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ABSTRACT: Agricultural pests are one of the major threats to global food production, causing significant economic losses 

and reducing crop quality and yield. Conventional pest detection is based mostly on manual inspection and experience, which 

requires significant time to inspect the complete farmland. Deep Learning (DL) and computer vision technologies have 
established automated, fast, and accurate pest detection systems that are now redefining agricultural entomology. Abstract: 

This paper is an extensive review of deep learning techniques used to detect pests at all levels, as well as their relevant use in 

agricultural entomology applications. We provide an in-depth overview of several modern deep learning architectures such as 

Convolutional Neural Networks (CNNs), object detection frameworks like YOLO and Faster R-CNN, segmentation models, 

and transformer-based methods. It also analyzes available datasets, types of image acquisition systems, and evaluation metrics 

alongside practical applications in smart farming. The study notes the relatively significant obstacles from data scarcity, 

environmental variability, computation, and model interpretability. Finally, the future research directions towards explainable 

AI, edge computing applications for the agriculture domain/federated learning, and intelligent pest management systems are 

discussed. The results suggest that advanced deep learning technologies can provide significant improvements in the precision 

agriculture scheme and facilitate sustainable pest control practices. 
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1. INTRODUCTION 
Agriculture is essential to human life, economy, and the earth. It is the main source of food, raw materials, and livelihoods for 

billions all over the globe. Agriculture is still the backbone of rural livelihoods and in many developing countries comprises a 
substantial share of Gross Domestic Product (GDP). The growing global population has raised demand for increased 

agricultural productivity, which in turn places a premium on effective agronomic practices to market higher crop yields and 

quality. Nevertheless, agricultural productivity is always endangered by multiple biotic and abiotic factors, but insect pests are 

among the most associated with the most destruction. Hence, proper management of pests is very much necessary for food 

security, economic gains, and sustainable agricultural development. 

 

Insect pests cause severe injury to crops by feeding on plant tissue, leading to disease spread and decline in crop quality and 

quantity. Agricultural research shows that pest losses annually amount to hundreds of billions of dollars, with important crops 

including rice, wheat, maize, and cotton, besides vegetables. Farmers have to pay even as pesticide use and labor increase, 

making agricultural pest infestations one of the top causes of decreasing productivity. Moreover, Climate Change and 

environmental changes have provided routes for invasive agricultural pest species into novel geographical areas, thus further 
complicating their management. If pests are not detected and controlled early, this can lead to high levels of infestation spread 

over large areas with a significant impact on global food security. 

 

Pest detection and monitoring have traditionally been reliant on human inspection by farmers or agricultural field specialists. 

These traditional approaches comprise scouting from the field, visual observation, pheromone traps, and laboratory analysis. 

Despite being used for decades, methods like these tend to be time-consuming, labor-intensive, and subjective — still not very 

practical in the context of mainstream agriculture. For instance, many of the pest species look alike and have similar 

morphology (particularly in lab or immature stages), so much expertise is needed, for example, for food identification. 

Moreover, the general human-centric monitoring system may lack realtime analysis of data, which can cause delayed pest 

control and increased damage to crops. 

 

Deep learning (DL) and Artificial Intelligence (AI) technologies have recently entered the field of agriculture, providing 
different solutions applied to pest detection or crop monitoring. Deep learning models have achieved remarkable success in 

image recognition, classifying images and detecting objects with the help of Convolutional Neural Networks (CNN). 

Researchers have integrated computer vision approaches with artificial intelligence algorithms to design automated pest 

https://doi.org/10.64137/3108088X/IJAES-V2I1P103
https://creativecommons.org/licenses/by-nc-nd/4.0/


 Syed Abuthahir: IJAES 2(1), 14-24, 2026 

15 

detection systems that can accurately discriminate insect species based on images collected using smartphones, drones, and 

other surveillance cameras or Internet of Things (IoT) devices. These technologies provide agriculture-based data analysis 

through artificial intelligence systems, which can help farmers with the pest monitoring process in real time and allow them to 

practice precision farming. Thus, with the incorporation of AI into agriculture, one could find various new ways to increase 

crop production levels as well as cut down on pesticide use and financial losses. 

 
The key motivation for this paper stems from the increasing adoption of deep learning-based methods in agricultural 

entomology and pest management systems. Therefore, as research using AI-based agricultural technologies is growing rapidly, 

a thorough overview of various deep learning architectures with datasets and methodologies for pest detection, along with 

practical applications in agronomy, is warranted. The goal of this paper is to review various deep learning-based techniques for 

intelligent pest management while discussing the advantages and limitations, along with trends in research in this domain. 

 

This paper provides a comprehensive overview of the fundamental concepts in agricultural entomology, deep learning basics, 

computer vision techniques and advanced pest detection models including convolutional neural networks CNNs object 

detection frameworks such as Faster R-CNN, Mask Region-based Convolution Networks segmentation model discussion 

group for visual recognition NMS Transformers architectures elected DISCUSSION GROUP Finally, the paper explores 

publicly-available datasets and evaluation metrics as well as enabling real-world agricultural applications and future research 

challenges. This work presents an in-depth, systematic review of deep learning methods for pest identification/detection and 
focuses on their necessary role within sustainable agriculture and the future of smart farming systems. 

 

2. AGRICULTURAL ENTOMOLOGY: BACKGROUND 
2.1. OVERVIEW OF AGRICULTURAL ENTOMOLOGY 

Agricultural entomology is a specific area of study. It deals with insects living in agricultural ecosystems. The science focuses 

on the identification, classification, biology, behavior, and control of insect species that impact food crops both above-ground 
and below-ground, livestock production, and storage facilities for crop products and agricultural product pests. By developing 

better pest control strategies, agricultural entomology is essential in ensuring crop productivity and maintaining ecological 

balance. The domain brings together concepts from entomology, ecology, and plant science as well as agricultural engineering 

to understand insect behavior in ways that best mitigate the adverse impacts of pests on agricultural systems. Beneficial insects, 

such as pollinators and natural predators, can augment agricultural production too, but destructive pest species are examined 

alongside them in the field of agricultural entomology. 

 

Insect pests can be grouped into two categories based on their feeding behavior: chewing and sucking. Chewing insects feed on 

the leaves of a plant, while sucking insects damage crops by extracting phloem sap, in which nutrients such as sugars dissolve. 

Insects like caterpillars and beetles are called chewing insects because they feed on plant tissues directly, leaving behind 

visible wounds in leaves, stems and fruit. Biting and sucking insects such as aphids and whiteflies have the ability to feed on 

plant sap while most often transmitting diseases of plants. Soil insects feed on roots and underground plant parts; storage pests 
attack harvested grains and food products during their stay in stores. Pests can also be classified by crop, life cycle stages, or 

ecology. Knowledge of pest classification allows one to assess how systems should be designed for accuracy in detection and 

what type of management techniques are most appropriate, followed by a strategic plan with execution. 

 

Insects have a huge economic impact, with insect pests in both developed and developing countries. By attacking pest 

infestations, agricultural productivity is reduced because of loss in quality and increased post-harvest losses. Pesticides and 

monitoring systems, as well as labor to control infestations, can be very costly for farmers. Overuse of pesticides can also 

result in environmental pollution, pesticide resistance, and health hazards to humans and animals. In the most extreme cases, 

pest outbreaks may result in food deprivation and economic destabilization, leading to interruptions of agricultural trades. As a 

result, there is an increasing need for intelligent and automated pest detection systems to decrease economic losses while also 

ensuring sustainable agricultural production. 
 

2.2. CHALLENGES IN PEST MANAGEMENT 

A major obstacle in pest management is the early-stage detection of insect invasions. For the most part, pests hit crops from an 

early growth stage before visible symptoms are apparent or tough to identify. Early detection of pests is critical, as tardy 

identification can cause fast population reproduction and widespread damage to crops. But detecting early-stage pests is 

particularly challenging, as they are extremely small and tend to hide below leaves and inside stems or under the surface layers 

of soil. Agricultural environments are also complex, which leads to more difficulty in performing pest monitoring and timely 

interventions. 

 

Another major challenge comes from the visual similarities between differing species of pest. Due to the similar shapes, colors, 

textures, and wing patterns of many insects, agricultural experts sometimes struggle to distinguish them correctly. Some pest 

species are also heteromorphic in their life stages; egg, larva, pupa, and adult forms alike have various physical appearances. 
This variability makes pest classification systems more complex, and it poses challenges to both traditional monitoring 
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approaches as well as learning-based image recognition systems. As a result, deep learning systems demand large and diverse 

datasets annotated for visually similar insect individuals under different environmental conditions. 

 

Pest behavior, population dynamics, and distribution patterns are strongly affected by environmental and climatic conditions. 

Temperature, humidity, rainfall, and wind speed are among the factors that influence insect reproduction and migration. 

Invasive pest species spread across newly susceptible agricultural landscapes, accelerated by climate change, and ultimately 
prompt an increase in one of the most damaging impacts of agriculture: outbreaks. Image-based pest detection systems also 

face challenges due to variations in lighting conditions, the presence of shadows and background complexities, as well as 

varied weather conditions. Variations in the environment may be one such factor, causing a model trained under controlled 

laboratory conditions to show poor accuracy when transferred from training data syndrome surveillance into field 

environments. 

 

Conventional pest monitoring procedures are labor-heavy and rely on busywork. For modern large-scale agriculture, it's 

impractical for farmers and agricultural inspectors to examine wide swathes of crops physically. Human-introduced manual 

inspection methods could also cause errors or inconsistent conclusions. Further, the lack of trained agricultural experts in rural 

settings is limiting the impact of traditional pest management systems. These challenges emphasize the urgent need for 

automation technologies that can enable scalable, intelligent pest detection systems facilitating precision agriculture and real-

time monitoring applications. 
 

3. DEEP LEARNING FUNDAMENTALS 
3.1. INTRODUCTION TO DEEP LEARNING 

Deep Learning: Deep learning is a subsection of Artificial Intelligence that includes Machine Learning techniques also. It 

trains multi-layered neural networks using large data to learn complex patterns or representations from the dataset. In contrast 

to machine learning, which relies on manual feature extraction by domain specialists and experts from all sorts of processing 
endpoints, deep learning algorithms discover features directly in the raw input domain data! Deep learning has become one of 

the most common buzzwords because of its incredible success in some areas such as computer vision, speech recognition, 

natural language processing, and autonomous systems. Deep learning is a powerful tool for agricultural applications like crop 

disease identification, yield prediction, weed detection, and insect pest classification. 

 

They are the building blocks of deep learning systems and also Artificial Neural Networks (ANNs) as underlying models. 

ANNs are based on the biological workings of a human brain and consist of neurons. The neurons are structured into input, 

hidden, and output layers. While training, they learn relationships between inputs and targets by updating weights via 

optimization algorithms such as back propagation and gradient descent. Traditional ANNs need more information on image 

data since they were not suited for handling an excessive number of small details needed to be recognized in images; while 

performing well within low-dimensional classification problems, however, high-dimensional ones may continuously suffer. 

 
Different architectures of CNNs have been designed to overcome the drawbacks exhibited by classical ANNs in image 

processing tasks. Convolutional Neural Networks CNNs apply a set of predefined filters on the input image to extract spatial 

features like edges, textures, and shapes. The pooling layers help reduce dimensionality while retaining significant features, 

and the fully connected layer does classification tasks on top of feature extraction. Few things made a more dramatic impact on 

especially the application side of deep learning in computer vision than convolutional networks, seen along with their much-

better-than-human accuracy in image recognition and object detection problems. In the context of field-based detection, CNNs 

can process insect images and classify pest species information with limited human expert assistance in agricultural 

applications. 

 

This type of neural network, RNN, is also considered a deep learning model. They are specialized for sequential and time-

series data. In contrast to CNNs, RNNs include connections between adjacent layers that enable information to persist through 
several time steps. This feature allows RNNs to do well on data where temporal dynamics are needed, such as weather 

forecasting or predicting pest populations and analyzing seasonal infestations. If we needed to predict the future state of 

weather or crop production, LSTM is a great solution that gives us knowledge and improves forecasting accuracy at longer 

time scales another kind of recurrent neural network. 

 

Transfer learning is one of the most popular techniques in deep learning, which reuses networks developed on a large set for 

related tasks. Rather than training a model from scratch, researchers generally fine-tune existing architectures with agricultural 

datasets. This is because transfer learning reduces computational time and the size of the dataset required to train your model. 

This method is important in the context of agricultural pest detection, where it can be difficult and costly to gather larger-scale 

labeled insect datasets. 
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3.2. COMPUTER VISION IN AGRICULTURE 

Computer vision is a domain of Artificial Intelligence, allowing computers to analyze and interpret visual data from images or 

videos. Computer vision technology has been widely applied to agriculture, including crop monitoring, pest detection, and 

disease diagnosis, as well as counting fruits, which have greatly promoted the efficiency of agricultural production. By 

connecting cameras, drones, and imaging sensors combined with deep learning algorithms to detect pests recurrently, farmers 

can keep an eye on crop conditions immediately. They also aid precision agriculture by facilitating data-driven decision-
making and decreasing the reliance on manual inspection approaches. 

 

Image acquisition is an important step of a computer vision-based agricultural system. Images for pest detection data are also 

gathered through various means: mobile phones, digital cameras, drones, field surveillance systems, or IoT-enabled devices. 

High-resolution aerial images can be taken with a drone-based imaging system and are an important tool in monitoring large 

agricultural fields. How good and diverse the collected images are is an important factor in determining the performance of 

deep learning models. Hence, datasets should include images across illumination scenarios, various lighting conditions, 

backgrounds, and environments to make the model robust. 

 

Disk Usage: Image preprocessing methods are used to improve image quality and prepare data for deep learning analysis. 

Typical preprocessing tasks involve resizing, normalization, reducing noise, and enhancing contrast or background removal. 

Augmentation of data which includes Image rotation, flipping scaling and cropping etc. formals that have been found effective 
in diverse dataset space as a way of ending over fitting problems. Therefore, efficient preprocessing improves visibility 

features and helps deep learning algorithms extract more functional patterns from agricultural images. 

 

Introduction: Feature extraction and classification are two major functions in computer vision systems. Insect Classification: In 

traditional machine learning approaches, image features were carefully designed by extracting color histograms and 

performing texture descriptors or shape analysis. In contrast, deep learning methods automatically learn hierarchical feature 

representations from raw images. The CNN based architectures encode primitive features like edges and textures in the first 

few layers while deep layer comparisons learn high-level insect structural features. Then, these extracted features are applied 

with precise pest classification, maintenance, and segmentation processes. Significant advancements in agricultural pest 

detection systems have been made as a result of the automation of feature extraction. 

 

4. DEEP LEARNING TECHNIQUES FOR PEST DETECTION 
4.1. CNN-BASED PEST CLASSIFICATION 

Convolutional Neural Network-based pest classification systems have emerged as one of the most used techniques in crop 

image data analysis over time. It is based on systems that regularly learn specific visual features from insect images using 

convolutional neural networks and zones of pest types. Unlike legacy models with manually selected features, CNNs can auto-

select features and provide high classification accuracy in complex agricultural environments. Because of their multi-layered 

structure, they will be able to identify complex traits that are present in body structures, suppressions, wing color patterns, 
pigmentation levels, and texture details. 

 

One of the earliest and most impactful deep CNNs that proved it is possible to applied deep learning in large scale image 

classification tasks was Alex Net—assuming the background and germination of CNNs. They are composed of multiple 

convolutional layers with Rectified Linear Unit (ReLU) activation functions, followed by dropout regularization techniques. 

Alex Net has been employed as a baseline model for classifying insect species in agricultural pest detection tasks based on 

image datasets. Alex Net was a relatively simple model compared to architectures used in practice today; however, it opened 

doors for advanced CNN models in agricultural computer vision research. 

 

VGGNet: A deeper architecture with smaller convolutional filters that improved upon the earlier CNN Model VGG-Net. We 

are good at training deeper networks; the model showed that if we go into some threshold of network depth, image 
classification results can be improved significantly. It has a homogeneous structure and is thus also fairly powerful at feature 

extraction, making it an appropriate architecture for classification tasks such as fine-grained pest classification with very 

visually similar insect species. But in return, this model consumes a lot of computing resources and memory because it has 

millions of parameters. 

 

In a very deep neural network, the vanishing gradient problem can hinder effective training of deeper layers. To tackle this 

issue, ResNet utilized residual learning techniques to create even deeper networks without sacrificing model convergence. 

ResNet uses shortcut connections to help gradients flow better during training, which benefits the construction of very deep 

architectures with superior accuracy. ResNet models have performed remarkably well in agricultural pest recognition due to 

their ability to recognize highly complex insect features and stable training processes. This has led to their widespread adoption 

in precision agriculture applications because of the robustness and scalability that these methods offer. 
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Efficient Net is a modern CNN architecture that achieves the highest accuracy with the least computational cost. Compound 

scaling, this allows a proper tradeoff between network depth and width as well image size in an efficient way. Efficient Net 

models are good candidates for mobile, edge computing applications where hardware resources must be minimized while still 

delivering strong performance in agriculture. This allows them to be used in real-time pest detection systems that can be 

deployed on smartphones, drones, and embedded agricultural devices. 

 

4.2. OBJECT DETECTION MODELS 

Compared to image classification, object detection is used not only for pest species identification but also provides the 

geographical location of pests within images. These models are essential for the development of field pest monitoring systems 

as they can detect multiple insects in complex agricultural scenes. Object detection methods offer pest localizations in the form 

of bounding boxes, which can be used for automatic counting and tracking as well as analyzing infestation characteristics. 

 

The R-CNN family (R–CNN, Fast R–CNN and Faster Region-based Convolutional Network) has been a watershed moment in 

object detection research. These types of models rely on region proposal techniques to first locate candidates and then classify 

them. Region Proposal Networks (RPNs) were introduced in Faster R-CNN, significantly improving the speed and accuracy of 

detection. Faster R-CNN has been applied to various agricultural applications, especially for pest detection in crop fields and 

greenhouse environments due to the ability of precise localization. 

 
YOLO (You Only Look Once) is a state-of-the-art, real-time object detection framework that passes an image through a single 

neural network. However, unlike other region-based methods that first propose regions of interest to identify objects from an 

image, such as Faster R-CNN and Region-Based Fully Convolutional Networks R-FCN, YOLO divides the input images into 

grid cells instead. Such an architecture allows for rapid detection speeds, which is ideal for various real-time agricultural 

applications like drone surveillance and automated monitoring systems of pests. Recent YOLO versions have demonstrated 

remarkable improvements in detection accuracy for small insect objects under challenging field conditions. 

 

Single Shot Detector (SSD) is another efficient object detection model that combines high detection speed with good accuracy. 

SSD is a more recent method that performs object localization and classification in one forward pass, which reduces the 

computational complexity. It uses multi-scale feature maps that detect objects with different sizes; therefore, it is capable of 

discovering insects at various scales and orientations. SSD models are widely used in embedded agriculture systems with 
limited resources; 

 
TABLE 1 Deep Learning Models for Agricultural Pest Detection: Advantages and Limitations 

Model Advantage Limitation 

AlexNet Simple baseline Lower accuracy 

VGGNet Good feature extraction High computation 

ResNet Deep learning stability Complex model 

Efficient Net Efficient and accurate Needs tuning 

Faster R-CNN Accurate detection Slow 

YOLO Realtime speed Small object issues 

SSD Fast and lightweight Less precise 

U-Net Precise segmentation Needs annotations 

Mask R-CNN Detection + segmentation Expensive computation 

ViT Global feature learning Large data needed 

CNN-Transformer High robustness Complex training 

Attention Models Focus on key regions Extra computation 

 

4.3. SEGMENTATION APPROACHES 

Image segmentation methods concentrate on the exact design and shape of pests to identify what is crop in agricultural 

imagery. In contrast to object detection models that return bounding boxes, segmentation approaches solve an ill-posed 

problem: classifying every single pixel to get fine-grained localization. Segmentation, however, is of benefit when it comes to 

overlapping insects or densely populated infestations needing great morphological detail. 

 

U-Net is a very general and popular segmentation architecture which was initially developed for biomedical image analysis but 

subsequently adopted by the agricultural community. The model is an encoder-decoder with skip connections for the 

reconstruction phase, which keeps spatial information. U-Net has shown great results for insect segmentation from complicated 

agricultural backgrounds that allow pest counting as well as morphological measurements. 
 

Mask R-CNN is an extension of Faster RCNN and, in addition, adds a branch for segmentation masks. Simultaneous detection, 

classification, and segmentation of objects in the model contributes to making it a particularly effective method for analyzing 
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agricultural pests. The proposed Mask R-CNN can accurately separate overlapping insects and rectify fine-grained pest 

structures that ultimately enhance the precision of automated monitoring systems for pests. 

 

4.4. HYBRID AND ATTENTION-BASED MODELS 

Recent advancements in deep learning have led to the establishment of hybrid and attention architectures that leverage both 

CNNs and transformer-based models. They contribute to better feature representation, understanding relationships in context, 
and improved object detection performance on agricultural images. 

 

Vision Transformers (ViT) apply transformer architectures originally developed for natural language processing to image 

analysis tasks. ViT divides images into patches and processes them using self-attention mechanisms that capture global 

relationships between image regions. This allows for better context and superior performance with difficult pest classification 

tasks. Vision Transformers performed well on visually similar insect species in models trained solely with agricultural datasets. 

 

CNN and Transformer: The CNN and Transformer hybrid models combine the convolution layer with attention layers based 

on transformer architecture. Local spatial features are captured by CNN components, whilst global contextual relationships and 

the contextual information obtained in Pandas not using iterations again by training data are analyzed through Transformers. 

CHPC channels the inherent transmission noise during pest recognition; it therefore aids in employing a stable background and 

reducing the effects of varying backgrounds, lighting, and occlusions. Hybrid architectures have recently shown promising 
results in achieving better accuracy on datasets of computer vision tasks for agriculture. 

 

The attention mechanisms used in deep learning models help the model focus on important regions of images while ignoring 

irrelevant information, which is noise or background. In pest detection tasks, attention modules allow models to focus on insect 

body parts and texture patterns from wing structures that are critical for successfully classifying pests. So, the attention-based 

methods improve model interpretability and robustness and also detect better in real-life agricultural situations. 

 

5. DATASETS AND DATA COLLECTION 
When it comes to deep learning-based pest detection systems, datasets and data collection are crucial. Deep Learning 

techniques are data-hungry, especially for recognizing and classifying images of insect pests. In agriculture, obtaining images 

of pests is challenging since insects can appear in various settings, such as differing backgrounds, i.e., light source and crop 

type. To train a reliable pest detection model, however, researchers generally turn to publicly available datasets and 

sophisticated image collection techniques. Using data preprocessing, augmentation, and annotation improves deep learning 

systems' performance as well. 

 

5.1. PUBLICLY AVAILABLE PEST DATASETS 

In addition, publicly available pest datasets enable researchers to train and evaluate deep learning models using images of 

agricultural crops taken under standard conditions. These datasets include labeled images of various insect species when 
captured in different field conditions. They matter because it takes time and money to gather images of agricultural pests on 

your own; this must be done automatically. 

 

IP102 is one of the largest datasets for agricultural pests released in deep learning academia. It consists of thousands of pictures 

belonging to 102 pest categories that affect a wide variety of crops. It consists of images taken in the wild that have 

backgrounds with different perspectives, lighting condition and insect poses suitable for real-world pest detection research. 

IP102 is widely used by researchers for image classification and object detection tasks. 

 

Pest24 is another important dataset designed mainly for real-time pest monitoring systems. It includes images collected from 

pest traps and field surveillance systems. Since many insects in this dataset appear as small objects in challenging 

environments, Pest24 is useful for evaluating object detection models such as YOLO and Faster R-CNN. 
  

Apart from these datasets, many agricultural insect image datasets are developed for specific crops such as rice, cotton, wheat, 

and vegetables. These datasets implement crop-specific pest detection as well as precision agriculture applications. 

 

5.2. DATA ACQUISITION METHODS 

Data acquisition involves collecting images and environmental information for pest detection systems. The performance of 

deep learning models is directly proportional to the quality of collected data. Modern agricultural systems use several advanced 

technologies to capture pest images efficiently. 

 

UAVs or drones are widely used in agriculture for monitoring large crop fields. Using drones with overhead-mounted, high-

resolution cameras is able to capture photographs from the sky all too swiftly. These images help to detect pest infestations, 

crop damage, and unhealthy areas of plants. In this automation-associated revolution, one of the coolest techs out there is drone 
imagery - effuse for precision agriculture or large-scale field monitoring. 
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Another simple and low-cost option for pest monitoring is smartphone-based imaging. Farmers can take pictures of insects 

with mobile phones and upload them into AI-based applications to identify pests. Smartphone systems enhance the availability 

of deep learning technologies, particularly in rural agriculture. 

 

The introduction of automation in the pest monitoring system has been further developed through IoT sensor integration. Smart 

traps are fitted with sensors and cameras to capture insect images and environmental conditions, including temperature and 
humidity. The acquired data is sent to cloud-based systems, where deep learning models analyze insect activity in real time. 

 

 
FIGURE 1 Overview of Pest Monitoring System Using Open Detection and Trap-Based Detection Algorithms 

 

5.3. DATA AUGMENTATION AND ANNOTATION 
Data Augmentation: Increased the diversity of training datasets by generating new sample images. Since there are few 

agricultural datasets, augmentation methods aid in generalization with the intent to reduce over fitting issues. 

 

In pest detection research within the literature, data augmentation techniques such as rotation, flipping, scaling to multiple 

input settings (crops of an image), or simply adjusting brightness are frequently applied. These methods enable deep learning 

models to identify insects from multiple positions, dimensions, and lighting conditions. As a result, the models perform better 

in real agricultural environments. 

 

Synthetic data generation is another important approach used when real insect images are limited. Also, Generative Adversarial 

Networks (GANs) can produce fake copies of real pest images. This results in more training data and thus improves model 

performance when the underlying insect species is rare. 

 
Annotation: Class name, bounding boxes, or Segment masks for insect images. Tools like Labeling and CVAT are commonly 

used annotation tools to achieve this. Annotation is, however, a challenging task due to tiny sizes or occlusion by other 

resources. Correct annotation is vital, as noisy labels can lead to worse performance of deep learning models. 

 

6. APPLICATIONS IN AGRICULTURAL ENTOMOLOGY 
Deep learning has introduced many important applications in agricultural entomology. These AI systems provide more 

convenient monitoring for farmers and reduce crop losses due to pests. These technologies facilitate automated monitoring, 
precision farming, and intelligent management of agriculture. 

 

Deep learning in combination with drones, IoT devices, cameras, and cloud computing is used in modern agricultural systems 

for immediate pest assessment. The advances of these applications help to increase agricultural efficiency, minimize the need 

for pesticide usage, and aid in sustainable farming methods. 
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6.1. REAL-TIME PEST DETECTION 

Deep learning models are implemented in a real-time pest detection system that actively detects pests immediately after images 

are captured. Cameras, drones, and smart devices regularly survey crop fields, taking images that are sent to AI systems for 

analysis. Object detection models like YOLO have rapid and accurate results. 

 

Quick decisions prevent grassroots damage due to major pest outbreaks with the help of real-time systems for farmers. Early 
detection allows for better prevention of crop loss as well as wastage of pesticide chemicals. 

 

6.2. PEST POPULATION MONITORING 

Monitoring pest populations over time is useful for the management of insect infestations because it can reveal patterns that 

support predictive models relating to outbreaks. Deep learning systems can count and classify insects from trap images or field 

photographs. 

 

The automated monitoring enables farmers to access meaningful information about pest activity levels and, therefore, apply 

more targeted strategies in terms of their use. Climate-driven pest forecast research is also supported by long-term monitoring. 

 

6.3. SMART PEST TRAPS 

Intelligent insect traps are remote automated monitoring systems that contain cameras and sensors along with AI algorithms 
(separate from biosecurity). These traps take images of insects and use deep learning models to identify pest species 

automatically. 

 

The information that has been detected is transmitted to farmers via a mobile application or cloud platforms. Smart traps 

minimize inspection labor and enable continuous monitoring of pests in agriculture. 

 

6.4. PRECISION AGRICULTURE SYSTEMS 

Precision agriculture involves the use of advanced technologies to increase farming efficiency and productivity. Deep learning-

based detection systems for pests help to precisely localize pest-affected areas and aid in targeted spraying of pesticides. 

 

Farmers can then treat only the areas that are affected rather than spraying chemicals over an entire field. This lowers pesticide 
costs, protects the environment, and enhances crop management practices. 

 

6.5. DISEASE PREDICTION THROUGH PEST ANALYSIS 

Various insect species transmit plant pathogens by moving viruses and bacteria between different crops. So, by observing pest 

populations, disease outbreaks can be predicted. 

 

Deep learning models determine disease risks by analyzing pest activity and environmental conditions. The early detection of 

the disease allows farmers to take timely actions and minimizes losses. 

 

6.6. AUTOMATED DECISION SUPPORT SYSTEMS 

The DSS is a type of system approach in which AI and deep learning-based automated decision support systems enable 

farmers to make better agricultural decisions. They process pest detection information, environmental conditions, and crop 
status to recommend pest management practices. 

 

These DSS platforms powered with AI assist farmers in selecting suitable pesticides, identifying regions of high risk to 

outbreaks, and optimum timing for pest control activities. 

 

7. PERFORMANCE EVALUATION METRICS 
The performance metric is a true measure of how well deep learning models can detect pests. These metrics help the researcher 

rate the model, and they can determine which system is more traditional. 

 

Accuracy: Correctly classified samples, Total number of input samples High Accuracy means that overall model performance 

is good. Accuracy may not be enough for most imbalanced agricultural datasets. 

 

Precision is the ratio of relevant instances to total detected instances. Higher precision means fewer false alarms and less 
overuse of pesticides. 

 

Recall shows how good a model is at surviving all the real pests in the data. High recall is imperative since the damage may be 

quite significant if a pest detection were to be missed. 
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The F1-score is a single metric that takes both precision and recall into account. This offers a complementary perspective on 

model performance since it is particularly sensitive to imbalanced datasets. 

 

Mean Average Precision (mAP) is for object detection deep learning models like YOLO and Faster R-CNN. It measures the 

performance for classification and localization. 

 
Intersection over Union (IoU) is the measure of how much both predicted bounding boxes and actual insect locations overlap. 

Higher IoU values mean more accurate object localization. 

 

8. CHALLENGES AND LIMITATIONS 
While deep learning has demonstrated impressive performance in pest detection, challenges remain for real-world agricultural 

applications. The big issue is the lack of insect datasets with labels. Gathering and annotating pest images takes time, effort, 

and expertise. 

 

Another challenge is the class imbalance where one pest species has many training samples and others very few. This is 

especially problematic as it can lead to poor model generalization for rare insect categories. 

 

Deep learning and GP models also require high computational power and memory. It can be difficult to run complex models 

on drones, smartphones or embedded agricultural devices. 

 
Model performance is also impacted by factors like changes in lighting, shadows, weather and complex crop backgrounds. It is 

difficult to achieve accurate pest detection due to the high dynamism of agricultural practices. 

 

Another challenging task is small object detection, as numerous insects fill only a tiny part of the images. Small pests are 

difficult to detect accurately across the drone imagery. 

 

Lastly, deep learning models typically function as black boxes with an inability to backtrack through the steps taken in making 

a prediction. Therefore, an improvement in model interpretability/trustworthiness is critical to fostering farmer confidence and 

agricultural system practicality powered by AI methods. 

 

9. FUTURE RESEARCH DIRECTIONS 
Deep learning and artificial intelligence technologies are developing swiftly, which has led to a bottom-line improvement of 

systems for detecting agricultural pests. However, there are still many research directions that need to be addressed for 

improving the efficiency, scalability, and practical application of these technologies in real-life farms. Research in Agricultural 

entomology will be advanced to investigate intelligent, fast and accurate mechanisms that use less energy while able of 

working under dynamic conditions present on agricultural systems. Technological advancements like Edge AI, federated 

learning, explainable artificial intelligence (AI), robotics, and climate-aware prediction systems will change the next generation 

of smart agricultural solutions. Farmers will be able to use these developments for better pest management practices, reducing 
crop losses and advancing sustainable agricultural development. 

 

9.1. EDGE AI AND LIGHTWEIGHT MODELS 

Generating Edge AI and lightweight deep learning models to revolutionize the way agricultural pests are detected is one of the 

most promising future directions for this project. Traditional deep learning systems have difficulty deploying due to their 

nature, the necessity of cloud servers and high computational resources, which is difficult for rural agricultural environments 

with low internet connectivity. This is where Edge AI steps in: it allows for the implementation of deep learning models to be 

run locally on devices including smartphones, drones, embedded systems, and Internet-of-Things (IoT) devices. 

 

Developing lightweight architectures for higher detection accuracy with lower computational complexity includes Mobile Net, 

Efficient Net, Tiny-YOLO, and Shuffle Net. As a result, they need reduced RAM and computing power with very little energy 
consumption to work in real time out there. Future work will optimize deep learning methods for edge computing 

environments to enable rapid and confident pest detection at the point of need in agricultural fields. Edge AI reduces latency 

and enhances privacy, but it appears that edge devices can also conveniently provide continuous monitoring in remote farming 

sites. 

 

9.2. FEDERATED LEARNING IN AGRICULTURE 

Federated learning is an intuitive machine-learning framework that can allow various devices or agricultural institutions to 

jointly train a deep learning model without directly sharing any raw data. Centralized learning approaches use agricultural data 

ranging from shades of soil to pixelated images taken by drones in traditional centralized learning systems. This, however, 

brings us some issues with data privacy and ownership implications alongside network bandwidth. 
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So federated learning addresses all these problems by training the models locally and only sharing updates of the models rather 

than raw agricultural data. Farms from different geo-regions might have unique pest species, environments, and plant 

populations that justify this approach for agriculture. Federated learning can produce robust pest detection models with higher 

generalization capability, as it combines knowledge from many distributed sources. 

 

Federated learning may open up new ways of designing agricultural systems for the future through collaborative pest 
monitoring networks where farmers, research institutions and even agricultural organizations can provide input to AI models 

while keeping such datasets secure from prying eyes. Its potential is to enable large-scale smart farming ecosystems while 

expediting the development of global best practice pest management systems. 

 

9.3. EXPLAINABLE AI (XAI) 

While deep learning models can provide high levels of accuracy in pest detection tasks, many systems act as black-box models 

and do not offer self-explanatory understanding into their decision processes. For instance, in agricultural applications, farmers 

and agricultural experts need to be informed about the reasoning behind AI predictions of leaf pest infestation before deciding 

on which action to take. Hence, Explainable AI (XAI) has been a critical research aspect in the intelligent agriculture domain. 

 

Explainable AI refers to techniques that help explain deep learning predictions. They are methods like Grad-CAM, saliency 

maps, attention visualization, and feature importance that can help intelligibility in the region of images, most which pixel 
impacted model's decision. Then, in pest detection systems where the focus is on insects, XAI can show which body parts or 

texture features are leveraged for classification. 

 

Future work will explore the integration of explainable AI techniques into decision support systems in agriculture to improve 

farmer trust, system reliability, and model accountability. Transparent AI systems can help researchers detect weaknesses in 

models and improve deep learning performance on tough-to-analyze agricultural environments. 

 

9.4. MULTIMODAL LEARNING APPROACHES 

Most current pest detection systems rely mainly on image-based deep learning models. However, agricultural environments 

contain multiple sources of valuable information beyond visual data. Multimodal learning approaches have been proposed to 

leverage all types of data such as images, environmental sensor readings and also weather information (if available), crop 
health measurements etc. 

 

One example combines insect photos with associated data on temperature, humidity and rainfall along with soil moisture—so 

that deep learning systems get a better idea of pest behavior over the conditions we can expect them to thrive in. Working in 

the same way by merging satellite imagery, drone data and IoT sensor information can give a more holistic understanding of 

field conditions. 

 

It is anticipated that future multimodal learning systems will enhance the robustness and adaptability of agricultural AI models. 

Such systems, by fusing multiple data sources, will facilitate enhanced pest recognition & disease forecasting as well as 

precision agriculture solutions. We predict that multimodal AI will be an even larger part of intelligent smart farming systems 

in the future. 

 

9.5. INTEGRATION WITH ROBOTICS AND AUTONOMOUS FARMING 

Another major direction of future research is the integration of deep learning with agricultural robotics. Autonomous farming 

systems utilize robots, drones, and automated machinery to perform agricultural tasks with minimal human input. Such robotic 

platforms can be equipped with deep learning-based pest detection systems that provide intelligent vision capabilities. 

 

They are able to detect pest infestations in plants and leaves; they can automatically apply pesticides based on detected pests 

using mini-drone-mounted cameras with AI models. They could take out affected crops as well as make it really challenging 

for you to keep track of what's taking place in the fields nonstop. Likewise, autonomous drones can cover acres of arable land 

and identify pest outbreaks in the field as they happen. Automation and AI take over the work that humans previously 

depended on; now automation is reducing human dependence. 

 
Further work will first develop fully autonomous agricultural systems with integrated pest monitoring, crop analysis, and farm 

management activities. These smart robotic systems can change modern agriculture by encouraging higher productivity than 

conventional means with less impact on the environment. 

 

9.6. CLIMATE-AWARE PEST PREDICTION SYSTEMS 

Pests are widely documented to have changed distribution, migration behavior, and infestation patterns due in large part to 

climate change across agricultural regions. The unprecedented changes in rainfall patterns, increasing temperatures, and 
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environmental conditions have made pest outbreaks sporadic. Consequently, climate-smart pest forecasting systems are 

emerging as a valuable future research avenue in agriculture. 

 

Climate-aware systems are deep learning models that use climate and environmental data between geographic locations to 

predict pest outbreaks in advance of them occurring. Those systems use historical infestation data, weather conditions, and the 

different phases of crop growth to estimate future pest risks according to seasonal cycles. The use of climate-aware AI models 
for early warning systems can help farmers take preventive measures and ultimately avoid crop losses. 

 

Future research will look to enhance the precision of climate-aware pest prediction systems leveraging advanced machine 

learning algorithms, long-term environmental data collection, and real-time integration of spatially resolved climate 

information. These systems have the potential to enhance sustainable agriculture and global food security in a changing 

climate. 

 

10. CONCLUSION 
Deep learning is one of the most successful technologies used in agricultural disease recognition systems and smart pest 

management systems. This study provides evidence for the importance of agricultural entomology and promotes the use of 

artificial intelligence/computer vision in pest monitoring methodology. A plethora of deep learning architectures, including 

CNNs, object detection models, segmentation methods, and transformer-based methods, were explored in detail. Other 

subtopics that the study investigated are publicly available datasets, methods of data collection, and performance evaluation 

metrics, along with practical agricultural applications of deep learning technologies. 

 

Results show that deep learning models outperform traditional pest detection methods by a significant margin. For example, 

automated systems can identify insect species with high precision, monitor pest populations, and aid in the management of 

crop/pest interactions instead of traditional agriculture, where this process is conducted manually by entomologists studying 
images or sound. AI pest management solutions have been bolstered by the use of other technologies, such as drones used to 

monitor spaces and check for infestations or IoT devices that can warn managers when abnormal activity is detected. A lot of 

these developments lead to a lower use of pesticides, higher crop protection, and more sustainable farming. 

 

However, in plant protein up scaling to mass production or for practical agricultural deployment, many issues still exist despite 

these achievements. Model performance is still impacted by limited datasets, class imbalance, and computational complexity 

(CPU and memory) challenges in deploying the model on non-cloud-based edge devices /environmental variations/small object 

detection problems. Additionally, the absence of transparency in deep learning models emphasizes that explainable AI (XAI) 

techniques are also urgently needed for agricultural applications. 

 

Future trends in Edge AI, federated learning, multimodal systems, and robotics, along with climate-aware prediction, are likely 

to augment diligent intelligent agricultural systems. Combining deep learning with autonomous farming and environmental 
monitoring will allow the technology behind modern agriculture to become an efficient, cutting-edge, data-driven industry that 

is sustainable through machine intelligence. In summary, deep learning is promising to democratize agricultural entomology in 

settings where pest management solutions are vital for global food security. 
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