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Abstract: The highly invasive oriental fruit fly has caused significant agricultural losses world-
wide. Electronic traps have been widely studied for fruit fly detection and counting. However,
research focusing on applying acoustic sensors to identify fruit flies based on their wingbeat
sound is currently lacking. This study focused on identifying trapped oriental fruit flies based
on wingbeat sound data. An acoustic sensor was integrated into the funnel trap to record the
wingbeat sounds of trapped flies along with ambient environmental noise. The trap was deployed
in an apple orchard for two months to collect data. A spectrogram transformation and Mel-filter
bank were applied to process the captured audio, generating two distinct sets of spectrogram
images. A deep learning model based on convolutional neural network architecture was then
designed and deployed on an ESP32 microcontroller to classify the wingbeat sounds of fruit flies
and other environmental sounds. The trained model’s field experiment in the orchard showed
that the model could classify the sound of fruit fly wingbeat in real-time audio streams with an
accuracy of up to 96.86%. This demonstrates the practical applicability of the sound-sensor-
based fruit-fly identification method. In addition, implementing the deep learning model on a
microcontroller results in a compact, low-power, and cost-effective electronic trap. As a result,
the compact design and low power consumption make this solution a promising approach for
real-time monitoring and early pest detection in agricultural environments. However, its broader
applicability requires further validation across more diverse datasets, longer deployment periods,
and varying environmental conditions.

Keywords: Automation trap; Acoustic sensor; CNN architecture; Embedded system; Pest
detection

1. Introduction

Tephritid fruit flies are major agricultural pests distributed worldwide, with species diversity
that continues to expand each decade (Trombik et al., 2023). They exhibit endophytic behavior,
causing quantity and quality yield losses. Therefore, they pose a serious threat to global fruit and
vegetable production. (Opoku et al., 2025; Jaffar et al., 2023; Kibira et al., 2015). Bactrocera
dorsalis (Hendel, 1912) (Diptera: Tephritidae), commonly known as the oriental fruit fly, is one
of the most common and dangerous fruit flies. They appear in major quarantine regulations
in many countries and have been reported in 75 countries worldwide (Zeng et al., 2019). They
have been reported to attack over 481 host plant species (Liquido et al., 2017), including many
economically valuable fruit trees, such as mango, banana, guava, and orange (Wijekoon et al.,
2024; Mutamiswa et al., 2021). In Vietnam, oriental fruit flies are the primary fruit pest,
infesting orchards across vast areas. They are prevalent in many regions, particularly impacting
high-value export fruit crops in the Mekong Delta (Tran and Nguyen, 2023; Long et al., 2022;
Oanh and Duc, 2020; Hien et al., 2019). These studies have demonstrated the destructive
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potential of B. dorsalis and emphasized the need for fruit fly control and prevention measures.
Many measures have been implemented to eliminate and prevent the impact of fruit flies.

In particular, IPM has gained widespread adoption due to its notable benefits, such as reducing
the amount of pesticides used, protecting natural enemies, significantly reducing losses caused
by fruit flies, and increasing farmers’ incomes (Muriithi et al., 2016). However, traditional IPM
relies on human labor to control and kill fruit fly populations. Manual measures are tedious,
labor-intensive, and prone to error. The monitoring process can be improved by integrating
electronic traps equipped with multiple sensors to address these limitations, which may improve
accuracy and efficiency (Lello et al., 2023). Electronic traps have been developed to improve
traditional insect traps by integrating sensing circuits to automatically detect and count insects
(Lello et al., 2023; Navarro-Llopis and Vacas, 2014). Although detection is relatively simple,
accurate identification and counting remain challenging. Two primary approaches have been ex-
plored: wingbeat frequency analysis (Kalfas et al., 2022; Sandrini-Moraes et al., 2019; Potamitis
et al., 2014) and image-based recognition (Hahn et al., 2023; Molina-Rotger et al., 2023; Huang
et al., 2021; Le et al., 2021; Martins et al., 2019). However, both approaches have inherent
limitations. Wingbeat-based methods are influenced by differences in age and sex and often
fail when flies crawl into traps instead of flying. On the other hand, image-based traps typ-
ically rely on sticky surfaces to capture flies for later analysis. These sticky surfaces degrade
and accumulate debris over time, making recognition increasingly unreliable. Moreover, image
processing requires substantial computational resources and energy, which often require mini-
computers or cloud servers, which are costly and unsuitable for large-scale, battery-powered field
systems. These limitations highlight the need for a more efficient and autonomous solution that
can directly operate on low-power microcontrollers.

Acoustic sensing is a promising alternative for real-world deployment. Fruit flies produce
characteristic wingbeat sounds within specific frequency ranges (Nguyen et al., 2025; Mankin et
al., 2006), which can serve as distinctive features for identification. Acoustic features have been
applied in various applications, such as mosquito presence detection, insect classification (Khalid
et al., 2025; Shetty and Kumar, 2025), and pest detection (Ali et al., 2025). Previous studies
have explored acoustic-based insect detection using traditional signal processing techniques, such
as discriminant analysis for termite detection (Nanda et al., 2018), demonstrating the feasibility
of distinguishing insect-generated signals from environmental noise in practical sensing systems.
However, most of these studies rely on existing datasets or data collected under controlled
conditions and are not yet ready for use in real-world environments. Moreover, the majority of
research focuses on evaluating the feasibility of PCs or minicomputers; therefore, deployment on
resource-constrained devices, such as microcontroller-based platforms, would further enhance
the practical applicability of such systems. The presence of diverse background noises poses
additional challenges in orchard environments, emphasizing the importance of collecting and
analyzing data under real conditions to develop robust identification algorithms. Acoustic-based
monitoring could reduce maintenance demands and eliminate the need for sticky traps, thereby
lowering operational costs.

Recent advances in deep learning have further enhanced this potential. Convolutional neu-
ral networks (CNNs), widely used in audio classification and speech recognition (Abdel-Hamid
et al., 2013), have recently been applied to insect sound analysis (Varma et al., 2021). CNNs
trained on wingbeat spectra have demonstrated promising results for fruit flies (Kalfas et al.,
2022). Mel-spectrogram representations can better capture relevant frequency features, improv-
ing robustness under noisy outdoor conditions. Combining acoustic sensing with CNN-based
models offers a practical path toward efficient, low-cost, and autonomous fruit fly identification
in real agricultural environments.

Most edge devices are based on processors with limited memory and computational re-
sources. Microcontrollers (MCUs) help reduce energy consumption and prolong device operat-
ing time. However, these devices generally have very limited memory, which poses challenges
for integrating neural network models into practical applications. For example, the ESP32, a
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widely used MCU in edge devices, provides only 520 kB of SRAM and typically 4 MB of onboard
flash memory (Espressif Systems, 2021). Although the ESP32 has been used to deploy TinyML
models, memory constraints remain a significant challenge in system design.

The objective of this study is to develop a CNN-based deep learning model capable of
running on microcontrollers to identify fruit flies by their wingbeat sounds under real-world
conditions. The integration of a microphone into an electronic trap, enabling continuous sound
acquisition in orchard environments where both insect signals and background noise coexist, is
a key feature of this work. This study emphasizes the practical deployment of the model on
resource-constrained devices, providing a more realistic evaluation of its effectiveness compared
to simulations. Ultimately, this work provides an initial step toward acoustic-based monitoring
of fruit fly populations; however, the current experimental scope limits its broader applicability
and requires further validation under more diverse and long-term field conditions.

2. Methods

2.1 Electronic Trap Design

We developed an electronic fruit fly trap based on the design proposed in our previous study
(Nguyen et al., 2025). The trap structure followed a conventional model, with an additional
middle compartment inserted between the lid and body to house the sensing modules (Figure
1). To detect insect entry and exit, two pairs of infrared transceivers were mounted at the
entrance of a funnel-shaped tube, while a microphone placed near the attractant source captured
wingbeat sounds. An ESP32 microcontroller continuously recorded audio signals at 16 kHz and
infrared sensor data to a microSD card. The daily energy consumption of the trap is around
120 mAh. Powered by batteries, the trap operated autonomously in a 2000 m2 apple orchard
(Figure 1) from January 17 to February 17, 2025, and was active from 6:00 AM to 6:00 PM to
align with fruit fly activity patterns. Approximately 100 audio files were generated daily and
processed using Audacity (Audacity Team, 2017).

Figure 1 Experimental setup and electronic trap design

A detailed description of the wingbeat sound dataset and its spectral characteristics was
presented in our previous work (Nguyen et al., 2025). In summary, the dataset included over
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1,100 annotated wingbeat and non-wingbeat sound segments, each 400 ms in duration, stored in
WAV format. The analysis revealed two primary frequency groups: a low-frequency band below
1.5 kHz, characterized by a fundamental frequency around 168 Hz and its harmonics, and a
high-frequency band between 5 and 8 kHz. These acoustic patterns were found to be distinctive
compared with other ambient sounds, such as bird calls, dog barking, and machinery noise. The
current study expands on that dataset by incorporating additional field recordings and using
these characteristic frequency groups as key features for machine learning–based classification.

2.2 Real-Time Spectrogram Imaging Algorithm

This study builds upon a previously collected acoustic dataset (Nguyen et al., 2025) to
develop a recognition framework for fruit fly wingbeat sounds. The time-domain signals were
converted into spectrogram images and used as input to a convolutional neural network (CNN).
Two filtering approaches were applied during spectrogram generation: the Mel filter and a
simple average filter. The Mel filter compresses the frequency information by grouping neigh-
boring frequencies into a single pixel, emphasizing key low-frequency components characteristic
of wingbeat sounds (Warden and Situnayake, 2019). Conversely, an IM filter can be applied if
dominant features occur in higher frequency regions. The simple average filter further reduces
spectrogram dimensionality by averaging adjacent frequency bins while preserving the spectral
characteristics identified in our previous analysis (Nguyen et al., 2025).

Each spectrogram image consisted of 20 rows, corresponding to a signal of 400 ms in the
time domain. Because fruit fly wingbeat events typically occur over short durations, a sliding
window of 400 ms was adopted to capture each event, as shown in Figure 2. This window
length also provided a practical balance between temporal resolution and memory usage for
microcontroller-based implementation. Each window contained 6,400 samples at a sampling
rate of 16 kHz, which can be efficiently processed in real time.

Figure 2 Spectrogram of the imaging mechanism

The number of spectrogram columns depended on the filter type: spectrograms generated
using the Mel filter contained 100 columns, whereas those produced by the average filter con-
tained 128 columns. Figure 2 shows the real-time spectrogram generation process. The audio
signals captured by the INMP441 MEMS microphone were transferred to the ESP32 via the
I2S interface and stored in the DMA buffer. The buffered audio signal was segmented into 20-
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ms frames, each of which was transformed into a spectrogram column using a discrete Fourier
transform (DFT). The resulting columns were updated in a rolling manner using 400 ms slid-
ing windows to maintain continuous real-time visualization without memory overflow. First,
the system applies the DFT to transform these data into 512 frequency components using the
following formula (Oppenheim and Schafer, 2009):

Xk =
N−1∑
n=0

A(k) W jk, j = 1, 2, 3, . . . , N − 1 (1)

where A(k) is a complex number, and W is calculated as follows:

W = e2πi/N (2)

The power of each frame is calculated using the following formula:

Pi(k) = 1
N

|Xk|2 (3)

Because the result is symmetric, only 256 frequency components are used. This study uses
the Kiss FFT library (Bogerding, 2017) to perform the DFT transformation because this library
is optimized for MCU and runs efficiently for non-power-of-2 data sample numbers. A filter is
then applied to reduce the image column size. Two filters are applied. The first filter is the
Mel filter, which is used to group frequency bands into n groups. The formula for converting
the frequency scale from Hertz to the Mel scale is presented as follows (Abdul and Al-Talabani,
2022):

m = 2595 log10

(
1 + f

700

)
= 1127 ln

(
1 + f

700

)
(4)

The inverse transformation is given by the formula:

f = 700
(
10

m
2595 − 1

)
= 700

(
e

m
1127 − 1

)
(5)

The frequencies fhigh and flow are converted to the Mel scale to determine the upper Mhigh

and lower Mlow bounds of the filter bank, m linearly spaced values within the range [Mlow :
Mhigh] are calculated and converted back to the frequency scale using the inverse transformation
formula. Subsequently, the filters are generated using the following formula:

Hm(k) =



0, k < f(m − 1)
k − f(m − 1)

f(m) − f(m − 1) , f(m − 1) ≤ k ≤ f(m)
f(m + 1) − k

f(m + 1) − f(m) , f(m) ≤ k ≤ f(m + 1)

0, k > f(m + 1)

(6)

where m is the desired number of filters and f() is the list of frequencies spaced by m + 2
Mel. In this study, M equals 100 or the filter has 100 frequency groups. For the averaging filter,
two adjacent frequencies are averaged to reduce from 256 to 128.

The frequency spectrum generation algorithm was installed and executed directly on the
MCU to ensure that the model was trained and achieved good results on the embedded system.
The program converts the spectrum from audio clips stored on a memory card and saves it as
a dataset. Furthermore, the program can be transformed in real time in parallel with the data
acquisition process so that the system can perform recognition with real-time data streams.
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2.3 Overview of the implementation method

This study was conducted in three main stages to identify fruit flies using embedded AI
(Figure 3). In stage 1, traps were deployed in the fruiting apple orchard to record sounds for a
month. Then, the recorded sounds, such as fruit fly wingbeats and bird sounds, glass trimmer
sounds, and dog barking, were extracted manually. These sounds were then generated into
spectrograms and divided into two groups to train the deep-learning models to classify them. In
stage 2, two CNN-based deep learning models were proposed to classify fruit fly wingbeat and
other sounds. At this stage, the models were created on a personal computer and trained using
the training dataset extracted from the collected dataset. Then, the models were evaluated using
the test dataset, and additional data were collected. If the accuracy of the model is not achieved
at this stage, parameters such as the kernel size, number of features, number of convolutional
layers, and drop-out ratio are used to improve the accuracy on the embedded system. In the final
stage, the post-quantization model is embedded in the MCU on the trap to conduct real-time
testing of the embedded system. There are two types of tests: static and field tests. The static
test is a post-quantization model that is evaluated with a set of spectral images stored in the
memory card, similar to the set used on the personal computer. The field test is a model inferred
from the actual sound stream when the trap is placed in the garden. Both the classification
results and the corresponding audio data are stored on the memory card for later evaluation
and accuracy assessment. After these three stages, the machine learning model can be used to
develop related applications.

2.4 Deep learning network model for fruit fly recognition based on wingbeat signals

This research aims to identify fruit flies based on their wingbeat sounds using embedded
artificial intelligence. The goal is to directly integrate AI into an embedded system for real-time
fruit fly detection. Currently, no flexible tool is available that allows both training and inference
to be performed entirely on embedded hardware. As a result, this study uses TensorFlow Lite
to deploy a post-quantized AI model onto the embedded system. A CNN model is proposed
based on two collected datasets, one containing wingbeat sounds and the other consisting of
non-wingbeat sounds, to classify and distinguish between the two categories. Suppose the two
labels to be classified are denoted as C = c1, c2 with c1 and c2 representing wingbeat sound and
other sounds, respectively. The training dataset after labeling is denoted as X = xi, Yi|1 ≤ i ≤ m
with m is the number of training data samples, xi and Yi are the spectrogram and its corre-
sponding labels or Yiϵ C. The CNN model to classify the above two labels with the parameter
set W is mathematically expressed as follows:

F(X|W ) = fn (· · · f2 (f1(X|W1)|W2) · · ·|Wn) (7)
Where fj(X|Wi) is the jth layer of the n-layer model. The structure of the two CNN

network models proposed in this study is illustrated in Table 1. The two models have the same
layer structure except for the input size. Models 1 and 2 have input sizes of 20 100 (Mel filter
spectrogram) and 20 128 (average filter spectrogram), respectively. The number of filters and the
output size of each layer is shown in the adjacent box. The model consists of two convolutions
alternating with two max-pooling layers, a flatten layer followed by a drop-out layer with a
ratio of 50%, and a fully connected (FC) layer. A convolutional layer can be mathematically
represented as follows:

fj(Xi|Wi) = h(θ ∗ Xi + b) (8)
where θ are the kernels or filters, and b and h(·) are the bias and activation functions,

respectively. The convolutional and Max-pooling layers use kernels of size 3 × 3 and 2 × 2,
respectively.

The activation function h uses the rectified linear unit (ReLU) function with the following
formula:
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Figure 3 Overview of the proposed research methodology. The framework consists of three
integrated phases: (1) Realtime acquisition phase for capturing raw sound data via MCU and

generating spectrograms on PC; (2) Training and quantization phase where the model is
trained, evaluated, and compressed (quantized) on a PC platform; and (3) Realtime testing

phase involving the deployment of the quantized model onto the MCU for performance
validation through static and field tests

Table 1 Proposed CNN models.
Layer Activation function Output shape

Model 1 Model 2
Input - (20, 100) (20, 128)

Conv2D ReLU (16, 96, 8) (16, 124, 8)
MaxPooling2D - (8, 48, 8) (8, 62, 8)

Conv2D ReLU (6, 46, 16) (6, 60, 16)
MaxPooling2D - (3, 23, 16) (3, 30, 16)

Flatten - (1104) (1140)
Dropout (0.5) - (1104) (1104)
Dense (FC) ReLU (32) (32)
Dense (FC) Softmax (2) (2)
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h(x) = max(0, x) (9)

For the FC layer, the first Dense layer has 32 outputs and also uses the ReLU function,
whereas the second Dense layer uses the Softmax function with cross-entropy for the classification
problem with output posterior probability, which is mathematically expressed as follows:

fi(z) = ezi∑
j ezj

(10)

Here, z are the CNN scores inferred for each label in C. The loss function is computed as
follows:

Loss = − log
(

ezp∑
j ezj

)
(11)

where zp is the model score of the positive class. Both models will be created, trained, and
tested with the dataset in Table 2 before being quantized for real-time testing embedding in
MCU.

Standard CNN architectures are typically designed for high-resource platforms and cannot
be directly deployed on constrained microcontrollers such as the ESP32 due to limited SRAM and
Flash capacity, which are insufficient to store full-precision weights and intermediate activations.
To address this, model compression techniques, such as quantization or pruning, are required. In
this work, the default Post-Training Quantization (PTQ) provided by TensorFlow is applied to
convert model parameters from 32-bit floating-point to 8-bit integer representation, significantly
reducing memory usage and enabling efficient inference (Google, 2024). The PTQ method is
computed based on the following transformation:

q = round

(
x

s

)
+ z (12)

Here, x denotes the original floating-point value, q is the quantized integer value, s is the
scaling factor, and z is the zero-point that maps zero in floating-point to an integer value.
This transformation allows the model to operate using low-precision arithmetic while preserving
numerical fidelity, making it suitable for deployment on memory-constrained embedded devices.

2.5 Evaluation indicators

This study uses a confusion matrix to evaluate the performance of the trained DL network
model. Accuracy (ACC), precision (P), recall (R), and F1-score (F1) are calculated from the
confusion matrix using formulas (13), (14), (15), and (16):

ACC = TP + TN

TP + TN + FP + FN
(13)

P = TP

TP + FP
(14)

R = TP

TP + FN
(15)

F1 = 2 × P × R

P + R
(16)

Here, TP, TN, FP, and FN are the true positive, true negative, false positive, and false
negative values, respectively. Specifically, TP refers to cases where the model correctly recognizes
fruit fly wingbeat sounds, and TN represents cases where the model correctly identifies non-
wingbeat sounds. In contrast, FP and FN correspond to incorrect classifications. FP occurs
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when non-wingbeat sounds are mistakenly identified as wingbeats, whereas FN occurs when
wingbeat sounds are not correctly recognized. In this study, P, R, and F1 are reported as
macro-averaged values, denoted as MP, MR, and MF1, respectively, and calculated according
to the following equations:

MP = Pwing beat + Pother sounds

2 (17)

MR = Rwing beat + Rother sounds

2 (18)

MF1 = F1wing beat + F1other sounds

2 (19)

3. Results and Discussions

3.1 Spectrogram conversion results

Figure 4 illustrates two types of spectrograms of the fruit fly wingbeat sounds used in
this study. Figure 4a shows the spectrogram generated using the Mel filter, which emphasizes
low-frequency components and suppresses high-frequency ones according to the Mel-scale char-
acteristics. Figure 4b shows the spectrogram generated using the average filter, which retains all
the major frequency bands of the unfiltered signal (Figure 4c). Only Mel-filtered and average-
filtered spectrograms were employed to train and evaluate the fruit fly recognition CNN model.
The spectrograms were derived from the previously established annotated audio dataset. Each
spectrogram was categorized into two classes: wingbeat and non-wingbeat sounds, with 1000
images per class. Non-wingbeat spectrograms are generated from bird call and machinery noise
recordings, with 500 samples for each category. These sound sources were selected due to their
prevalence in the study area’s orchards. The dataset was randomly divided into 60% for training
and 40% for internal testing.

Figure 4 Spectrogram conversion results: (a) Mel-filter spectrogram, (b) Average-filter
spectrogram, (c) Original spectrogram

An independent test dataset consisting of 1000 newly collected spectrograms for each class
was prepared using additional audio recordings to further assess the generalization performance
of the CNN. These new samples were not included in the training process, resulting in 2800
images used exclusively for the testing dataset (Table 2).

3.2 Model training and quantization results

All parameters of the layers in the CNN model were tuned using a trial-and-error approach
to achieve optimal training and testing accuracy while minimizing overfitting. The two models
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Table 2 Distribution of audio samples across the training, testing, and supplementary test
datasets

Data label Train set Test set Supplementary test dataset
wingbeat sound 600 400 1000

other sounds 600 400 1000

were developed and trained using the root mean squared propagation optimizer on Google Co-
lab with a learning rate of 0.001. Figure 5 presents the training results and confusion matrices
obtained by testing the models on 1400 samples. Figures 5a and 5b illustrate the training perfor-
mance of the two models after 40 epochs, demonstrating good convergence without overfitting.

Figure 5 Training and testing results of the proposed models: a) Performance of the model 1
(using the Mel-filter spectrogram) and (b) Performance of the model 2 (using the average filter

spectrogram)

The model using the Mel-filter spectrogram misclassified four wingbeat samples while cor-
rectly identifying 100% of the remaining sounds. In contrast, the model using the average-filter
spectrogram misclassified three samples in each class. Table 3 summarizes the model sizes and
evaluation metrics. Both models have sizes suitable for deployment on the ESP32 microcontroller
after quantization. The results indicate that the Mel-filter spectrogram-based model achieves
higher accuracy while maintaining a smaller size. The quantized models are subsequently eval-
uated on the MCU platform, including tests with both the prepared test dataset and real-time
generated spectrograms.

In addition to the proposed models, LeNet-4, LeNet-5, and MobileNetV2 were also imple-
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mented on both datasets for comparison, and the corresponding training results are reported in
Table 3. Models with the suffix “a” were trained on the 20×100 spectrogram dataset, whereas
those with the suffix “b” were trained on the 20×128 dataset. The models were evaluated in
terms of classification performance, memory footprint, and inference latency from an embedded
deployment perspective. All three baseline architectures exhibit larger model sizes and higher
parameter counts after quantization than the proposed models. MobileNetV2 has the largest
footprint, making it unsuitable for deployment on the ESP32 MCU. In terms of classification
performance, LeNet-4a and LeNet-5a achieve results comparable to those of the proposed mod-
els; however, their parameter counts are significantly higher, approximately 6.5 times larger.
Due to memory constraints, only LeNet-4a, LeNet-4b, and LeNet-5a could be executed on the
ESP32, and these models exhibit higher inference latency, with the fastest requiring approx-
imately 112 ms, which is approximately four times slower than the proposed model. This
increased latency, combined with larger memory requirements, reduces their suitability for real-
time, low-power microcontroller-based applications. As illustrated in Figure 6, the comparative
visualization further highlights these trade-offs by presenting model accuracy, inference latency,
memory footprint, and deployment feasibility. The proposed models are located in the upper-left
region of the plot, indicating a favorable balance between high accuracy, low inference time, and
compact model size, whereas larger baseline models either exhibit substantially higher latency
or cannot be deployed on the target microcontroller due to memory constraints. Overall, these
results highlight the trade-off between model complexity and deployment efficiency, demonstrat-
ing that the proposed CNN architecture achieves a more favorable balance between accuracy,
memory usage, and inference speed for resource-constrained embedded environments.

Figure 6 Model accuracy, inference time, and memory footprint comparison. The proposed
models achieve a superior trade-off between performance and efficiency, whereas larger models,

such as LeNet-5b and MobileNetV2, are not deployable on the ESP32 due to memory
constraints

Table 3 Evaluation metrics of the proposed models compared with other architectures
Indicator Model 1 Model 2 LeNet-4a LeNet-4b LeNet-5a LeNet-5b MobileNet V2a MobileNet V2b
Size (kB) 143.76 185.76 945.63 1208.13 988.38 1250.88 9461.76 9461.76

Size after quantization (kB) 41.32 51.78 244.92 310.55 258.40 324.00 2830.20 2830.20
Number of parameters used 36802 47554 242082 309282 253026 320226 2422210 2422210

ACC (%) 99.86 99.79 99.71 99.32 99.79 99.61 92.25 91.60
MP (%) 99.86 99.79 99.72 99.32 99.79 99.61 93.29 92.81
MR (%) 99.86 99.79 99.71 99.32 99.79 99.61 92.25 93.75
MF1 (%) 99.86 99.79 99.71 99.32 99.79 99.61 92.20 93.74



International Journal of Technology 17(3) 1012-1030 (2026) 1023

3.3 Evaluation of fruit fly recognition capability directly using MCU

The two post-quantization CNN models are embedded directly on the electronic trap in
the ESP32 microcontroller. To assess the stability and effectiveness of these models, two testing
modes were used: store test spectrograms on a memory card, similar to testing performed on a
personal computer. In the field test mode, the models perform real-time inference on spectro-
grams generated from live audio captured directly by the microphone. The field experiments
were conducted using the same hardware setup as shown in Figure 1, where the electronic module
was integrated into a conventional trap and deployed directly in an orchard environment. This
setup enables evaluation under practical operating conditions, including environmental noise
and natural insect activity. Figure 7 shows the algorithm of the CNN model testing program
after quantization. With the static test, 1400 spectrograms were used to infer and save the
results for the images in the test set. In contrast to field tests, the system must continuously
record sounds and change spectrograms in real time. The sound data are streamed from the
microphone and stored in the DMA buffer of ESP32. Then, the data are retrieved and con-
verted into a spectrogram using the algorithm described in the previous section. No filtering
is applied to the real-time data. The average amplitude of the spectrogram was also calcu-
lated for comparison with the preset threshold. If the spectrogram’s average amplitude exceeds
the predefined threshold, the model proceeds with inference and saves the classification result.
Conversely, if the average amplitude falls below the threshold, the system continues to collect
data and regenerate the spectrogram until the condition is met or the field test is concluded.
This thresholding mechanism is implemented to prevent the system from performing inference
on background noise present at the trap location, thereby reducing unnecessary inference on
background noise during field operation.

Figure 7 Flowchart of the proposed system’s operation in field test and static test modes

Figure 8 presents the confusion matrices of both models under static testing conditions.
The results indicate that Model 1 misclassifies three samples for each class, whereas Model
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2 misclassifies only a single sample from the wingbeat spectrogram category. The evaluation
metrics obtained from the static test for both quantized models are summarized in Table 4.
Model 2 consistently outperformed Model 1 across all evaluation metrics, demonstrating slightly
superior classification performance following quantization. Model 2 shows an improvement of
0.17 percentage points in ACC, MP, MR, and MF1 compared with Model 1. This improvement
may be attributed to the use of average-filter spectrograms in Model 2, which preserves both low-
and high-frequency components. Nevertheless, given the very low overall error rate, additional
testing with larger or varied datasets is necessary to draw statistically significant conclusions.

A formal statistical test (e.g., t-test or McNemar’s test) could not be performed because
inference was executed directly on the microcontroller using a fixed static dataset. The total
number of misclassified samples was negligible (< 10), resulting in distinct outcomes that do
not meet the statistical significance testing assumptions. Therefore, the observed differences
should be interpreted as practically consistent improvements rather than statistically validated
differences.

Table 4 Metrics of the static test of Models 1 and 2
Metric Model 1 Model 2

ACC (%) 99.79 99.96
MP (%) 99.79 99.96
MR (%) 99.79 99.96
MF1 (%) 99.79 99.96

Figure 8 Confusion matrices of the static test on the MCU of (a) Model 1 and (b) Model 2

For the field test, the system was operated for one day, during which fruit fly wingbeat
sounds and a few other noises were recorded. This evaluation focused on assessing the recognition
rate of wingbeat spectrograms. After one day of operation, Models 1 and 2 inferred 1622
and 884 spectrograms, respectively. Figure 9 (supplementary file) illustrates an example data
segment of approximately 4 s containing multiple wingbeat events. Figure 9a shows three
distinct clusters corresponding to flies entering the trap, and Figure 9b presents the associated
spectrogram with the frames inferred by the model. Solid red frames followed by dashed ones
indicate continuous inference, whereas a single red frame denotes an isolated inference. Figure
9c shows the corresponding inference results, including the average amplitude, inference time,
and inference scores for both wingbeat and non-wingbeat labels, logged by the MCU to a text
file on the memory card. Using a threshold of 25 for wingbeat recognition, frames 1-7 were
correctly identified as wingbeat sounds, and frame 8 as non-wingbeat. The lower confidence
score of frame 8 resulted from the presence of background noise between two wingbeat clusters.
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All recorded segments from the one-day test were manually reviewed to ensure the accuracy of
the evaluation results.

Table 5 summarizes the performance of Models 1 and 2 at different detection thresholds.
The model becomes more selective in identifying spectrograms corresponding to wingbeat signals
as the threshold increases; however, this leads to a slight decrease in overall accuracy. This
behavior can be attributed to signal amplitude variations, as wingbeat sounds may weaken
when the fruit fly is farther from the microphone, resulting in lower-intensity spectrograms and
reduced prediction scores. As shown in Table 5, Models 1 and 2 achieve their highest accuracies
at a threshold of 25, reaching 96.86% and 96.38% for Models 1 and 2, respectively. Model
1, which uses Mel-spectrogram inputs, demonstrates slightly better performance than Model 2
under these conditions.

Figures 10a and 10b (in supplementary file) illustrate the classification behavior at the se-
lected threshold through the confusion matrices obtained from field testing for Models 1 and 2,
respectively. The majority of samples are correctly classified for both models, while the numbers
of false positives and false negatives remain relatively low, consistent with the high classification
accuracy reported in Table 5. Model 1 shows slightly better classification performance than
Model 2, which is consistent with its marginally higher accuracy reported in Table 5. In ad-
dition, the representative misclassification examples in Figures 10c and 10d provide qualitative
evidence that some errors are associated with spectrogram patterns that are difficult to distin-
guish from background sounds or weakened wingbeat signals under practical field conditions.
These examples illustrate the types of errors encountered by the system and provide additional
insight into model behavior beyond the aggregate performance metrics.

Although the thresholding mechanism helps reduce false detections caused by low-amplitude
background noise under the tested conditions, it remains a relatively simple approach and does
not explicitly account for more complex acoustic scenarios. The current evaluation does not
include systematic testing under conditions such as overlapping insect events, multi-species
acoustic mixtures, seasonal variability, or more diverse orchard sound environments. Therefore,
the robustness and generalizability of the proposed approach under such conditions have not yet
been fully established and require further investigation through more comprehensive and diverse
real-world experiments.

Table 5 Evaluation metrics of the field tests of Models 1 and 2

Threshold Model 1 Model 2
TP TN FP FN ACC TP TN FP FN ACC

100 90.63% 0.43% 0.19% 8.75% 90.95% 94.46% 0% 0.45% 5.09% 94.46%
75 93.90% 0.43% 0.19% 5.49% 94.33% 95.93% 0% 0.45% 3.62% 95.93%
50 95.56% 0.43% 0.19% 3.82% 95.99% 96.27% 0% 0.45% 3.28% 96.27%
25 96.42% 0.43% 0.19% 2.96% 96.86% 96.38% 0% 0.45% 3.17% 96.38%

3.4 Computational analysis time

In addition to accuracy, the execution time of real-time tasks is a very important factor when
applying models in practice. Table 6 presents the results of evaluating the execution time of the
system’s main tasks. The generation times of the two types of spectral images are comparable.
Specifically, the 20×100 image requires 14.0 ± 0.2 ms, which is approximately 1.0 ± 0.3 ms
faster than the 20×128 image. The inference times of both models are below 37 ms, with Model
1 being approximately 8 ms faster than Model 2, while the LeNet-4 model exhibits significantly
higher latency, reaching 112.6 ms for the 2×100 input and 155.8 ms for the 2×128 input. In
addition to inference, the system records wingbeat sounds and corresponding results to an SD
card for verification, resulting in data transfer and storage times of 156.8 ± 29.8 ms and 161.1 ±
21.4 ms for Models 1 and 2, respectively, with additional inference result storage times of 74.4 ±
7.1 ms and 76.3 ± 8.4 ms, respectively. Consequently, the total average processing time is 273.2
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ms for Model 1 and 288.4 ms for Model 2. The slightly longer time of Model 2 is attributed to
its larger spectral image size. Despite this, both models satisfy real-time requirements, as the
total processing time remains below the 400-ms window for generating a spectral image. After
each inference, the system requires only an additional 126.8 and 111.6 ms of new data from the
DMA buffer to generate the next input for Models 1 and 2, respectively. It is also observed that
SD card operations account for the majority of the processing time (Table 6); however, this step
is primarily required for data collection and evaluation and can be removed during deployment
to reduce latency and enable integration of additional functionalities.

3.5 Discussions

This study demonstrates the feasibility of applying embedded artificial intelligence for fruit
fly detection based on wingbeat sounds:

• Spectral analysis revealed that wingbeat signals exhibit more distinct characteristic fre-
quencies than other sounds, making them suitable for identification tasks. Two datasets
were generated using the MCU to support the deployment and testing of recognition
models directly on edge devices.

• A CNN-based deep learning architecture was proposed and implemented to classify
wingbeat sounds. The model was directly deployed and tested on a microcontroller
unit (MCU) under real-world field conditions. Despite environmental variability, the
model demonstrated high classification performance, achieving a maximum accuracy of
96.86%, confirming the viability of AI integration into edge computing devices.

• The entire preprocessing pipeline, including real-time signal processing and spectrogram
generation, was successfully embedded into the MCU, enabling autonomous operation
without reliance on external computing resources, such as PCs or cloud servers. The
performance evaluation further indicates that the MCU retains sufficient computational
headroom to support additional features on the electronic trap, such as fruit fly counting,
communication control, and integration with IoT platforms.

However, fruit fly identification based on wingbeat sounds still faces several challenges.
First, the current dataset was collected from a single orchard environment over a limited dura-
tion, which may not fully capture the variability of real-world acoustic conditions. Background
sounds in natural environments can be highly diverse and dynamic, requiring larger and more
representative datasets and longer-term data collection to improve model robustness and gen-
eralizability. Second, because the system is integrated into a compact electronic trap, flies may
crawl rather than fly within the enclosure, resulting in the absence of wingbeat sound data and
limiting the applicability of acoustic-based identification.

Table 6 Computation time of the proposed CNN models.
Processing Stage Model 1 (ms) Model 2 (ms)
Retrieving sound data and storing to the
SD card

156.8 ± 29.8 161.1 ± 21.4

Spectrogram imaging 14.0 ± 0.2 15.0 ± 0.5
Model inference 28.0 ± 0.5 36.0 ± 0.04
Save the inference results to an SD card 74.4 ± 7.1 76.3 ± 8.4
Total processing time 273.2 288.4

Table 7 summarizes a comparison of this study with previous research on fruit fly iden-
tification using wingbeat sounds. Although earlier studies (Khalid et al., 2025; Kalfas et al.,
2022; Mankin et al., 2006) achieved high accuracy under controlled conditions, they focused
on different fly species and used PC- or mini-PC–based platforms. In contrast, the recognition
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system was implemented directly on a microcontroller unit (MCU) and tested under real-world
field conditions. This embedded approach indicates promising potential for future IoT-based
field applications to minimize bandwidth, latency, and power consumption. However, further
validation with a larger and more diverse dataset, longer testing duration, and a wider range of
environmental noises is required to confirm this practical applicability.

Table 7 Comparison of related studies.
Study Species Sensor type Features Method Platform Testing

area
Result

Mankin et
al., 2006

Ceratitis
capitata

Microphone Power spectral
density

Manually per-
formed using
spectral image
analysis software

PC Anechoic
chamber
and field

In chamber: most
triggers captured
flights; in the
field: only 4 out
of 200 triggers

Kalfas et
al., 2022

D. suzukii
and D.
melanogaster

IR
transceiver

Time series,
power spectral
density, and
spectrogram

CNN-based deep
learning network

PC Small insect
cage

92.1%, inference
time: 4–29.8 ms

Khalid et
al., 2025

Guava,
melons,
blue bot-
tle, and
mosquitoes

Microphone FFT, HoG
of FFT, and
MFCC

Machine learning
(SVM, KNN,
RBF, and DT)

Raspberry
Pi

Laboratory 90% at night and
82% during the
day

This study B. dorsalis Microphone Spectrogram CNN-based deep
learning network

ESP32
MCU

Field 96.86%, inference
time: 28 and 36
ms

The results demonstrate that controlled environments yield high recognition rates, but field
conditions can significantly reduce the performance of the proposed method. For example,
Mankin et al., 2006 correctly identified only 4 of 200 samples under real conditions. In our
field tests, the CNN model achieved 96.86% accuracy on real-time data streams, demonstrating
the feasibility of embedded AI for fruit fly detection. In addition, the proposed CNN model is
lightweight, resulting in short inference times of approximately 28 and 36 ms for Models 1 and
2, respectively, when executed on the MCU. Although Kalfas reported inference times ranging
from 4 to 29.8 ms on a PC platform under different testing conditions, this comparison highlights
that the proposed embedded model operates within a similar real-time range. Therefore, the
proposed system demonstrates that real-time fruit fly identification on low-power MCU hardware
is feasible.

These results provide an initial foundation for future research. Potential directions include
expanding the dataset, improving model robustness to environmental noise, integrating auto-
matic counting mechanisms, and using sound-based identification to extend the approach to
other insect species or wildlife. Although the system demonstrates effective audio processing
and real-time CNN inference in the current experimental setting, its applicability beyond this
setting remains to be validated through more diverse datasets and longer-term field deployments.

4. Conclusions

Many studies have developed electronic traps using visual or infrared sensors to detect
fruit flies. However, few have explored identification based on wingbeat sounds, and practical
field validations remain limited. In this study, we investigated the use of an acoustic sensor to
detect fruit flies’ wingbeat sounds, a method that has not been widely explored in the existing
literature. Using a deep learning approach with spectrograms, we achieved a classification
accuracy of 96.86% in identifying fruit fly wingbeats. The fast inference time (28 ms) further
demonstrates the practicality of this approach for real-world applications. The deployment of
the recognition model on an MCU enables the creation of compact, low-power traps, providing
a basis for the further development of fruit fly monitoring systems. However, our study has
several limitations. First, the dataset used for training and testing was limited to a specific
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experimental site, which may not fully represent the acoustic environment of other regions or
conditions. Second, while the model performs well in controlled settings, its robustness in real-
world scenarios, such as varying background noise or environmental factors, still requires further
investigation. Future studies should focus on enhancing the model’s robustness by incorporating
a broader range of environmental variables and expanding the dataset to include more diverse
conditions and species. Moreover, integrating acoustic and infrared sensing approaches could
improve counting and identification accuracy. Finally, further investigation of real-time data
processing and potential integration with agricultural monitoring systems is necessary, as its
applicability beyond the current experimental setting requires validation under more diverse
and long-term deployment conditions.
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