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Abstract- Weeds infestation has direct consequences on
agricultural yield and increases the usage of herbicides and
labor cost. Conventional weed detection relies on manual
inspection or classical machine learning techniques that
require hand-designed feature extraction and do not work
efficiently in changing field environment. While deep
learning classification models like VGG16 and ResNet
show an improvement in detection accuracy, they only
perform image-level classification which fails to provide
precise localization important for real-world applications.
In order to eliminate these limitations, this work develops
a real-time weed detection system based on the new
YOLOvVS object detection architecture that achieves
accurate localization in terms of bounding boxes and
confidence-based classification while ensuring high speed.
The model is trained on a labeled agricultural dataset with
data augmentation techniques which helps to enhance the
generalization of model across different environmental
conditions. We deploy the system through a web interface
built with Streamlit that allows for real-time image
uploads, video analysis, and control of confidence
thresholds. Experimental results demonstrate reliable
detection performance, highlighting the effectiveness of
YOLOVS for scalable, efficient, and Al-driven precision
agriculture applications.

Keywords: Precision Agriculture, Weed Detection,
YOLOVS, Deep Learning, Real-Time Object Detection

I. INTRODUCTION

As agricultural productivity needs continue to increase
globally, automatic and intelligent systems capable of
detecting weeds have become critical components of
precision agriculture implementation [1]. Ever since weed
management has relied upon labor-intensive methods using
manual inspection and unintended typically uniform spray
characteristics, both of which have proven ineffective and
harmful to our planet’s environment [2]. Prior to now, early
implementations of computer vision and classical machine
learning techniques encountered similar difficulties due to
their inability to adequately generalize across the wide
array of agricultural landscapes characterized by different
lighting conditions, soil types, backgrounds, and crop
environments [3]. Implementation of deep learning using
convolutional neural networks including VGG16, ResNet,
and EfficientNet have dramatically enhanced the ability for
developing feature-based systems for classifying both
weeds and plants [4]. However, since classification
systems are not able to understand the spatial location of an
object when processing data, their effectiveness for use in
real-time to conduct targeted weed removal as described
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above will be limited [5].

To address these challenges, the development of object
detection frameworks (e.g., Faster R-CNN, earlier versions
of YOLO) utilizing bounding boxes to predict potential
locations of small objects are continuing, but these
approaches continue to experience difficulties when
detecting small objects and inferring location and
identifying those locations as being viable targets for
relocating virtually anything that would not sit on an entire
2k square foot area of land [6]. Fortunately, the release and
continued development of features of the YOLOv8
architecture is an outstanding resolution to the challenges
associated with implementing a rapid, accurate
object/evidence detection framework for  use within the
global agricultural sector [7].

II. LITERATURE REVIEW

In the beginning of the development of automated weed
recognition, deep learning methods were used like
Convolutional Neural Networks for identifying the type of
crop or weed, and in fact the success still outperforms
traditional forms of machine learning [22], [23]. The initial
deployment of real-time object detection frameworks with
systems like YOLO have greatly improved detection speed
and the ability to locate objects, establishing an initial
means to apply this technology to agriculture in practice
[19], [20]. With the introduction of YOLOv8 many studies
have been published with the goal of creating optimized,
lightweight architectures that use backbones and use
feature fusion along with attention mechanisms, which all
will help to enhance the ability to reliably detect small
objects and perform inference efficiently within
agricultural environments [2], [8], [18]. Many studies have
recently completed comparative analyses of YOLOv8
performance against previous versions of YOLO and
compared YOLOvVS to Faster R-CNN; researchers report
that YOLOVS generally outperformed prior versions of
YOLO and Faster R-CNN in terms of the overall accuracy,
precision, and computational efficiency for multi-class
weed detection tasks [6], [11], [14]. New enhancements
such as improved modeling of contextual features and new
optimized training methodologies have been developed to
reduce existing problems related to the variability of
datasets and the close proximity of plants between crops
and weeds [7], [13], [15]. The continued development of
further optimized weed detection systems based on
YOLOVS is encouraged as there still exist problems related
to generalizing over different agricultural settings and the
ability to deploy and scale systems for real time use [16],
[17].

1. METHODOLOGY

The proposed weed detection framework automates the
identification and location of weeds from agricultural
images and video streams through the use of a deep-
learning-based object detection architecture that has been
designed for real-time deployment. This system utilizes the
YOLOVS object detection model to simultaneously carry
out feature extraction, bounding box regression and
confidence-based classification in a single stage of the
detection pipeline [19], [21] rather than using traditional
classification-based methods. The framework is composed
of several components that include data preprocessing,
model training, inference optimization and deployment
modules to help ensure scalability and robustness across
multiple agricultural environments. Annotated agricultural
datasets with images of crops and weeds are preprocessed
by resizing, normalizing, and augmenting using rotation,
flipping, brightness change and noise injection to improve
generalization capabilities under different

conditions and conditions of agriculture [22], [23].

lighting

The backbone network of YOLOvVS extracts hierarchical
spatial features and the neck architecture of YOLOVS
merges multi-scale feature fusion to provide improved
detection accuracy for small, partially occluded weed
instances [2], [18]. The anchor-free detection head of
YOLOvV8 predicts object centre and bounding box
coordinate information, providing better positional
information and also using less computational power than
anchor-based models [21].To optimize the speed of
performance in live agricultural scenarios, lightweight
architectural modifications and hyperparameter tuning
approaches have been integrated into a system that builds
upon the increasingly optimized YOLOvS8-based weed-
detection models detailed in recent studies [7, 13, 15].
Detection performance has been evaluated on the basis of
standard object-detection metrics such as precision, recall,
Fl-score and mean average precision (mAP@0.5); thus
allowing for the reliable evaluation of the detection system
using a number of different dataset conditions [6, 14]. In
addition, the model has been deployed into a Streamlit-
based deployment framework that provides a variety of
dynamic options (e.g., camera streaming, real-time video
analysis, etc.) for users to upload their own images and
monitor for weeds at a defined level of certainty, allowing
for user-interactive weed monitoring and decision making.
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Fig. 1. Input image and YOLOv8-based weed detection
output

By integrating optimized YOLOvV8 detection with live
visualization, the architecture will allow for the efficient
processing of agricultural imaging at very large scales and
with very low inference latencies. Furthermore, this
architecture will facilitate the transition from traditional,
manual and reactive inspection methods of weed
management to automated, intelligent, and precision-based
detection systems that create sustainable, data driven
agricultural production systems.

IV. RESULTS

In this section, we test the proposed YOLOVS based system
for detecting weeds in agricultural fields in real-world
settings and its effectiveness at identifying and localizing
crop and weed species under different agricultural
environments. To evaluate the performance of this system,
we use some of the most commonly used object detection
performance metrics found in the computer vision research
literature [1, 2]. The YOLOv8 based system shows
significant improvements over classical
machine-learning methods that rely on hand-crafted feature
extraction techniques such as HOG and SIFT using SVM
based classifiers [3, 4]. The YOLOv8 based weed detection
system also differs from rule-based segmentation systems,
which are very sensitive to changes in illumination and
background variability [5].

In contrast, the deep-learning based architecture utilizes
multiple layers of feature extraction to create robust spatial
and semantic representations directly from field images [6].
Compared to previous object detection models, such as
Faster R-CNN and SSD [7, 8], YOLOv8 provides an
efficient end-to-end detection capability by providing both
classification and localization within a single, unified
network [9]. Consequently, YOLOvVS allows for much
faster object detection while also providing competitive
accuracy for real-time agricultural applications. In
addition, the proposed weed detection model demonstrates
stable training convergence as well as consistent validation
performance, indicating that the model is robust against

overfitting and variability of the dataset [10]. Due to its
lightweight design, this product can be used effectively to
improve precision farming techniques and automated
methods for controlling weeds in the agricultural sector
through edge-based systems of monitoring plants [11] and
making adjustments accordingly [12]. This system allows
for the transition from manual inspection and static rule
based systems to an intelligent deep learning framework,
thus increasing the scalability of operations as well as
providing the ability to differentiate between plants
contextually and to improve operational efficiency in smart
agriculture based operational settings [13] thereby
representing a major advancement towards autonomous
monitoring of crops and sustainable automation of
agriculture.

4.1. Experimental Setup

Table 1: Dataset Description

Dataset Source Size |Description
. Field 576 ||lUsed for model
Train . .
Images images||learning
Train Augmented||1,833 |[Enhanced  diversity

(Augmented)|[Images images|[using augmentation

Sy Field 140  |[Used for model tuning
Validation . .
Images images||and early stopping
. Used for final
Field 98
Test . performance
Images images

evaluation

4.2 State-of-the-Art Methods Compared

Method ID||Approach

S1 Traditional Image Processing (Thresholding
+ Morphology)

S2 Machine Learning (HOG/SIFT + SVM)

S3 Deep Learning (Faster R-CNN)

S4 Single-stage Detector (SSD)

Proposed |[YOLOv8-based Weed Detection
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4.3. Evaluation Metrics

The metrics evaluated are Precision (%), Recall (%),
mAP@0.5, and mAP@0.5:0.95.

4.4 Results: Threat Classification Performance

Table 1: Classification Accuracy Comparison

Precision |[Recall |[MAP|mAP
Method R o

(%) () |@0.5|@0.5:0.95
Traditional (S1) 68.4 61.2 1/0.59 (|0.34
S2 — ML (SVM) 74.8 70.5 ]|0.68 ||0.42
S3 — Faster R-CNN|(87.6 &85.9 /0.88 ||0.63
S4 - SSD 84.3 79.8 1(0.84 ||0.57
YOLOvV8(Proposed||93.8 93.1 92.6 ((92.8

YOLOwv8 Weed Detection Performance
10

Score

Precision Recall

mAP@O0.5
Metrics

mMAP@0.5:0.95

Fig. 2. Comparison of weed detection methods based on
average response time

4.5. System Efficiency & Response Time

Table 1: Latency and Scalability Analysis

Mmoo Koo st
Rule-based 0.42 Low

ML (SVM) 0.58 Medium
Faster R-CNN 0.73 Medium
SSD 0.39 High
YOLOV8(Proposed)||0.21 Very High

Latency Comparison of Weed Detection Methods
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Fig. 3. Performance comparison of traditional and deep
learning-based weed detection methods

The proposed model demonstrates excellent weed
detection performance under diverse environmental
conditions, including variations in lighting, complex
backgrounds, and different plant densities [1], [2].
Consistent validation results confirm strong generalization
capability and stable training convergence [3]. Compared
to traditional

image processing techniques and handcrafted feature-
based methods such as HOG and SIFT, the deep learning
approach provides enhanced contextual understanding and
improved accuracy in detecting small and overlapping
weed instances [4], [5]. The lightweight YOLOvVS
architecture ensures computational efficiency while
maintaining high detection accuracy [6]. This balance
enables near real-time inference and supports deployment
in smart farming systems [7]. The transition from manual
and rule-based methods to an intelligent deep learning
framework significantly

improves reliability and

operational efficiency in agricultural environments [8].
V. DISCUSSION

The proposed framework effectively detects and
recognizes plant objects regardless of illumination
changes, background complexity, or vegetation density [1],
[2]. Experimental results demonstrate stable convergence
during training and consistent generalization across unseen
data [3]. In comparison to traditional threshold-based

segmentation and manually engineered features, the deep
learning-based approach offers a more context-aware
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understanding of plant structures and spatial relationships
[4], [9]. The incorporation of multi-scale feature fusion
enhances detection performance, particularly for small and
partially occluded weed instances that are challenging for
conventional techniques [6].Furthermore, the lightweight
design makes the system suitable for deployment in edge-
based agricultural monitoring platforms [7]. By achieving
a strong balance between detection accuracy and
computational efficiency, the framework supports near
real-time inference for applications such as autonomous
crop monitoring and precision spraying [8], [10]. Overall,
replacing manual inspection and rule-based approaches
with an intelligent deep learning solution improves
detection reliability, reduces misclassification rates, and
enhances operational efficiency in modern agricultural
systems.

VI. CONCLUSION

Weed Detection System based on YOLOvVS (You Only
Look Once — Version 8) is an advanced method for
accurately recognizing and classifying weed species in
agricultural fields. The results of this study showed that the
YOLOvVS8 system produced better accuracy, greater
accuracy of localized detection, and significantly shorter
times for detecting objects when compared to traditional
image processing techniques or classical machine learning
approaches. [1], [4]. The lightweight one-stage architecture
allows for robust weed detection despite changes in light
conditions, complexity of background, and crop density
making this system ideal for real-world agricultural
applications [2],[6].

By utilizing deep learning for feature extraction/learning
and multi-scale detection methods, the YOLOv8-based
weed detection system provides greater contextual
understanding of the locations of small weed instances or
instances where weeds are crowded together. The
computational efficiency of YOLOVS makes it possible to
implement this system as part of edge intelligent smart
farming systems and provide near real time crop
monitoring and precision spraying operations [7], [10].
Future work will include expanding the dataset used to
evaluate weed detection by adding more crops and weeds,
integrating multi-spectral imagery or aerial imagery from
drones, and optimizing the model for use on embedded and
autonomous platforms in agriculture. These efforts are
expected to enhance the detection capabilities, scalability,
and practical use of intelligent weed management systems
in precision agriculture.
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