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ABSTRACT Agricultural pest control traditionally relies on inef cient visual inspections. Acoustic
monitoring offers a promising alternative by analyzing pest-speci ¢ sounds. While effective, implementing
acoustic monitoring in agricultural settings faces practical constraints, particularly the limited computational
resources available in remote farming environments. This necessitates optimized machine learning (ML)
solutions for low-power edge devices. This study evaluates ML models for bird pest detection on
resource-constrained platforms. We evaluated convolutional neural networks (CNNs), recurrent neural
networks (RNNSs), and traditional ML models by comparing standalone and knowledge-distilled versions
of Ef cientNetBO and gated recurrent unity (GRU) against Ef cientNetB4, Long short-term memory
(LSTM), MobileNetV2, LightGBM, and support vector machine (SVM). Analysis revealed signi cant
performance variations across computational requirements. LightGBM achieved 98% accuracy with minimal
resources (8,500 parameters, 7KB, 0.6ms inference), demonstrating good ef ciency. SVM (97% accuracy)
and distilled GRU (86% accuracy) also showed favorable performance-to-resource ratios. Knowledge
distillation substantially enhanced the accuracy of Ef cientNetBO (from 73% to 98%) and modestly
improved GRU (from 84% to 86%). We examined platform compatibility across computing tiers, discovering
that while high-performance edge devices (Jetson Nano, Raspberry Pi 4) support all studied models
effectively, microcontrollers require specialized approaches. Advanced microcontrollers (such as ESP32-S3
and STM32H7) can accommodate optimized implementations, while highly constrained platforms (such
as Arduino Nano) require TinyML techniques. This research contributes 1) an on-farm audio dataset,
2) comprehensive cross-model evaluation metrics, and 3) deployment optimization strategies for acoustic
pest detection systems in resource-constrained agricultural environments.

INDEX TERMS Acoustic monitoring, bird pest detection, deep learning, knowledge distillation, machine
learning.

I. INTRODUCTION
Traditional farming relies heavily on visual inspection
The associate editor coordinating the review of this manuscript and and manual interventions, which are time-consuming and
approving it for publication was Mostafa M. Fouda . expensive. During eld observations in Rwanda, numerous
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bird species were identi ed that caused substantial damage
to grain, vegetable, and fruit crops [1], [2] alongside
bene cial birds. Modern automated acoustic detection
systems offer improved agricultural management through
targeted pest control that minimizes disturbance to bene cial
birds, potentially reducing crop damage while enhancing
productivity and sustainability [1]. For implementation in
resource-constrained agricultural environments, these solu-
tions must be deployable on inexpensive edge devices that
meet the affordability requirements of rural farmers.

Given the uncertainty about which approach would provide
the optimal performance-to-cost ratio, we conducted a com-
prehensive evaluation of diverse machine learning models
and feature extraction techniques. Our assessment compares
recurrent neural networks (GRU, LSTM) analyzing raw audio
waveforms [3], CNN architectures (Ef cientNet, MobileNet)
processing spectrograms [4], and classical ML approaches
(LightGBM and SVM) trained on mel frequency cepstral
coef cient (MFCCs) [5], [6]. This systematic comparison
aims to identify the most ef cient and effective solutions
for bird pest detection that can be practically deployed in
low-resource agricultural settings. To further optimize these
solutions for edge deployment, we apply knowledge distil-
lation techniques [7], [8] that transfer expertise from larger
models (Ef cientNetB4, LSTM) to their smaller counterparts
(Ef cientNetBO, GRU), enhancing performance within the
computational constraints of edge computing [9]. Through
this systematic evaluation of models, feature extraction
methods, and knowledge distillation, this study establishes a
foundation for developing cost-effective bird pest detection
systems deployable on resource-constrained edge devices.

The rest of the paper is structured as follows: Section Il
summarises related work. Section I11 details the materials and
methods used to conduct the research. Section IV presents
and discusses the experimental ndings. Finally, Section V
concludes the study and proposes some directions for future
work.

Il. RELATED WORK

Acoustic monitoring has become increasingly important
for agricultural pest management, with various approaches
demonstrating effectiveness across different contexts.
Mahjoub et al. [10] established acoustic interventions as
viable tools for bird control, showing that targeted sound
approaches can signi cantly in uence avian behavior.
Brandes [11] provided foundational techniques for automated
sound recording and classi cation of bird vocalizations that
inform modern detection systems. These studies validated
acoustic approaches for pest management, though their focus
remained primarily on detection capabilities rather than
deployment ef ciency evaluation in resource-constrained
environments.

Specialized systems like BirdNet [12] represent signi cant
advances in avian bioacoustics. Based on CNN architecture
adaptations, BirdNet can distinguish among 984 bird species
with high accuracy by analyzing spectrogram data from
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bird vocalizations [12], [13]. However, BirdNet’s dataset
shows signi  cant geographical bias, with data primarily from
North America and Europe while largely overlooking more
than 2,700 bird species across Africa. Furthermore, while
demonstrating the potential of deep learning for bird sound
analysis, BirdNet’s complexity (approximately 30 million
parameters) creates substantial barriers for implementation
in agricultural settings where connectivity, energy, and
computational resources are limited.

The integration of 10T technologies has transformed agri-
cultural monitoring by enabling remote oversight of crop con-
ditions. However, 10T deployments face signi cant resource
constraints, particularly for computationally intensive appli-
cations. Researchers have addressed these challenges through
specialized architectures like MobileNetV2 [14], which
incorporate depthwise separable convolutions to reduce
computational requirements while maintaining acceptable
performance. Similarly, Ef cientNet variants [15] employ
compound scaling methods to optimize the balance between
network depth, width, and resolution, making them suitable
for resource-constrained deployments.

For audio processing in limited-resource environments,
several machine learning approaches have proven effective.
RNN architectures, particularly LSTM and GRU mod-
els [16], [17], excel at capturing temporal dependencies in
audio data. GRUs offer parameter ef ciency advantages over
LSTMs, making them suitable for deployment in constrained
settings [18]. CNN-based models like Ef cientNet variants
have demonstrated strong performance in sound classi -
cation and audio event detection [19], while MobileNet
architectures provide ef cient alternatives for real-time audio
processing applications [20].

Traditional machine learning approaches offer further
ef ciency bene ts. LightGBM [21] provides an optimized
gradient-boosting framework capable of handling tabular
data with minimal computational overhead. Support vector
machines (SVMs) [22] perform effectively even with limited
training samples and have shown success in various audio
classi cation tasks [6], [23].

Knowledge distillation (KD) techniques [7], [8] provide
a promising approach for optimizing deep learning models
in resource-constrained environments. By training smaller
student models to emulate the behavior of larger, more
complex teacher models, KD enables the transfer of sophisti-
cated capabilities while signi cantly reducing computational
requirements. This approach is particularly valuable for
agricultural deployment, where balancing detection accu-
racy with resource limitations is essential for practical
implementation.

Our research builds upon these foundations to address the
speci ¢ challenges of bird pest detection in
resource-constrained agricultural settings. Through the
systematic evaluation of various models and optimization
techniques, we provide practical insights for implementing
effective acoustic monitoring systems in environments with
limited computational resources, connectivity, and energy
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TABLE 1. Comparison between existing systems and proposed approach.

Existing Systems

Proposed Approach

BirdNet [12] claims to be ‘comprehensive’ but has geographical bias,
with data primarily from North America and Europe, overlooking 2700+
African bird species. Furthermore, it requires high computational re-
sources (27M parameters).

Specifically targets pest bird detection with significantly reduced com-
putational demands (as low as 8.5K parameters) while better represent-
ing relevant local species.

Acoustic monitoring systems [10], [11], [24] emphasize detection capa-
bilities without addressing deployment efficiency.

Systematically evaluates resource efficiency metrics critical for practical
agricultural implementations.

Deep learning architectures [14], [15] provide general optimization
approaches for mobile/IoT deployment.

Applies and compares multiple model types (CNN, RNN, traditional
ML) specifically for bird pest detection.

Knowledge distillation [7], [25] is established as a theoretical approach
for model compression.

Implements and evaluates KD techniques specifically for acoustic pest
detection, demonstrating practical efficiency gains.

Audio processing models [16], [19] focus on general sound classifica-
tion without agricultural specialization.

Tailors audio processing pipelines for bird pest sounds in complex
agricultural acoustic environments.

Traditional ML approaches [21], [22] demonstrated for general classifi-
cation tasks.

Adapts traditional ML methods specifically for bird pest detection with
comprehensive comparisons to deep learning approaches.

availability. Table 1 presents a comparison between existing
systems and the proposed approach, highlighting the key
differences and innovations of our work.

I1l. MATERIALS AND METHODS

This section outlines the research approach followed and
the techniques employed. Subsection IlI-A details the
data collection process. Subsection I11-B explains the data
preprocessing, Subsection I11-C describes the classi cation
procedure, and the experimental setup of this study is
discussed in Subsection I11-D.

A. DATA COLLECTION AND DESCRIPTION
The dataset comprises audio recordings from a wheat eld
at the University of Rwanda’s CAVM campus in Busogo.
The study site adjoined roads, housing, and a restaurant,
creating a complex acoustic environment of human activ-
ity, traf ¢ sounds, bird pests, and nonpest vocalizations.
AudioMoth microphone devices [26] captured 45-60 second
recordings at 48kHz during daylight hours, strategically
positioned throughout the eld. Figure 1(a) shows a deployed
AudioMoth microphone, while Figure 1(b) displays the
geographical location (—1.556, 29.549) of the study area. The
eld recordings exhibit high acoustic complexity, character-
ized by overlapping sound sources within similar frequency
ranges. One example is shown in Figure 1(c). This recording
demonstrates multiple bird vocalizations overlapping with
environmental sounds across the 1-10 kHz range. Rwanda’s
dense population and rich avian diversity create complex
acoustic environments with simultaneous multi-source audio
signals occupying overlapping frequency domains.

B. DATA PREPROCESSING

Appropriate data preparation is essential for accurate model
performance. Our study employed different preprocessing
techniques tailored to each model type. RNN-based models
(LSTM/GRU) used raw audio data, CNN models (Ef cient-
Net/MobileNet) utilized spectrograms, while LightGBM and
SVMs processed extracted MFCCs. Each preprocessing
strategy forms an integral part of the model’s deployment
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pipeline, with its computational demands factored into the
total ef ciency assessment.

Subsection 111-B1 explains the data labeling process,
Subsection 111-B2 presents the audio segmentation tech-
niques, and Subsection 111-B3 details the spectrogram
calculation and generation.

1) LABELING

To analyze the acoustic environment of the farm under study,
the research utilized Kaleidoscope Pro software, which spe-
cializes in audio clustering and labeling [27]. The initial phase
involved clustering, an iterative process that categorized the
collected farm sounds into distinct groups based on their
acoustic properties. Kaleidoscope Pro is designed to identify
the presence of sound in a recording [28], subsequently
searching through all provided recording les for similar
sounds and outputting the resulting clusters. Each cluster was
initially assigned a default label by the software, such as
cluster.00, cluster.0l, cluster.02,...,
cluster.11l, cluster.12, etc. During this iterative
process, we identi ed misclassi cations where sounds were
erroneously grouped with dissimilar audio types. To address
these anomalies, the team manually reassigned such sounds
to more appropriate clusters that shared similar sonic
characteristics. These preliminary labels were then subjected
to a re nement process. Through the manual review, the
research team analyzed the content of each sound cluster,
subsequently assigning more descriptive and contextually
appropriate labels. This was achieved by adding two labels,
“bird-pest” and “no-pest” to the descriptive .csv le
generated by Kaleidoscope Pro in the MANUAL ID column
to accurately re ect whether the sounds were from bird
pests or other environmental sources. Notably, avian sounds
associated with benign bird species were placed in the “no-
pest” category.

2) DATASET PREPARATION

The original eld recordings, spanning 45-60 seconds each,
contained diverse, overlapping sounds from multiple sources.
To enhance classi cation precision, these recordings were

105815



IEEE Access

M. Kazeneza et al.: Balancing Complexity and Performance of Machine Learning Models

8192

4096

2048

Frequency (Hz)

1024

512

0 5 10 15 20 25
Time (s)

©

Colline
: P GAH
Nyarugina Kinigi
yarug 9 NYANGE
CYUVE
Kabare
Ruhengeri
{ NR2 |
Nyakinama
Cyab
Mukamira +
KINTOBO
JENDA
RUGERA o
[ NR16 | .
BUGESHI Gatont
o S Man data ®2024 Goonale Terms
(b)

+0dB

-10dB

-20dB

-30dB

-40 dB

Power (dB)

-50 dB

-60 dB

-70 dB

-80 dB
30 35 40 45

FIGURE 1. Data collection site. (a) AudioMoth was placed in a wheat farm at Busogo campus, Rwanda, and (b) the location of Busogo on Google Maps,
where the audio data was collected. Lat —1.556, Lon 29.549. (c) the spectrogram of one recorded sample, highlighting the dataset’s complexity

characterized by multiple overlapping sounds from different sources.

segmented into 1-5 second clips that isolated speci ¢ acoustic
events with their environmental context. This duration aligns
with typical bird vocalization lengths and was automatically
determined by Kaleidoscope Pro software during sound
clustering. Initial segmentation yielded 9,070 audio samples:
8,163 classi ed as “bird-pest”, and 907 as *““no-pest”. The
dataset was deliberately structured as a binary classi cation
problem, “bird-pest” versus “no-pest”, to align with the
current step of the system’s application requirements. This
binary classi cation serves as an initial development phase.
It addresses the immediate practical objective of determining
when intervention is necessary. This approach provides
actionable information by distinguishing pest birds from
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other environmental sounds. Future iterations of the approach
may be expanded to a more re ned classi cation framework
that differentiates between pest birds, bene cial birds, and
environmental noise.

The *“bird-pest” category encompasses recordings of
crop-damaging avian species, including common wax-
bills (Estrilda astrild), common nightingales (Luscinia
megarhynchos), red re nches (Lagonosticta senegala),
streaky-headed seedeaters (Sporophila lineola), yellow bish-
ops (Euplectes capensis), yellow-fronted canaries (Serinus
canaria), Chubb’s cisticola (Cisticolidae), village weavers
(Ploceus cucullatus), and bronze mannikins (Spermestes
cucullata). Conversely, the “no-pest” category comprises
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bene cial birds like pied-winged swallows (Hirundo rustica)
that prey on crop-threatening insects, human activities
(conversations, play, music), vehicular noise, and non-pest
animals such as dogs. To address the dataset imbalance
(8,163 audio samples of ““bird-pest”versus 907 as “no-pest™)
and enhance model robustness, we supplemented the eld
recordings with environmentally compatible sounds from
public repositories. Speci cally, we incorporated sounds
from the UrbanSound8k dataset,® that exhibit acoustic
characteristics similar to our target environment, expanding
the non-pest class to 8,161 samples. The resulting composite
dataset comprises 16,324 audio samples with a balanced
distribution: 8,163 bird pest vocalizations and 8,161 non-
pest environmental sounds, providing a robust foundation for
model training and evaluation.

3) SPECTROGRAM CALCULATION AND GENERATION

The spectrogram calculation and generation within audio
preprocessing offers insights into audio signal’s temporal and
spectral dynamics [29], [30]. This involves the use of the
short-time Fourier transform, a mathematical transformation
adept at segmenting the audio signal into discrete time
intervals while concurrently unveiling its frequency compo-
nents [30]. The resultant spectrogram manifests as a visual
representation, depicting the evolution of frequency energy
across time. Spectrogram calculation and subsequent visual
representation of audio emerge as a useful tool for extracting
nuanced information from raw audio signals, and enabling
the application of powerful models designed for image
processing, such as CNN-based models and others [31].
Figure 2 shows fteen spectrogram images of the audio
samples used in the study. It is visually evident from the
spectrograms that each sample is unique, showcasing the
distinctive audio signatures of the samples.

C. MACHINE LEARNING FOR PEST IDENTIFICATION

In this section, the ML algorithms applied in this study
are detailed. Subsection I1I-C1 summarizes the proposed
methodology. Subsection I11-C2 brie y discusses ML models
used. Subsection I11-C3 describes the KD process.

1) METHODOLOGY OVERVIEW
The goal of this study was to systematically explore
and compare a wide array of ML models and training
methodologies, to identify the most ef cient and effective
ML models for real-time pest detection on farms, ensuring
that the chosen models are both high-performing and viable
for deployment in settings with constrained computational
resources. Figure 3 summarises the investigative approach
utilized in this study.

We explored two distinct modeling strategies to determine
the most appropriate models: rst, using KD with complex
deep learning models to enhance the performance of smaller

lurbanSound8K - Urban  Sound  Datasets.
https://urbansounddataset.weebly.com/urbansound8k.html

Available  at:
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deep learning models, and second, directly training selected
models without any intermediate processes.

Referring to Figure 3, the training process involved
different steps. Initially, we explored KD techniques.
We trained two large deep learning models, Ef cientNetB4
and LSTM, to be ““teacher” models for two compact deep
learning models, Ef cientNetB0 and GRU, respectively. This
process involved two phases: (i) pre-training the teacher
models on the target task, and (ii) training smaller student
models, Ef cientNetBO and GRU, to emulate the teachers’
performance. The student models were trained in two
contexts: (i) directly under the guidance of their respective
teachers, and (ii) independently, to evaluate their performance
without distilled knowledge. This approach allowed us to
assess the standalone capabilities of smaller models, while
also showcasing the bene ts of KD in enhancing model
performance under computational constraints.

Additionally, to provide a comprehensive ef ciency
comparison, we trained simpler ML models, speci cally
MobileNetV2, SVM, and LightGBM. Various features were
explored in model training to identify the most ef cient
methods. LightGBM and SVM models were trained using
MFCC features as input, while spectrogram data was used
for the CNN-based models (Ef cientNets and MobileNets).
Lastly, for the RNN-based models (GRU and LSTM),
raw audio data was provided directly without extensive
preprocessing. This approach is particularly advantageous
for deployment on edge devices with limited resources
because preprocessing operations like spectrogram or MFCC
extraction require additional computational overhead and
memory.

2) MACHINE LEARNING MODELS OVERVIEW

Our model selection strategy was driven by the need to eval-
uate different trade-offs between accuracy, inference speed,
and memory footprint for bird pest detection on edge devices.
Each architecture offers distinct advantages for deployment
in resource-constrained agricultural environments.

Light Gradient Boosting Machines (LightGBM): Light-
GBM is an ef cient gradient-boosting decision tree-based
framework, excelling in classi cation tasks across various
domains, including bird sound recognition, EEG signal
analysis, and medical diagnoses [6], [32], [33], [34], [35].
LightGBM success is attributed to its ability to handle
structured numerical and categorical data [21], making it
suitable for tasks such as audio signal processing using
MFCCs [5]. We selected LightGBM for its fast inference
times and minimal memory requirements compared to
deep learning models, which are critical advantages for
deployment on constrained 10T devices.

Support Vector Machines (SVM): SVM is a supervised
max-margin model known for its effectiveness in audio
classi cation, as demonstrated in various studies [6], [36],
[37], [38]. In this study, SVM used MFCCs as inputs. SVMs
provide an important baseline and often outperform neural
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(a) Bronze mannikin

(d) Common waxbills

(g) Streaky-headed seedeater

(j) Yellow bishop

(m) Dog barking

(b) Yellow-fronted canary

(e) Red firefinch

(h) Pied-winged swallow

(k) Car horn

(n) Music

(c) Chubb’s cisticola

(f) Common nightingale

(1) Village weaver

(1) Children playing

(o) People talking

FIGURE 2. Spectrograms providing visual representations of acoustic patterns from analyzed pest bird species plus ambient environmental sounds.

networks in scenarios with limited training data [39]. Their
simple computational structure and small memory footprint
make them particularly attractive for microcontroller deploy-
ment where RAM is severely limited [40].

EfficientNetB4: Ef cientNetB4 is a CNN model that
employs a balanced sizing approach to improve network
structure dimensions [15], enhancing accuracy and ef -
ciency [41]. Ef cientNetB4 is relatively complex, with
19 million total parameters. We chose it as a teacher
model to train a simpler, lightweight Ef cientNetBO
(4.2 million parameters) for deployment in resource-limited
environments.

EfficientNetBO: Ef cientNetBO, the smallest Ef cientNet
variant, offers an optimal balance between performance
and resource ef ciency, making it suitable for devices
with limited computing power [15], [42]. While both
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transformer-based models [43] and specialized audio models
like BirdNET [12] deliver superior classi cation results,
their substantial computational requirements (with BirdNET
requiring 27 million parameters and over 36MB storage)
prevent them from providing affordable solutions for pests
detection in farms, where farmers prioritize cost-effective and
sustainable technologies. Ef cientNetBO maintains 90-99%
of larger models’ accuracy with signi cantly fewer resources,
making the more compact architecture better suited for our
application.

MobileNetV2: MobileNetV2 improves upon its predeces-
sor [14] by connecting narrower network layers through a

ipped design approach [44]. This architecture improves
parameter ef ciency while preserving detection accuracy,
making it well-suited for real-time monitoring applications
where power consumption is critical [45]. Both Ef cientNet
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FIGURE 3. The overall structure of the proposed approach.

and MobileNet architectures were chosen over alternatives
such as ResNet, Vision Transformers, or transformer-based
audio models due to their optimized ef ciency on resource-
constrained devices. Unlike specialized audio models, such
as PANNs [46] or WavLM [47] that prioritize accuracy
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at the expense of computational demands, our selected
models balance performance with practical deployment
requirements.

Long Short-Term Memory (LSTM): LSTM, a specialized
recurrent neural network with gating mechanisms [48],
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effectively learns temporal patterns in sequential data.
While transformer-based systems such as Wav2Vec 2.0 [49]
achieve superior audio recognition at the cost of substantial
computational resources, LSTMs provide a more ef cient
solution for agricultural deployments while still capturing
temporal patterns in bird vocalizations [50]. In our approach,
we speci cally selected LSTM to serve as the teacher model
for training a more lightweight GRU architecture.

Gated Recurrent Unit (GRU): GRUs are gated RNNs that
excel in resource-limited environments by processing raw
audio with minimal preprocessing [18]. They use reset and
update gates to control information ow [51], simplifying
LSTM’s gating structure. GRUs require approximately 25%
fewer parameters than equivalent LSTMs while maintaining
similar audio classi cation accuracy [50], making them
suitable for RAM-constrained embedded systems. In our
approach, we trained GRU both independently and as a
student model to LSTM. Unlike approaches that prioritize
accuracy regardless of computational cost (such as ensemble
methods used by BirdCLEF competition winners [52]),
our methodology emphasizes practical deployment viability
while maintaining acceptable accuracy for bird pest detection
in agricultural settings.

3) KNOWLEDGE DISTILLATION (KD)
KD serves as a method for reducing the computational
complexity of machine learning models by transferring
knowledge from a larger, more complex model to a smaller,
more ef cient one [53]. KD allows small models to bene t
from the sophisticated capabilities of their larger counterparts
without the associated computational overhead [53], [54].
During the KD process, the “dark knowledge” [55] is
transferred from a more complex teacher network to a simpler
student network. The *““dark knowledge™ refers to the implicit
information contained in the probability distribution of a
model’s predictions [55]. This probability distribution serves
as a source of “soft targets™ for the student. When training
the student model, the soft (probabilistic) targets are used
to guide the learning process, helping the smaller model
replicate the performance of the larger model more accurately
than if the student was trained directly on the binary targets
of the dataset. Figure 4 illustrates dark knowledge, where
a teacher model predicts the class “‘bird-pest”, with a
probability of 0.68, and “no-pest” with a probability of 0.32.
Predicted probabilities (0.68 and 0.32) reveal not only
the most likely class, but also the con dence level of
the teacher model regarding its prediction. The probability
distribution of the teacher’s predictions is obtained using
the modi ed softmax function, adjusted by incorporating the

parameter T':
exp (ZT)

Z.
e (7)
where T is the constant and represents a temperature
parameter, typically set to 1, and Z; corresponds to the i-th

1)

Pi=4iT =
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output of the model. Adjusting T to higher values results
in a smoother distribution of probabilities across classes.
Figure 5 illustrates the effect of increasing 7. A higher
value of T produces softer probability distributions, which
present a more pronounced learning signal for the student
model. A lower T (approaching zero) results in probabilities
close to 1 and 0, which may mask useful information during
the learning process. Conversely, a higher 7 allows the
student model to learn from a richer, more nuanced set of
probabilities, re ecting a broader spectrum of the underlying
distribution.

The training of the student model integrates two types
of losses or objective functions: the distillation, or soft
loss (Lsoft) and the student, or hard loss (Lnard) [56]. Lsoft
is the binary cross-entropy loss between soft targets and
soft predictions. Soft targets are the probability distribution
output by the teacher model, while soft predictions are the
output probability generated by the student model at a high
temperature T > 1, shared by both the teacher and the
student. Lparg is the binary cross-entropy loss between hard
targets and hard predictions. Hard targets are the actual
labels of the dataset, and hard predictions are the categorical
outputs of the student model at 7 = 1. The combined loss
L(x, W), incorporating both (Lsoft) and (Lnarg), IS used to
train the student model, effectively balancing the emulation
of the teacher model’s behavior with accurate independent
predictions:

L(x, W) = aLnard + (1 — o) Lsott, 2)

where Lharg iS the hard loss, Leot is the soft loss, and o
is a hyperparameter that balances the contribution of the
hard and soft losses to the total loss. Figure 6 illustrates the
construction of (L(x, W)).

The binary farm sound classi cation approach presented
in this study forms the foundation for a more comprehensive
multinomial system. In this binary framework, we replace
the softmax function with a sigmoid function, reducing the
output layer to a single neuron that maps real-valued numbers
to the (0, 1) interval for probability interpretation, where
0 represents a negative class and 1 represents a positive
class. To further implement the knowledge distillation in this
binary classi cation context, a temperature parameter 7 is
incorporated into the sigmoid function for both positive and
negative classes:

N Z 1
VT.pos =8 (7) T 1+ exp(—z/T)’ @)
z exp(—z/T)

j}T,neg =34 (i) =1- L = 5
T 1+exp(—z/T) 1+ exp(—z/T)
4)

where z is the logit output from the model, and T = 7.
Figure 7 shows the range of values of the sigmoid function
for positive and negative classes with different values of
T=1{1,3,5,7}.
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FIGURE 5. Probability distribution generated using the softmax temperature function for the positive class at a parameter
T=(1,2,3,4,5,7).
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FIGURE 6. Flow chart showing how the total loss, employed to optimize
the student architecture, is calculated during the KD process. Here,
B =1 — «a. Colors are used for readability.
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FIGURE 7. Sigmoid function for both positive and negative classes with T
values of 1, 3, 5, and 7. The range of output values is shown for each T
parameter.

D. EXPERIMENTAL SETUP

Experiments were conducted using Jupyter Notebook ver-
sion 7.0.6 on an Intel Core i7-10750H CPU. Program-
ming was done in Python, making use of the following
libraries: 1ibrosa [57] and scipy for audio processing,
Tensorflow for deep learning, and sklearn for data
analysis. The dataset consisted of 16,324 audio samples,
which were split into training and test sets using 8:2 ratio.
Each audio sample was labeled as either bird_pest or
no_pest. Our experiments primarily sought to demonstrate
a systematic method for evaluating machine learning models
and optimizing the balance between their performance and
size, particularly through the use of KD techniques. Referring
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to prior KD research [7], we experimented with 7' values from
1to 8, and « values from 0.1 to 0.7. Best T value was found
to be 7, and best « value was found to be 0.1.

All models were evaluated using standard performance
metrics: accuracy (Eq. 5), recall (Eqg. 6), precision (Eq. 7),
F1 score (Eg. 8), and speci city (Eq. 9):

TP + TN
Accuracy = , (5)
TP+ TN + FP + FN
TP
Recall = ————, (6)
TP + FN
.. TP
Precision = ——, @)
TP + FP
2 - Precision - Recall
F1 Score = — , 8
Precision + Recall ®)
TN
Speci City = ——, 9
P v FP+ TN ©)

where TP, FP, TN, and FN refer to true positives, false
positives, true negatives, and false negatives, respectively.
To assess deployment ef ciency, we measured two addi-
tional implementation metrics: (1) number of parameters N,
i.e., total trainable parameters representing model complexity
and memory footprint, and (2) inference time I;, i.e,
average time in milliseconds required for a single prediction,
measured over 10 consecutive runs. These metrics informed
the resource ef ciency score, quantifying overall deployment
ef ciency:
Accuracy x 100
l0g30(Np) x i
Equation (10) balances accuracy with computational
cost, favoring models that achieve high accuracy with
minimal parameters and fast inference. We evaluated model
compatibility across ve representative edge computing plat-
forms with varying computational capabilities: (1) NVIDIA
Jetson Nano (quad-core ARM A57 CPU, 128-core Maxwell
GPU), (2) Raspberry Pi 4 (quad-core Cortex-A72 CPU),
(3) ESP32-S3 (dual-core LX7 microcontroller with neural
acceleration), (4) STM32H7 (Cortex-M7 microcontroller),
and (5) Arduino Nano 33 BLE (Cortex-M4F micro-
controller). These platforms represent a spectrum from

Ef ciency Score = (10)
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FIGURE 8. Comparison of accuracy (a), F1 score (b), recall (c), precision (d), and specificity (e) across models using box-and-whisker plots, and efficiency

score (f).

high-performance edge devices to resource-constrained
microcontrollers typical in agricultural deployments. The
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compatibility assessment considered each platform’s pro-
cessing capabilities, memory constraints, and availability
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FIGURE 9. Performance comparisons of different models using statistical significance testing (p-values) across multiple metrics (a) to (e) and an example
of model behavior while making detections based on the bird pest content detection level (f).
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TABLE 2. Performance metrics for ML models (test set). The models with strong performance are highlighted in blue.

Accuracy Recall Precision F1 score Specificity
Models mean error mean error Imean error Imean error mean  error Size
Dist_EfficientNetBO 0.98 0.02 0.98 0.01 0.97 0.01 0.98 0.01 [O99N 001 229MB
EfficientNetBO 0.73 0.01 0.75 0.04 0.74 0.03 0.74 0.04 0.79 0.03 229MB
EfficientNetB4 099N 001 099N 0.00 099N 001 NO99N 000 NOD9N 0.00 330MB
MobileNetV2 0.98 0.01 0.97 0.02 099N o0.01 0.98 0.01 099N 001 14MB
Distilled GRU 0.86 0.02 0.89 0.02 0.86 0.00 0.87 0.01 0.86 0.00 196.8 KB
GRU 0.84 0.01 0.84 0.01 0.85 0.00 0.85 0.01 0.85 0.01 196.8 KB
LSTM 0.88 0.01 0.93 0.01 0.88 0.02 0.90 0.02 0.87 0.02 29.8MB
LightGBM 0.98 0.00 JOB9N 0.00 0.97 0.01 0.98 0.00 0.98 0.0l 7KB
SVM 0.97 0.01 0.97 0.01 0.96 0.01 0.97 0.00 0.96 0.01 33MB
TABLE 3. Model efficiency metrics with some recommendations for edge device deployment.
Model Infer_t_(ms) Parameters Eff Score Jetson_Nano Rasp_Pi_ 4 ESP32-S3 STM32H7 Arduino_Nano_33
Dist_EfficientNetBO 18 4200000 0.822  Excellent Excellent Poor Poor Not Compatible
EfficientNetBO 18 4200000 0.612  Excellent Excellent Poor Poor Not Compatible
EfficientNetB4 58 19000000 0.235  Excellent Excellent ~ Not Compatible =~ Not Compatible =~ Not Compatible
MobileNetV2 14 3500000 1.070  Excellent Excellent Poor Poor Not Compatible
Distilled GRU 4 25000 4.889  Excellent Excellent  Good Good Limited
GRU 4 25000 4.775  Excellent Excellent ~ Good Good Limited
LSTM 15 3700000 0.893  Excellent Excellent ~ Limited Limited Not Compatible
LightGBM 0.6 8500 41.567  Excellent Excellent Limited Limited Not Compatible
SVM 1.2 80000 16.486  Excellent Excellent ~ Limited Limited Not Compatible
of required libraries and frameworks for model Figure 8(a) to Figure 8(e) visualize metric distributions

implementation.

IV. RESULTS AND DISCUSSION

We aimed to systematically compare various ML and deep
learning models and evaluate their ef ciency to nd the opti-
mal solutions. The results are presented in Subsection IV-A.
Subsection IV-B presents the statistical hypothesis testing
employed to compare the ef cacy of the explored models for
bird pest detection, as well as an example of the simulation of
the model making bird pest sound detection. Subsection IV-C
discusses the main observations.

A. EXPERIMENTAL RESULTS

We evaluated nine models for bird pest detection, as outlined
in Section 1lI-C. Table 2 presents performance metrics
(accuracy, recall, precision, F1 score, speci city), while
Table 3 shows the implementation metrics and the theo-
retical deployment considerations. Ef cientNetB4 achieved
highest accuracy (99%) but required substantial resources
(19M parameters, 58ms inference). Distilled Ef cientNetBO
approached similar performance (98%) with fewer parame-
ters (4.2M). MobileNetV2 also achieved 98% accuracy (3.5M
parameters, 14ms inference).
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using box-and-whisker plots. For resource-constrained sce-
narios, the ef ciency score metric (Eg. 10) balanced accuracy
against computational requirements. The results of the ef -
ciency score comparison are displayed in Figure 8(f). Light-
GBM demonstrated the highest ef ciency score (41.567)
with minimal resources (8.5K parameters, 0.6ms inference)
at 98% accuracy. SVM ranked second (16.486) despite larger
parameters (80K). Distilled GRU showed good ef ciency
(4.889) for neural networks (86% accuracy, 25K parameters,
4ms inference). Our projected platform compatibility sug-
gests high-performance edge devices could support all mod-
els, while microcontrollers would face limitations. Advanced
microcontrollers might support GRU models but show
limited compatibility with traditional ML approaches. These
ndings emphasize considering both performance metrics
and implementation requirements when selecting models for
resource-constrained agricultural monitoring systems.

B. HYPOTHESIS TESTING AND EXAMPLE OF DETECTION

SIMULATION

We evaluated each model through ten independent runs using
ve performance metrics: accuracy, F1 score, recall, pre-

cision, and speci city. To determine statistical signi cance
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between model performances, we applied the Mann-Whitney
U test [58] for pairwise comparisons. Our null hypothesis
(HO) stated no difference exists in performance metric
distributions between compared models, while the alternative
hypothesis (H1) proposed that differences exist. We estab-
lished a signi cance threshold of p < 0.05 (95% con dence
level). When p-values fell below 0.05, we rejected HO,
indicating statistically signi cant performance differences.
Pairwise comparison p-values appear in Figure 9(a) through
Figure 9(e). Most comparisons revealed signi cant differ-
ences, with two notable exceptions. First, Ef cientNetB4
(the overall top performer) and Distilled Ef cientNetBO
showed no statistically signi cant difference, despite Dis-
tilled Ef cientNetBO being substantially smaller. Second,
LightGBM consistently demonstrated performance statisti-
cally equivalent to MobileNetV2. These ndings provide
compelling evidence that (1) traditional machine learning
approaches like LightGBM can match deep learning models
in performance and (2) knowledge distillation effectively
compresses large models without signi cant accuracy loss in
the agricultural acoustic monitoring context. To demonstrate
real-world model performance, we simulated detection on

eld data using 5 audio samples. Figure 9(f) shows the
LightGBM predictions with con dence percentages for bird
pest detection. We applied a 50% threshold to classify the
presence/absence of bird pests.

C. DISCUSSION

This research identi ed signi cant inverse relationships
between computational requirements and detection perfor-
mance for agricultural bird pest monitoring systems. Tradi-
tional ML approaches demonstrated unexpected advantages,
with LightGBM achieving 98% of accuracy using only
8,500 parameters and a 0.6 ms inference time, challenging
assumptions that deep learning necessarily outperforms tradi-
tional methods in resource-constrained contexts. Knowledge
distillation proved effective, improving Ef cientNetB0 from
73% to 98% accuracy, demonstrating that transfer learning
can overcome limitations typically associated with smaller
models. Field simulation using LightGBM as an example
demonstrated that con dence metrics quantify proportional
bird pest acoustic content, with at least 50% of con dence,
indicating bird pest dominant recordings. Platform compati-
bility assessment showed that while high-performance edge
devices provide exibility in model selection, their power
requirements and costs may limit widespread adoption.
This highlights the importance of application-speci ¢ model
selection rather than defaulting to the most accurate and/or
popular approach.

V. CONCLUSION

This work established a resource-ef ciency framework
for acoustic pest detection model selection in resource-
limited environments. LightGBM and SVM achieved optimal
ef ciency-to-accuracy on supported platforms, while dis-
tilled GRU provided a neural network alternative, challenging
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assumptions that effective pest detection requires complex
models. While comprehensive eld deployment remains
future work, this study provides the foundational framework
for informed model selection in resource-constrained agricul-
tural settings. Our computational ef ciency analysis, com-
bined with emerging prototype development [59], establishes
the groundwork for practical deployment systems. Future
research priorities include developing adaptive multinomial
classi cation systems capable of distinguishing between
various pest species, bene cial birds, and environmental
sounds across diverse agricultural environments, recognizing
that species composition varies by geographic region and
farm type. Additional priorities include targeted model com-
pression, power optimization, and evaluation of deployment
considerations, including weather durability. These advances
will enable affordable detection systems that adapt to local
ecosystems while protecting crops and preserving bene cial
species.
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