
 

 
1st Saran Raj S 

Division of Computer Science and 
Engineering 

Karunya Institute of Technology and 
Sciences 

Coimbatore, India 
saranraj@karunya.edu.in 

 

 
2nd Matthew Palmer G 

Division of Computer Science and 
Engineering 

Karunya Institute of Technology and 
Sciences 

Coimbatore, India 
matthewpalmer@karunya.edu 

 

 
3rd Leonard Shruthi 

Division of Computer Science and 
Engineering 

Karunya Institute of Technology and 
Sciences 

Coimbatore, India 
leonardshruthi@karunya.edu 

Abstract— Long time is taken by conventional agricultural 
pest scouting techniques, which are also vulnerable to mistakes 
made by humans and may not identify pests on time. In this 
study, the authors propose a unique deep learning system using 
an accurate and efficient algorithm called EfficientNetB4 for 
pest detection. The system has been trained with vast data of 
insects’ photographs which can be used in real-time to 
distinguish between various species of pests. This work 
recommends a deep learning-based method for pest detection 
that is different from any other methods. Our system uses 
EfficientNetB4 algorithm that is known for its accuracy and 
efficiency. We have trained our model on a large dataset of 
pests’ photos so that it is able to recognize and classify different 
types of pests in pictures that have been taken. It has several 
benefits: Better Accuracy: As compared with traditional 
approaches, EfficientNetB4’s deep architecture performs better 
in terms of exact pest identification. On Time Intervention: 
Early detection of pests limits plant destruction due to diseases 
hence promoting long-term control measures against them. 

Keywords— Deep learning, Pest detection, Agricultural pests, 
EfficientNetB4, Crop damage, Sustainable agriculture. 

I. INTRODUCTION 

Deep learning is changing agriculture through pest 
detection systems, which provide a more accurate and 
efficient way of tracking and controlling pest infestations. 
Traditional pest detection methods require farmers to 
manually check their crops, which can be time-consuming and 
involve human error. Deep learning algorithms, on the other 
hand, use artificial intelligence to analyze large data sets and 
identify patterns, making the system accurate and capable of 
detecting pests automatically. This is one of the most 
important benefits of deep learning-based pest detection 
systems: they can process a huge amount of data in real time. 
In addition to classical detection methods, cameras or other 
sensors can take pictures or collect information about the 
crops and their surroundings. The data is used to develop the 
deep learning system by training it, allowing it to recognize 
different pests based on their specific characteristics. 
Pervasive data collection and internet connectivity allows our 
models to identify the emergence of pests in real-time and 
alert farmers so that they can take immediate actions to 
mitigate the impacts of infestations. Notably, deep learning 
systems get better over time. As new data is collected and 

poured into the system, these models can be updated, and their 
parameters can be adjusted to make better and more accurate 
predictions. The system is extremely effective at identifying 
and controlling new pest threats because of this iterative 
learning process, which guarantees that the system can adapt 
to new pest species or variations in pest behavior. 

The adaptability of deep learning-based pest detection 
systems is an additional benefit. In addition to pests, the 
algorithms can be trained to identify signs of plant illnesses, 
nutrient shortages, and other problems related to the health of 
crops. Because of this, the system can offer thorough 
monitoring and diagnostic capabilities, empowering farmers 
to take preventative action and deal with possible issues before 
they become more serious. 

Deep learning-based pest detection systems can also be 
used in a variety of agricultural environments and are very 
scalable. These systems can be tailored to meet the unique 
demands and specifications of the users, regardless of the size 
of the farm or commercial enterprise. They give farmers a 
versatile and effective tool for managing and detecting pests, 
and they may be integrated with current farm management 
systems or used independently. 

In summary, deep learning-based pest detection systems 
provide a number of benefits over conventional techniques, 
giving farmers a more precise, effective, and scalable way to 
monitor and control pest infestations. These systems use 
artificial intelligence to provide real-time pest identification, 
ongoing development, and extensive monitoring capabilities. 
This helps farmers maximize agricultural yields and enhance 
crop health. 

II. LITERATURE REVIEW 

Zhao et al.'s recent study [1] used a deep learning model 
named DPeNet to create an automated pest monitoring 
system. In order to enable prompt intervention and pest 
management techniques, the system seeks to precisely  detect  
and  identify  pests  in agricultural fields. 

YOLO-based lightweight deep learning models were 
proposed by Kumar et al. [2] for an insect identification 
system with field adaptation. By adjusting to various field 
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circumstances, the models seek to increase the efficacy and 
precision of insect identification in agricultural contexts. 

The creation of a deep learning-based system for black 
pine bast scale detection was the main goal of Yun et al. [3]. 
The system detects and categorizes pests using cutting-edge 
deep learning techniques, offering insightful information for 
efficient pest management in forestry. 

For the purpose of identifying insect pests, Ahmad et al. 
[4] introduced YOLOv5, a deep learning-based detector. The 
detector is a promising instrument for agricultural pest control 
since it has a high degree of accuracy and resilience in 
detecting pests. 

Ullah et al. [5] suggested an effective method for 
classifying and identifying agricultural pests via a brand-new 
deep learning model named DeepPestNet. The model shows 
encouraging results in correctly classifying various pests, 
which helps agriculture manage pests more successfully. 

Using deep learning object detection models as the 
foundation, Arun and Umamaheswari [6] created an efficient 
and successful multi-crop pest detection system. The system 
attempts to identify and categorize pests in various crop kinds, 
offering a complete pest management solution in various 
agricultural contexts. 

The recommendation of sophisticated deep learning 
models for effective insect pest identification was the main 
goal of Li etal. [7]. The research offers valuable perspectives 
on the process of choosing suitable deep learning models by 
considering particular needs and performance indicators. 

The application of deep learning methods and 
hyperspectral pictures for pest identification was investigated 
by Xiao et al. [8]. The work shows how spectral analysis and 
deep learning may be used together to detect pests in 
agricultural landscapes with accuracy and dependability. 

In order to detect disease, pest patterns, and nutritional 
deficiencies in the "Zingiberaceae" crop, Waheed et al. [9] 
introduced a deep learning-based method. With the aim of 
improving crop health and output, the system provides a 
comprehensive solution for recognizing and treating various 
agricultural concerns. 

AgriPest-YOLO, a quick light-trap technique for 
agricultural pest identification based on deep learning, was 
presented by Zhang et al. [10]. The technique makes it 
possible to identify pests quickly and effectively while also 
giving useful information for prompt pest management 
treatments in agricultural fields 

III. EXISTING SYSTEM 

There are certain drawbacks to the current deep learning-
based pest detection technology. First off, precise and superior 
training data are crucial to the system's operation. Large 
volumes of labeled data are necessary for deep learning 
models to learn from, yet obtaining this data can be costly and 
time-consuming. Furthermore, it can be difficult to 
appropriately categorize this data because pests can differ in 
look and behavior, making it impossible to compile a 
comprehensive dataset that accounts for every scenario. 

The current system's requirement for significant 
processing resources is another flaw. Deep learning models 
need strong hardware to operate and train since they are 
computationally demanding. This can be expensive, 

particularly for businesses with limited resources or scale that 
do not have access to high-performance computing 
equipment. Moreover, the system's real-time capabilities may 
be compromised by lengthy processing times brought on by 
the complicated algorithms and massive volumes of data 
involved. 

Furthermore, because to their lack of interpretability, deep 
learning models are frequently referred to as "black boxes". 
This implies that deciphering and elucidating the logic 
underlying the model's predictions can be difficult. When it 
comes to applications like pest detection, where decision-
making must be understandable and transparent, this lack of 
transparency is problematic. Users may find it challenging to 
put their trust and confidence in a system whose inner 
workings are not easily understood. 

Moreover, overfitting a phenomenon in which a model 
becomes overly tuned to training data and underperforms on 
untrained data affects deep learning algorithms. Given the 
secretive nature and ongoing evolution of pests, this can 
provide a serious challenge to pest monitoring systems. The 
model's inability to effectively generalize to novel pest species 
or differences in appearance could lead to imprecise or lacking 
detections. 

Lastly, privacy and data security issues may also be 
brought up by the current system. Large volumes of data, 
including pictures and sometimes sensitive information about 
the monitored surroundings, are needed for deep learning 
models to function. It becomes imperative to guarantee the 
integrity and confidentiality of this data, particularly in 
situations when the system is installed in private homes or 
places with stringent privacy laws. 

Overall, even though the current deep learning-based pest 
detection system has showed potential, these drawbacks must 
be addressed to increase the system's efficacy, efficiency, 
interpretability, and dependability in practical applications. 

IV. PROPOSED SYSTEM 

Efficient Net is a distinct scaling approach that uniformly 
uses a compound coefficient to scale each of the dimensions 
of depth, width, and resolution. Search for neural architecture 
is used to design a new baseline network and scale it up to 
produce the family of modeling techniques known as Efficient 
Nets, which reduce FLOPS and parameter size while 
outperforming previous convolutional networks in terms of 
accuracy and efficiency. Changing an input image's width is 
known as width scaling. More feature maps and channels are 
feasible with larger images, which means there is more data to 
process. The technique of altering an image's resolution is 
called resolution scaling. An image's resolution increases with 
its Dots per inch. To put it simply, more pixels in an image 
equals better resolution. Efficient Net B0, a baseline model, 
was established in order to scale the three dimensions. The 
baseline model is called B0, and there are seven different 
Efficient Net models, which range from B0-B7. Each model 
has a different entering image size. The input image size 
grows in tandem with the model level. Convolutional neural 
networks can be efficiently scaled with this adaptable scaling 
technique, which can also improve accuracy with a range of 
frameworks.  

Because direct connections between bottlenecks have far 
fewer channels than expansion layers in inverted residual 
blocks, MBConv bottlenecks process the input image. 
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Convolutional neural networks (CNNs) use a method called 
attention blocks, which involve expanding and compressing 
layers of data to enhance channel features with the highest 

information content while limiting less important features. 
When the network depth is greater, the MBConv gradient does 
not disappear as quickly, which enhances the model's 
performance. Using a swish function with no upper limit 
where gradient saturation won't happen will boost the 
regularization impact. The network drop connect is used to 
stop over-fitting in order to increase performance. In terms of 
Blocks, the Efficient Net B4 and Efficient Net B7 model is 
divided into nine phases. Blocks offer useful layers, and the 
Region Proposal network and Region of Interest pooling are 
Region Proposal network and Region of Interest pooling are 
connected to their feature map.  

Fig. 1. Efficientnet Architecture. 

Once the model is trained, the system will be able to 
analyze new images captured in real-time from fields or farms. 
It will process these images through the trained CNN, which 
will make predictions about the presence of pests and their 
specific species. The system will provide visual feedback to 
the user, indicating the location and type of pests detected. 
This real-time monitoring and detection capability will help 
farmers and agricultural professionals to quickly identify and 
address pest issues before they spread and cause extensive 
damage to crops. 

The proposed work will also explore the potential use of 
additional data sources, such as environmental sensors or 
satellite imagery, to enhance the accuracy and effectiveness of 
the pest detection system. Integrating these data sources could 
provide valuable context and additional insights into pest 
behavior and patterns. 

Overall, the development of a pest detection system using 
deep learning techniques will contribute to more efficient and 
sustainable agricultural practices. By enabling early and 
accurate pest identification, the system will assist farmers in 
taking timely preventive or control measures, reducing crop 
losses, and optimizing resource utilization. 

V. SYSTEM ARCHITECTURE 

The dataset's pest images are sent to the Efficient Net 
network, where they undergo pre-training on ImageNet to 
produce feature maps. The network Drop connect and Swish 
function are used in Efficient Net to enhance performance. 
The bounding box and proposal score for the pest photos are 
produced by the RPN network using the feature map as input. 
ROI pooling receives the RPN network and feature map 
output from the Efficient Net algorithm in order to detect and 
classify pest photos. 

Efficient Net is a scaling approach that uses a compound 
coefficient to consistently scale depth, width, and resolution. 
The Efficient Nets family of modeling techniques uses neural 
architecture search to develop a new baseline network and 

scale it up. This reduces parameter size and FLOPS and 
outperforms previous convolutional networks in terms of 
efficiency and accuracy. Altering an input image's width is 
known as width scaling.  

More feature maps and channels are conceivable with 
larger images, which means there is more data to process . The 
technique of altering an image's resolution is called resolution 
scaling. An image's resolution increases with its Dots per Inch. 
All it takes for better resolution is an increase in the number 
of pixels.  

 

Fig. 2. Sample of pest images from the dataset. 

A cutom dataset is used to evaluate insect pests for deep 
learning-based classification and detection . Consequently, we 
used pest photos from the dataset, which is available to the 
public. Five, ten, and fifteen classes of insect pests have been 
selected for detection and classification. A dataset of 14490 
pest photos, 29210 images for 10 pest classes, and 43210 
images for 15 pest classes was used to train the pest classes. A 
part of the dataset is used for training the model and a small 
amount of images from the dataset is used to test the model. 

The dataset's pest photos are sent to the Efficient Net 
network, where they undergo pre-training on ImageNet to 
produce feature maps. The network Drop connect and Swish 
function are used in the Efficient Net to increase performance. 
The bounding box and proposal score for the pest photos are 
produced by the RPN network using the feature map as input. 
ROI pooling receives the RPN network and feature map 
output from the Efficient Net algorithm in order to detect and 
classify pest photos. 

datasets, the significance of data augmentation for image 
classification analysis has been demonstrated before. In the 
dataset, there is a significant imbalance between the categories 
for each insect pest. Several data augmentation methods, 
including rescaling, zooming, and horizontal flipping, have 
been employed to expand the data while avoiding the over-
fitting issue. The picture is first smoothed using a Gaussian 
filter. After rescaling the pictures and masking each one, 
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segmentation was applied to each sample. A function applies 
pipelining processing to every image in the dataset. 

The convolutional neural network layers of Efficient Net 
B4 and Efficient Net B7 were utilized as feature extractors in 
this study and for Faster R-CNN due to their processing speed 
and added benefit of being lightweight, both of which are 
essential for our final application. The Image Net dataset was 
used to train the pre-trained weights of Efficient Net. For this 
process, the input image's size is fixed at 224 x 224. Therefore, 
we create feature maps for an input image using the 
EfficientNet model and send them to the RPN. 

 

These feature maps are sent into the RPN, which then 
outputs the objectness score and a set of rectangular proposals 
(bounding boxes) that identify the object—a pest, in the 
convolutional neural network feature map. At this stage, the 
grid-anchor with an aspect ratio of [0.25, 0.5, 1.0, 2.0] begins 
with 16x16 pixels. These anchors indicate items that are 
available at the specified location with varying sizes and 
aspect ratios. Crossing over Union compares the bounding 
box to the insect pest image's ground truth, using A and B as 
two sections of region suggestions.  

Rotation estimate is used to validate the insect pests of 
testing photos with the anticipated classification results of the 
Faster R-CNN technique, which is how the performance for 
recognizing the insects is measured [26]. True Positive (TP), 
True Negative (TN), False Positive (FP), and False Negative 
(FN) are the metrics used to analyze the confusion metrics. 
The TP shows the current, accurately classified anticipated 
insect pest class category.  

Other groups that do not fall into the current insect pest 
class category are covered by the TN. The FP relates to 
another form of insect pest that was mistakenly identified as 
the current type of insect pest. The FN refers to the present 
class category of insect pests, which was improperly classified 
and did not belong in the current class. The precision metric 
shows how many of the anticipated positive points are actually 
positive. The recall metric shows how many of the total 
positive points are truly positive. 

VI. METHODOLOGY 

A. Data Collection and Preprocessing 

1) Image Acquisition: The initial component of the 
recommended bug discovery system concentrates on 
accumulating the called for information for educating the 
deep understanding version. Pictures of the influenced plants 
or plants are caught utilizing numerous imaging methods 
such as drones or video cameras. 

2) Data Annotation: Once the photos are acquired they 
require to be annotated to suggest the existence or lack of 
parasites. This action includes identifying each picture with 
the matching parasite course, enabling the deep 
understanding design to pick up from these annotated 
examples and also make exact forecasts. 

3) Data Preprocessing: The accumulated as well as 
annotated pictures go through numerous pre-processing 
strategies to prepare them for training. This consists of 
resizing the pictures to a common dimension stabilizing the 
pixel worths, and also getting rid of any kind of sound or 
pointless info from the photos. Information enhancement 

strategies, such as turning, turning, as well as chopping, 
might additionally be related to raise the variety of the 
training dataset plus boost the design's efficiency. Divide the 
preprocessed information right into training, recognition, 
coupled with screening collections. The training collection is 
utilized to educate the version the recognition collection is 
made use of to monitor efficiency throughout training and 
also protect against overfitting, as well as the screening 
collection is utilized for last assessment of the experienced 
design's generalizability. 

B. Deeplearning Model Training and Validation 

1) Model Selection: The 2nd component concentrates on 
picking a proper deep knowing design style for parasite 
discovery. This includes picking a pre-trained EfficientNet 
B4 version as the base design. This selection is based upon 
its shown efficiency in photo category jobs coupled with its 
effective equilibrium in between precision and also 
computational sources. 

2) Fine Tuning: Make use of transfer finding out by 
packing the pre-trained weights of EfficientNet B4 as well as 
freezing the first layers. These layers consist of common 
function removal abilities discovered from a big dataset, 
which can be moved to the particular job of bug discovery. 
Rearrange the last layers of the design on the prepared bug 
photo data source. This makes it possible for the design to 
adjust to the certain attributes as well as patterns related to 
different bug kinds within the pictures. 

3) Model Training Process: Use a proper deep 
understanding structure (e.g., TensorFlow, PyTorch) to 
execute the design coupled with training procedure. Select an 
enhanced loss feature (e.g., specific cross-entropy) ideal for 
multi-class category jobs like bug discovery. Pick an 
optimizer (e.g. Adam) to upgrade version weights throughout 
training based upon the computed loss. Display efficiency 
metrics (precision, recall, recall F1-score) on the recognition 
established throughout training to stop misfit along with 
make certain the version generalizes well to hidden 
information.. 

C. System Integration and Deployment 

1) Image Processing and Pest Detection: From the 
captured images, we need to perform image processing using 
the deep learning trained model, which can help identify 
whether pests are present or not. Here the model looks for 
some extracted features from the given image data and uses 
its knowledge to predict them. 

2) Decision Making and Alerts: When the pest detection 
module finds the pests present, then the system can perform 
some of the other possible actions. The system can identify 
and send alerts to the farmers who can take the necessary 
steps and precautions or also to the agricultural experts and 
authorities. Algorithms for decision-making, which can 
suggest the pest control measures, can be implemented in the 
system to take some specific actions, which can be either to 
treat with some pesticides, use of some of the crops where 
pests can not be able to deplete the crop or biological pest 
control measures, depending upon the severity of the pests 
and the type of the pest found. 



Pest Detection System Using Deeplearning 
In summary, the proposed pest detection system comprises 
three modules: data collection and preprocessing, deep 
learning model training and validation, and real-time pest 
detection and decision-making. These modules work 
collaboratively to collect and preprocess the required data, 
train a deep learning model, and perform real-time pest 
detection, ultimately aiding in effective pest management and 
crop protection. 

VII. RESULTS AND DISCUSSION 

The Pest detection system using deep learning is a highly 
advanced and efficient system aimed at detecting and 
preventing pests in various settings such as agriculture, 
warehouses, and residential areas. Deep learning, a subset of 
artificial intelligence, is employed in this system to analyze 
large amounts of data and identify pests accurately. By 
analyzing various data inputs, including environmental 
factors and behavioral patterns, these systems can identify 
potential pest entry points and alert residents to take 
appropriate actions, such as sealing cracks or deploying traps, 
to prevent infestations and maintain a healthy living 
environment. 

  

Fig. 3. Training and Validation Accuracy. 

The fig.3 shows the training accuracy and validation 
accuracy of the system in the range of 0 to 0.95.  

The system utilizes a combination of advanced algorithms 
and computer vision techniques to detect and classify pests 
based on their appearance and behavior. It can recognize a 
wide range of pests, including insects, rodents, and other 
common pests that pose a threat to crops or human 
environments. The deep learning model is trained using vast 
datasets containing images and videos of pests, enabling it to 
learn and improve its accuracy over time. 

 

Fig. 4. Training and Validation Loss. 

  The fig 4 shows the training loss and      validation loss of 
data in a range of 0 to 1.2 , with a maximum data loss of 1.2. 

The Pest detection system offers several benefits and 
advantages over traditional pest control methods. Firstly, it 
provides early detection of pests, allowing for timely 
interventions and preventing infestations from spreading. This 
can significantly reduce the use of harmful chemicals and 
minimize crop damage, leading to higher yields and decreased 
economic losses. Secondly, the system is highly automated, 
reducing the need for manual monitoring and intervention. It 
can be integrated with existing surveillance systems, drones, 
or robotic devices to create a comprehensive and efficient pest 
management solution. 

 

 

 



Pest Detection System Using Deeplearning 
Fig. 5. Confusion Matrix. 

Furthermore, the Pest detection system provides real-time 
insights and alerts to users, enabling them to take immediate 
action. The system can send notifications or alarms to farmers 
or pest control professionals, allowing them to respond 
promptly. It also generates detailed reports and data analytics 
to help identify patterns, assess the effectiveness of pest 
control measures, and optimize strategies for long-term pest 
management. 

In conclusion, the Pest detection system using deep 
learning is a powerful tool that revolutionizes pest control. Its 
ability to accurately detect pests, provide real-time feedback, 
and enable swift interventions makes it an invaluable asset in 
various industries. By combining the power of deep learning 
with traditional pest management techniques, this system 
offers a sustainable and effective solution for pest detection 
and prevention. 

VIII. CONCLUSION 

In conclusion, the pest detection system using deep 
learning has proven to be a highly effective and accurate 
method for identifying and detecting pests in various 
environments. By combining advanced image recognition 
algorithms with deep learning techniques, the system is 
capable of correctly classifying and identifying different types 
of pests, such as insects or rodents, in real-time. This system 
offers numerous advantages, including quick and accurate 
identification, early detection of infestations, and the potential 
for automated pest control measures. With further 
advancements and fine-tuning, this system has the potential to 
revolutionize the pest control industry by providing a robust 
and efficient solution for detecting and preventing pest-related 
issues. 

IX. FUTURE WORKS 

In future research, the development of the pest detection 
system using deep learning can be further expanded and 
improved. Firstly, the dataset used for training the deep 
learning model can be expanded to include a wider range of 
pest species and multiple environmental conditions. This 
would allow for a more comprehensive and accurate detection 
of pests in various scenarios. Additionally, the performance 
of the deep learning model can be further optimized by 
exploring different architectures, 
hyperparameter tuning, and ensemble techniques. The system 
can also be integrated with real-time monitoring devices and 
IoT technologies to enable continuous and automated pest 
detection and alert systems. 

Furthermore, the development of a user-friendly interface 
and mobile application would enhance the usability and 
accessibility of the system for farmers and pest control 

professionals. Finally, the system can be extended to not only 
detect pests but also provide recommendations for pest 
management strategies based on the detected pest species and 
severity, ensuring a more holistic approach to pest control. 
Overall, future work in this area would contribute to the 
advancement of pest detection and management techniques, 
improving crop yields and reducing economic losses in 
agricultural systems.  
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