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A B S T R A C T

The rapid decline of honey bee populations presents an urgent ecological and agricultural concern, demanding 
innovative and scalable monitoring solutions. This study proposes a deep learning-based system for non-invasive 
classification of honey bee buzzing sounds to distinguish bee activity from complex environmental noise—a 
fundamental challenge for real-world acoustic monitoring. Traditional machine learning models using features 
like Mel Frequency Cepstral Coefficients (MFCCs) and spectral statistics performed well on curated datasets but 
failed under natural conditions due to overlapping acoustic signatures and inconsistent recordings.

To address this gap, we built a diverse dataset combining public bee audio with recordings from the Honeybee 
Research Center at the National Agricultural Research Centre (NARC), Pakistan, capturing various devices and 
natural environments. Audio signals were converted into mel spectrograms and chromograms, enabling pattern 
learning via pre-trained convolutional neural networks. Among tested architectures—EfficientNetB0, ResNet50, 
and MobileNetV2—MobileNetV2 achieved the highest generalization, with 95.29% accuracy on spectrograms 
and over 90% on chromograms under an 80% confidence threshold.

Data augmentation improved robustness to noise, while transfer learning enhanced adaptability. This work 
forms part of a broader project to develop a mobile application for real-time hive health monitoring in natural 
environments, where distinguishing bee buzzing from other sounds is the crucial first step. Beyond binary 
classification, the proposed approach offers potential for detecting hive health issues through acoustic patterns, 
supporting early interventions and contributing to global bee conservation efforts.

1. Introduction

Bees are among the most crucial pollinators in our ecosystem, 
responsible for the reproduction of numerous plant species and 
contributing significantly to agricultural productivity Hung et al. 
(2018), Thakur (2012), Patel et al. (2021), Aslan et al. (2016). However, 
the alarming global decline in bee populations poses a severe threat to 
biodiversity, food security, and ecosystem stability. Monitoring bee ac
tivity, particularly in both natural and managed hives, is essential for 
understanding the factors contributing to this decline and for developing 
effective conservation strategies Guzman-Novoa et al. (2016), Ellis 
(2012), Genersch (2010). Considering practical deployment, it is crucial 

that monitoring approaches remain low-cost and easily scalable to 
support beekeepers in resource constrained environments.

Traditional bee monitoring methods, such as visual inspections and 
hive mounted sensors, are often invasive, labor-intensive, and limited in 
their scalability. Recently, audio-based monitoring has emerged as a 
promising non-invasive alternative by leveraging the distinctive buzzing 
sound produced by bees. However, accurately classifying bee sounds 
remains challenging due to the presence of various environmental 
noises, such as birdsong, insect activity, wind, and human-generated 
sounds. These overlapping acoustic patterns make it difficult to distin
guish bee buzzes using simple heuristics, necessitating robust pre
processing, effective feature extraction, and the application of advanced 
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machine learning and deep learning techniques.
While publicly available datasets such as those from California api

aries serve as a valuable starting point, they often lack the diversity 
required for real world deployment. To address this limitation, we 
developed a custom dataset by merging such datasets with new audio 
recordings collected from the Honey- bee Research Center at the Na
tional Agricultural Research Center (NARC), Pakistan. Recordings were 
captured using widely available mobile phones and external micro
phones in different field conditions, times of day, and background noise 
levels to ensure diversity in both environmental and recording contexts. 
This enhances accessibility and supports large scale adoption in field 
scenarios.

We explored three primary approaches to classify bee and non-bee 
sounds: traditional feature-based models using numerical descriptors 
such as Mel Frequency Cepstral Coefficients (MFCCs), spectral centroid, 
and zero-crossing rate; spectrogram-based classification using Mel- 
scaled visual representations of audio; and chromogram-based classifi
cation to capture harmonic and tonal patterns. While traditional ma
chine learning models such as Random Forest performed well in 
controlled settings, they lacked generalization under real-world noise 
conditions.

To overcome these limitations, we employed pre-trained deep con
volutional neural networks including EfficientNetB0, ResNet50, and 
MobileNetV2, using transfer learning techniques. MobileNetV2 out
performed other architectures, achieving high accuracy and robustness 
on both validation and real-world data. The use of spectrogram and 
chromogram representations significantly enhanced the model’s ability 
to differentiate between bee and non-bee audio patterns, particularly in 
noisy environments.

This study presents a scalable and non-invasive framework for real- 
time honey bee sound classification, demonstrating that accurate 
audio based monitoring is feasible using low cost, mobile recording 
devices. Furthermore, this work contributes toward enabling early hive 
health diagnostics, supporting early detection of colony stressors and 
long-term conservation strategies.

The remainder of this paper is structured as follows: Section 2 defines 
the problem statement, while Section 3 reviews related work. Section 4
describes the proposed methodology in detail, and Section 5 presents the 
experimental results. Finally, Section 6 concludes the study and outlines 
potential directions for future research.

2. Problem Statement

Non-invasive audio-based monitoring has emerged as a promising 
approach for assessing honey bee activity, offering a scalable alternative 
to traditional methods that are often intrusive, labor-intensive, and 
limited in scope. However, a fundamental challenge persists: accurately 
distinguishing bee buzzing from a wide array of environmental 
sounds—including birdsong, insect noises, wind, and human activi
ty—under real-world conditions. The acoustic overlap between bee and 
non-bee sounds, especially in uncontrolled outdoor environments, 
significantly reduces the effectiveness of existing classification models.

Misclassification of audio signals can result in misleading assess
ments of hive status, obstructing the early detection of colony stressors 
such as disease, queen loss, or impending collapse. Moreover, many 
existing models demonstrate high performance on curated datasets but 
fail to generalize across diverse environmental scenarios due to limited 
variability in training data and reliance on high-fidelity recording 
equipment.

This gap highlights the urgent need for robust, generalizable, and 
efficient classification systems capable of operating accurately in het
erogeneous acoustic conditions using low-cost, accessible recording 
devices. Addressing this problem is critical for developing practical, 
real-time bee monitoring systems that can be deployed in resource- 
constrained settings.

In this study, we investigate the use of deep learning 

techniques—particularly spectrogram and chromogram based classi
fication—combined with a custom, environmentally diverse dataset 
collected using mobile devices. Our objective is to design a scalable and 
effective framework for bee sound classification that supports early hive 
health diagnostics and contributes to pollinator conservation efforts in 
both research and agricultural domains.

3. Related Work

Monitoring honey bee colonies through acoustic analysis has gained 
attention as a non-invasive and scalable method to assess hive health 
and behavior. One of the critical challenges in beekeeping is detecting 
queen bee presence, a task vital to colony sustainability. A study by 
Soares (2022) proposed the use of Mel-Frequency Cepstral Coefficients 
(MFCCs) along with time and frequency domain features to create a 
compact and efficient descriptor. Their model achieved 99% classifica
tion accuracy, demonstrating its potential for lowcomputational, 
real-time deployment in field environments.

Similarly, sound-based classification approaches have been explored 
for broader hive activity monitoring. In Terenzi et al. (2022), the authors 
used Convolutional Neural Networks (CNNs) to classify acoustic signals 
collected from orphaned colonies. Their experiments revealed the ca
pacity of sound features to reflect behavioral patterns, particularly 
under stress, highlighting the utility of audio monitoring as a comple
mentary diagnostic tool.The work in Orlowska et al. (2021) introduced a 
simplified supervised method based on downsampled spectrograms for 
queen detection. By leveraging deep CNNs and reducing dimensionality, 
their model achieved 96% accuracy, outperforming traditional MFCC 
and STFT-based techniques, especially in noisy and previously unseen 
hives.

Expanding on behavioral prediction, Iqbal et al. (2024) evaluated 
several machine learning and deep learning models, including CNNs, 
LSTM, and Transformers, to anticipate swarming behavior. CNNs using 
MFCCs attained the highest accuracy (99%), reinforcing the effective
ness of frequency-based audio features.To improve classification gran
ularity, Rustam et al. (2024) investigated selective acoustic 
features—including spectral centroid, zero-crossing rate, MFCCs, chro
magrams, and constant-Q transforms—to differentiate between bee 
presence, absence, and queenlessness. Their findings highlight the 
importance of feature selection for efficient hive monitoring. Hybrid 
techniques have also proven useful. The approach in Phan (2024)
combined MFCC and STFT features with a Random Forest classifier to 
enhance bee state classification accuracy to 87.2%, emphasizing the 
benefit of integrating spectral and temporal descriptors.

Generalization to new hive conditions is addressed in Bricout et al. 
(2024), where the authors introduced the BeeTogether dataset and 
employed contrastive learning to improve model adaptability. Their 
method achieved over 99% accuracy on unseen hives, showing the value 
of standardized, labeled data. Broader applications of AI in apiculture 
are reviewed in Astuti et al. (2024), where models such as SVMs and 
CNNs were employed in systems like BeePi and DeepBee© for moni
toring temperature, humidity, and audio data. Though effective, the 
study identified a need for improved algorithms and larger, more diverse 
datasets.

The behavioral effects of queenlessness were analyzed in Kanelis 
et al. (2023), where changes in acoustic patterns were observed within 
hours of queen removal. This study underlines the significance of 
real-time monitoring for early detection and intervention.In addition to 
the above, Harano et al. Harano et al. (2013) demonstrated the effec
tiveness of queen detection through acoustic profiling in Japanese hives, 
while Raḿırez et al. Raḿırez et al. (2015) applied machine learning 
models for classifying bee sounds with notable success. More recently, 
Kim et al. Kim et al. (2021) proposed an edge-AI-based acoustic moni
toring system, offering an efficient, real-time solution for in-field hive 
surveillance.

These studies collectively establish a foundation for the present 
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research, which addresses the need for robust, generalizable, and 
accessible audio-based classification of bee activity under real-world, 
noisy conditions. The inclusion of a summary comparison in Table 1
streamlines the discussion and ensures clarity regarding methodological 
gaps and motivations for the proposed approach.

Despite significant advancements in audio-based hive monitoring, 
existing studies often rely on controlled datasets, specialized recording 
equipment, or limited environmental diversity, which restricts model 
generalizability in realworld conditions. The current methods largely 
overlook integration strategies that combine low-cost data acquisition 
with high-performing deep learning models tailored for noisy, field-level 
acoustic environments. This research addresses these limitations by 
introducing a scalable, mobile-compatible framework supported by a 
custom, environmentally diverse dataset and optimized deep learning 
architectures.

4. Proposed Methodology

This section outlines the methodology comprised of information 
related to dataset, feature extraction, and usage of Machine learning and 
Deep Learning approaches for classification presented in Fig. 1.

4.1. Dataset Development

This research utilizes a composite audio dataset consisting of two 
distinct sources: (1) A publicly available dataset titled “Bee Audio Object 
Detection” AndrewL (2023) from Kaggle, and (2) A custom dataset 

collected under realworld conditions using various mobile phones and 
external microphones. The custom recordings were obtained from the 
Honey Bee Research Center at the National Agricultural Research Center 
(NARC), Pakistan’s largest agricultural research institution.

The final dataset, compiled by merging both sources, comprises a 
total of 2840 audio samples. Table 2 provides a detailed overview. The 
Kaggle dataset was curated for bee detection using acoustic signals 
recorded at hive entrances. The custom dataset complements this by 
introducing greater environmental and device variability, improving the 
dataset’s generalizability.

4.1.1. Recording Conditions
The custom dataset was recorded under diverse real-world condi

tions to reflect varying ambient noise levels and acoustic backgrounds. 
Recordings were captured using different mobile devices and micro
phones in outdoor and semi-urban environments. Active beehives at 
NARC served as primary recording sites, ensuring biological authen
ticity and operational realism. realism. To minimize device induced bias, 
recordings were intentionally collected using multiple mobile phone 
models and microphones, enabling the model to learn from varied 
acoustic hardware responses and ambient environments.

4.1.2. Audio Chunking and Dataset Structuring
To ensure consistency across samples, a series of preprocessing steps 

were applied, including duration standardization and noise filtering. 
Audio files exceeding the target length of 10 seconds were segmented 
into overlapping 10-second chunks to retain important temporal pat
terns and maximize coverage.

Let L denote the original length of an audio file (in seconds). The 
number of overlapping chunks is computed as Equation 1: 

Number of chunks =

[
L − 10

10 − overlap

]

+ 1 (1) 

For example, a 15-second audio file with a 5-second overlap yields:
Chunk 1 = [0,10], Chunk 2 = [5,15]
This strategy helps preserve signal continuity while enabling stan

dardized model input lengths.
The dataset was organized into two primary classes: 

1. Bee Sounds: Audio clips containing clearly identifiable bee buzzing 
patterns.

2. Not Bee Sounds: Audio clips dominated by environmental or 
anthropogenic noise (e.g., birds, wind, vehicles, human activity).

For efficient model training and evaluation, the audio files were 
stored in separate directories: /Bee-Audios/ for bee sounds and /No-Bee- 
Audios/ for non-bee sounds.

4.2. Numerical Feature Extraction (Numerical Approach)

Numerical features were extracted from the time-domain and fre
quencydomain representations of the audio signals. These features 
include:

Mel Frequency Cepstral Coefficients (MFCCs): MFCCs mimic 
human auditory perception. The process involves a Fourier Transform to 
get the power spectrum, mapping to the mel scale with triangular filters, 
and applying the Discrete Cosine Transform (DCT) to the log energies to 
derive MFCCs. The i-th coefficient ci is given by Equation 2: 

ci =
∑Nf

n=1
Sncos

(

i(n − 0.5)
π
Nf

)

, i = 1,…., L, (2) 

where ci is the i-th MFCC coefficient, Nf is the number of filters, Sn is the 
log energy of the n-th filter, and L is the number of coefficients.

Zero Crossing Rate (ZCR) ZCR measures the rate at which the audio 
waveform crosses the zero amplitude axis, defined as Equation 3: 

Table 1 
Comparison of existing bee sound classification studies based on recording 
setup, feature representation, learning model, and real-world applicability.

Study Recording 
Setup

Features Set Learning 
Models

Real-world 
Application

Harano et al. 
(2013)
Harano 
et al. 
(2013)

Controlled lab MFCC, 
Frequency 
bands

Statistical 
model

Limited

Raḿırez 
et al. 
(2015), 
Raḿırez 
et al. 
(2015)

Controlled 
hive

MFCC, Time- 
domain 
features

SVM, ANN No

Kim et al. 
(2021)
Kim et al. 
(2021)

IoT/Edge de- 
vice

MFCC, Temp, 
Humidity

Edge AI 
(CNN)

Moderate

Terenzi 
et al. 
(2020), 
Terenzi 
et al. 
(2022)

Field record- 
ings

MFCC CNN Moderate

Orlowska 
(2020) 
Or-lowska 
et al. 
(2021)

Controlled, 
downsampled

Summarized, 
Spectrogram

CNN Good

Phan (2023) 
Phan 
(2024)

Controlled MFCC, STFT Random 
Forest

Low

Bricout et al. 
(2024), 
Bricout 
et al. 
(2024)

Multi-hive 
datasets

Contrastive 
features

Contrastive, 
Learning

High

Proposed 
Work

Field 
recordings 
using mobile 
mics

MFCC, 
Spectrogram, 
Chromogram

MobileNetV2 
(DL)

High 
(95.29%)
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zcr =
1

T − 1
∑T− 1

t=1
1R<0(st st− 1 (3) 

where zcr is the zero crossing rate, T is the number of samples, and 1R<0 
is the indicator function for zero crossings.

Root Mean Square Energy (RMSE): RMSE represents the average 
power of the signal, computed as Equation 4: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1
x[i]2

√
√
√
√ (4) 

Where x[i] is the amplitude of the i-th sample.
Spectral Features: Several spectral features were calculated:
1. Spectral Centroid The spectral centroid represents the weighted 

mean of frequencies in a signal, computed using a Fourier Transform 
(Equation 5): 

centriod =

∑N− 1
n=0 f(n)x(n)
∑N− 1

n=0 x(n)
(5) 

where x(n) is the magnitude of bin n, and f(n) is the center frequency of 
that bin.

2. Spectral Bandwidth: Spectral bandwidth measures the spread of 
frequencies around the centroid (Equation 6): 

Bandwidth =

(
∑

k

S(k)(f(k) − fc)
p

)1
p

(6) 

3. Spectral Rolloff Spectral rolloff represents the frequency below 
which a specified percentage (e.g., 85%) of the total spectral energy is 
concentrated.

4. Chroma Features: Chroma features summarize the energy distri
bution across 12 pitch classes, representing the harmonic content of the 
signal.

Fig. 1. Overview of the proposed acoustic bee identification framework, including dataset acquisition, preprocessing, feature extraction, and classification stages for 
both traditional machine learning and deep learning models.

Table 2 
Summary of the Combined Dataset.

Total Number of 
Files

2840

Data Sources Kaggle + Custom (NARC, Pakistan)
Recording Locations 

(Kaggle)
25 beehives in San Jose, Cupertino, and Gilroy, California, 
USA

Recording Locations 
(Custom)

Research centers and field sites in Pakistan

Class Distribution Bee: 1417 files, Not Bee: 1423 files
Recording Devices Mobile phones and external microphones
Recording Duration Standardized to 10 seconds
Audio Format .wav files with variable sampling rates

M.A. Khan et al.                                                                                                                                                                                                                                Machine Learning with Applications 23 (2026) 100807 

4 



4.2.1. Feature Selection and Importance Analysis
A Random Forest classifier was used for its ability to capture non- 

linear relationships and provide insights into feature importance. The 
dataset was split into 80% for training and 20% for testing. The model 
showed near-perfect accuracy on the training set but struggled with 
generalization to new data.

The model identified the following features as the most influential 
for classification. Table 3 shows the features with the highest impor
tance scores:

These features were deemed essential for classification because they 
provide valuable information about the sound’s timbre, rhythm, and 
texture, which are key for differentiating between various audio classes.

Based on the Random Forest feature importance, the most relevant 
features were selected for further analysis. These include spectral 
centroid, spectral rolloff, zero-crossing rate (ZCR), and the first two 
MFCC coefficients.

4.2.2. Exploratory Data Analysis (EDA) on Numerical Data
Exploratory Data Analysis (EDA) is a crucial step in understanding 

the underlying patterns, distributions, and relationships in the data. In 
this section, we analyze the features related to “bee” and “no bee” cat
egories to understand their statistical properties, distributions, and 
correlations. The key aspects of this analysis include statistical sum
maries, comparison of feature distributions, and correlation analysis.

4.2.3. Statistical Analysis of Features
We begin by performing a statistical analysis of the selected features, 

which include spectral centroid, spectral bandwidth, spectral rolloff, 
MFCC coefficients, and Zero Crossing Rate (ZCR). The statistical analysis 
includes key metrics such as mean, standard deviation, minimum, 
maximum, and quartiles (25%, 50%, 75%).

The following table shows the statistical summary of the selected 
features for the “bee” category:

The following table shows the statistical summary of the selected 
features for the “No Bee” category:

The above Tables 4 and 5 present the statistical characteristics for the 
features in both “bee” and “no bee” categories. These include the count 
of data points, the mean, standard deviation, minimum, and maximum 
values. We can observe significant differences in several features be
tween the two categories.

To further understand how the “bee” and “no bee” categories differ, 
we calculated the mean differences (see Table 6) and range differences 
(see Table 7) for each feature. These values highlight the magnitude of 
the differences between the two categories.

The mean differences and range differences demonstrate the extent 
to which the two categories differ for each feature. For example, the 
spectral centroid and spectral roll-off have substantial differences, 
indicating that these features may be highly discriminative between the 
two categories.

4.2.4. Correlation Analysis
A set of numerical acoustic features, including MFCCs, spectral 

centroid, zero-crossing rate, and chroma energy, was analyzed to assess 
their relevance for hive sound classification. Correlation analysis (pre
sented in Figs. 2 and 3) and feature distribution plots (Figs. 4 and 5) were 

used to evaluate redundancy, noise sensitivity, and class- specific vari
ability across diverse environments. To establish a baseline, ma- chine 
learning models such as SVM and Random Forest were trained on these 
extracted features (Tables 89). While these models achieved reasonable 
performance in controlled scenarios, their accuracy declined signifi
cantly in noisy, real- world field recordings using mobile devices. This 
outcome highlights the limited robustness of traditional feature-based 
approaches and strongly motivated the transition toward deep 
learning techniques using spectrogram and chromogram representa
tions, which better capture temporal frequency patterns essential for 
reliable hive monitoring in varied outdoor conditions.

4.3. Deep Learning Modeling

The use of both spectrograms and chromograms was adopted to 
enhance the robustness of the classification model by leveraging com
plementary time frequency representations of audio signals. Spectro
grams capture the distribution of energy across frequencies over time, 
while chromograms emphasize harmonic and tonal characteristics. By 
combining these features, the model gains improved discrimination 
capabilities, particularly in noisy environments.

Table 3 
Top Features Identified by the Model and Their Importance 
Scores.

Feature Importance

Spectral Centroid 0.190025
Spectral Bandwidth 0.189648
Spectral Rolloff 0.137424
MFCC 1 0.118606
MFCC 2 0.106430
Zero Crossing Rate (ZCR) 0.060858

Table 4 
Statistical Analysis for ’Bee’ Category.

Feature Count Mean Std Dev Min Max

Spectral Centroid 1415 2064.77 690.49 511.10 3673.86
Spectral Bandwidth 1415 2468.91 497.02 1232.11 3220.21
Spectral Roll-off 1415 4705.33 1802.09 764.65 7656.53
MFCC 1 1415 -416.02 76.48 -752.75 -242.65
MFCC 2 1415 107.32 37.03 35.29 188.89
ZCR 1415 0.078 0.034 0.011 0.193

Table 5 
Statistical Analysis for ’No Bee’ Category.

Feature Count Mean Std Dev Min Max

Spectral Centroid 1422 686.82 205.58 257.11 1976.89
Spectral Bandwidth 1422 1217.69 214.54 709.75 2297.43
Spectral Roll-off 1422 1214.27 466.91 287.78 4404.99
MFCC 1 1422 -605.74 33.83 -687.55 -431.67
MFCC 2 1422 190.31 21.76 104.89 236.24
ZCR 1422 0.025 0.012 0.005 0.101

Table 6 
Mean Differences Between ’Bee’ and ’No Bee’ Categories.

Feature Mean Difference

Spectral Centroid 1455.73
Spectral Bandwidth 1319.19
Spectral Roll-off 3649.43
MFCC 1 207.59
MFCC 2 89.83
ZCR 0.06

Table 7 
Range Differences Between ’Bee’ and ’No Bee’ Categories.

Feature Range Difference

Spectral Centroid 2394.95
Spectral Bandwidth 1193.05
Spectral Roll-off 5513.52
MFCC 1 172.19
MFCC 2 86.53
ZCR 0.14
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4.3.1. Visual Feature Preparation
For visual feature extraction, two types of representations were 

generated from each audio file: spectrograms and chromograms. Spec
trograms capture the distribution of sound energy over time and fre
quency, while chromograms highlight tonal and harmonic structures 
based on pitch classes. To create spectrograms, audio signals were 
loaded using the Librosa library McFee et al. (2015), converted into mel 
spectrograms with 128 mel bands, scaled into decibel units, and saved as 
PNG images resized to 224 × 224 pixels to match the input requirements 
of MobileNetV2 Sandler et al. (2018). Chromograms were similarly 
produced using Librosa’s chroma functions, computed with 12 chroma 
bins and an FFT window size of 4096, and visualized and saved as im
ages. Spectrograms provide a rich time-frequency representation 
aligned with human auditory perception, helping deep learning models 
learn discriminative patterns even in noisy environments. Chromo
grams, on the other hand, emphasize harmonic content, making them 
robust to background noise and useful for identifying pitch-invariant 
patterns.

Data augmentation was applied by adding real environmental noise 
(wind, hive-surrounding insects, distant human activity), along with 
pitch shift and time stretch transformations, where each original audio 
sample generated approximately three augmented variations. This im
proves model robustness and reproducibility under real world acoustic 
conditions.

4.3.2. Data Organization
All generated spectrogram and chromogram images were 

systematically organized into labeled directories to facilitate efficient 
training. Separate folders were created for bee sounds and non-bee 
sounds, ensuring that images derived from each audio file were 
consistently named and easy to trace. This structured organization 
supported clear data management and streamlined the training process 
for deep learning models.

4.4. Model Architecture

After preparing and organizing the spectrograms and chromograms, 
the next step was to train and evaluate deep learning models capable of 
distinguishing between “bee” and “not bee” sounds. A confidence 
threshold of 80% was chosen to ensure the model’s predictions were 
highly reliable.

4.4.1. Spectrograms
For the classification of spectrograms, multiple pre-trained archi

tectures were tested, including MobileNetV2 Aslan et al. (2016), Effi
cientNetB0 Tan and Le (2019), and ResNet50 He et al. (2016). Each of 
these models was utilized as a feature extractor, with their pre-trained 
weights (trained on ImageNet) frozen to preserve learned features. 
Custom layers were added on top of each architecture to enable pre
dictions based on the features extracted from the spectrograms. This 
approach allowed for a fair comparison among the models. 

• MobileNetV2 is a lightweight convolutional neural network archi
tecture optimized for mobile and embedded devices. It employs 

Fig. 2. Correlation matrix of numerical acoustic features for the Bee class, illustrating inter-feature dependencies and identifying dominant spectral and cepstral 
contributors to bee sound discrimination.
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inverted residual blocks and linear bottlenecks to reduce computa
tional cost while maintaining accuracy. In this study, MobileNetV2 
was used with pretrained weights from ImageNet. Spectrogram and 
chromogram images were resized to 224 × 224 pixels for model 
input. The model was fine-tuned using the Adam optimizer and 
categorical cross-entropy loss. Early stopping was applied to mitigate 
overfitting, and predictions were filtered using an 80% confidence 
threshold.

• EfficientNet-B0 is a convolutional neural network architecture 
designed to achieve high performance with fewer parameters 
through a compound scaling method that uniformly scales network 
depth, width, and resolution. In this study, EfficientNet-B0 was 
implemented using the Keras API with ImageNet-pretrained weights. 
The input spectrogram images were resized to 224 × 224 pixels to 
match the network’s input requirements. During training, categori
cal cross-entropy was used as the loss function, and the Adam opti
mizer was employed for parameter updates. Early stopping was 
applied to prevent overfitting, and a confidence threshold of 80% 
was used for class predictions.

• ResNet50 is a deep residual network architecture featuring 50 con
volutional layers with identity shortcut connections, enabling effi
cient gradient flow and mitigating the vanishing gradient problem. 
In this work, ResNet50 was utilized with ImageNet-pretrained 
weights, adapting the final classification layer to predict two clas
ses: bee and no bee. Input spectrogram images were resized to 224 ×
224 pixels. Training was performed using categorical cross-entropy 
as the loss function and the Adam optimizer. Early stopping was 

applied based on validation loss, and an 80% confidence threshold 
was set for final predictions.

The results guided the selection of MobileNetV2 as the final model 
for spectrogram classification due to its adaptability and efficiency in 
processing audio data.

4.4.2. Chromograms
For the chromograms, only MobileNetV2 was employed, reflecting 

its effectiveness in capturing relevant features for accurate classification. 
The model was trained twice with different learning rates to explore the 
impact of learning rate on performance. The training sessions were 
conducted as follows: 

• First Training Session: The learning rate was set to 0.001. This 
learning rate aimed to accelerate convergence and allow the model 
to adapt quickly to the features present in the chromograms, 
resulting in relatively good performance across classes.

• Second Training Session: The learning rate was reduced to 
0.000001. This lower learning rate was intended to provide finer 
adjustments to the model’s weights, potentially leading to better 
generalization on unseen data. However, this reduction biased the 
model toward the “no bee” class, and it did not yield as good results 
as the higher learning rate, particularly in detecting the presence of 
bees.

Both training sessions maintained the same custom layers and 
threshold criteria used for the spectrograms. The decision to utilize only 

Fig. 3. Correlation matrix of numerical acoustic features for the Non-Bee class, highlighting differing acoustic structures and reduced harmonic complexity relative 
to no bee generated signals.
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MobileNetV2 for chromograms was based on its demonstrated capa
bility to effectively classify the relevant features, ensuring consistent 
performance across different data types.

4.4.3. Threshold-Based Classification
The chosen confidence threshold of 80 percent required the model to 

classify both spectrograms and chromograms into three categories: 

• Bee: If the model’s confidence for the “bee” class exceeds 80%.
• Not Bee: If the model’s confidence for the “not bee” class exceeds 

80%.

This approach ensures that the predictions made by the models are of 
high confidence.

4.5.4. Custom Layers & Transfer Learning
To tailor the pre-trained model for the binary classification of both 

spectrogram and chromogram images, the architecture was fine-tuned 
by adding custom layers. These modifications ensured the models 
could effectively handle the unique characteristics of the data.

Global Average Pooling (GAP): The fully connected layers in the 

original pre-trained architecture were replaced with a Global Average 
Pooling layer. GAP reduces the spatial dimensions of feature maps by 
averaging their values, resulting in a single value per feature map. This 
layer prevents overfitting and reduces the number of trainable param
eters while retaining spatial information. The operation is mathemati
cally expressed as Equation 7: 

GAP(x) =
1

HXW
∑H

i=1

∑W

j=1
xi,j (7) 

where H and W are the height and width of the feature map, and xi,j 
represents the activation at position (i,j).

Dense Layer: A fully connected layer with 128 neurons and ReLU 
activation was added after the GAP layer. This dense layer captured 
high-level patterns in the data, enabling the model to better differentiate 
between the “bee” and “not bee” classes.

Dropout Layer: To address overfitting, a dropout layer with a rate of 
0.4 was included. This layer randomly deactivates 40% of the neurons 
during training, ensuring the model does not rely too heavily on specific 
features.

Output Layer: The final layer consisted of a single neuron with 

Fig. 4. Pair plot of Features for ’Bee’ and ’No Bee’ Categories.
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sigmoid activation, producing a probability value between 0 and 1. This 
value represented the likelihood of the input belonging to the “bee” 
class.

4.4.5. Training strategy
The spectrogram and chromogram data were preprocessed and fed 

into the customized pre-trained models for training. The key steps in the 
training pipeline are described below:

Input Data Preparation: Each spectrogram and chromogram was 
resized to 224 × 224 pixels, matching the input dimensions required by 
MobileNetV2. The pixel values were normalized to a range of 0 to 1, 
ensuring numerical stability during training.

Optimizer: The Adam optimizer was used for its adaptive learning 
rate and efficiency in handling sparse gradients. The learning rate was 
set to 0.001 for spectrograms and varied for the two MobileNetV2 
training sessions on chromograms, balancing convergence speed with 
model stability.

Loss Function: The binary cross-entropy loss function was employed 

to optimize the model for the binary classification task. The loss function 
is defined as (Equation 8): 

L = −
1
N
∑N

i=1
[yilog(pi)+ (1 − yi)log (1 − pi)] (8) 

where yi is the true label (0 or 1) for the i-th sample, and pi is the pre
dicted probability for the same sample.

Batch Size and Epochs: The models were trained in mini-batches to 
balance computational efficiency and performance. A batch size of 32 
was used for both spectrogram and chromogram training, and the 
training process was conducted over 20 epochs, ensuring adequate time 
for convergence.

4.4.6. Evaluation Metrics
The performance of all models was assessed using several evaluation 

metrics, including accuracy, precision, recall, and F1-score. Accuracy 
represents the proportion of correctly classified instances among all 
predictions. Precision measures the proportion of true positives among 

Fig. 5. Feature distribution of bee and non-bee audio samples. Enlarged boxplots show clearer separation across spectral and MFCC-based features after removing 
outliers. Axis labels are improved for interpretability.
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all instances predicted as positive. Recall reflects the proportion of true 
positives identified among all actual positive cases. The F1-score is the 
harmonic mean of precision and recall, providing a balanced measure 
between false positives and false negatives.

In addition, a confidence threshold of 80% was applied during pre
diction, meaning that only predictions with softmax probabilities above 
80% were considered confident enough for classification. This threshold 
was chosen to ensure reliable model decisions, particularly under noisy 
real-world conditions.

4.4.7. Model Selection and Rationale
MobileNetV2 was selected due to its advanced design, which com

bines efficiency with strong performance, making it ideal for resource- 
constrained tasks like spectrogram and chromogram classification.

Lightweight Architecture: MobileNetV2 is optimized for low- 
resource environments, ensuring faster training and inference without 
sacrificing accuracy. It uses depthwise separable convolutions to 
significantly reduce the computational cost compared to standard con
volutional layers, allowing the model to process high-dimensional 
spectrogram and chromogram images efficiently.

Inverted Residual Blocks: A key innovation of MobileNetV2 is its 
use of inverted residual blocks, where the input and output are con
nected via shortcut connections, enabling the model to focus on critical 
features while minimizing redundant computations. This structure en
hances feature extraction, making it particularly effective for complex 
tasks like audio spectrogram and chromogram classification.

Pre-trained Weights: MobileNetV2 comes pre-trained on the 
ImageNet dataset, a large-scale image database. These pre-trained 
weights provide a strong initialization for the model, allowing it to 
leverage general visual feature representations and adapt them to the 
specific tasks of spectrogram and chromogram classification. This 
transfer learning approach accelerates convergence and improves 
overall performance.

Fig. 6 represents the model architecture which tells about layers and 
which part of the model use for feature extraction and which part is used 
for classification.

5. Results

5.1. Numerical Approach Results

The performance of the numerical features-based model was evalu
ated using several machine learning algorithms, including Random 
Forest (RF), Support Vector Machine (SVM), and Logistic Regression. 
These models exhibited exceptionally strong results on the publicly 
available dataset, achieving near-perfect scores across key performance 
metrics such as test accuracy, precision, recall, and F1-score. However, 
despite this impressive performance on the training data, the models 
encountered significant challenges when applied to real-world sce
narios. They failed to generalize effectively to unseen, noisy data, 
resulting in a notable decline in their predictive capabilities. This limi
tation was partly attributed to feature overlapping within the dataset, 
where the numerical features exhibited high similarity or redundancy, 
reducing the models’ ability to distinguish between classes under 
varying conditions. This inconsistency, combined with their over- 
reliance on the specific characteristics of the public dataset—which 
did not adequately represent the variability and complexity of practical 
environments—rendered these numerical models unsuitable for use in a 
production setting.

5.2. Spectrogram-Based Approach Results

The spectrogram-based approach utilized several deep learning 
models for classification. The results for each model are shown in 
Table 8.

EfficientNetB0: Achieved 50.18% accuracy but struggled with 
generalization, overfitting the spectrogram dataset towards classifying 
everything as “no bee.” ResNet50: Also achieved 50.18% accuracy but 
faced moderate generalization issues, similarly overfitting towards “no 
bee.”

MobileNetV2: Achieved 95.29% accuracy with exceptional gener
alization. MobileNetV2 demonstrated better robustness to high fre
quency background noise and retained discriminative spectral patterns 
more eectively than heavier models such as ResNet50 and E-cientNetB0.

Fig. 6. Model Architecture Diagram.
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5.3. Chromogram-Based Approach Results

The chromogram-based approach employed the MobileNetV2 model 
with two different learning rates for classification, and the results are 
summarized in Table 9. During experimentation, it was observed that 
reducing the learning rate to a very low value introduced a noticeable 
bias toward the “No Bee” class. This bias likely stemmed from the 
model’s tendency to overfit to the majority class under such conserva
tive updates, failing to adequately learn the distinguishing features of 
the “Bee” class. In contrast, a higher learning rate enabled more 
balanced learning across both classes, mitigating this issue and 
improving overall classification performance.

The performance of MobileNetV2 (95.29% accuracy) compared to 
EffcientNetB0 and ResNet50 can be attributed to both architectural ef
ficiency and better suitability to noise rich spectrogram and chromo
gram representations as shown in Figs. 7–12. MobileNetV2 employs 
inverted residual blocks with linear bottlenecks, which preserve critical 
spectral cues such as harmonic structure and energy concentration while 
suppressing irrelevant background noise characteristics essential in 
heterogeneous mobile recordings. In contrast, ResNet50, with its deeper 
architecture, demonstrated higher sensitivity to non-bee environmental 
noise due to overfitting risks in limited labeled audio datasets, while E- 
cientNetB0 suffered performance degradation as its compound scaling 
approach assumes clean and stationary feature distributions, which do 
not fully align with dynamic field environments. Additionally, using 
complementary visual features (mel spectrograms + chromograms), 
along with an 80% confidence threshold, enabled MobileNetV2 to 

exploit both time frequency energy variations and pitch-invariant har
monic patterns, improving overall robustness. These results validate the 
design choices made in the methodology particularly low cost multi- 
device data collection, optimized chunking, and diverse noise expo
sure ultimately demonstrating that MobileNetV2 offers a better gener
alization trade-off for real-world acoustic hive monitoring.

6. Conclusions and Future Work

In this study, we explored various machine learning approaches for 
classifying audio signals. The numerical approach models, although 
offering perfect accuracy on training data, failed to generalize effec
tively to unseen data, highlighting the need for better generalization 

Table 8 
Performance and Threshold Adherence of Evaluated Models (Spectrogram 
Approach).

Metric EfficientNet- 
B0

ResNet50 MobileNet- 
V2

Reason for 
Selection/ 
Exclusion

Accuracy, 
(Test Set)

50.18% 50.18% 95.29% MobileNetV2, 
performed best 
under the 80% 
threshold.

Precision 25% 25% 95% EfficientNet-B0 
and ResNet50, 
failed under, 
strict 
thresholds.

Recall 50% 50% 96% MobileNetV2 
achieved the 
most 
reliable 
predictions.

F1-Score 33% 33% 95% Other models 
were overfitted 
and biased to 
one class.

Threshold 
Adherence

Failed on 
testing and 
real-world 
data

Inconsistent 
due to strict 
thresholds

Consistent 
and 
generalized 
on real data

EfficientNet- 
B0 and 
ResNet50 
missed the 
80% 
threshold.

Table 9 
Comparison of MobileNetV2 Results on Chromograms.

Metric Learning Rate = 0.000001 Learning Rate = 0.001

Precision (No Bee) 54% 85%
Recall (No Bee) 99% 95%
F1-Score (No Bee) 70% 90%
Precision (Bee) 98% 96%
Recall (Bee) 34% 87%
F1-Score (Bee) 51% 91%
Overall Accuracy 62.91% 90.58%

Fig. 7. Confusion matrix illustrating MobileNetV2 performance on spectrogram 
based classification using the selected confidence threshold.

Fig. 8. Precision, recall, and F1-score comparison for MobileNetV2, demon
strating balanced predictive performance across both classes.

Fig. 9. Confusion matrix showing classification behavior of the ResNet50 
model, highlighting its limited generalization on real world spectrogram data.
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techniques in production environments.
On the other hand, the spectrogrambased deep learning models such 

as MobileNetV2 demonstrated excellent performance with high accu
racy, showcasing the robustness of advanced deep learning architectures 
for real world applications.

Previous studies on distinguishing between "bee" and "not bee" 
sounds, have primarily relied on spectrograms as their main audio 
representation technique. These studies often utilized high quality mi
crophones in controlled environments, leading to promising results on 
their collected datasets. However, despite their success in a laboratory 
setting, these models frequently failed to generalize to real world sce
narios due to variations in environmental noise, microphone quality, 
and different recording conditions.

A significant limitation of existing research is the lack of exploration 
into mobile phone recordings as a viable data source. Most prior studies 
relied on specialized, high fidelity recording equipment, making their 
approaches impractical for widespread deployment, particularly in real 
world agricultural and beekeeping applications. To the best of our 
knowledge, no study has incorporated mobile phone recordings, which 
could provide a more accessible and scalable solution for monitoring bee 
populations in local farms.

By addressing these gaps, incorporating mobile phone recordings 
and merging diverse datasets, we develop a more practical and scalable 
approach for real world deployment. Our method considers local farm 
environments, where variable background noise and diverse acoustic 
conditions exist, making it more suitable for practical use. This novel 
approach demonstrates that deep learning models can still achieve high 
accuracy even with non specialized recording equipment, ensuring 
broader applicability in real world monitoring scenarios.

However, performance in extremely noisy environments and vari
ability across mobile microphone sensors remain important limitations 
and opportunities for further improvement.

The present study establishes a foundational framework for dis
tinguishing bee sounds from diverse environmental noise using deep 
learning models and mobile device recordings. While 5-fold cross- 
validation was performed to assess model stability, more extensive sta
tistical tests—such as repeated runs, variance reporting, or confidence 
intervals—were not feasible due to current dataset size and computa
tional constraints. Similarly, although recordings were collected from 
multiple devices and locations, the limited number of samples per device 
prevented meaningful leave-one-device-out or cross-site validation in 
this initial study.

Performance in extremely noisy environments and variability across 
mobile microphone sensors remain important limitations and opportu
nities for further improvement. In future work, we will focus on 
improving statistical robustness by performing extensive cross- 
validation and testing across additional geographic and device condi
tions. Furthermore, we will refine noise-handling strategies to enhance 
performance in highly dynamic environments and explore model opti
mization techniques for efficient on-device inference. These improve
ments will help further validate scalability and strengthen real-world 
deployment capability..
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