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An important aspect of agricultural practices is the problem of pest control; that has to do with the 
emerging need for suitable applications that will help effectively and sustainably do away with the 
pests that might affect immense crops. Traditional pest control practices are found deficient in terms 
of scalability and handling ability. Among the latest review trends refers to the practice of deep 
learning application of the advanced pest detection, identification, and control systems worldwide. 
The review is set out in order to lead capabilities of deep learning convoluted neural networks, 
recurrent neural networks and hybrid architectures in the automatic categorization of deep pest 
control tasks. The paper also includes sophisticated topics related to current advance in transfer 
learning, synthetic data generation, and fusion of multi- modal data to cover public knowledge needs 
and improve the robustness of models. On the contrary, researchers found that best model 
improvement was done by CNNs, and likewise, a hybrid model had a much more sophisticated effect 
on very complex agricultural environments. In an age where labeled data is still insufficient, transfer 
learning proves to be an ultimate attempt to impose accuracy within the systems. Synthetic data and 
the use of generative adversarial networks have been proposed to increase the size of training 
datasets. Wireless areas in connectivity needs the application of such efforts upon the IoT and drones 
enabling real-time monitoring and response to pests. This addresses a necessary communication from 
on-farm sensors of systems of pest identification and need for control. The paper reflects a broad but 
incisive approach for the future utilizations of advanced learning inside pest management strategies. 

© 2026 Centre for Research and Innovation (CRI). This is an open access article 
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

I. INTRODUCTION

Controlling pests is like eating the best thing of agricultural 
growth. Protecting crops from the miserable pest attack 
makes the field more useful, and the damage is commonly in 
yield and quality; this damage, however, results globally in 
significant post-harvest losses due to pests. It is estimated 
that pests destroy 20-40% of the global annual output. Thus, 
the most plausible damage worth billions of dollars affects 
the food security and consequences of supply chain 
stabilization. What is even more worrying here is that 
improper management of pests cannot only cause endless 
waste, but it also comes with massive environmental 
repercussions such as soil degradation and water pollution. 
Biodiversity loss on accounts of chemical pesticides has been 
degrading ever since [1].The overuse of chemical pesticides 

results not only in environmental concerns but also poses 
several health hazards. Agro-productive enterprises need to 
attach sensitive skills or devices to help them efficiently 
manage pests on their farms. This hazard is greater in cropping 
systems with no soil mineralization and residue incorporation, 
allowing degrading trends to become long-lasting. 

A. Limitations of Traditional Pest Control Methods

Old pest control methods grounded primarily on chemical 
pesticides, hand-somebody watching, and some general 
biological ways of intervention. While coming into action and 
productivity to a large extent against pest harming, the 
procedures have their limitations. Among the primary 
problems is the danger of pest resistance to chemical 
pesticides. This will lead to higher doses to force pest species 
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to develop into it or new formations, augmenting lousy 
concerns such as environmental pollution and health risks [6]. 
Manual observation of pests is indeed labor-consuming and 
time-consuming and, above all, subject to mankind's 
inevitable weaknesses thereby making attacks impractically 
large-scaled farming entities. Biological methods are strictly 
limited except at a small scale, not having enough precision 
for wide and large-scale management of pests [2]. Some of 
the reactive elements seen in these traditional methods get rid 
of the bugs only after the infestation. Then we deal with 
instances of crop losses since it takes a long time for the 

interventions to be executed for an attack. Problem- specific 
pest dynamics are not integrated into these methods as well 
as other variables such as climatic variation, crop 
characteristics, and so on; hence they yield "bad" results [3]. 
The limitations of older approaches are seen as triggers to set 
new, technology-based solutions taking place, with deep 
learning probably the most promising frontier. Fig. 1 shows 
Classification and detection model of pest using deep learning 
technology [2]. 

Fig.1 Classification and Detection of Pest Using Deep Learning 

B. Emergence of Deep Learning Techniques in Pest Control

Upon sectorial focus, deep learning, artificial intelligence 
(AI) subset, has found its role across the broadest range of 
technological advancements related to healthcare, 
transportation, and finance. While the agricultural sector was 
originally characterized for its pest control, it has recently 
gained importance for employing this technology to engage in 
such intricate data processing and analysis based on high 
precision. Unlike traditional methods, deep learning models 
draw effectively upon enormous volumes of data so that they 
can be best utilized to determine pests, predict infestation, and 
suggest therapies that precisely target actions with minimal 
human oversight [4]. One major application of convolutional 
neural networks (CNNs) in pest image identification is 
changing the game; continuous, real-time detection has never 
seen before. In these models, the objects can recognize variety 
on the extent of infestation, suggesting practical actions to be 
taken, and reduce the reliance on the chemical method for the 
sustainable practices of farming. By integration of deep 
learning to the Internet of Things (IoT) devices, drones, and 
remote sensors, pest monitoring can be consistently done, 
providing the early warning in a continuously good 
environment in agriculture and ensuring further resilience in 
the agriculture system [5].  

This review was motivated by the surge in research on deep 
learning applications in pest control. It is thus necessary to 

consolidate these findings to get an improved and clear 
understanding on this. This paper goes further to bridge the 
theoretical research and practical implementation by 
providing an insight into the latest advancements, challenges, 
and future directions. The paper has something really useful 
to offer to anyone working on deep learning application in pest 
control-both researchers and practitioners. 

C. Objectives and Scope of the Paper

The primordial aim of this paper at exploring the future 
development and feasibility of using deep learning 
technologies for pest control is transforming agricultural 
practices for the management of such risks. It will 

1. Identify the Current Landscape: The paper will be
dedicated to the presentation of a detailed account of the
materials and methods used in deep learning such as
architectures, models developed for pest control,
detailing their potentials and limitations.

2. Implications for Challenges and Opportunities: The
study will consider the difficulties that researchers are
facing today in associating dataset availability, model
generalization, computational resources, and ethical
considerations for innovation in future.

3. Propose Future Directions: Emerging trends and
research areas, such as the integration of multi-modal
data, explainable AI, and climate-resilient pest detection
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models, will be discussed. 
4. To Make Information Broad Dissemination: To be used

most appropriately for those researchers dealing in
agriculture and policymaking - beneficial in many ways
with potential for collaborations and informed decisions.

This paper covers a number of practical applications that 
include pest detection, classification, density estimation, and 
prediction modeling. The application addresses both 
theoretical advancements and practical implementation with 
the goal of bridging the gap between laboratory 
experimentation and field deployment. It accomplishes this 
through the review and synthesis of literature from recent 
studies for a breadth-based understanding of the sustainability 
of deep learning-based methods in pest management locally in 
relation to global food security goals, with reference to 
environmental conservation efforts.  

II. BACKGROUND

A. Brief History of Pest Control Methods and Their Evolution

Pest control was practiced from the time human beings 
started practicing agriculture. It was as old as that time because 
early civilizations knew that they needed to manage pests in 
their agriculture to protect their crops. It started with simple 
methods-the most common among which was manually 
removing the pests or using such naturals as smoke, 
sometimes with plant extracts. These controlled practices have 
become sophisticated up to the 19th century. And with that, 
quite significant development in pest-control took place. This 
is when chemical solutions like sulfur compounds, and largely 
arsenic-based products were used, heralding the advent of the 
modern-day pest management [6]. The Green Revolution, 
beginning in the mid-20th century, entrenched chemical 
pesticides even more. Large-scale farming made them even 
more indispensable. Fortunately, these chemicals were 
effective but had many unintended negative impacts like pest 
resistance; environmental pollution; and health issues for 
humans. Integrated Pest Management (IPM) developed 
mostly during the last quarter of the century and this approach 
takes advantage of a whole arsenal of techniques that would 
include chemical, biological, and human behavior change in 
order to minimize damage from the pests. Furthermore, IPM 
sought to highlight the importance of chemical pesticides and 
therefore they hoped that the reduction of chemical pesticides 
used in the field would occur through compatible crops using 
natural control; through IPM strategies cultivation of the 
crops and/ or biological control; or repellent crops. They were 
imprecise, requiring a great deal of basic knowledge and 
understanding of how and why those things happened on the 
farm and knowing very well what to look for in the farm 
because these pests were known for hide-and-seek. 

B. Introduction to Deep Learning: Concepts, Architectures,
and Relevance to Pest Control

Machine learning, a subset of artificial intelligence, mimics 
the neural networks in the human brain to process 

information. These layers incorporate interconnected nodes or 
neurons, and the nodes learn patterns through training data in 
the progressive process. Learning is concentrating on 
sophisticated data analysis and makes it ideal for image 
recognition, natural language processing, and predictive 
analytics. CNNs are the most widely used architectures in 
deep learning, including Convolutional Neural Networks 
(CNNs), to Army seasonal cycles and parameter-
compressional networks. But CNNs are spatial-spatial 
feature captures of a big shape, texture, and edges and hence 
are really nice and effective, especially in the image domain, 
regarding pest control. It depends on the fact that in many of 
the instances, the pest species or an infestation is identified 
through dissecting and observing the visual data from images 
or videos [7]. The benefit of deep learning in pest control is 
overcoming the limits that traditional means of identification 
could not do. In this way, deep learning automates the 
identification and monitoring of pests with significantly 
smaller manual labor requirements, actually verifying the 
precision of the pest management system itself. Handling 
multiple sources of data, like high-resolution images, drone 
footage, and IoT sensor data, will make autodetection and 
intervention in any case a reality with real-time connectivity 
requirements. In the best of cases these improvements 
facilitate the accuracy of pest control, wherein chemical 
pesticides are minimized if not eliminated altogether. 

C. Comparison of Traditional vs. Deep Learning Approaches
in Pest Identification

Traditional image processing methods are based on several 
manual algorithms, which were designed for the extraction of 
features from images. Effects like edge detection, 
segmentation, filtering, are performed as well as supervised 
machine learning classifiers like decision trees and support 
vector machine (SVM). While this has made successful 
applications on structured and easily defined datasets, such 
approaches are commonly restricted by a number of 
disadvantages. Generally, such approaches are overly 
sensitive to illumination and background changes in pests 
and pest morphology.  

As a result, small differences in the true or expected images 
get amplified inaccuracies with an increase of variation from 
the average under the instrumental set up. The traditional 
methods also require extensive manual tuning in filter 
prototype design and fine-tuning of feature extraction 
algorithms, making them less versatile and time- consuming. 
Conversely, deep learning approaches, especially CNNs, 
eliminate the requirement of manual feature engineering, 
since it learns from raw images directly. The end-to-end 
learning capability enables the most successful generalization 
in deep learning across different datasets due to objects like 
pest appearance, environmental conditions, and imaging 
methods. Hence, for example, it can automatically learn how 
to recognize very specific patterns and texture, and hence, 
even in very challenging situations can give pretty good 
classification results, thus quite certainly bringing out the 
power of diversity. 
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III. LITERATURE REVIEW

The adoption of deep learning techniques in pest control has 
transformed traditional agricultural pest management by 
introducing high precision and efficiency in detection and 
prevention. This literature review explores the current studies, 
focusing on deep learning applications in pest control, datasets 
for training and validation, feature extraction techniques, and 
key performance metrics. It also highlights the challenges 
reported in these studies and identifies gaps for future 
research. 

A. Survey of Existing Studies on Deep Learning Applications
in Pest Control

Various studies have developed cutting-edge deep learning 
models for improving pest detection and control. Zhao et al. 
[8] developed an automatic pest monitoring system that used
a deep residual learning model for the convolutional neural
network that integrates deformable convolutional networks
with the culmination of aggregated residual blocks to be
compatible with objects variety of sizes. Their model was
able to achieve an Average Precision (AP) score of 0.932 in
comparison with Faster R-CNN and YOLOv3, and the latter
had become a benchmark faster and relatively easier to use
than those traditional models. Similarly, Liu et al. [10]
designed a pest identification and outbreak forecasting
prototype using ResNet V2 based on deep transfer learning
techniques. With high accuracies in controlled and field
conditions, this showed promising potential of real-time pest
monitoring. An example is the work of Li and Wang [9],
which took AI further by combining pest recognition,
prediction, and intelligent decision support into an intelligent
system. This work attests to the necessity for monitoring and
real-time response through automated technologies like
intelligent sprayers and farm robotics with deep learning. The
collaboration of Faster R-CNN with DIOU-NMS and
attention mechanisms by Hu et al. [13] resulted in an
optimization of pest detection methods, typically 6.4% better
than their respective basic models.

Ali et al. [12] rendered this magnificent by utilizing the 
integration of IoT with pest sound recognition, a newly 
introduced innovative method to detect and classify pests. 
Their HFDLNet model even went beyond the achieved 
accuracy level of percent, setting a high benchmark in 
conventional pest identification models. The model was 
successfully demonstrated because of the usefulness of 
combining IoT devices and deep learning technology in 
enabling advanced pest-monitoring systems to be deployed 
throughout wide farming areas created by solar-powered IoT 
devices. 

B. Review of Datasets

Datasets are critical for training and validating deep learning 
models in pest detection. Liu et al. [10] employed two 
datasets: one with laboratory-acquired images and another 
from field conditions. The combination of these datasets 
improved the model’s generalization capabilities, with a 

balanced dataset ensuring robust performance. Li et al. [11] 
leveraged multiple datasets for pest detection, demonstrating 
the impact of dataset diversity on model accuracy. Ali et al. 
[12] used a specialized dataset comprising 7,200 pest sounds,
enabling their model to achieve near-perfect accuracy. The
diversity and quality of datasets significantly influence model 
performance and its adaptability to varied agricultural
scenarios.

C. Analysis of Feature Extraction Techniques and Key
Performance Metrics

Feature extraction is fundamental in optimizing deep learning 
models for pest control. Zhao et al. [8] utilized deformable 
convolutional networks to account for variations in pest 
shapes, while Hu et al. [13] incorporated attention 
mechanisms and SE modules to enhance feature extraction 
during training. Techniques such as spectral brightness 
coefficients (SBR) and sound analytics were employed by 
Tussupov et al. [14] and Ali et al. [12], respectively, to extract 
unique features from spectral and audio data. Key 
performance metrics, including accuracy, precision, recall, 
and Average Precision (AP), were consistently used to 
evaluate models. For instance, Li et al. [11] achieved an AP 
of 75.29% for pest detection across two classes, while Hu et 
al. [13] reported significant accuracy improvements due to 
feature refinement strategies. 

D. Common Challenges Reported in Literature

Although there are extraordinary advances that are made in 
applying deep learning to pest control, a number of stumbling 
blocks to its smooth functionality still remain in the way. This 
is best shown by how data are available and possible shoddy 
fields most likely will, for all intents and purposes, do on the 
farm. There is an inherent issue in training data off-field and 
in the unfortunate supposition of its operational nature, so 
data occurrence depends on and is contaminated by a cold-
room representation factor for the variety of pests at best. Liu 
et al. [10] trained the deep model on datasets collected both 
indoors and outdoors to reduce this inconsistency. It is very 
difficult to achieve the balanced formation of a dataset for all 
agricultural scenarios due to its high diversity of pests. Model 
scalability and adaptation to various environments are some 
of the issues. For their part, Zhao et al. [8] and Ali et al. [12] 
have noted the cost of the evolved models in various 
constrained settings, i.e., computing costs. Hu et al. [13] 
mention further engineering of small target detection models, 
as they represent essential aspects of early pest detection. 
They made a testament to the need for further improvement 
in locating small targets and their detection, which is essential 
to the early detection of pests. 

 Ali et al. [12] pointed out in their research the challenges of 
real-time deployment, including the large scale of 
computational resources and the integration with IoT devices. 
As such, embedding real-time deployment and energy-
efficient requirements remained a challenge, even for solar-
powered IoT devices. Limitations to the scalability of models 
for a wide range of crops, climates, and pest species, as well 
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as the ethical and environmental questions of chemical 
spraying, were also listed as challenges. 

E. Future Implications

Essential progress with deep learning as applied in pest 
control has been realized over time, although, still gaps are 
there that require to be filled by further research. The major 
objective of this research involves increasing the diversity and 
accessibility of the datasets, purifying feature extraction 

techniques, in small and occluded targets, and enhancing 
model ability to scale over ever-stretching dataset theories. 
Development of easy-to-carry models compatible with edge- 
computing devices can bring real-time applications to 
resource-scarce environments. Moreover, integration of pest-
control models with sustainable agricultural practice and eco-
friendly technology will be indispensable for wider 
applicability. 

TABLE I SUMMARY OF KEY STUDIES IN DEEP LEARNING APPLICATIONS FOR PEST CONTROL 
Authors [Ref.] Methods/Key Findings Limitations/Research Gaps 
Zhao et al. [8] Developed DPeNet model with aggregated 

residual blocks and deformable convolutional 
networks. Achieved AP of 0.932, outperforming 
Faster R-CNN and YOLOv3. 

Limited scalability and computational resource 
requirements. 

Li et al. [9] Integrated pest detection, prediction, and decision 
support systems. Combined AI with smart 
sprayers and agricultural robots for real-time 
monitoring. 

High dependency on diverse datasets and system 
adaptability across different crops. 

Liu et al. [10] Used ResNet V2 with transfer learning for real-
time pest monitoring. Achieved 96% accuracy in 
controlled settings and 85.7% accuracy in field 
conditions. 

Dataset inconsistencies and reduced accuracy in 
field applications. 

Ali et al. [12] Proposed IoT-driven pest sound analytics with 
HFDLNet model achieving 99.87% accuracy. 
Integrated solar-powered IoT devices for vast 
agricultural fields. 

Challenges in power optimization and real- time 
deployment in diverse environments. 

Hu et al. [13] Enhanced Faster R-CNN with DIOU-NMS and 
attention mechanisms. Achieved a 6.4% increase 
in detection rates for small targets. 

Further refinement required for small target 
detection. 

Tussupov et al. 
[14] 

Utilized spectral brightness coefficients and 
machine learning for early pest detection. 

Limited application to specific crop types and 
environmental conditions. 

F. Deep Learning Architectures for Pest Control

Through these structures, cutting-edge pest detection, 
identification, and classification of pests are bettered in 
different agricultural settings. This has been brought into the 
field by bringing together modern architectures, including 
Convolutional Neural Networks (CNNs), Recurrent Neural 
Networks (RNNs), and hybrid structures, which combine to 
form an advantage in reducing damage from pest diseases, 
thereby increasing yield. This overview focuses on the most 
common architectures, details regarding individual models, 
transfer learning breakthroughs, and specialized architectures 
designed for use in agricultural pest administration [18]. 

G. Overview of Widely Used Architectures: CNNs, RNNs, and
Hybrids

Convolutional Neural Networks (CNNs) achieve much 
attention for their capability to obtain spatial features from 
images, making them well suited for pest’s detection and 
classification. A typical CNN architecture consists of 
convolutional layers, pooling layers, and fully connected 
layers. Convolutional layers perform kernel operations for 
finding local patterns, while pooling layers reduce any spatial 
dimensions, mainly to ensure efficiency. Fully connected 
layers appear at the end of the network to aggregate features 
for classification purposes. In mathematics, the convolution 
operation can be expressed as [19]: 

𝑦𝑦(𝑖𝑖, 𝑗𝑗) = ∑ ∑ 𝑥𝑥(𝑖𝑖 +𝑚𝑚, 𝑗𝑗 + 𝑛𝑛).𝑤𝑤(𝑚𝑚,𝑛𝑛) + 𝑏𝑏𝑛𝑛𝑚𝑚   
(1) 

Where (𝑖𝑖, 𝑗𝑗) represents the output feature map, (𝑖𝑖 + 𝑚𝑚, 𝑗𝑗 + 
𝑛𝑛) is the input, (𝑚𝑚, 𝑛𝑛) denotes the kernel weights, and 𝑏𝑏 is 
the bias term. 

In time series antenna pest data, RNNs are mainly used to 
predict correct minor pests using approaches such as LSTM. 
RNNs learn to unmask temporal dependencies where the 
output at each point in time depends on previous calculations. 
An RNN is defined as a hidden state update [20]: 

ℎ𝑡𝑡 = (𝑊𝑊ℎ𝑥𝑥 𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎℎ ℎ𝑡𝑡−1 + 𝑏𝑏ℎ)     (2) 

Where, ℎ𝑡𝑡 is the hidden state, 𝑥𝑥𝑡𝑡 is the input at time 𝑡𝑡, and 
𝑊𝑊ℎ, 𝑊𝑊ℎℎ, and 𝑏𝑏ℎ are learnable parameters. 

CNNs and RNNs have a noticeable advantage when it comes 
to both spatial feature extraction and temporal analysis since 
video-based pest monitoring usually benefits from hybrid 
models above all. 

H. Specific Models Applied to Pest Detection, Identification,
and Classification

Several deep learning models that have been successfully 
used in the context of pest control are: 
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Faster R-CNN: For the detection of things on an image 
through a window of 55 slides it actually utilizes object 
detection for the process, which is related to pest spotting, as 
in some more intricate backgrounds by generating regions of 
it, making that proposals ahead. More refinements of 
pertaining detections in such as in two-stage processes are 
likely to yield high accuracies [21]. 

1. YOLO (You Only Look Once): An end-to-end system
from image to detection, YOLO concludes balance in
accuracies and speeds so that precision would be helpful
for the real-time detection of pests.

2. ResNet (Residual Networks): With skip connections,
ResNet introduces the vanishing gradient problem due to
the robust types of pest classification provided.

3. UNet: Used for the main purpose of being used for
segmentation tasks, UNet is very strong in identification
of pests and infestation locations in high-resolution
images-it has low false positives and high false negatives 
due to its down-sampling and up-sampling pathways.

I. Advances in Transfer Learning and Pre-Trained Models for
Pest Control

Transfer learning, on a scale of pest control, has not just 
brought a kind of transformation by which it takes a pre- 
training model and fine-tunes particular agricultural data on 
it. Some famous models like VGGNet, Inception, and 
EfficientNet have been pre-trained on massive datasets: 
ImageNet. These models were further fine-tuned for pest 
detection tasks [22]. During this, the last layer is freezed for 

training the pre-trained model's earlier layers with domain- 
specific training data. This further curtails computational 
costs and the need for large amounts of labeled data. For 
example, a pre-trained EfficientNet model improved efficacy 
by training the pest dataset better than obtaining similar 
results on model training from scratch and diminishing 
learning time [23]. 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓−𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 1
𝑛𝑛

 ∑ (ŷ𝑖𝑖 − 𝑦𝑦𝑦𝑦)2𝑛𝑛
𝑖𝑖=1   (3) 

Where ŷ𝑖𝑖 is the predicted value, 𝑦𝑦𝑦𝑦 is the ground truth, and n 
is the number of samples. 

J. Custom Architectures Tailored for Agricultural
Applications

Custom architectures designed for pest control often integrate 
domain-specific features such as environmental data and pest 
behavior patterns. For example: 
1. Attention Mechanisms: Incorporating attention layers in

CNNs enhances the focus on pest-specific features in
images, reducing false positives.

2. Multi-Modal Networks: Combining image data with
environmental factors such as temperature and humidity
enables more accurate pest predictions.

3. Lightweight Models: For deployment in resource
constrained settings, models like MobileNet and
SqueezeNet are tailored to operate efficiently on edge
devices like drones and smartphones [24].

TABLE II COMPARISON OF DEEP LEARNING MODELS FOR PEST CONTROL 
Model Application Advantages Limitations Accuracy 

Faster R- CNN Pest detection High accuracy, robust Computationally expensive 92.5 

YOLO Real-time 
detection 

Fast, suitable for 
edge devices Moderate accuracy 88.7 

ResNet Pest classification Handles deep networks 
effectively Requires high memory 94.3 

UNet Pest segmentation Accurate segmentation Computationally intensive 89.6 

EfficientNet Transfer 
learning 

High accuracy, 
low parameters 

Sensitive to 
hyperparameters 93.1 

By leveraging these architectures, pest control applications 
are becoming more accurate, efficient, and scalable, paving 
the way for sustainable agricultural practices. 

K. Dataset Challenges and Innovations

The key, then, is the availability of high-quality datasets upon 
which to build any of the deep learning models' successes 
towards pest control. These datasets provide the requisite 
foundation for model training, validation, and testing. The 
culmination of these identified challenges could involve the 
difficulty of developing robust models due to issues like data 
scarcity, class imbalance, and environmental variability. 
These problems have been tackled head-on through different 
new techniques emerging, such as data augmenters and 
synthetic data generation using Generative Adversarial 
Networks (GANs) [25]. The review includes about pest 

datasets and what the existing technique can still capably face 
as of now on the topic of dataset augmentation and data 
generation through GANs. 

L. Availability and Limitations of Pest Datasets

Below what ought to be due to the images captured of pests 
that are dynamic in agricultural environments and not 
controlled is that there is this paucity of labeled pest data sets 
of the type available on the internet. Perhaps the most glaring 
ones that need to be addressed are lack of data - collecting 
pest images of very high resolution diversity of different 
crops and locations might require a lot of resources. Many 
existing datasets do not often cover an exhaustive number of 
pest species or generally have fewer or fewer samples from 
each class [26]. In other cases, a major challenge is imbalance 
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within classes or prospective dataset utility as some pest 
species are over-represented within real-world datasets due 
to their predominance. For example, datasets that include 
multiple pest species would have at least one member totaling 
about 70% of the data, thus distorting the results psychically 
to model effectual generalizations for quite confusing results 
of classification. 
 
Environmental distortion is another important issue that 
arises. Contexts at which light conditions, weather variations, 
crop types, among the many others, have very strong effects 
on the pictures collected for pest identification add noise and 
degrade the accuracy of the models built on the data. Aside 
from annotation challenges that come with manual 
annotation, labor-intensive in order to allow laborious chunks 
effectively area handled by appropriate staff, expertise itself 
poses the requirement of drawing the final model out of the 
exercise, thus making it easy to sway the entire picture in 
terms of a potentially flawed and conflicting labeling. 
 
M. Techniques for Creating and Augmenting Pest Control 
Datasets 
 
Many techniques have been developed to enhance the quality 
of datasets by leaps and bounds in the size of data, thus 
overcoming these limitations. One such strongest method is 
augmentation of data which does transformations with 
existing images to create more samples. This augmentation 
produces the simulated scenario like image rotation, flipping, 
increasing size and color jittering which helps the model in 
being more generalized. A mathematically transformed 
image  from the original image  is [27]: 
 

                                𝐼𝐼′(𝑥𝑥, 𝑦𝑦)
= 𝑇𝑇�𝐼𝐼(𝑥𝑥, 𝑦𝑦)�                                 (4) 

 
where 𝑇𝑇 represents the augmentation operation. 
Semi-supervised learning is another approach to tackle 
dataset challenges. This method combines labeled and 
unlabeled data to improve dataset utility while reducing the 
annotation burden. Additionally, crowdsourcing platforms, 
such as Amazon Mechanical Turk, enable researchers to 
collect annotated datasets efficiently by leveraging 
contributions from a large pool of non-expert annotators. 
 
N. Use of Synthetic Data and GANs for Dataset Expansion 
 
Generating synthetic data is an approach that emerged as 
groundbreaking in resolving data scarcity issues and class 
imbalance. Generative Adversarial Networks have 
particularly been successful in this context by producing 
wonderfully realistic images that can extend the existing 

datasets. The most fundamental components of a GAN are 
the generator  and the discriminator. The generator produces 
believable images by modeling random noise z, while the 
discriminator distinguishes between synthetic and real 
images [28]. Optimization becomes quite challenging as it 
necessitates the training of generative adversarial networks 
on real data and samples. 
 

𝑚𝑚𝑚𝑚𝑚𝑚𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚𝐷𝐷𝔼𝔼𝑥𝑥~𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)[𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑥𝑥)]
+ 𝔼𝔼𝑧𝑧~𝑝𝑝𝑧𝑧(𝑧𝑧)[𝑙𝑙𝑙𝑙𝑙𝑙(1
− 𝐷𝐷(𝐺𝐺(𝑧𝑧))]                        (5) 

 
Where 𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥) represents the distribution of real pest 
images, and 𝑝𝑝𝑧𝑧(𝑧𝑧) is the distribution of random noise. 
 
GANs have been applied to generate diverse pest images 
under various environmental conditions, create rare pest 
species to address class imbalance, and enhance datasets with 
high-resolution synthetic images. Despite their utility, GANs 
face challenges such as mode collapse, where limited 
variations are generated, and computational cost, as training 
GANs requires significant resources. 
 
O. Innovations in Dataset Development 
 
Manufacturers are increasingly combining domain-specific 
knowledge with the creation of data to combat traditional 
challenges. Multimodal datasets, which are inclusive of pest 
images with extra data added that includes environmental 
conditions, provide a comprehensive representation of 
agricultural settings (temperature, humidity, and most likely 
also crop type). Strategy of intent learning is adoption so that 
the foremost informative samples will be prioritized for 
annotations and, thus, optimal usage [29].  
 
The construction of databases which are necessary in order to 
allow for the introduction of benchmark datasets is already 
underway. However, it is necessary to remember that such an 
evocative and perhaps typical idea is the database by IP102 
which is made up of 75,222 images of 102 kinds of pest 
species. It has thus become a landmark on worldwide 
benchmark pest detection model references. Such datasets 
are really good and fundamental for building as well as 
reformulating completely new deep learning organs [30]. 
Technological achievements in data augmentation, creation 
of synthetic data, and innovative dataset development are 
other ways researchers are tackling the challenges of datasets 
regarding pests. Such endeavors not only improve model 
performance but also pave the way towards future 
development of scalable, efficient, and accurate systems for 
pest control pertaining to modern agriculture. 
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IV. APPLICATIONS OF DEEP LEARNING IN PEST CONTROL

Fig.2 Small Pest Detection Using Deep Learning 

Deep learning has emerged as a transformative tool in 
agricultural pest management, offering solutions that 
enhance precision, efficiency, and scalability. Its applications 
span real-time monitoring, pest density estimation, predictive 
analytics, and integration with advanced technologies such as 
IoT and drones. These applications enable more effective pest 
control strategies, minimize crop losses, and reduce 
environmental impact by optimizing pesticide use. Fig. 2 
explains pest detection using deep learning using Yolov3-
Tiny [31]. 

A. Real-Time Pest Monitoring and Detection

With the rise of deep learning models like Convolutional 
Neural Networks (CNNs), real-time detection and 
classification of real pests is not difficult any more. Due to 
the models processing the images from cameras set up out in 
fields, pests are spotted pretty easily as to the visual features 
of pest that were detected automatically. Allowed with deep 
learning technology is the ability to zero in on detail and 
hence to differentiate pest species with very high accuracy. 
For example, let's consider a CNN based model rooted on 
training set  with labeled images  in which the method 
coordinates the optimization process through minimization 
of the loss function,  being the actual label, and , the predicted 
label. Real-time systems actionize actionable insights for 
farmers to act faster towards decisions against pests [32]. 

B. Pest Density Estimation and Early Warning Systems

Counting pests is needed in the efficient control of pests. 
Deep learning models are utilized in estimating the density of 
pests in the field through analyzing images or videos. The 
models can predict the number of pests in a defined area and, 
hence, provide valuable data for targeted intervention. 
Among the recurrent neural networks (RNN) and its variants, 
the Long Short-Term Memory (LSTM) networks are 

particularly beneficial in temporal data, enabling early 
warning systems on the basis of trends for pest densities. For 
example, an LSTM model can predict pest outbreaks using 
time-series data , optimizing the output  where  represents the 
hidden state from the previous time step [33]. 

C. Region-Specific Pest Analysis and Prediction

Deep learning models are increasingly being tailored for 
region-specific pest analysis. By incorporating localized 
environmental data such as temperature, humidity, and crop 
type, these models enhance predictive accuracy. Transfer 
learning is particularly effective in adapting pre-trained 
models to regional datasets, reducing the need for extensive 
local data collection while maintaining robust performance. 

D. Integration of IoT and Drones with Deep Learning Models

With the use of deep learning models, IoT devices, and 
drones, managing pest control will take a revolutionary shift 
that is like never before. IoT sensors are gathering data from 
the environment, but this information has been merged with 
data outcomes from deep learning for pest detection so that 
thorough interventions will be implemented exactly. High-
definition cameras have been placed on drones to enable all-
weather monitoring of pests on a large scale, allowing data to 
be captured on broader areas that used to be unreachable. 
These systems will also facilitate real-time analysis and quick 
decision-making through the use of deep learning and on-the-
edge computation, taking precision agriculture and long-term 
pest management to a hitherto unknown level. 

V. PERFORMANCE EVALUATION

There is an important requirement for robust evaluation 
methodology to gauge the effectiveness of deep learning 
models applied to agricultural pests. All the models have to 

42

Kavita Kalambe and Leena Patil Asian Journal of Science and Applied Technology, 15(1), 35–46, 2026



be robustly tested and reliable concerning generalizability in 
various conditions as well as datasets. This part will discuss 
some typical metrics used to evaluate a model's efficiency: 
and a difference in deep learning and traditional methods, 
benchmarks from literature that portray the advancements 
created by the field. 
 
A. Metrics for Evaluating Model Performance 
 
Different evaluation metrics are used to assess the 
performance of deep learning models. Accuracy, precision, 
recall, F1-score, etc., utilize goals for gauging performance. 
Accuracy, among these criteria, has its mathematical set by 
dividing the number of correctly classified instances with the 
total instances [34]: 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
                          (6) 

 
Here, TP denotes True Positive, and TN denotes True 
Negative. FP denotes False Positive and FN False Negative. 
Precision measure selects the rates of true positive matches 
among the total positive predictions and is expressed as: 
 

                          𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
                         (7) 

 
Sensitivity is also referred to as Recall which captures that 
the model should identify all relevant instances: 
 

                                𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
                           (8) 

 
F1-score is the harmonic mean of precision and recall, 
providing a balanced measure when the dataset is 
imbalanced: 

           𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∙
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

             (9) 
 
B. Comparison of Deep Learning Techniques with 
Traditional Methods 
 
Automated feature extraction from raw data rendered these 
deep learning techniques superior to more traditional 
approaches in the detection and identification of pests since 
pests could be detected and classified to perfection. 
Traditional algorithms make extensive use of handcrafted 
features at their core and are paired with relatively simple 
classifiers such as Support Vector Machines or decision trees 
in this field. [35]. Very focused areas of very specific tasks 
could be tackled appropriately by some traditional methods, 
but unfortunately, such methods become less suited to cater 
to the complexity of a bigger data set.  
 
For instance, in studies comparing CNN model and an SVM 
classifier-based model, 92% of the time, the CNN model 
showed an accuracy of 78% while entering pest detection on 
100 test images. This highlighted the big advantages deep 
learning has over the capture of intricate patterns. Moreover, 
the applied work in deep learning used multimodal data such 
as images and environmental factors, which increases the 
ability to predict. 
 
C. Benchmarks and Performance Outcomes from the 
Literature 
 
Great detections of pests control have usually been seen by 
traditional performance deep learning studies. Table III 
summarizes performances observed using different models 
with their relevant performances in terms of pest detections. 

 
TABLE III PERFORMANCE METRICS OF VARIOUS MODELS APPLIED TO PEST DETECTION TASKS 

Author [Ref.] Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

Ung et al. [18] CNN-based models 74.13 (IP102) NA NA NA 
Talukder et al. 
[20] CTInceptionV3-RS 91.00 91.00 91.00 91.00 

Duan et al. [19] Multimodal (tiny-BERT + R-CNN + ResNet-
18) 97.3 NA NA NA 

Talukder et al. 
[20] Fine-tuned Transfer Learning 99.00 NA NA NA 

 
These benchmark results indicate that enhanced performance 
of fresh-tuned transfer learning approaches and hybrid 
models results in a significant increase in accuracy compared 
to traditional ones. An example of this was the research score 
noted based on CTInceptionV3-RS neural network, where 
accuracy got 91% for the detection of potato pest. The results 
demonstrate the fact that different DL models utilized to 
augment the pest detection strategy, such as tiny-BERT, were 
improved by Duan et al. [19] through multimodal deep 
learning in combination with R-CNN and ResNet-18. The 
discriminative ability as expressed through the size of the 
ROC and AUC metrics is higher than the other models in the 

whole set.  Deep learning has applications that will propel the 
agricultural pest detection and classification industry a strong 
suit. Measurement metrics help to evaluate the deep learning 
methodologies' efficacy in pest control by including values 
for accuracy, precision, recall, and F1-score. Comparatively, 
deep-learning approaches regarding pest control often go 
one-bit ahead of the traditional methods, and modern 
literature on it supplies the benchmarks further consolidates 
the achievement. An essential criterion for deep-learning 
technology will be to help in pest concussion allowance; 
further useful guidelines in relevant deployments must be 
developed
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. 

Fig.3 Comparative Performance of Different Models Used in Pest Detection 

D. Implementation Challenges

Executing deep learning models for pest control is a tough 
challenge that involves several areas of research that need to 
be improved in order to prove effectiveness by scaling. 
Apparent amongst the obstacles is the challenge pertaining to 
computational resources and stringent hardware constraints 
within which environmental deep learning models, 
specifically convolutional and recurrent networks, require 
extra computational resources for training and real-time 
inference. Availability and convenience of high-performance 
computing access can be deficient in particular towards 
agriculture ecosystem usage where computational resources 
are highly demanded. To overcome such constraints, the edge 
computing solutions are obligatory or simply impending need 
any special hardware like GPUs or TPUs briefed at the field 
of operation for real-time monitoring and decision-making in 
areas of high pest population. 

One strong challenge is how to improve generalization to a 
multitude of pest species and environmental conditions. 
Detection models of pests that are geared toward a specific 
set of data may not be effective when applied to new 
environments or pest species that were not part of the training 
data. These include variable light sources or weather, type of 
the crop, and the behavior of the pest, which might affect the 
accuracy of the model. A model should be made robust 
enough to handle these variations, which can be done by 
means of data augmentation, transfer training, or continuous 
updates of the model to adapt to new situations. These 
involve the collection of diverse datasets having wide 
varieties in the species as well as environmental factors to 
attain a generalized model. 

Lastly, ethical and regulatory issues may serve as a barrier to 
implement widely the solutions of automated pest control. 
Questions of data privacy but also the transparency of 
decision-making in the event of system failures, and it is 
emphasized now, accountability would be matter of great 
importance. In addition to local regulations with respect to 
pesticides and environmental safety, using automated 
systems for pest control should comply to regulations within 
each country. The ethical concerns involved are the harm that 

could be inflicted on non-target species, which usually are 
beneficial insects, and the necessity to ensure that the 
automation does not cause ecological imbalances [36]. 

VI. FUTURE TRENDS AND RESEARCH
DIRECTIONS 

There are several new trends and research directions in deep 
learning application in the area of pest control. This is to 
improve the accuracy, efficiency, and general applicability of 
the models developed for different types of settings of 
agriculture. One of these trends is that of integrating multi-
modal data, which includes visual, thermal and spectral 
imagery. This marriage of data type offers greater robustness 
in detection of pests over several types of features that are not 
possible to observe with a single modality. For example, 
thermal imaging for detection of the presence of pests 
through temperature anomaly discovery and spectral imaging 
for plant health and pest objective. The intention is to blend 
them into one deep learning edifice with positive outcome on 
reliability and efficacy of pest detection systems. 

Deep learning has performed quite well but it happens to 
suffer from one serious issue explainability and 
interpretability regarding one’s model for deep learning. 
Cannibal-eyed with respect to the many strengths that they 
have can fall short where real learning is required in certain 
fields. This becomes especially true when thinking about the 
black-box nature of these deep learning models that are 
required for applications, as in pest control, which requires a 
sense that everything should be under the pickling fluid. 
Education should also be aimed at making deep-learning 
models more interpretable and explainable, and effort has 
been expended along these lines in so-called explainable AI 
(XAI). Most crucial here is trust and accountability in 
automated systems, particularly when high-scale operations 
are deployed.  

VII. CONCLUSION

Presented in this evaluation is the absolutely exceptional 
potential that deep learning gives when it comes to fighting 
against pests and similar detrimental conditions, particularly 
in the technology aspects of detection, orientation, and 
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provisions of agricultural solutions. While the paper findings 
were supportive of the choice of neural network architecture, 
convolutional neural networks (CNNs) and recurrent neural 
networks (RNNs) have so far demonstrated a hopeful deal, 
particularly with the problem of automated pest detection 
tasks, particularly with the hybrid models showing better 
effectiveness in complicated environmental circumstances. 
Additionally, the advantage of using transfer learning with 
pretrained models was captured to tackle the meager labeled 
data challenge, and the general result could be better 
robustness and greater scalability with pest control systems 
when employed in-situ. To researchers, the study called for 
future continuous innovativeness on the model architectures 
as well as data augmentation techniques that should in all 
cases add multi-modal data. Additionally, the necessity to 
greatly focus toward explainable AI methodologies during 
these days was also suggested in order that the justification 
behind the model operates very transparently and 
trustworthily. On a practical level, deep learning-based pests 
detection systems really hold promise for real-time 
monitoring and predictive application in pest management 
systems and makes precise agricultural practices more 
sustainable and efficient in terms of control. Those 
developing new science regulations that will show- for 
example, a well-tempered public sector commitment. Many 
are assessing different regulations, and they've heard from 
venues across the continent in search of better conduct. 
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