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Abstract—Honey bees play a vital role in global ecosys-
tems and agriculture through their pollination services.
However, the Varroa destructor mite remains one of the most
damaging parasites affecting honey bee health, contributing
significantly to colony decline. Early detection of Varroa
infestation is essential for effective beekeeping management.
In this study, we propose a machine learning approach
for predicting Varroa mite infestation levels based on the
acoustic analysis of hive recordings. We introduce a set
of nine spectral shape descriptors (SSDs) computed from
conventional and modulation spectrograms to characterize
the acoustic environment within hives. We evaluate the pre-
dictive power of these features against traditional cepstral
features across multiple classifiers, including support vector
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machines (SVMs), random forests (RFs), and k-nearest neighbors (KNNs). Our results demonstrate that the proposed
SSDs significantly improve the classification performance relative to conventional features across numerous figures of
merit, particularly in hive-independent test settings. This work highlights the potential of spectral acoustic monitoring
combined with the supervised learning as a scalable and noninvasive tool for precision beekeeping and early detection

of parasitic threats.

Index Terms— Beehive acoustics, honey bees, modulation spectrogram, Varroa mite infestation.

[. INTRODUCTION

ONEY bees (Apis mellifera) are indispensable to both

natural ecosystems and global agriculture due to their
critical role in pollination. Nearly 75% of the world’s crops
producing fruits and seeds for human consumption depend,
at least in part, on pollinators like honey bees. In addition
to supporting biodiversity and food security, honey bees con-
tribute significantly to the economy through honey, beeswax,
royal jelly, and other products [1]. However, in recent decades,
beekeepers and researchers have reported alarming declines
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in honey bee populations across the globe, raising serious
concerns about the future of pollination-based agriculture and
ecosystem resilience [2].

One of the most devastating threats to honey bee health
is the Varroa destructor mite, an external parasitic mite that
has spread to almost every continent where managed honey
bees are kept [3]. The Varroa mite feeds on the fat bodies
and hemolymph of both developing and adult bees, weakening
their immune systems and shortening their lifespan. More
critically, it acts as a vector for a range of harmful viruses,
particularly the deformed wing virus (DWYV), which can lead
to severe colony losses. Left unmanaged, high levels of Varroa
infestation can result in the collapse of entire colonies within a
single season. For these reasons, early detection and accurate
prediction of Varroa infestations are central to sustainable
beekeeping practices and long-term colony survival.

Traditionally, beekeepers have relied on visual inspection
methods such as sugar rolls, alcohol washes, and sticky
boards to monitor mite levels. Although these techniques
are widely accepted and relatively accurate when performed
correctly, they are labor intensive, disruptive to the colony, and
typically provide only periodic snapshots of mite infestation.
These limitations hinder timely decision-making for integrated
pest management strategies and large-scale or commercial
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operations. Furthermore, environmental conditions, beekeeper
expertise, and colony variability can introduce significant noise
and inconsistency into visual mite monitoring.

In recent years, we have seen a rise in precision beekeeping,
driven by advancements in sensor technologies, machine
learning, and data-driven modeling. These advances have
resulted in novel, noninvasive methods for continuously
monitoring honey bee colony health. Techniques, such as
acoustic sensing, temperature and humidity tracking, and hive
weight measurement, have been employed to infer colony
dynamics and well-being [4], [5]. Among these modalities,
the acoustic monitoring has demonstrated particularly
versatile applications, offering rich information on colony
behavior through the sound analysis. More recently, several
publicly available honey bee hive acoustic datasets have been
introduced, enabling reproducible research and accelerating
the development of data-driven approaches for colony health
assessment [6], [7], [8].

While the combination of honey bees acoustics and machine
learning has shown considerable potential in detecting key
colony states, such as swarming detection [9], queenlessness
[10], [11], [12], predicting colony strength [13], and winter
mortality [14], there remains limited research on their use
for predicting Varroa destructor mite infestation levels, despite
preliminary evidence showing promising outcomes [15], [16].

Qandour et al. [15], for example, investigated four acoustic
features extracted from honey bee colony sounds, includ-
ing peak frequency, spectral centroid, bandwidth, and root
variance frequency to predict Varroa mite infestation using
support vector machines (SVMs). Their findings demonstrated
that this approach achieved notable effectiveness in distin-
guishing between infested and healthy beehive conditions.
Chen et al. [11] investigated the impact of viruses on the
colony sound. Their experiment involved two normal beehives
and two beehives in which bees were infected by the DWYV,
causing seriously infected bees to have deformed wings after
metamorphosis and a short life expectancy. In their experi-
ments, the normal colonies showed higher amplitudes between
10 and 1000 Hz in spectrogram analysis. Using Mel-frequency
cepstral coefficients (MFCCs) features and different machine
learning algorithms, they showed that virus-infected beehives
could be reliably detected using beehive acoustics.

Most prior studies on honey bee acoustic monitoring have
relied heavily on MFCCs as the primary feature represen-
tation [5]. For instance, a recent work used MFCCs to
classify bee activity at the hive entrance (worker versus
drone) [17]. Another study compared MFCCs to higher level
embeddings on multiple bee colony sound datasets, showing
that MFCCs remain a competitive baseline for bee-colony
sound classification tasks [18]. In yet another contribution,
compact MFCC-based patterns were proposed to detect queen-
lessness: despite aggressive dimensionality reduction, the
model achieved very high accuracy (99.3%) in distinguishing
queenless versus normal hives [19]. Recent benchmarking
of self-supervised audio representations for acoustic beehive
monitoring shows that learned embeddings can outperform
MFCCs and standard spectrogram features in tasks like bee
activity classification, queenlessness detection, and colony

strength prediction, while MFCCs remain a competitive base-
line. This indicates that self-supervised models capture richer
acoustic patterns than traditional cepstral representations [20].

While these studies demonstrate the effectiveness of MFCCs
for a range of beekeeping applications, they also highlight
an important limitation: MFCCs were originally designed for
human speech perception and primarily emphasize short-term
spectral envelopes on a perceptually motivated frequency
scale. As a result, they may not optimally capture the dis-
tinctive spectral structure and temporal modulation patterns
that characterize collective bee activity and stress-related
hive dynamics. Moreover, most existing approaches focus
on either short-term spectral information or highly compact
representations, potentially overlooking slower rhythmic fluc-
tuations and modulation cues that are critical for characterizing
Varroa-related acoustic changes.

To enable a fair comparison with the existing work while
addressing these limitations, we adopt MFCCs as a benchmark
and additionally include linear-frequency cepstral coefficients
(LFCCs), which remove the perceptual warping and provide a
complementary linear spectral representation. This allows us
to systematically assess the impact of frequency scaling on the
classification performance and to highlight the shortcomings
of cepstral features when applied to hive-acoustic monitoring.

Building on this, we propose a novel feature-fusion
framework to predict Varroa mite infestation using new
acoustic features extracted from honey bee colony record-
ings. Specifically, we compute nine spectral shape descriptors
(SSDs)—centroid, spread, skewness, kurtosis, entropy, roll-
off, flatness, crest, and flux—derived from both conventional
and modulation spectrograms. While the conventional spectro-
gram captures short-term energy distributions across frequency
bands, making it effective for detecting variations in wing-
beat harmonics, buzzing intensity, and other activity-related
patterns, it does not fully encode the rhythmic fluctuations
and slow amplitude modulations inherent in bee sounds. The
modulation spectrogram complements this by representing
the temporal dynamics of spectral changes, such as the rate
and strength of energy modulations across frequency bands,
thereby providing a richer characterization of acoustic patterns
associated with Varroa infestation.

Modulation-based representations have shown strong perfor-
mance across various acoustic monitoring tasks, particularly
in speech quality measurement and enhancement and environ-
mental sound analysis [21], [22], [23], [24]. More recently,
modulation spectrograms have also been applied in the context
of beehive monitoring. In a study focused on predicting
hive population dynamics [25], features derived from the
modulation spectrogram outperformed traditional benchmark
features such as MFCCs, highlighting the effectiveness of tem-
poral modulation cues in characterizing complex bioacoustic
signals.

Here, we frame the Varroa detection problem as a super-
vised binary classification task, determining whether a colony
requires Varroa treatment based on a critical threshold.
We evaluate a range of machine learning models, including
Naive Bayes (NBs) [26], random forests (RFs) [27], gradi-
ent boosting (GB) [28], k-nearest neighbors (KNNs) [29],
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Fig. 1. PVMI measured on (a) August 24, (b) September 1, and (c) September 30, 2022.

SVMs [30], a multilayer perceptron (MLP) [31], [32], and
a compact convolutional neural network (MiniCNN).

An important aspect of our experimental methodology
is the consideration of hive-level independence in model
training and evaluation. That is, rather than relying on random
training—testing splits that may leak information between
samples from the same hive, we adopt a strategy where entire
hives are held out as testing sets. This more closely reflects
real-world deployment scenarios, where a model trained on
the historical data from some hives is used to predict the
unseen data from different hives.

Il. METHODS AND MATERIALS

In this section, we present the dataset used, features
extracted, testing setup, and figures of merit used in our study.

A. Dataset

We use the UrBAN audio dataset [7], which includes
measurements of beehive strength and Varroa mite infestation
across ten beehives over a period of two years. The audio data
consists of 15-min audio segments recorded every 30 min at
a sampling rate of 16kHz. This dataset was collected from
real-world urban beehives and, as reported in [7] and [13],
inherently contains environmental noises such as traffic, wind,
rain, and human activity, reflecting the acoustic variability
encountered in practical deployments. The Varroa mite infes-
tations were measured using the alcohol wash method [33]
at different times of the year. In this method, approximately
300 adult bees are collected from the brood frames of each
hive and washed in alcohol to dislodge the mites, which are
then counted. The amount of Varroa infestation is reported as
the number of mites per 100 bees, providing a standardized
metric for comparison across colonies and time points. In this
article, we refer to this metric as the percentage of Varroa mite
infestation (PVMI). Fig. 1, for example, shows the heatmaps
indicating the PVMI values in each measurement for different
hives.

B. Feature Extraction

1) Proposed: We propose nine SSDs—centroid, spread,
skewness, kurtosis, entropy, roll-off, flatness, crest,

and flux—computed from both the conventional and the
modulation spectrograms, where each captures a distinct
aspect of the audio signal’s spectral properties. While the
conventional spectrogram-based descriptors quantify the
short-term frequency structure of the signal (e.g., brightness,
tonal balance, and noisiness), the descriptors computed
from the modulation spectrogram, specifically across the
modulation frequency axis, capture the temporal dynamics
of spectral energy fluctuations. This enables the analysis
of rhythmic and periodic patterns embedded in different
frequency bands, offering a complementary perspective on
the signal variability over time.

Fig. 2 depicts the block diagram showing the signal process-
ing steps involved in the computation of the conventional and
modulation spectrograms. The process begins by computing
the short-time Fourier transform (STFT) of the raw hive
audio signal to obtain a time—frequency representation. The
magnitude spectrogram (|STFT]) is then extracted by taking
the absolute value of the complex STFT, which forms the basis
for both sets of features.

From the |STFT|, two parallel paths are followed.

1) SSDs: The magnitude spectrogram is used directly
to compute nine SSDs: centroid, spread, skewness,
kurtosis, entropy, roll-off, flatness, crest, and flux to
capture the short-term frequency structure of the hive
acoustics [34].

2) Modulation SSDs (MSSDs): In the second path, the
magnitude spectrogram undergoes a second STFT oper-
ation (i.e., a modulation STFT) applied across the time
axis of each frequency bin. This results in a modulation
spectrogram, from which the same nine descriptors are
computed along the modulation frequency axis. These
modulation features capture slower temporal dynamics
and rhythmic energy fluctuations that are relevant to
colony behavior. Interested readers can refer to [23]
for a more in-depth description of how the modulation
spectrogram is computed.

For the spectrogram computation, a window length of
100 ms and a hop length of 12.5 ms were used to capture
short-term spectral dynamics. Fig. 3, shows the 24-h spectro-
grams of a Varroa-infected beehive with a PVMI value of
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Fig. 2.  Block diagram of the proposed acoustic feature extraction pipeline. The raw hive audio is first transformed into a time—frequency

representation via STFT, followed by magnitude computation to obtain
axis to capture short-term spectral structure. In parallel, a second STFT is

the spectrogram. From this, SSDs are computed across the frequency
applied across the time axis of the spectrogram to generate a modulation

spectrogram, from which MSSDs are computed across the modulation frequency axis to capture the slower temporal modulations.

38 and a noninfested beehive on September 30, 2022. As the
spectrograms show, the infected beehive shows lower intensity
in specific bands of frequency (between 100 and 500 Hz), thus
corroborating the findings in [11].

To generate the modulation spectrogram, a second STFT
was applied to the temporal evolution of each frequency bin’s
magnitude using a 60-s window without overlap, producing
a 3-D time—frequency—modulation representation. The 60-s
window length was chosen to capture the slower amplitude
modulations present in honey bee colony sounds, such as
rhythmic wingbeat patterns and collective buzzing activity.
Shorter windows primarily capture faster fluctuations, poten-
tially missing these longer timescale modulation patterns,
while longer windows reduce temporal resolution and may
smooth out relevant dynamics. The modulation spectrogram

was then averaged across time frames to obtain a 2-D
time-averaged representation suitable for feature extraction.
To reduce dimensionality while preserving relevant informa-
tion, adjacent frequency and modulation bins were averaged,
resulting in a final resolution of 50 Hz for the acoustic
frequency axis and 5 Hz for the modulation frequency
axis.

Fig. 4(a) and (b) shows the modulation spectrograms of
Varroa-infected beehive and a healthy beehive, respectively.
As can be seen, the infected beehive shows not only lower
intensity in specific conventional frequency bands (frequency
between 100 and 500 Hz) but also slower spectral variability
over time, with infested hives showing the highest amount of
energy in modulation frequencies between 0 and 10 Hz, while
healthy hives show spectral dynamics up to nearly 20 Hz.
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Fig. 3. 24-h spectrograms of (a) Varroa-infected beehive and (b) healthy
beehive measured on September 30, 2022.
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Fig. 4. Modulation spectrograms of (a) Varroa-infected beehive and
(b) healthy beehive.

Together, it is expected that the conventional and modulation
spectrograms will result in features that are not only compact
but also complementary to each other. In our experiments,
each 15-min audio segment is treated as a separate sample
for analysis. To increase the sample size and capture temporal
variability, we include the acoustic data not only from the
day on which the Varroa mite inspection was performed (as
illustrated in Fig. 1) but also from the preceding day.

2) Benchmarks: To evaluate the performance of the
proposed features, two established feature sets are included
as benchmarks for comparison. MFCCs approximate human
auditory perception by applying a Mel-scale frequency
transformation and have been extensively employed in
precision beekeeping applications [5]. In this study, we extract

TABLE |
MODEL CONFIGURATIONS AND HYPERPARAMETER SETTINGS
USED IN THE EXPERIMENTS

Classifier Hyperparameters

n_estimators = 50,
max_depth = 5,
min_samples_split = 2

Random Forest (RF)

Naive Bayes (NB) No hyperparameters tuned

n_estimators = 50,
max_depth = 3,
learning_rate = 0.1

Gradient Boosting (GB)

n_neighbors = 5,

K-Nearest Neighbors (KNN) weights = uniform

hidden_layer_sizes = (50,),
alpha = 0.0001,
max_iter = 500

C=1,

kernel = rbf,
gamma = scale

Multilayer Perceptron (MLP)

Support Vector Machine (SVM)

12 MFCCs along with the zeroth coefficient, which captures
signal energy, using 26 Mel-scale filters. In addition, LFCCs
are extracted using a bank of linear filters to serve as a
complementary baseline. For comparability with MFCCs,
we extract 13 LFCCs (including the zeroth coefficient) using
the same number of filters (26) but distributed linearly. This
provides an alternative representation that emphasizes the
uniform frequency resolution across the spectrum, in contrast
to the perceptual warping of the Mel scale.

C. Classification

In this study, we frame the problem as a supervised
binary classification task of determining whether a colony
requires Varroa treatment. Specifically, we introduce a new
variable, Varroa label, defined as follows:

Varroa label

—_— 07
=11

This binary labeling allows the model to learn a clear
distinction between colonies that require intervention (1) and
those that do not (0). The threshold for applying treatment in
apicultural management typically ranges between 2% and 5%,
as colonies exceeding this infestation rate are at significant
risk of rapid Varroa population growth, colony weakening, and
potential collapse if left untreated [35], [36], [37]. In this study,
when categorizing colonies based on the need for treatment,
we adopted the same criteria. To remain conservative and
ensure early intervention, we selected the lower bound of 3%
as the cutoff for triggering treatment. This choice is further
justified by the timing of the PVMI measurements, which
were obtained in late summer—a period during which the cited
guidelines specifically recommend a 3% infestation threshold.

Different classifiers are explored, including NB, RF, KNN,
SVM, and MLP. For each of these classifiers, their hyperpa-
rameters are fine-tuned using a grid search. The fine-tuned
hyperparameters are shown in Table I. To ensure robust eval-
uation of the models, a nested threefold cross validation is

if PVMI < 3% (Do not trigger treatment)
if PVMI > 3% (Trigger treatment) .
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TABLE Il
LIGHTWEIGHT MINICNN MODEL ARCHITECTURE

Layer Details

Conv2D 8 filters, 3 x 3, ReLU, same
padding

MaxPool2D 2 X 2 pool

Conv2D 16 filters, 3 x 3, ReLU, same
padding

MaxPool2D 2 x 2 pool

Flatten -

Dense 16 units, ReLU, L2 regular-
ization

Dense 1 unit, sigmoid activation

used ensuring hive-independence. This cross-validation pro-
cess ensures that every data point is included in the testing set
exactly once, reducing the risk of overfitting and providing
a more reliable estimate of model performance. The choice
of threefold is motivated by the limited number of available
hives (seven in total): more folds would result in testing sets
with only a single hive, producing unstable estimates, whereas
fewer folds (e.g., two) would not sufficiently capture interhive
variability and would leave too few hives for training. In our
design, each fold contains approximately 2—3 hives for testing
and 4-5 for training/validation, with folds constructed to have
a roughly balanced number of samples. This provides an
effective compromise among training diversity, test reliability,
and computational feasibility.

In this work, we adopt a lightweight convolutional neural
network primarily to provide a comparison with traditional
machine learning models. This choice is motivated by the
characteristics of bioacoustic datasets, which often exhibit
substantial variability and limited sample sizes. While deep
architectures with millions of parameters may easily overfit
under such conditions, a compact CNN with only a few
thousand parameters offers a practical and computationally
efficient alternative. Importantly, this lightweight architecture
enables the model to learn task-specific representations
directly from the spectral and modulation spectrogram inputs,
potentially capturing discriminative patterns beyond hand-
crafted features, while remaining comparable in complexity
to classical approaches. Table II summarizes the architecture
of the lightweight MiniCNN used in this study. The model
consists of two convolutional layers with small kernel sizes
and a modest number of filters, followed by max-pooling
operations to reduce dimensionality. A fully connected layer
with L2 regularization is included to promote stable learning,
and the final output layer uses a sigmoid activation for binary
classification.

D. Figures of Merit

To evaluate the performance of our classification models in
detecting Varroa mite infestation, we employ several standard
figures of merit: receiver operating characteristic area under
the curve (ROC-AUC), F'1-score, precision, and recall. These
metrics are particularly useful in binary classification tasks,
especially under class imbalance conditions.
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Fig. 5. Pearson correlation between all pairs of spectral descriptors
extracted from the conventional spectrogram and the Varroa label.

The ROC-AUC metric measures the ability of the classifier
to distinguish between classes and is computed as the area
under the ROC curve, which plots the true-positive rate (TPR)
against the false positive rate (FPR) at various threshold
settings. A value closer to 1 indicates better performance.

The F1-score is the harmonic mean of precision and recall,
providing a single metric that balances both false positives and
false negatives

Precision - Recall

Fl-score =2 - — .
Precision + Recall

Precision measures the proportion of true-positive predic-
tions among all positive predictions

o True Positives
Precision =

True Positives + False Positives "

Recall, also known as sensitivity or true-positive rate, quan-
tifies the proportion of actual positive cases that are correctly
identified

True Positives

Recall = — —.
True Positives + False Negatives

Together, these metrics offer a comprehensive assessment
of classification performance, highlighting the model’s ability
to correctly identify infestation cases while minimizing false
alarms.

I1l. RESULTS AND DISCUSSION

In this section, we present the experimental results and
discuss them in light of the existing literature.

A. Feature Analysis

1) Conventional Spectrogram: Fig. 5 displays the Pearson
correlation coefficients between all pairs of spectral descriptors
of the conventional spectrogram and the Varroa label. As can
be seen, a positive correlation is observed between the Varroa
label and some of the features, such as centroid, spread,
flatness, roll-off, and entropy, suggesting that higher levels



ABDOLLAHI et al.: ON THE PREDICTION OF VARROA MITE INFESTATIONS IN HONEY BEE COLONIES

12163

2000 3 -
2ol 77 7
© 1500 o .
% A g p
& 1000 {M o:{
500 H : p
2000 ?ﬂ'ﬁ"h g g
2 ﬁ /\ F 4 ™ "ﬁ?"
ngOO g ﬁg ég
w
1000 ? :
o .; .;
7004 1 E %
o & 3 Varroa label
T0.02 A % ﬁ 0
w Y 3
0.00 ‘M.gr -’ﬁ ’ L !
i F > I
4000 5 j o
. f AV anN
S ; \
S $
& 2000 4 N
o] satre . P o
o .. *e.
Bl Y g ¥
k] } ¢
1000 2000 1000 2000 0.00 005 0 5000 ~100 0
Centroid Spread Flatness Rolloff Entropy
Fig. 6. Pairplot illustrating the relationships among SSDs: centroid,

spread, flatness, entropy, and roll-off. Samples with a Varroa label equal
to 0 represent healthy hives, while those with a Varroa label equal to
1 indicate infestation.

of Varroa infestation are associated with acoustic spectra that
become more “noisy” and less structured.

In particular, the positive correlation with entropy indicates
that as mite infestation increases, the hive acoustic spectrum
becomes more disordered and information-rich, losing
its harmonic structure and resembling a more random
distribution of energy. Similarly, the positive correlation with
flatness suggests that the spectrum tends to flatten under
higher infestation levels, meaning the distinction between
dominant and nondominant frequencies diminishes. The
correlations with centroid, spread, and roll-off imply that
energy shifts toward higher frequencies and becomes more
broadly distributed, which could reflect increased agitation
or stress-induced changes in honey bee buzzing patterns.
Altogether, these descriptors provide evidence that Varroa
infestation influences the short-term frequency structure of
hive sounds, making them less tonal and more broadband in
nature. On the other hand, negative correlations are observed
with skewness, kurtosis, and flux. The reduction in skewness
and kurtosis with increasing Varroa levels suggests that
the spectral distribution becomes less asymmetric and less
peaked, indicating a move away from well-defined tonal
components toward flatter, broadband spectra. The negative
correlation with flux implies that the temporal variability of
the spectrum decreases with higher infestation, meaning that
the hive sound becomes more stationary and less dynamic.

Fig. 6 illustrates a pairwise comparison of SSDs features,
stratified by the Varroa infestation label. To ensure the bal-
anced representation across categories, the dataset was filtered
to have an equal number of samples randomly selected from
each category. Samples from the beehives with Varroa mite
infestation show higher values in spectral centroid, spread,
roll-off, and entropy.

To visualize the temporal dynamics of the two proposed
SSDs, we plotted their smoothed values over a 1-day period
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Fig. 7. Temporal dynamics of the conventional spectrogram (a) centroid
and (b) flatness measured across the entire day on September 1, 2022.

(September 1, 2022) for two representative hives: one exhibit-
ing a Varroa mite infestation (Hive ID: 3631) and one healthy
hive (Hive ID: 6), as shown in Fig. 7. Each curve represents
an eight-point moving average for a specific feature, allowing
us to observe trends and fluctuations over time. As shown
in Fig. 7(a) and (b) for the conventional spectral features,
distinct patterns emerge between the infested and healthy
hives, with features demonstrating elevated values in the
presence of Varroa, highlighting their potential for infestation
discrimination.

2) Modulation Spectrogram: Fig. 8, in turn, presents joint
plots comparing the flux and entropy features extracted from
both the spectrogram and the modulation spectrogram. These
visualizations highlight the relationship between correspond-
ing spectral and modulation-based descriptors, offering insight
into how each varies with respect to Varroa infestation status.
The joint plots reveal distinct patterns associated with the
Varroa infestation. Entropy features show that healthy hives
tend to exhibit more consistent and less dispersed modulation
entropy values, suggesting reduced acoustic variability. Sim-
ilarly, flux features indicate that Varroa-positive samples are
concentrated in regions of lower spectral and modulation flux,
reflecting less dynamic frequency changes.

Fig. 9 shows the temporal dynamics of the two proposed
SSDs of the modulation spectrogram over a 1-day period
(September 1, 2022) for two representative hives: one exhibit-
ing a Varroa mite infestation (Hive ID: 3631) and one healthy
hive (Hive ID: 6). While the spectral centroid shows a
fairly stable separation between healthy and infested hives
in Fig. 7(a), the modulation centroid and flatness shown in
Fig. 9(a) and (b) highlight a more dynamic divergence over
time, with the gap between the two conditions becoming more
pronounced at specific periods of the day. Taken together,
these results suggest that Varroa infestation affects both the
instantaneous frequency structure (spectral centroid) and the
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Fig. 8.  Pairplot illustrating the relationship between conventional
and MSSDs (a) flux and (b) entropy. Samples with Varroa equal to
0 represent healthy hives, while those with Varroa equal to 1 indicate
infestation.

temporal modulation dynamics (modulation centroid), but in
different ways.

B. Classification Performance

Table III presents a comparative evaluation of the
classification performance across different benchmarks and
proposed feature sets, as well as tested classifiers. Each
metric is an average across the threefold. As can be seen, the
benchmark MFCCs and LFCCs showed modest performance
across all classifiers, with SVM and MLP generally
outperforming others. For instance, MFCCs with SVM
reached an ROC-AUC of 0.571. LFCCs performed slightly
better overall, with SVM reaching a ROC-AUC of 0.767.
Notwithstanding, these results were consistently lower than
those achieved with the proposed SSD and/or MSSD features.

The SSD set, derived from spectrograms, significantly
outperformed MFCCs and LFCCs. Notably, SVM with SSD
features achieved an ROC-AUC of 0.871 and an F'l-score
of 0.832, with high precision (0.867), indicating strong
discriminative power. This underscores the value of capturing
spectral shape characteristics, such as centroid and spread,
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Fig. 9. Temporal dynamics of the modulation spectrogram (a) centroid
and (b) flatness measured across the entire day on September 1, 2022.

in highlighting signal structure. Next, the MSSD features,
computed from the modulation spectrogram along the modu-
lation frequency axis, provided a complementary perspective
by emphasizing temporal modulations in spectral content.

Finally, to test the complementarity of the two feature sets,
we tested their fusion. As can be seen, the concatenation
of SSD and MSSD led to the highest overall performance
across all classifiers, confirming the complementarity of the
two feature types, corroborating the patterns seen in Figs. 7-9.
The best results were obtained using SVM, which achieved
a ROC-AUC of 0.874, an F'l-score of 0.859, a precision of
0.863, and a recall of 0.862. Several models showed clear
improvements in ROC-AUC with the fused feature set. For
instance, RF increased from 0.678 to 0.756 and KNN from
0.758 to 0.800. Notably, SVM achieved the best performance
overall, improving from 0.871 (SSD) to 0.874 (SSD+MSSD).

To complement the averaged performance metrics (F1,
AUC, precision, and recall), we also report the aggregated
confusion matrix computed across all three test folds, as shown
in Fig. 10. Rather than presenting a single fold’s results which
may be sensitive to data partitioning, we sum the confusion
matrices from each fold to obtain a more stable and represen-
tative view of the model’s overall classification behavior. This
aggregated matrix reflects the total counts of true positives,
true negatives, false positives, and false negatives observed
across all testing sets, providing a clearer indication of the
model’s global performance and error patterns. In this analysis,
we report the confusion matrix for the SVM classifier, as it was
the strongest performing traditional machine learning model in
our experiments.
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Benchmark features (MFCCs and LFCCs) exhibit substan-
tial confusion between classes, with MFCCs showing a high
number of false negatives and LFCCs producing many false
positives. In contrast, our proposed SSD and MSSD features
demonstrate much stronger discriminative power, with SSD in
particular yielding a balanced reduction in both error types.
The combined SSD+MSSD feature set achieves the most
favorable outcome overall, with the highest true-positive count
and the lowest number of misclassifications.

C. Comparative Performance of CNN and Traditional
Machine Learning Models

Table IV shows a comparative evaluation of the classi-
fication performance across different features. The results
show that the benchmarks such as MFCCs, LFCCs, and
spectrogram inputs yield relatively modest performance, with
ROC-AUC values close to 0.55-0.60. In contrast, the modula-
tion spectrogram achieves substantially higher accuracy across
all metrics—particularly recall—highlighting its superior abil-
ity to capture the temporal-spectral patterns associated with
Varroa infestation.

When comparing the CNN results with the traditional
machine learning models, it becomes evident that classical
approaches remain highly effective for this task while being

negatives (TNs), false positives (FPs), false negatives (FNs), and true
positives (TPs) obtained for (a) MFCCs, (b) LFCCs, (c) SSD, (d) MSSD,
and (e) proposed SSD+MSSD feature set.

TABLE IV
COMPARISON OF CLASSIFICATION PERFORMANCE ACROSS
DIFFERENT FEATURE SETS USING THE CNN MODEL

Feature ROC-AUC F1 Precision  Recall

MFCCs 0.593 0.573 0.549 0.648

LFCCs 0.546 0.498 0.563 0.498
Spectrogram 0.543 0.528 0.551 0.541
Modulation Spectrogram 0.843 0.754 0.715 0.869

far less computationally demanding. Models trained on the
handcrafted SSD and MSSD features consistently outperform
the CNN across most metrics, with several classifiers—such
as SVM, KNN, and NB—achieving ROC-AUC values above
0.85, surpassing the best CNN configuration. These results
indicate that the spectral shape and modulation descriptors
capture the discriminative acoustic characteristics sufficiently
well that even lightweight classifiers can exploit them effi-
ciently. In contrast, the CNN requires substantially more
computation, longer training time, and more data to reach com-
petitive performance, yet still does not exceed the strongest
traditional ML models. Overall, this comparison underscores
that carefully designed feature representations combined with
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Fig. 11.  SHAP summary plots illustrating the contribution of indi-

vidual features to the model's predictions for (a) SSD, (b) MSSD,
(c) SSD+MSSD, and (d) SSD+MSSD+MFCCs. Features are ranked
by their mean absolute SHAP value, indicating overall importance, while
color encodes the relative feature value (low to high) and its directional
impact on the model output.

classical machine learning techniques offer a more accurate,
interpretable, and computationally efficient solution than deep
learning for this specific hive-acoustic classification problem.

D. Feature Contribution Analysis Using SHAP

To quantify the individual and complementary contributions
of SSD and MSSD, we conducted a SHapley Additive
exPlanations (SHAP)-based [38] ablation analysis. While
Section III reported classification performance for different
feature sets, the goal of this analysis is to understand why
each feature group improves the model and to what extent
the SSD and MSSD components contribute to the final
prediction. For this interpretability study, we used an RF
classifier. RF was selected because tree-based models are
fully compatible with SHAP’s TreeExplainer, which provides
exact and computationally efficient SHAP value calculations.

Fig. 11 shows SHAP value plots for SSD, MSSD,
SSD+MSSD, and the combined feature set including MFCCs.
In all plots, features are ranked by mean absolute SHAP
value, with color indicating feature magnitude (blue = low
and pink = high).

Among SSD features, entropy, flux, and spread are the most
influential predictors. High-entropy values strongly drive the
model toward predicting infestation, reflecting increased spec-
tral disorder in infested colonies. In MSSD, modulation flux
and modulation entropy dominate the SHAP rankings, with
high modulation entropy consistently increasing the likelihood
of infestation.

When combining the spectrogram and modulation
spectrogram descriptors, spectral entropy and modulation flux
remain the strongest contributors, highlighting the importance

of temporal variability as a marker of Varroa presence. Adding
MEFCC:s to this combined set, the modulation flux and spectral
entropy still emerge as the top features. While some MFCC
features appear in the top 10, most of the leading predictors
come from the spectrogram and modulation spectrogram
descriptors.

IV. CONCLUSION

In this study, we addressed the challenge of detecting a
Varroa mite infestation in honey bee colonies using remote
acoustic analysis. We proposed the use of SSDs, extracted
from both the conventional and modulation spectrograms,
as informative and complementary features for distinguishing
between healthy and infested hive states. To ensure gener-
alizability, all models were evaluated in a hive-independent
setting using various classifiers. The results demonstrate that
SSD features consistently outperform traditional features, such
as MFCCs and LFCCs across all metrics and classifiers.
Furthermore, the fusion of the proposed modulation-based
descriptors with the SSD features resulted in the highest over-
all performance. A comparative analysis with a CNN model
further revealed that classical machine learning approaches
trained on the proposed handcrafted features not only achieve
higher accuracy but also require significantly lower computa-
tional complexity. Overall, these results highlight the benefit
of capturing details about both the spectral structure and the
temporal modulation patterns in the beehive acoustics signal
for accurate Varroa mite infestation detection.
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