroa mite, bee wing, bee body and background. The results of the KF-
PLS on the test image are seen in Fig. 8. The hyperparameters utilized
to obtain the results were a learning rate of 0.1, Polyak’s momentum for
parameter update, 20 sub-samplings per iteration, and a batch sampling
ratio of 50% of the observations for each iteration. The Kernel function
utilized was Matern5/2. As shown in Fig. 8(b) the KF-PLS needed 6
latent variables to converge, which was confirmed in the external loop
evaluated with the optimized learned kernel parameters.

3.3. Wavelength selection

Due to the inconsistent variation of the last 10 wavelengths, they
have not been included in the list of selected variables, regardless of
the wavelength selection method. The variable’s value varied more with
the spatial location of the pixel and not the type of material measured.

In the R? variable selection method, the initializing step requires
analyzing the correlation coefficients of individual wavelengths with
the response variable. The absolute value of the correlation coefficients
is showcased in Fig. 9(a). The higher the wavelength, the higher the
absolute correlation with the discriminating variables. The three more-
correlated variables were included in the initialization vector for the
R?-based selection.

Even though the maximum R? value of 86% was obtained in a PLS
model with approx. 40 variables (Fig. 9(b), only the first 12 selected
variables were necessary to obtain the test partition discrimination
correctly. The 12 essential wavelengths can be observed in Fig. 9(c).
A notable selection is the one at 800 nm, which will be important in
the further discussed results.

As observed in Fig. 9(d), Varroa mites could be identified, even if
they were placed on top of the bees, but two false alarms were observed
as well: one in the wing of the upmost bee and another one in the leg of
another bee. These errors are presented as singular pixels (Fig. 9(e)) and
can be processed, if needed, with image processing techniques such as
morphological opening (Fig. 9(f)). The size of the structuring element
in this case was two pixels, both for the erosion and dilation in the
opening process. The opening operation is successful in eliminating
false alarms if the false positives are smaller in size than the true
positives.

The second variable selection method compared, COVPROC, has
the variable selection done in rounds. Fig. 10(b) shows the evaluation
metric « for each of the rounds and the number of variables necessary
for the peak of the evaluation metric.

As seen in Fig. 10(a), two variables that were in the exclusion area
were selected in the first round. In the second round, a non-intuitive
list of 28 variables from the beginning of the spectrum was selected.
The spectral region selected presents the highest overlaps in the distri-
butions of bees and Varroa mites. In round three, only one variable,
around 800 nm, was responsible for reaching the maximal evaluation
metric. In contrast, round 4 presents an exhaustive list of 157 variables,
indicating that further evaluations should not be considered.

With the 1st round excluded, the variables selected in the 2nd
and the 3rd round were enough to yield a good classification. It was
observed practically that adding the 3rd round before the 2nd gave
even better results. Instead of the 29 necessary variables in the round
243 succession, only four variables were needed if the selection order
was round 3+2. This resulted in the image Fig. 10(c) being obtained
with the spectral reconstruction of only four wavelengths, one around
800 nm and three consecutive wavelengths around 500 nm.



Z.-S. Duma et al. Computers and Electronics in Agriculture 224 (2024) 109219

PCA model of background, bees and mites Principal Component Loadings (P) of the b
T 2 T T T

REASITTR I N
i | = mmumnm||||||nIIIWIHHIW\NWM\\N\\“\”NWWN"H"W"w
e o

PC scores for full-wavelength PCA model of bees and mites

0.5

(©)

Fig. 6. (a) Explained variance of calibration dataset for the principal components model. (b) Score values for the first 10 PCs. The PCs responsible for distinguishing between the
bees and Varroa mites are PC1 and PC2, and the loadings of the discriminant PCs (c).
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Fig. 7. (a) Calibration and (b) testing image k-means clustering results in four clusters on full reconstructed spectra (Note: Cluster colors are not consistent between plots, red
and yellow have been switched for visibility in the right-hand plot).
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Fig. 8. The KF-PLS results for a Matern5/2 Kernel function on the test image (a). The number of optimal LVs in the KF-PLS was 6. After the optimal number of LVs, the
identification of Varroa mites was still successful. (Note: Cluster colors are chosen to enhance visibility and are not consistent between methods.)

Absolute Correlation Coefficients Between X Variables and y

Correlation Coefficient with y

800 900 1000

0
400 500 600 700
Wavelength

(2)

Bees and Mites: Mean + Standard Deviation with Markers
R variable selection

Bees Mean
1 Mites Mean

0
400 500 600 700 800 900 1000
Wavelength

(e)

The explained variation of the discriminant variable in the PLS-DA model

Max: 0.86

0 20 40 60 80 100
No. of Added Variables

Legend

Cluster 1
Cluster 2
Cluster 3

Cluster 4.

(d)

®)

Fig. 9. (a) The absolute correlation coefficients between wavelengths and y-variable — the initializing step of the PLS-DA model, whose explained variance increases with the
number of added variables is present in figure (b). (c) showcases the minimum number of variables to correctly identify the independent data set (d). The mask of the mite cluster
is presented in (e) and the result after the opening morphological operation on the mask is presented in (f). (Note: Cluster colors are chosen to enhance visibility and are not

consistent between methods.)

3.4. Discussion on future research

The present study presents for the first time the utilizing of hyper-
spectral images to detect Varroa mites on bees’ bodies. Studies with
multispectral cameras have been done in literature, such as Bjerge
et al. (2019), where the camera had 19 spectral bands. In the current
study, 204 bands were utilized, a tenfold increase. This provides more
robustness to the analysis and provides more information on what
wavelengths would best discriminate between bees and mites. These
wavelengths were identified to be 492.97 nm, 498.8 nm, 507.56 nm
and 796.74 nm. These are similar to bands 470 nm, 630 nm and 780 nm
identified in Bjerge et al. (2019). However, based on the HS data, the

630 nm band gives inconsistent results, which can lead to false alarms,
confusing pollinated bee’s legs as mites.

Precise identification of discriminating wavelengths is crucial for
developing a real-time monitoring system in which bees enter the hive
through a limited passway, as suggested in Bjerge et al. (2019), which
is continuously captured by a camera. With suitable narrow-spectrum
illumination and a common camera with a custom filter, Varroa mite-
infested bees could be easily distinguished without the need for an
expensive multispectral camera. Two possible setups with one and two
cameras placed above a tunnel in front of the beehive entrance are
shown in Fig. 11 The single camera approach is inspired by our bee
counting setup presented in Bilik et al. (2024a) and the two camera
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Fig. 10. (a) The variables selected in each COVPROC round. A light color in the marker indicates that the variable was selected early in the selection process. A darker marker
indicates that the variable was selected later in the round. The evaluation metric results for each round are found in Fig. (b). (Note: Cluster colors are chosen to enhance visibility

and are not consistent between methods.)

approach was inspired by Bjerge et al. (2019). The main advantages
of using one camera are smaller dimensions and higher simplicity due
to fewer optical and electronic elements. On the other hand, the two-
camera approach brings the benefit of imaging the bees from both
sides and despite the higher requirements for synchronization and
performance, it could bring more accurate results in the Varroa mite
detection. The two-camera approach also complicates the separation of
the background — the cameras effectively point at each other. Although
the restricted hive access might be considered as controversial, on
experience from our previous measurements presented in Nevlacil et al.
(2023) and Bilik et al. (2024a), bees are getting used to the restricted
hive access in several days with the benefit of much more stable
imaging with constant illumination and background.

Such a device could be used for long-term and regular beehive
monitoring, which could be more reliable in Varroa mite detection than
broad-spectrum white illumination. Sensing in such illumination could
be challenging due to high color similarity between the mite and bee
or due to partial occlusion of the mite between the bee’s abdomen
segments. In future work, we plan to improve and test our device under
development described in Bilik et al. (2021b) based on the findings of
this study.

The current study considered only discrimination between bees and
mites, as that would be the main application. Thus, the rest of the
hive detritus has been left unstudied. The HS images could reveal more
information from this fraction as well. Our proposed approach could be
used for the detritus analysis, including Varroa mites detection as sug-
gested in Picek et al. (2022). This would require further development

of the method to distinguish between other objects in detritus, such
as wax, not just the bees and Varroa mites. However, in the proposed
use case, the bees entering the hive should be groomed and thus not
carrying any wax. Nevertheless, further methodology development is
planned to analyze the next in-field measurements.

The usage of the method is not limited to bee-parasite identification.
The application can be easily transferred to hyperspectral discrimina-
tion cases for example in waste management (Tao et al., 2023), or
food control (Liu et al., 2024a,b), where existing methodologies relying
on deep learning require an extensive number of samples. The deep
learning approach can efficiently solve more complex problems with
more classes to discriminate or with a higher similarity between the
target classes. The present study gives an alternative for when (a) the
available number of samples is low (b) the discrimination problem is
not so complex.

4. Conclusion

The present article demonstrated that hyperspectral imagery can
be utilized in beehive health monitoring by detecting Varroa mites
on bees. The research revealed that unsupervised (K-means) and su-
pervised (KF-PLS) clustering methods are efficient in identifying the
parasites from the hyperspectral images. All parasites have been cor-
rectly identified. However, the unsupervised methods required more
preprocessing of the data than the supervised methods. This is due
to the background of the image dominating the scene, so the meth-
ods have a tendency to discriminate between the background and
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Mirror

Fig. 11. Proposed detection setup based on the restricted hive access with one (left) and two (right) cameras.

anything else, thus clustering the bees and mites together. This can
be alleviated by reassembling the spectra from its most discriminant
components. The unsupervised method (KF-PLS) proved efficient for
bee-mite discrimination without significant preprocessing.

For potential online monitoring of beehives, it is more realistic to
utilize normal cameras with filters and custom light sources, utilizing
only wavelengths that inform about the difference between bees and
mites. Two methods for finding the wavelengths that best discriminate
between bees and mites are the coefficient of determination (R?)-
based method and the COVPROC method. Both proved high wavelength
reduction from the initial 204-wavelength set: the COVPROC method
reduced the wavelengths to 4 essential ones, whereas the R> method
resulted in 12 wavelengths selected that were able to give a good
discrimination in the unsupervised methodology.

The current HS dataset has been made publicly available to support
further research in this field. In future research, the dataset will be
expanded with more in-field measurements. The methodology will also
be expanded to distinguish between more classes of bee detritus (not
only bees and Varroa mites but also wax, pollen, sugar, and other
debris). Furthermore, a deeper analysis of the methods’ discrimination
ability on a more complex scene is needed. The results of discriminating
wavelengths can already be applied to the real-time monitoring setup.
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