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Abstract:

This paper presents an approach for improving the performance of TinyML
models through metaheuristic optimization. Due to limited computational
resources in IoT environments, achieving high classification accuracy remains
a challenge. The proposed method utilizes Particle Swarm Optimization (PSO)
for tuning convolutional neural network (CNN) hyperparameters in the task
of plant disease classification. Experimental results indicate that optimized
models outperform baseline configurations in terms of accuracy and stability,
with an improvement of over 20% in MCC compared to the baseline model.
This study represents a part of a broader doctoral research focused on efficient
and explainable AI models for resource-constrained environments.
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INTRODUCTION

In recent years, advances in the Internet of Things (IoT) and edge
computing have made it possible to deploy intelligent systems directly
on devices with limited resources. Within this paradigm, Tiny Machine
Learning (TinyML) has emerged as a promising approach that allows
machine learning models to operate on low-power, embedded systems
with limited memory, processing capacity, and energy consumption.
Despite its advantages, TinyML introduces significant challenges, par-
ticularly in achieving high model performance under strict hardware
limitations. These constraints often lead to a trade-off between model
complexity and classification accuracy, making the design of efficient and
reliable models a critical research problem.

One of the key challenges in TinyML environments is maintaining
high classification accuracy while reducing computational overhead.
Conventional deep learning models, such as Convolutional Neural
Networks (CNNs), typically require substantial computational resources,
which limits their direct application on edge devices.
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As a result, optimizing model architecture and
hyperparameters becomes essential for ensuring both
efficiency and performance. However, traditional opti-
mization methods are often insufficient in exploring
high-dimensional search spaces and may converge to
suboptimal solutions, especially in complex real-world
scenarios [1].

Artificial intelligence has found significant applica-
tions in agriculture, particularly in the domain of plant
disease detection and classification. Early and accurate
identification of plant diseases is crucial for improving
crop yield, reducing economic losses, and minimizing the
excessive use of pesticides. Modern approaches based on
computer vision and deep learning have demonstrated
strong potential in automating this process, enabling
real-time analysis of plant health through image data
[2], [3] . Nevertheless, deploying such solutions in real
agricultural environments requires lightweight and
efficient models that can operate on IoT-based systems.

To overcome these challenges, this paper presents
an approach for optimizing TinyML models using
metaheuristic methods, with a focus on Particle Swarm
Optimization (PSO). The objective is to improve the
performance of CNN-based classification models by
effectively tuning their hyperparameters while maintaining
computational efficiency. By leveraging the exploration
and exploitation capabilities of PSO, the proposed
approach aims to achieve improved accuracy and stability
compared to baseline models. This research represents
a segment of a broader doctoral study focused on the
development of efficient and explainable artificial intel-
ligence models for resource-constrained environments,
building upon the approach proposed in [4].

2. THEORETICAL BACKGROUND

o TinyML and IoT

Tiny Machine Learning (TinyML) represents a para-
digm that enables the deployment of machine learning
models on resource-constrained embedded systems,
such as microcontrollers and IoT devices. Unlike tradi-
tional machine learning approaches that rely on cloud-
based computation, TinyML focuses on performing
inference directly on edge devices, thereby reducing la-
tency, improving data privacy, and minimizing commu-
nication overhead [5], [6]. However, the main challenge
associated with TinyML lies in the limited computation-
al resources available on such devices. Limitations in
processing capability (CPU), memory resources (RAM
and storage), and energy usage considerably constrain
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the complexity of models that can be deployed. As a
result, designing efficient models that maintain high
performance while adhering to strict hardware limita-
tions remains a key research issue [7]. These limitations
necessitate the use of lightweight architectures and op-
timization techniques to ensure that models can operate
effectively in real-world IoT environments.

o« CNN Models

Convolutional Neural Networks (CNNs) are widely
adopted deep learning models for image-related tasks
such as classification, detection, and segmentation. Their
effectiveness comes from automatically learning hierar-
chical feature representations through convolutional
layers, pooling operations, and non-linear activation
functions. In plant disease classification, CNNs have
achieved strong performance by identifying distinctive
visual patterns in leaf images. Initial layers generally
extract low-level features like edges and textures, whereas
deeper layers capture more abstract and complex dis-
ease-related characteristics. Despite their effectiveness,
CNN models are often computationally intensive, which
makes their direct deployment on TinyML platforms
challenging. Therefore, optimizing CNN architectures
and their hyperparameters is essential for adapting them
to resource-constrained environments.

o PSO Algorithm

Particle Swarm Optimization (PSO) is a metaheuristic
technique that works with a population of solutions and
is motivated by the coordinated behavior observed in
groups of animals, such as flocks of birds or schools of
fish. In this approach, potential solutions—referred to
as particles—explore the search space by adjusting their
positions and velocities according to their own past per-
formance as well as the performance of the group.

Each particle updates its movement based on both its
personal best position and the best position identified by
the swarm as a whole, which helps maintain a balance
between exploration of new areas and exploitation of
promising regions. This strategy allows PSO to effec-
tively identify optimal or near-optimal solutions even
in complex, high-dimensional search spaces. Owing to
its simplicity, adaptability, and relatively low computa-
tional demands, PSO has been widely used in various
optimization tasks, including the tuning of hyperparam-
eters in machine learning models.

In the context of TinyML, PSO provides an effective
approach for optimizing model parameters under resource
constraints, helping to improve performance without
significantly increasing computational complexity.
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Its ability to avoid local optima and converge toward
high-quality solutions makes it particularly suitable for
enhancing CNN-based classification systems in edge
computing environments.

3. PROPOSED APPROACH

The proposed approach focuses on improving the
performance of lightweight convolutional neural network
(CNN) models deployed in TinyML environments by
applying metaheuristic optimization, specifically the
Particle Swarm Optimization (PSO) algorithm. Due to
the strict limitations of edge devices—limited memory,
processing power, and energy—the methodological goal
is to identify hyperparameter configurations that maximize
classification accuracy while maintaining computational
feasibility.

In this study, the PSO algorithm is utilized to optimize
a defined set of CNN hyperparameters, including the
learning rate, number of convolutional and dense layers,
dropout rate, and the number of neurons in each layer.
These parameters significantly influence the model’s
generalization ability, computational cost, and stability
during training. Unlike traditional grid search or ran-
dom search, PSO provides an efficient population based
optimization mechanism capable of exploring the high
dimensional parameter space more effectively. The pro-
posed workflow consists of three core components:

o Input Processing and CNN Feature Extraction

Images of apple leaves (healthy and diseased) serve
as the model input. A lightweight CNN architecture is
used as the backbone for feature extraction. The architec-
ture is deliberately constrained to shallow layers to ensure
compatibility with microcontroller class TinyML
deployment.

The CNN produces a reduced latent feature repre-
sentation, minimizing memory usage while preserving
critical discriminative information. This representation
is later used for both binary (healthy/unhealthy) and
multiclass (disease identification) classification tasks.

o PSO based Hyperparameter Optimization

The PSO algorithm is used to determine the optimal
hyperparameter values for the CNN model. In this pro-
cess, each particle in the swarm represents a possible
CNN configuration. By iteratively updating positions
based on individual and global best solutions, PSO explores
the search space to find hyperparameter combinations
that maximize performance on the validation set.

Sinteza 2026
submit your manuscript | sinteza.singidunum.ac.rs

The optimization process evaluates each candidate
by fully training and validating the CNN configuration
it represents. Although computationally intensive, this
approach leads to improved accuracy and more robust
convergence behavior compared to baseline, manually
tuned models.

The adapted optimization procedure used in this
study follows the general structure of your broader
doctoral research, which introduces more advanced
mechanisms such as chaotic search and opposition-
based learning (PSOCS). However, in this shorter study,
the focus remains on the standard PSO algorithm to
demonstrate the benefit of metaheuristic driven opti-
mization in TinyML compatible CNN architectures.

o Classification and Performance Evaluation

After optimization, the best performing CNN con-
figuration is selected and trained to convergence. The
model’s feature extractor can also be used as an input
layer for additional lightweight classification modules
when needed, aligning with the two layer concept in the
doctoral framework.

Performance is assessed using accuracy, precision,
recall, F1-score, and confusion matrices. Together, these
metrics demonstrate the model’s capability to distin-
guish between classes, even in the presence of dataset
imbalance and the hardware constraints typical of real-
world agricultural environments.

4. EXPERIMENTAL SETUP

The experimental evaluation of the proposed method
was carried out using the publicly available PlantVillage
dataset, specifically targeting apple leaf images that have
also been utilized in prior studies [5]. From the complete
dataset, a subset of approximately 13,000 RGB images
was extracted, distributed across 7 classes: healthy, scab,
rust, gray spot, brown spot, black rot, and alternaria
leaf spot. The aim was to test the performance of CNN
models optimized with the PSO algorithm in a TinyML
adapted environment. The images were previously
cleaned, normalized, and resized to a TinyML compat-
ible resolution. The dataset was stratified and split 70/30
to preserve the class proportions in the training and vali-
dation segments.

For the experiments, a lightweight CNN architecture
was used, with a maximum of 1-2 convolutional layers,
1-2 fully connected (dense) layers, and 32-128 neurons
per layer. These ranges were chosen according to the
constraints of TinyML systems [8], and the parameters
defined in the broader research framework (Table 1).
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Figure 1. Examples of images from the dataset

Table 1. CNN hyperparameters and corresponding search spaces

140

Parameter Min Max
Learning rate .0001 .003
Dropout rate .05 2
Epochs 10 30
CNN layers 1 2
Number of fully connected layers 1 2
Number of neurons per layer 32 128

Particle Swarm Optimization (PSO) was employed
to determine the optimal configuration of CNN hyper-
parameters. The optimization process included tuning
the learning rate, dropout rate, number of convolutional
and fully connected layers, number of neurons in each
layer, and the total number of training epochs.

In the PSO swarm, each particle corresponds to a
candidate CNN configuration. Training and evalua-
tion are performed at each iteration, with the objective
function being the validation accuracy. This approach
enables efficient exploration of the high-dimensional
hyperparameter space, which is critical in the TinyML
context.

Experiment flow: PSO generates a population of
CNN configurations. Each configuration is trained on
the training set for up to 30 epochs (depending on the
PSO particle). The CNN model that achieves the highest
validation accuracy is chosen as the final model. Per-
formance is evaluated using: accuracy, precision, recall,
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F1-score, and confusion matrix. All evaluations follow
the standards reported in the literature [9].

Although the models were trained on a worksta-
tion (Intel 19 13900K, 128 GB RAM, 2xNVIDIA A800
GPU), all hyperparameters, architecture, and network
depth were deliberately constrained to be deployable on
TinyML platforms (e.g., Arduino Nano 33 BLE, ESP32).
All models were tested under limited memory usage and
a small number of epochs to simulate real-world edge
conditions in Agriculture 4.0 environments [10]. SHAP
visualizations were also prepared for the best model to
illustrate which visual features of the leaves have the
greatest impact on classification (Figure 3) [11].
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Figure 2. Best CNN-PSOCS detection model: confusion matrix and precision-recall (PR) curve
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Figure 3. SHAP analysis of the best CNN model
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5. CONCLUSION

The application of Particle Swarm Optimization (PSO)
for tuning TinyML-compatible CNN architectures yielded
measurable performance improvements compared to
baseline manually configured models. The main contribu-
tion of this study is a PSO-based optimization framework
for TinyML-compatible CNN models that improves clas-
sification performance while maintaining low computa-
tional complexity suitable for edge deployment.

The optimized models demonstrated higher accuracy,
increased stability during training, and better class
separation, confirming the effectiveness of metaheuristic-
driven hyperparameter selection in constrained envi-
ronments. Experimental outcomes in this study follow
trends consistent with the broader research presented in
the dissertation and related work.

For the binary classification task (healthy vs. unhealthy
leaves), PSO-optimized CNN architectures achieved
higher validation accuracy than baseline CNN models.
The observed improvement aligns with previously
reported findings where optimized models consistently
outperform manually defined architectures. In several
executions, the optimized model produced significantly
higher recall for the unhealthy class, which is critically
important in agriculture, where false-negative detections
may lead to late or missed interventions. These results
confirm that even standard PSO is capable of avoiding
suboptimal regions in the hyperparameter space and
converging toward better-performing configurations.]

In the case of multiclass classification, the improve-
ment was more moderate, but still noticeable. Identify-
ing diseases such as scab, rust, gray spot, or black rot
remains more challenging due to the high visual similar-
ity between classes and the imbalance within the data-
set. Nevertheless, PSO-optimized models achieved bet-
ter overall class discrimination than the baseline CNN,
especially in classes with more representative samples.
This result agrees with earlier studies, which demon-
strate that optimized CNN models provide improved
generalization ability and better interpretability when
used on complex plant disease datasets. The behavior
of the optimization process also matches findings from
the main study: PSO demonstrates reliable convergence,
though less advanced than the improved PSOCS variant.
While PSO occasionally exhibits slower progression to-
ward the optimal region, it consistently achieves better
configurations compared to default or manually tuned
settings.
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The results indicate that metaheuristic optimization
provides a practical and computationally efficient way
to enhance TinyML-oriented CNN performance with-
out increasing architectural complexity. These findings
represent a foundational component of the broader
doctoral research, in which more advanced optimizers
(e.g., PSOCS) further improve stability, robustness, and
classification accuracy.
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