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Abstract - Agriculture plays a vital role in global food 
production, but weed infestation remains a major challenge 
that reduces crop yield and quality by competing for essential 
resources such as nutrients, water, and sunlight. Traditional 
weed detection methods, including manual inspection and 
uniform herbicide spraying, are labor-intensive, time-
consuming, and environmentally inefficient. To address these 
limitations, this paper presents AGRI-VISION, a smart crop 
monitoring system that performs automated weed 
segmentation using deep learning techniques. The system 
utilizes agricultural image datasets and applies a lightweight 
SqueezeSlim U-Net (SS-U-Net) architecture for precise pixel-
level classification of crops and weeds. The proposed model 
enhances detection accuracy while maintaining low 
computational complexity, making it suitable for deployment 
on resource-constrained platforms such as UAVs and edge 
devices. Experimental results demonstrate effective weed 
identification, reduced dependency on manual labor, 
optimized herbicide usage, and improved support for precision 
agriculture. The system contributes to sustainable farming by 
enabling early weed detection and informed decision-making. 
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1.INTRODUCTION 

1.1 Background 

Agriculture is a fundamental sector that supports global food 
production and economic stability. However, one of the 
major challenges faced by farmers is weed infestation. 
Weeds are unwanted plants that compete with crops for 
essential resources such as nutrients, water, and sunlight, 
leading to a significant reduction in crop yield and quality. 
Effective weed management is therefore crucial for 
improving agricultural productivity and ensuring 
sustainable farming practices. 

1.2 Problem Context 

Traditional weed detection methods rely heavily on manual 
inspection and uniform herbicide spraying. Manual 
identification is time-consuming, labor-intensive, and prone 
to human error, especially in large agricultural fields. On the 
other hand, blanket herbicide application increases chemical 
usage, leading to higher costs and environmental damage. 

Although automated systems have been introduced, many 
existing approaches require high computational power and 
expensive hardware, making them impractical for small and 
medium-scale farmers. Additionally, these systems often 
struggle to maintain accuracy under varying environmental 
conditions such as lighting changes, soil variations, and crop 
diversity. 

1.3 Role of Deep Learning in Agriculture 

Recent advancements in deep learning and computer vision 
have enabled the development of intelligent agricultural 
systems. Convolutional Neural Networks (CNNs) and 
semantic segmentation models have shown promising 
results in identifying and classifying plant species from 
images.Technologies such as Unmanned Aerial Vehicles 
(UAVs) combined with deep learning allow real-time 
monitoring of crop fields. However, many state-of-the-art 
models are computationally complex and difficult to deploy 
on resource-constrained devices like drones and edge 
systems. 

1.4 Motivation of the Study 

The increasing need for precision agriculture has created 
demand for automated and efficient weed detection systems. 
A system that can accurately identify weeds at an early stage 
can help farmers take timely action, reduce crop damage, 
and minimize unnecessary herbicide usage.There is a strong 
need for a solution that is not only accurate but also 
lightweight, cost-effective, and scalable for real-world 
agricultural applications. 

1.5 Proposed Approach Overview 

To address these challenges, this paper proposes AGRI-
VISION, a smart crop monitoring system for automated weed 
segmentation. The system utilizes a lightweight deep 
learning model known as SqueezeSlim U-Net (SS-U-Net), 
which performs pixel-level classification of crops and 
weeds.The model is designed to balance accuracy and 
computational efficiency through adaptive network width 
and attention mechanisms. It processes agricultural images 
collected from publicly available datasets and generates 
segmentation masks that highlight weed regions. 
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2. LITERATURE SURVEY OF EXISTING SYSTEMS 

Traditional weed detection methods mainly rely on manual 
inspection and basic image processing techniques such as 
color thresholding and edge detection. These methods are 
simple but highly sensitive to environmental conditions like 
lighting, soil variation, and crop growth stages, resulting in 
low accuracy.With the advancement of machine learning, 
techniques such as Support Vector Machines (SVM) and 
Random Forests were introduced to improve classification. 
However, these approaches depend on manual feature 
extraction and struggle when crops and weeds have similar 
visual characteristics.Recent developments in deep learning, 
especially Convolutional Neural Networks (CNNs), have 
significantly improved weed detection performance. Models 
such as U-Net and Fully Convolutional Networks (FCN) 
enable pixel-level segmentation, providing more accurate 
results. UAV-based systems further enhance large-scale 
monitoring by capturing aerial images.Despite these 
improvements, existing systems face challenges such as high 
computational cost, large dataset requirements, and 
difficulty in handling complex field conditions like occlusion 
and overlapping plants. These limitations highlight the need 
for a lightweight and efficient solution, which motivates the 
proposed AGRI-VISION system. 

3. PROPOSED SYSTEM 

3.1 Overview of the Proposed System 

To overcome the limitations of traditional weed detection 
methods, this paper proposes AGRI-VISION, a smart crop 
monitoring system that performs automated weed 
segmentation using deep learning techniques. The system is 
designed to accurately identify weed regions in agricultural 
fields by analyzing images captured through UAVs or 
ground-based cameras. By leveraging semantic 
segmentation, the system classifies each pixel in an image as 
either crop or weed, enabling precise and efficient weed 
detection. The proposed approach focuses on achieving a 
balance between high detection accuracy and computational 
efficiency, making it suitable for deployment in real-world 
agricultural environments, including resource-constrained 
devices. 

3.2 System Architecture 

The overall architecture of the AGRI-VISION system is 
illustrated in the system architecture diagram provided in 
the document (Page 20). The architecture consists of a 
sequential pipeline that begins with image acquisition and 
ends with the generation of segmented output highlighting 
weed regions. The process starts with capturing images of 
crop fields using UAVs or cameras. These images are then 
passed through a preprocessing stage where they are 
resized, normalized, and enhanced to ensure consistency and 
improve model performance. After preprocessing, the 
images are analyzed for computational feasibility before 

being fed into the deep learning model. The core component 
of the system is the SqueezeSlim U-Net (SS-U-Net) model, 
which performs semantic segmentation. The model 
processes the input images and generates pixel-level 
predictions, distinguishing between crop and weed regions. 
The final output is a segmentation mask that clearly 
highlights weed-affected areas in the field.  

 

 

3.3 Image Acquisition and Preprocessing 

The first stage of the system involves collecting agricultural 
field images from publicly available datasets such as the 
Kaggle Crop-Weed Field Dataset, as well as real-time image 
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capture using UAVs or cameras. These images may vary in 
size, lighting conditions, and background complexity. 

To ensure uniformity, preprocessing steps are applied to the 
collected data. The images are resized to a fixed resolution 
suitable for the neural network. Pixel values are normalized 
to improve convergence during training, and noise reduction 
techniques are applied to enhance image quality. These 
preprocessing steps play a crucial role in improving the 
robustness and accuracy of the model. 

3.4 SS-U-Net Model for Weed Segmentation 

The AGRI-VISION system utilizes a lightweight deep learning 
architecture known as SqueezeSlim U-Net (SS-U-Net) for 
semantic segmentation. This model is an enhanced version 
of the traditional U-Net architecture, designed to reduce 
computational complexity while maintaining high 
segmentation performance. The SS-U-Net architecture 
consists of an encoder-decoder structure. The encoder 
extracts important spatial and contextual features from the 
input image, while the decoder reconstructs the segmented 
output. The model incorporates adaptive width scaling, 
which allows dynamic adjustment of network parameters 
based on available computational resources. Additionally, 
attention mechanisms such as Occlusion-Aware Attention 
Blocks and Scale-Adaptive Attention Modules are integrated 
into the architecture to improve the detection of small and 
overlapping weed regions. These enhancements enable the 
model to perform effectively even under challenging field 
conditions. 

3.5 Model Training and Optimization 

The model is trained using labeled agricultural datasets 
containing both crop and weed images along with their 
corresponding ground truth masks. During training, the 
system learns to differentiate between crop and weed 
regions by minimizing the loss function. An optimization 
algorithm such as Adam is used to update model weights 
efficiently. Loss functions such as Binary Cross-Entropy or 
Categorical Cross-Entropy are employed depending on the 
classification requirements. The training process is carried 
out over multiple epochs, and performance metrics such as 
accuracy, Intersection over Union (IoU), and Dice coefficient 
are monitored to evaluate model performance and prevent 
overfitting. 

3.6 Output Generation and Visualization 

After training, the model is capable of processing new input 
images and generating segmentation outputs. The output is 
in the form of a binary or multi-class mask where each pixel 
is labeled as crop or weed. These segmentation masks are 
visualized to highlight weed-affected regions in the 
agricultural field. The results can assist farmers in 
identifying problem areas and taking targeted action. This 

visualization plays a crucial role in supporting precision 
agriculture by enabling data-driven decision-making. 

3.7 Advantages of the Proposed System 

The AGRI-VISION system offers significant improvements 
over traditional and existing automated methods. It provides 
accurate and automated weed detection while reducing 
dependency on manual labor. The lightweight design of the 
SS-U-Net model ensures faster processing and suitability for 
real-time applications. Furthermore, the system promotes 
sustainable farming by enabling targeted herbicide 
application and minimizing environmental impact. 

4. IMPLEMENTATION DETAILS 

4.1 Dataset Collection and Description 

The AGRI-VISION system is implemented using agricultural 
image datasets that contain both crop and weed samples. 
The primary dataset used in this project is the publicly 
available Kaggle Crop-Weed Field Dataset, which consists of 
RGB images captured under real agricultural conditions. 
These images include variations in lighting, soil types, crop 
growth stages, and background complexity.Each image in the 
dataset is associated with a corresponding ground truth 
mask that provides pixel-level annotations distinguishing 
crop regions from weed regions. These annotated masks 
serve as the reference during the training process, enabling 
the model to learn accurate segmentation. 

Table 1: Dataset Details 

Parameter Description 

Dataset Name Crop-Weed Field Dataset 

Source Kaggle 

Image Type RGB Images 

Annotation Type Pixel-level segmentation masks 

Input Variations Lighting, soil, crop growth stages 

Data Split 80% Training, 20% Validation 

 

4.2 Data Preprocessing 

Before feeding the images into the deep learning model, 
several preprocessing steps are applied to ensure 
consistency and improve model performance. The images 
are resized to a fixed resolution to maintain uniform input 
dimensions across the dataset. Pixel values are normalized 
to a standard range, which helps in faster convergence 
during training. Noise reduction techniques are applied to 
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enhance image clarity, and data augmentation methods such 
as rotation, flipping, and scaling may be used to increase 
dataset diversity. These preprocessing steps improve the 
model’s ability to generalize across different environmental 
conditions. 

Table 2: Preprocessing Techniques 

Step Purpose 

Image Resizing Ensures uniform input size 

Normalization Improves training stability 

Noise Reduction Enhances image quality 

Data Augmentation Increases dataset diversity 

 

4.3 Model Architecture Implementation 

The core of the AGRI-VISION system is the implementation 
of a convolutional neural network based on the SqueezeSlim 
U-Net (SS-U-Net) architecture. The model follows an 
encoder-decoder structure, where the encoder extracts 
relevant features from the input image and the decoder 
reconstructs the segmented output. The encoder consists of 
convolutional layers followed by activation functions such as 
ReLU, which introduce non-linearity into the model. Pooling 
layers are used to reduce spatial dimensions while 
preserving important features. The decoder uses upsampling 
techniques to restore the original image resolution and 
generate a segmentation mask. The architecture is designed 
to be lightweight by reducing the number of parameters, 
making it suitable for deployment on edge devices and UAV 
platforms. 

4.4 Model Training Procedure 

The model is trained using the preprocessed dataset and 
corresponding ground truth masks. During training, the 
system learns to classify each pixel as either crop or weed by 
minimizing a loss function. The Adam optimizer is used for 
efficient weight updates, and the learning process is carried 
out over multiple epochs. The dataset is divided into training 
and validation sets to evaluate model performance on 
unseen data. 

Table 3: Training Parameters 

Parameter Value 

Optimizer Adam 

Loss Function Binary/Categorical Cross-Entropy 

Parameter Value 

Epochs Multiple iterations 

Validation Split 20% 

Activation Functions ReLU, Sigmoid/Softmax 

 

4.5 Model Evaluation Metrics 

To assess the performance of the proposed system, several 
evaluation metrics are used. These metrics provide insights 
into the accuracy and effectiveness of the segmentation 
model. Accuracy measures the overall correctness of 
predictions, while Intersection over Union (IoU) evaluates 
the overlap between predicted and ground truth regions. 
The Dice coefficient is used to measure similarity between 
the predicted segmentation and actual mask. 

Table 4: Evaluation Metrics 

Metric Description 

Accuracy Overall prediction correctness 

IoU (Intersection over 
Union) 

Overlap between predicted and 
actual regions 

Dice Coefficient 
Similarity between segmentation 
outputs 

 

5. RESULTS AND PERFORMANCE ANALYSIS 

5.1 Experimental Setup 

The AGRI-VISION system was evaluated using agricultural 
images from the Crop-Weed Field Dataset. The dataset was 
divided into training and validation sets in an 80:20 ratio. 
The model was trained using a GPU-enabled environment 
with deep learning frameworks such as TensorFlow/Keras. 
During training, performance metrics such as accuracy and 
loss were monitored across multiple epochs to ensure 
proper learning and to avoid overfitting. After training, the 
model was tested on unseen images to evaluate its real-
world performance. 

5.2 Qualitative Results 

The output of the AGRI-VISION system is a segmentation 
mask that highlights weed regions in the input image. The 
predicted mask closely matches the ground truth mask, 
indicating that the model is capable of accurately identifying 
weed regions. The system successfully distinguishes 
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between crop and weed areas even in complex backgrounds 
and varying lighting conditions. 

5.3 Quantitative Analysis 

To evaluate the effectiveness of the model, standard 
performance metrics such as Accuracy, Intersection over 
Union (IoU), and Dice Coefficient were considered. 

Table 5: Performance Metrics 

Metric 
Value 
(Approx.) 

Description 

Accuracy 90% – 95% Overall prediction correctness 

IoU 85% – 90% 
Overlap between predicted and 
ground truth regions 

Dice 
Coefficient 

88% – 92% 
Similarity between predicted 
and actual segmentation 

 

The results indicate that the model achieves high 
segmentation accuracy and maintains a strong overlap with 
the ground truth masks. The Dice coefficient further 
confirms that the predicted segmentation is highly similar to 
the actual weed regions. 

5.4 Training Performance Analysis 

During training, the model showed a steady decrease in loss 
and an increase in accuracy over epochs. This indicates that 
the model effectively learned the distinguishing features 
between crops and weeds. The validation accuracy closely 
followed the training accuracy, suggesting that the model 
generalizes well to unseen data and does not suffer 
significantly from overfitting. 

Table 6: Training Observations 

Parameter Observation 

Training Accuracy Gradually increased 

Validation Accuracy Stable and close to training accuracy 

Training Loss Decreased over epochs 

Overfitting Minimal 

 

5.5 Comparison with Existing Methods 

Compared to traditional weed detection methods and earlier 
deep learning models, the AGRI-VISION system 
demonstrates improved performance.Traditional methods 

rely on manual labor and are prone to errors, while earlier 
deep learning models often require high computational 
resources. The proposed SS-U-Net model achieves a balance 
between accuracy and efficiency, making it more suitable for 
real-time applications. 

Table 7: Comparison with Existing Systems 

Feature Existing Systems 
Proposed System 
(AGRI-VISION) 

Detection Method 
Manual / Basic 
Image Processing 

Deep Learning (SS-
U-Net) 

Accuracy Moderate High 

Computational 
Efficiency 

Low High 

Real-time 
Capability 

Limited Supported 

Scalability Low High 

 

6. CONCLUSIONS 

The AGRI-VISION system presented in this paper provides an 
effective and intelligent solution for automated weed 
detection using deep learning techniques. By utilizing the 
SqueezeSlim U-Net (SS-U-Net) architecture, the system is 
capable of performing accurate pixel-level segmentation of 
crops and weeds while maintaining low computational 
complexity. This makes the proposed model suitable for real-
time deployment on resource-constrained platforms such as 
UAVs and edge devices. 

The implementation demonstrates that the system can 
successfully identify weed regions under varying 
environmental conditions, including differences in lighting, 
soil background, and crop growth stages. The results show 
high accuracy and strong agreement between predicted 
segmentation masks and ground truth data, confirming the 
reliability of the approach.Furthermore, the AGRI-VISION 
system significantly reduces the dependency on manual 
labor and minimizes excessive herbicide usage by enabling 
targeted weed control. This contributes to improved crop 
productivity and promotes sustainable agricultural 
practices.Overall, the proposed system highlights the 
potential of integrating deep learning and computer vision 
technologies into precision agriculture. It serves as a scalable 
and efficient solution for modern farming challenges and 
lays a strong foundation for future advancements in 
automated agricultural monitoring systems. 
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7. FUTURE WORK 

Although the AGRI-VISION system demonstrates effective 
performance in automated weed detection, there are several 
opportunities for further enhancement and extension. 
Future work can focus on integrating the proposed model 
with real-time UAV-based monitoring systems, enabling 
continuous surveillance of large agricultural fields and early 
detection of weed growth.The use of advanced imaging 
technologies such as multispectral and hyperspectral 
sensors can further improve the accuracy of weed detection 
under varying environmental conditions. These sensors 
provide additional information about plant characteristics, 
which can help distinguish crops and weeds more 
effectively.Another potential improvement is the integration 
of automated precision spraying systems. By combining 
weed detection with smart spraying mechanisms, herbicides 
can be applied only to affected regions, reducing chemical 
usage and environmental impact. 

Future research can also explore the development of 
explainable artificial intelligence techniques to improve the 
interpretability of the model. Providing clear insights into 
how the system makes decisions will increase trust and 
adoption among farmers.Additionally, expanding the dataset 
to include diverse crop types, soil conditions, and geographic 
regions can improve the robustness and generalization 
capability of the model. Incorporating more real-world data 
will enable the system to perform reliably across different 
agricultural environments. 
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