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ABSTRACT: Weeds are a critical factor affecting agricultural productivity, leading to
substantial yield reduction and economic losses for farmers. Conventional weed management
practices, such as manual removal and uniform herbicide application, are labor-intensive,
time-consuming, and environmentally unsustainable due to their adverse effects on soil
quality and water resources. In the Indian agricultural context, weed infestation is responsible
for yield losses of up to 37%, contributing to an estimated annual economic impact of
approximately 70,000 crore in key crops including rice, wheat, and soybean. To overcome
these limitations, this study presents an automated weed detection and classification
framework based on advanced deep learning techniques for precision agriculture. The
proposed system investigates multiple Convolutional Neural Network architectures using
benchmark datasets such as Deep Weeds and Plant Seedlings. Prominent models including
VGG-19, ResNet-50, and InceptionV3 are evaluated under both balanced and imbalanced
data conditions to identify optimal performance characteristics. To further improve real-time
applicability in field environments, the framework incorporates You Only Look Once for
efficient object detection and precise localization of weeds within crop fields. The integration
of CNN-based feature extraction with YOLO detection enables simultaneous classification,
localization, and density estimation of weeds. This combined approach supports site-specific
herbicide application and facilitates the development of autonomous weeding systems. The
proposed methodology significantly reduces manual effort, limits unnecessary chemical
usage, minimizes crop damage, and enhances overall farming efficiency. Consequently, it
offers a scalable, cost-effective, and environmentally sustainable solution for intelligent weed

management in modern precision agriculture systems.

This article can be downloaded from https://ijerst.org/index.php/ijerst 595



https://ijerst.org/index.php/ijerst
http://www.ijerst.com/

575 ntrnational Joural of Enginering Research and Science & Technolgy

Int. J. Engg. Res. & Sci. & Tech. 2026

Keywords:Deep Learning, Convolutional Neural Network, You Only Look Once, Weed

Detection, Smart Farming, Precision Agriculture, Image Classification, Object Detection,

Feature Extraction, Real-Time Detection

1. INTRODUCTION

Agriculture has been an essential part of
human civilization for thousands of years.
The sector continues to evolve with
advancements in technology, especially in
the field of precision agriculture. This shift
has been driven by the need to address
numerous challenges, including improving
crop yields, reducing resource
consumption, and ensuring environmental
sustainability. Among the many challenges
faced by modern agriculture, weed
management remains one of the most
significant. Weeds not only compete with
crops for resources like water, sunlight,
and nutrients but can also act as hosts for
pests and diseases. In this context,
effective weed management is critical to
enhancing crop productivity and ensuring
the long-term sustainability of farming
practices.

Globally, weeds contribute to substantial
losses in crop yields. Research estimates
that weeds are responsible for reducing
global crop yields by 18-38%. In addition
to this yield loss, the overuse of herbicides
to manage weeds has become a major
concern. Excessive use of chemical
herbicides has led to environmental
degradation, including soil and water

contamination, as well as the emergence of

herbicide-resistant weed species. This
issue is particularly severe in countries like
India, where the agricultural sector plays a
crucial role in the economy. In India alone,
weed-induced productivity losses cost
approximately USD 12 billion annually.
Given the importance of agriculture to the
national economy and the detrimental
effects of ineffective weed control, the
need for automated and efficient weed
management systems is more urgent than
ever.

In recent years, automation has become a
key area of focus in the agricultural sector.
Precision agriculture technologies, such as
autonomous drones, are increasingly being
used to monitor and manage crops. Drones
equipped with sensors and imaging
capabilities can provide high-resolution
aerial views of crops, enabling farmers to
monitor plant health, detect pests, and
identify weed infestations in real-time.
This capability is particularly important for
large-scale farms, where manual labor for
weeding is  time-consuming  and
inefficient. However, despite the promise
of these technologies, several challenges
remain, particularly in the realm of weed
detection and management.

2. LITERATURE SURVEY
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Weed management has always been a
major challenge in agriculture, as weeds
compete with crops for vital resources
such as nutrients, water, and sunlight. The
increased use of herbicides has raised
concerns regarding their environmental
impact and the development of herbicide-
resistant weed species. In response to these
challenges, several technologies have been
developed to automate and optimize weed
detection and management. Among the
most  promising  technologies  are
unmanned aerial vehicles (UAVs) or
drones, combined with deep learning
techniques for real-time weed and crop
identification. This literature review
explores the various approaches and
advancements in  drone-based weed
management systems using machine
learning and deep learning models,
highlighting the key methods, challenges,
and limitations of existing systems.

One of the earliest studies focused on the
use of UAVs for precision agriculture,
specifically for crop monitoring and weed
detection. Zaman et al. (2015) examined
the potential of UAV-based remote
sensing for agricultural applications. They
used UAV-mounted multispectral cameras
to capture high-resolution images of crops,
enabling the identification of crop and
weed species. Their findings suggested
that UAVSs could significantly improve the
efficiency of weed detection compared to

traditional methods, which rely on human
labor and herbicide application. However,
their system faced limitations due to low-
resolution images and difficulty in
distinguishing weeds from crops in dense
environments. Their study laid the
groundwork for the use of drones in
agriculture but highlighted the need for
more advanced algorithms and imaging
technologies to improve weed detection
accuracy.

3. SYSTEM ARCHITECTURE

The system architecture of Smart
Agriculture Surveillance is designed to
identify weeds and crops using drone-
based imaging. It follows a distributed
architecture that integrates aerial data
collection with intelligent processing.
Drones capture high-resolution images of
agricultural fields in real time. A
preprocessing layer filters noise and
enhances image quality for accurate
analysis. The deep learning layer uses
convolutional ~ neural  networks to
distinguish crops from weeds. The output
layer provides actionable insights to
farmers for effective crop management and

precision agriculture.
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Fig 1:System Architecture

3.1 Methodology
The proposed research methodology for
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proposed CNN-YOLO model outperforms
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the traditional CNN, achieving higher
accuracy and better localization in
complex field environments.

4. DESIGN AND CONSTRUCTION
The design and construction of the
proposed weed detection and classification
system are developed using an integrated
deep learning framework that combines
feature extraction and real-time object
detection. The system architecture begins
with image acquisition from field sources
such as cameras, drones, or mobile
devices, followed by preprocessing steps
including resizing, normalization, and
noise reduction to ensure data consistency.
A Convolutional  Neural  Network
backbone is employed to extract
hierarchical features such as leaf shape,
texture, and color variations from input
images. These feature maps are then
passed to the You Only Look Once
detection layer, which divides the image
into grid cells and predicts bounding
boxes, confidence scores, and class
probabilities for weed identification and
localization. Non-maximum suppression is
applied to eliminate redundant detections
and retain the most accurate results. The
system is constructed using pretrained
models such as VGG-19 or InceptionV3 to
improve learning efficiency and accuracy
through transfer learning. The final output
displays detected weeds with bounding

boxes and labels, enabling real-time

monitoring and decision-making. This
design ensures high accuracy, fast
processing speed, and robustness under
varying environmental conditions, making
the system suitable for practical
deployment in smart farming applications.
5 RESULTS AND DISCUSSION

The results indicate that deep learning-
based methods are highly effective for
weed detection and classification in smart
farming.  Unlike  traditional  image
processing methods, convolutional neural
networks (CNNs) can automatically learn
features such as leaf shape, texture, and
color, reducing the need for manual feature
extraction. The system showed strong
reliability in detecting most weeds present
in the fields, which is essential for
reducing crop competition and increasing
yield. Some challenges remain, such as
detecting weeds in overlapping plant
regions, under shadows, or in low-light
conditions. These limitations could be
addressed by expanding the dataset,
applying
techniques, or incorporating multi-spectral

advanced augmentation
imaging. The ability to classify different
weed species allows for precision weed
management, enabling selective herbicide
application or mechanical removal. This
reduces chemical usage, lowers costs, and
promotes sustainable farming practices.
Integration with 10T devices or robotic

systems could further allow real-time
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automatic weeding, improving overall

farm efficiency.

Fig 2: Python Environment Setup
The fig2 illustrates the run the code in the
cmd after activating the my environment.
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Fig 3: Home Page
The above fig illustrates the corresponding

module of the system, showing the home

page
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Fig 4: Detection Image Upload
This fig 4shows the uploading the images
and yolo model will predict.
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Fig 5: Prediction Result
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YOLQ's Analysis

Fig 6: Model Accuracy
Fig 6 is the graph shows that the YOLO
(You Only Look Once) model achieves an
accuracy close to around 97-98%, which
indicates very strong performance. This
high accuracy means the model is highly
effective at correctly detecting and
classifying objects (such as weeds or
crops) with minimal errors. Since YOLO
processes images in a single pass, it not

only provides high accuracy but also

maintains real-time detection speed,
making it suitable for  practical
applications like smart farming or
surveillance.

6. CONCLUSION

The Smart Agriculture Surveillance system
for weed and crop recognition provides an
efficient solution to address the challenges
of traditional weed management methods.
By leveraging deep learning techniques,
particularly the YOLOv8 model, the
system achieves high accuracy and speed
in detecting and classifying crops and
weeds from aerial drone images. Real-time
processing capabilities ensure immediate
feedback during drone flights, allowing
farmers to take prompt action. The web-

based platform enhances accessibility by
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enabling farmers to upload and analyze
images remotely, making the system
scalable and user-friendly. The system’s
ability to integrate cloud storage and edge
computing ensures that it can handle large
datasets  while  delivering efficient,
accurate, and environmentally friendly
results. As a result, this solution holds the
potential to revolutionize weed
management in precision agriculture,
reducing reliance on harmful chemicals
and improving overall crop yield
Future scope:Future work can focus on
developing a lightweight YOLO-Mobile
Net hybrid model to enable real-time weed
detection on edge devices and mobile
platforms with reduced computational
cost. Integrating advanced optimization
techniques and continual learning can
further improve detection accuracy under
diverse field conditions. Additionally,
deployment on loT-enabled smart farming
systems can support scalable and
automated precision agriculture solutions.
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