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Abstract

Pest infestation remains a major challenge in agriculture, leading to
significant crop losses and economic damage worldwide. The
integration of smart agriculture technologies, particularly Wireless
Sensor Networks (WSNs) and deep learning models, has enabled
automated and efficient pest identification and control. This review
presents a comprehensive analysis of recent advancements in pest
detection using scalable Quantum Convolutional Neural Networks
(QCNNs) and WSN-based monitoring systems. Conventional
Convolutional Neural Networks (CNNs) have demonstrated high
accuracy in pest detection by automatically extracting spatial features
from image data, often achieving accuracy above 90% in classification
tasks. Recent developments in quantum machine learning, particularly
QCNNs, leverage quantum properties such as superposition and
entanglement to enhance computational efficiency and learning
capability, showing promising results in small-scale pest classification
tasks. WSNs play a critical role in real-time environmental monitoring,
enabling data collection from distributed sensors to support intelligent
decision-making. The combination of QCNNs with WSNs enables
scalable, real-time pest detection and targeted control strategies.
However, challenges such as hardware limitations, data variability, and
energy efficiency remain. This review highlights current methodologies,
comparative analysis, and future research directions for sustainable and
intelligent pest management systems.

Introduction

Agriculture remains the foundation of global food

Conventional pest identification primarily relies
on manual field inspections and expert

security and economic development, supplying
essential resources for an ever-growing
population. However, agricultural productivity is
continually threatened by insect pests, which
cause substantial reductions in crop yield,
quality, and market value. Pest infestations occur
across different stages of crop development and
often spread rapidly under favorable
environmental conditions, resulting in significant
economic losses for farmers worldwide.
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observations, making the process labor-
intensive, time-consuming, and susceptible to
subjective interpretation. Furthermore, delayed
detection frequently leads to excessive pesticide
application, increasing production costs,
environmental pollution, and the risk of pesticide
resistance. These limitations have accelerated
the demand for intelligent, automated, and real-
time pest identification systems capable of
supporting  precision  agriculture  while
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minimizing human intervention and improving
sustainable crop management.

The integration of Internet of Things (IoT),
Wireless Sensor Networks (WSNs), and deep
learning has significantly enhanced smart
agriculture by enabling real-time pest
monitoring and intelligent decision-making.
CNN-based models provide accurate pest
identification through automated feature
extraction, while advanced techniques improve
robustness and generalization. However, their
computational demands have encouraged the
exploration of Quantum Convolutional Neural
Networks (QCNNs), which leverage quantum
computing principles to improve scalability and
efficiency. QCNNs represent a promising future
solution for intelligent, large-scale pest detection
and precision agriculture.

Alongside quantum learning, advancements in
sensing technologies continue to strengthen
precision agriculture. WSN-based monitoring
systems provide continuous environmental
observations and generate early warnings for
pest outbreaks, while emerging quantum sensing
technologies promise enhanced measurement
sensitivity and accuracy compared with
conventional sensors. Integrating quantum
sensing, WSNs, and QCNN-based analytics can
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establish a comprehensive framework for real-
time pest monitoring, outbreak prediction, and
intelligent control strategy recommendation.
Such systems enable targeted pesticide
application, reduce unnecessary chemical usage,
and promote environmentally sustainable
farming practices. Nevertheless, several research
challenges remain, including limited benchmark
datasets, environmental variability, sensor noise,
communication constraints, energy-efficient
WSN operation, and the high cost and limited
accessibility of quantum computing hardware.
Addressing these issues is essential for achieving
scalable, reliable, and practical smart agricultural
systems capable of supporting future precision
pest management.
This paper aims to provide a comprehensive
review of pest identification and control in smart
agriculture using scalable QCNNs and WSNs. The
contributions of this review include:
1. Analysis of deep learning and quantum
approaches for pest detection
2. Evaluation of WSN-based monitoring
systems
3. Comparative
methods
4. Identification of challenges and future
research directions

analysis of different
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Figure 1. Hybrid Quantum-Classical Deep Learning Framework for Pest Identification in Smart Agriculture.

Literature Review

1. Evolution of Pest Detection:
Conventional to Intelligent Systems
Pest detection in agriculture has traditionally
relied on manual inspection and basic image
processing techniques. These approaches were
limited by subjectivity, time consumption, and
inability to scale across large agricultural fields.
Early computational methods utilized
handcrafted features such as color histograms,
texture descriptors (e.g, GLCM), and shape-
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based features combined with classifiers like
Support Vector Machines (SVM) and k-Nearest
Neighbors (k-NN).

However, these methods were highly dependent
on feature engineering and struggled to
generalize across varying environmental
conditions such as lighting changes, occlusions,
and background complexity. Studies between
2020 and 2021 highlighted that traditional
models often failed in real-world field conditions
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due to their inability to capture complex visual
patterns.

The transition toward deep learning marked a
paradigm  shift. Deep learning models,
particularly Convolutional Neural Networks
(CNNs), eliminated the need for manual feature
extraction by learning hierarchical
representations directly from data. This shift
enabled more robust, scalable, and automated
pest detection systems.

2. Deep Learning-Based Pest Identification
Systems

Deep learning has become the cornerstone of
modern  pest detection systems. CNN
architectures such as VGGNet, ResNet, Inception,
and DenseNet have been extensively used for
pest classification tasks. These models learn
multi-level features—from low-level edges and
textures to high-level semantic
representations—allowing them to distinguish
between visually similar pest species.

Studies such as Ayan et al. (2020) and Liu et al.
(2020) demonstrated that CNN-based models
significantly outperform traditional machine
learning approaches, achieving accuracy levels
exceeding 90-95%. The use of transfer learning
further enhances performance by leveraging pre-
trained models on large datasets such as
ImageNet, reducing the need for extensive
labeled agricultural data.

Object detection frameworks such as YOLO (You
Only Look Once), Faster R-CNN, and SSD have
enabled real-time pest detection. These models
not only classify pests but also localize them
within images, allowing for targeted pest control.
YOLO-based models, in particular, are widely
used due to their balance between speed and
accuracy.

3. Advanced Architectures:
Transformer, and Multimodal Models
While CNNs excel in spatial feature extraction,
they have limitations in capturing long-range
dependencies and contextual information. To
address this, hybrid architectures combining
CNNs with transformers and recurrent networks
have been proposed.

Transformer-based models leverage attention
mechanisms to focus on relevant regions in an
image, improving detection accuracy in complex
environments. Studies such as Fu et al. (2023)
demonstrate that  vision transformers
outperform traditional CNNs in capturing global
contextual relationships.

Hybrid CNN-transformer models integrate local
feature extraction (CNN) with global attention
(transformer), achieving superior performance
in pest classification and detection tasks.

Hybrid,
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Similarly, multimodal models combine image
data with environmental data (e.g., temperature,
humidity) collected from WSNs, improving
predictive capabilities.

Graph Neural Networks (GNNs) have also been
explored to model relationships between pest
populations and environmental factors. These
models provide insights into pest spread
patterns and enable predictive analytics.

4. Role of Wireless Sensor Networks (WSNs)
in Smart Agriculture

Wireless Sensor Networks are a critical
component of smart agriculture systems. WSNs
consist of distributed sensor nodes that collect
environmental data such as temperature,
humidity, soil moisture, and light intensity. These
parameters are closely related to pest activity
and can be used to predict infestations.

WSNs enable real-time monitoring and data-
driven decision-making. Al-enabled WSN
systems integrate sensor data with deep learning
models to detect and predict pest outbreaks. For
example, loT-based frameworks use camera
sensors for image capture and environmental
sensors for contextual data, providing a
comprehensive view of crop conditions.
However, WSN systems face several challenges,
including limited energy resources, network
reliability, and data transmission latency. Energy-
efficient routing protocols and lightweight
models are essential for ensuring long-term
operation.

Edge computing has emerged as a solution to
reduce latency and energy consumption. By
processing data locally at sensor nodes or edge
devices, it is possible to minimize data
transmission and enable real-time decision-
making.

5. Quantum Convolutional Neural Networks
(QCNNs): Emerging Paradigm

Quantum computing introduces a new
dimension to machine learning by leveraging
principles such as superposition, entanglement,
and quantum parallelism. Quantum
Convolutional Neural Networks (QCNNs) are a
hybrid quantum-classical model designed to
extend CNN capabilities into the quantum
domain.

QCNNs perform convolution and pooling
operations using quantum circuits, enabling
efficient processing of high-dimensional data.
Studies indicate that QCNNs can achieve
comparable or superior performance to classical
CNNs with fewer parameters and reduced
computational complexity.

One of the key advantages of QCNNs is their
ability to process large datasets in parallel,
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making them suitable for large-scale agricultural
applications. Additionally, QCNNs can potentially
reduce training time and improve model
efficiency.

However, QCNNs are still in the experimental
stage. Current quantum hardware is limited in
terms of qubit count, stability, and error rates.
Hybrid quantum-classical models are being
explored to overcome these limitations.

6. Integration of QCNN with WSN and IoT
Systems
The integration of QCNN with WSN and IoT
systems represents a cutting-edge research
direction. In such systems, WSNs collect real-
time environmental data, which is processed
using QCNN-based models to detect and predict
pest activity.
This integration enables:

1. Real-time pest detection

2. Predictive analytics for pest outbreaks

3. Targeted pesticide application

4. Reduced environmental impact
AloT  (Artificial Intelligence of Things)
frameworks combine sensing, computation, and
communication to create intelligent agricultural
systems. These systems support precision
farming by optimizing resource utilization and
improving crop yield.

7. Pest Control Strategies and Intelligent
Decision Systems

Pest control is an integral part of pest
management systems. Traditional methods rely
on blanket pesticide application, which leads to
environmental  pollution and  pesticide
resistance. Intelligent systems enable targeted
pest control by identifying affected areas and
recommending appropriate interventions.

Deep learning models combined with WSN data
can predict pest outbreaks and recommend
optimal control strategies. Decision support
systems use predictive analytics to guide farmers
in selecting appropriate pesticides and
application timing.

Recent research also explores biological pest
control methods supported by Al systems. These
methods promote sustainable agriculture by
reducing reliance on chemical pesticides.

Comparative Table

8. Key Challenges and Research Gaps

Despite significant advancements, several
challenges remain:
1. Data Limitations

e Lack oflarge, labeled datasets

e  Variability across crops and

environments
2. Model Generalization
e Models trained on specific datasets may
not generalize well
3. Computational Complexity
o Deeplearning and QCNN models require
high computational resources
4. Energy Constraints in WSNs
e Sensor nodes have limited battery life
5. Quantum Hardware Limitations
e Limited qubit availability and high error
rates
6. Real-Time Deployment Issues
e Latency and scalability challenges

9. Emerging Trends (2022-2023)
Recent trends include:
1. Explainable Al
interpretability
2. Edge Al for real-time processing
3. Federated learning for distributed data
training
4. Integration of drones and UAVs for large-
scale monitoring
5. Quantum-enhanced machine learning

(XAI) for model

10. Summary of Literature Review

The literature clearly indicates a transition
toward intelligent, scalable, and automated pest
detection systems. CNN-based models dominate
current applications, while hybrid and
transformer-based architectures provide
improved performance. WSNs enable real-time
monitoring, and QCNNs offer a promising future
direction.

The integration of deep learning, quantum
computing, and IoT technologies represents the
next generation of smart agriculture systems.
However, addressing challenges related to
scalability, efficiency, and hardware limitations is
essential for practical implementation.

Study Method Model Type | Data Type Accuracy | Core Key
(Year) Contributio | Limitation
n
Liu et al. | YOLO CNN Object Image (field | High Real-time Sensitive to
(2020) Detection DL | pests) (~90- pest environment
95%) detection al variation
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Ayan et al. | CNN Classificatio | Image >90% Automated Overfitting

(2020) n DL dataset feature on small
extraction datasets

Ung et al. | Multi-CNN Ensemble Image ~99% Improved High

(2021) DL dataset classificatio | computation
n accuracy al cost

Nagaraj et | CNN + | Hybrid DL Image High Reduced Dataset

al. (2024) Transfer dataset (>95%) training time | dependency

Learning
Popescu et | CNN DL + | Image High Pest Complex
al. (2023) Segmentatio | Segmentatio localization | annotation
n n within crops | required

Fu et al. | Transformer | Vision Image + | Very High | Global Requires

(2023) -based Transformer | context feature large dataset
extraction

EfficientNe | Lightweight | Optimized Image High Efficient Slight

t  Models | CNN DL deployment | accuracy

(2023) trade-off

Hybrid Hybrid DL Multi- Image + | Very High | Spatial + | High

CNN- architecture | environment contextual complexity

Transforme modeling

r

WSN-based | IoT + | Monitoring Environment | Moderate | Real-time Energy

Systems Sensors system al data -High monitoring constraints

QCNN Quantum DL | QCNN Image + | Very High | Parallel Hardware

Models quantum data computation | limitations

(2023) , scalability

Comparative Analysis have consistently achieved high classification

The comparative analysis of pest identification
and control technologies demonstrates a
remarkable transition from conventional
inspection methods to intelligent, data-driven
systems for smart agriculture. Traditional pest
monitoring relied on manual field surveys and
handcrafted image processing techniques, which
were labor-intensive, time-consuming, and
highly dependent on expert knowledge. These
methods  struggled with variations in
illumination, background clutter, pest size, and
crop diversity, resulting in inconsistent detection
accuracy and poor scalability. The introduction of
machine learning provided partial automation by
classifying pests using manually extracted
features; however, its dependence on feature
engineering limited adaptability across different
agricultural environments. Consequently, deep
learning emerged as a transformative solution by
enabling automatic feature extraction and
significantly improving classification
performance.

Among deep learning approaches, Convolutional
Neural Networks (CNNs) have become the
dominant architecture for pest identification
because of their ability to learn hierarchical
visual representations directly from crop images.
Advanced models incorporating transfer
learning, data augmentation, attention
mechanisms, and multi-scale feature extraction
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accuracy while improving robustness against
environmental variations. Furthermore, object
detection frameworks such as YOLO have
extended pest identification by simultaneously
detecting and localizing insects in real time,
enabling site-specific pesticide application and
precision farming. Lightweight architectures
such as EfficientNet and MobileNet have further
reduced computational requirements, making
deployment on edge devices and agricultural
drones more feasible. Although transformer-
based and hybrid CNN-transformer models
provide superior contextual understanding and
improved accuracy, they generally require larger
datasets and higher computational resources
than conventional CNN architectures.

Wireless Sensor Networks (WSNs) have
significantly  strengthened intelligent pest
management by  providing  continuous

monitoring of environmental variables including
temperature, humidity, soil moisture, and
atmospheric conditions that influence pest
development. The integration of sensor-
generated data with deep learning models
enables predictive analytics, early warning
systems, and intelligent decision support for
farmers. Hybrid frameworks combining IoT
devices, WSNs, computer vision, and cloud
computing provide comprehensive crop
surveillance  while reducing unnecessary
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pesticide usage and improving sustainability.
Nevertheless, WSN deployments continue to face
challenges related to energy efficiency,
communication reliability, sensor maintenance,
and data transmission latency, particularly in
large-scale agricultural fields.

A recent advancement is the adoption of
Quantum Convolutional Neural Networks
(QCNNs), which utilize quantum computing
principles such as superposition, entanglement,
and quantum parallelism to improve
computational efficiency. Compared with
classical CNNs, QCNNs have the potential to
achieve comparable or superior classification
accuracy using fewer trainable parameters while
offering improved scalability for complex
agricultural datasets. Despite these promising
capabilities, practical implementation remains
constrained by limited quantum hardware, qubit
instability, and high implementation costs.
Overall, the comparative analysis indicates that
hybrid systems integrating CNNs, WSNs, IoT, and
emerging QCNN technologies represent the most
promising direction for future smart agriculture.
Future research should emphasize lightweight,
energy-efficient, and scalable multi-modal
frameworks capable of supporting real-time pest
identification, outbreak  prediction, and
sustainable precision crop management.

Discussion

The rapid advancement of artificial intelligence
and IoT technologies has significantly
transformed pest identification and control in
smart agriculture. Deep learning models,
particularly = CNNs, have  demonstrated
remarkable performance in image-based pest
detection tasks. Their ability to automatically
extract features and identify patterns in complex
datasets has made them the preferred choice for
modern agricultural systems.

One of the key findings from the literature is the
importance of integrating multiple technologies.
While CNN-based models provide high accuracy
in pest detection, their performance is further
enhanced when combined with IoT and WSN
systems. These systems enable real-time
monitoring of environmental conditions,
allowing for early detection of pest infestations
and timely intervention. This integration is
crucial for achieving precision agriculture and
sustainable farming practices.

Hybrid deep learning models have also shown
significant improvements over standalone
architectures. By combining CNNs with
transformers or other deep learning models,
researchers have developed systems capable of
capturing both spatial and contextual
information. These models demonstrate
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improved generalization and robustness,
particularly in complex agricultural
environments.

Quantum Convolutional Neural Networks

represent an emerging area of research with
significant potential. Although still in the early
stages of development, QCNNs offer advantages
in computational efficiency and scalability. Their
ability to process large datasets using quantum
parallelism makes them a promising solution for
future agricultural applications. However, the
lack of mature quantum hardware remains a
major limitation.

Despite these advancements, several challenges
must be addressed. Data variability and scarcity
remain significant issues, as agricultural datasets
are often limited and highly diverse. This affects
the generalization capability of models and may
lead to reduced performance in real-world
applications. Additionally, deep learning models
require substantial computational resources,
which may not be available in rural or resource-
constrained environments.

Energy efficiency is another critical concern,
particularly for WSN-based systems. Sensor
nodes are typically battery-powered, and
continuous data transmission can significantly
reduce network lifetime. Developing energy-
efficient algorithms and lightweight models is
essential for practical deployment.

Furthermore, the integration of Al systems into
agriculture raises concerns about reliability and
scalability. Models must be robust enough to
handle varying environmental conditions and
adaptable to different crops and regions. Future
research should focus on improving model
generalization, developing lightweight
architectures, and integrating edge computing
solutions.

Conclusion

This review comprehensively examined recent
advances in pest identification and control for
smart agriculture by integrating deep learning,
Wireless Sensor Networks (WSNs), and emerging
Quantum Convolutional Neural Networks
(QCNNs). The analysis shows that CNN-based
models have become the leading solution for
automated pest detection due to their high
classification accuracy, robust feature extraction,
and adaptability to diverse agricultural
environments. The integration of WSNs with
intelligent learning models enables continuous
environmental monitoring, early pest prediction,
and precision pest management, thereby
reducing excessive pesticide use and promoting
sustainable farming practices. Furthermore,
QCNNs represent a promising research direction
by offering potential improvements in



Multidisciplinary Journal of Research in Engineering and Technology

computational efficiency, scalability, and
processing  capability = through  quantum
computing principles. Despite these advances,
challenges such as limited labeled datasets,
environmental variability, energy constraints,
and immature quantum hardware continue to
restrict large-scale deployment. Future research
should focus on developing lightweight, scalable,
and energy-efficient multi-modal frameworks
that combine Al, IoT, WSNs, edge computing, and
quantum technologies to enhance agricultural
productivity, sustainability, and global food
security.
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