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Abstract – The evolution of agricultural systems is ongoing, driven by new technologies 
that seek to refine traditional farming. The primary goal is to not only boost agricultural 
output per hectare but also to improve crop quality, all while maintaining the natural 
environment. Notably, weeds present a considerable threat to crops, as they deplete 
essential nutrients, water, and light, thus diminishing crop productivity. The uniform 
spraying of entire fields for weed control results in high costs and detrimental 
environmental impacts. To mitigate the limitations of standard weed control methods, this 
research proposes the use of Machine Learning (ML) and Deep Learning (DL) methods to 
identify and classify weeds within crops. For ML-based approaches, various statistical and 
texture-based features are extracted, including image moments, mean absolute deviation, 
and gray level co-occurrence matrix (GLCM). The YOLOv8m algorithm is utilized for 
weed identification, and for weed classification, features from the CottonWeedID15 and 
Earlycrop-weed datasets are used to train SVM, Random Forest, and ANN models, using 
SMOTE to balance the classes. Deep learning models, such as VGG and ConvNeXtBase, 
are also trained on balanced data for automated feature extraction and classification. The 
best ML result was a 99.5% accuracy with SVM, and the best DL result was 98% accuracy 
with ConvNeXt and Random Forest. This demonstrates the potential of these methods for 
efficient agricultural solutions. 

Index Terms – Agricultural automation, weed detection, weed classification, machine 
learning, deep learning, computer vision, YOLOv8, CNN, image processing, precision 
agriculture, sustainable farming, CottonWeedID15 dataset, Early-Crop-Weed dataset, 
transfer learning, feature extraction, SMOTE, object detection. 
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I.    INTRODUCTION 

Global population growth is a pressing concern, with projections indicating a rise to 9 billion by 
2050. This surge necessitates a 70% increase in agricultural output to meet escalating food demands [1]. 
The agricultural sector, however, faces numerous challenges including limited arable land, soil salinity, 
climate change, water scarcity, and weed infestation. Artificial intelligence (AI), particularly through 
computer vision, machine learning, and deep learning, offers promising solutions to these issues [2]. 
Weeds, categorized by leaf shape into broadleaf, grasses, and sedges, are detrimental to crops. They 
compete for resources and harbor pests, leading to significant yield losses, estimated at 40% by the 
European Crop Protection (ECPA). Traditional weed control methods, such as manual removal [3] or 
mechanical devices, are labor-intensive or limited in application. Chemical spraying, while common, is 
costly and environmentally harmful. AI-driven systems provide an alternative by accurately detecting and 
classifying weeds [4]. 

Weed detection and classification pose challenges due to the visual similarities between crops and 
weeds, as well as varying lighting conditions. A typical AI-based weed detection system involves image 
capture, preprocessing, feature extraction, and classification [5]. Recent advancements in AI, driven by 
GPU capabilities, have introduced sophisticated algorithms. Deep learning models, however, require 
substantial computational resources. Transfer learning, which leverages pre-trained models, can mitigate 
this. Studies have shown that fine-tuning deep learning models on agricultural datasets improves accuracy 
and reduces training time [6, 7]. Major Research Contributions: This research focuses on developing 
effective machine learning and deep learning models for weed detection and classification. Key 
contributions include: 

• Annotating the CottonWeedID15 dataset, providing a valuable resource for weed identification 
research [8]. 

• Evaluating the effectiveness of statistical and texture features, alongside deep learning features, 
for weed detection. 

• Utilizing U2Net for background removal to enhance image analysis. 
• Highlighting the potential of deep learning in agriculture to improve crop yields and promote 

sustainable practices. 

II.     LITERATURE SURVEY 

The application of machine learning (ML) and deep learning (DL) techniques has become 
increasingly prevalent in addressing various challenges within agriculture, and weed detection is a 
significant area of focus. Numerous studies have explored automated methods to identify and classify 
weeds in agricultural fields, aiming to reduce reliance on manual and indiscriminate chemical control 
approaches. Early research in this domain often utilized traditional machine learning algorithms coupled 
with handcrafted feature extraction techniques. For instance, Support Vector Machines (SVMs) have been 
extensively investigated for weed density classification. These studies frequently relied on texture-based 
features extracted from images, such as those derived from the Gray-Level Co-occurrence Matrix 
(GLCM). By analyzing the spatial relationships between pixel intensities, GLCM features capture 
information about image texture, which can help differentiate between crops and various weed species. 
Some of these early works reported promising accuracies, reaching up to 84.85% in specific scenarios. 
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However, the performance of these methods was often heavily dependent on the quality and robustness of 
the manually engineered features. 

Recognizing the limitations of handcrafted features, researchers have increasingly turned to deep 
learning techniques, particularly Convolutional Neural Networks (CNNs). CNNs have the inherent 
capability to automatically learn hierarchical representations of image data, eliminating the need for 
explicit feature engineering. Various CNN architectures, ranging from relatively shallow networks to 
deeper models like VGGNet, have been explored for weed detection and classification tasks. These models 
have demonstrated significant potential in handling the complex visual variations present in agricultural 
environments, including differences in lighting, growth stages, and weed density. To address the 
challenges associated with limited and often imbalanced agricultural datasets, several strategies have been 
employed. Generative Adversarial Networks (GANs) have been explored as a means of data 
augmentation, allowing for the generation of synthetic weed and crop images to increase the size and 
diversity of training sets. Transfer learning, a technique that leverages knowledge learned from large, 
general-purpose image datasets (such as ImageNet), has also proven highly effective. By fine-tuning pre-
trained CNN models on smaller agricultural datasets, researchers have been able to achieve high accuracy 
with reduced training data and computational resources. 

Furthermore, the field has seen the application of object detection models like YOLO (You Only 
Look Once) for localizing and classifying individual weeds within an image. These models offer the 
advantage of performing both detection and classification in a single forward pass, making them suitable 
for real-time applications. Different versions and adaptations of YOLO have been investigated for specific 
agricultural contexts, including weed detection in turfgrass and the classification of diverse crop and weed 
species. Ongoing research efforts continue to focus on several key areas. These include the development 
of more robust and efficient feature extraction techniques, the optimization of deep learning model 
architectures for agricultural tasks, and the exploration of advanced data augmentation strategies to 
improve model generalization. Addressing the challenges posed by complex visual data variations, such 
as overlapping plants and varying environmental conditions, remains a critical focus. Moreover, the need 
for large, accurately annotated datasets to effectively train and evaluate these sophisticated models is a 
persistent challenge that researchers are actively working to overcome. 

In summary, the literature reveals a significant shift from traditional machine learning approaches 
relying on handcrafted features towards deep learning methodologies that automatically learn relevant 
representations. While substantial progress has been made, ongoing research continues to explore novel 
techniques and address the remaining challenges to develop highly accurate and practical weed detection 
systems for real-world agricultural applications. 

III.  METHODOLOGY 
 

This study explored both traditional machine learning (ML) and modern deep learning (DL) 
techniques for the task of weed detection and classification in agricultural imagery. The methodology 
involved several key phases: dataset acquisition and preparation, image preprocessing to enhance data 
quality and reduce complexity, extraction of relevant features using both manual and automated 
approaches, training and evaluation of various classification models, and the application of a state-of-the-
art object detection algorithm for weed localization. 
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1. Datasets 

Two publicly available datasets were utilized: Early-Crop-Weed [6] and CottonWeedID15 [17]. The 
Early-Crop-Weed dataset focused on early-stage weeds (velvetleaf, black nightshade) and crops (cotton, 
tomato), while CottonWeedID15 provided a more diverse set of fifteen weed species common in cotton 
fields. Both datasets exhibited class imbalance, as visualized in Figures 3 and 4, which necessitated the 
use of balancing techniques. 

 

Fig 1: Collection of  weed datasets 

2. Preprocessing 

Several preprocessing steps were applied to the images to improve model performance and reduce 
computational cost. 

● Annotation: For YOLOv8 training, weed leaves in both datasets were annotated with bounding 
boxes using LabelImg, minimizing soil inclusion to focus on the target (Figure 5). 

● Grayscale and Resizing: Color images were converted to grayscale and resized to 224x224 pixels 
to reduce computational load and standardize input size. 

● Background Removal: The U2-Net deep learning model was employed to remove background 
noise and focus on the plant regions using generated saliency maps (Figure 6). 

● SMOTE: The Synthetic Minority Over-sampling Technique (SMOTE) was used to address the 
class imbalance present in both datasets by generating synthetic minority class samples. 
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Fig 2: Smart Agriculture Model architecture   

3. Manual Features 

Following preprocessing, manual features were extracted, including texture features using the 
Gray-Level Co-occurrence Matrix (GLCM), statistical features (mean, standard deviation, etc.), and 
shape-based Hu moments. These features were normalized and used to train traditional ML classifiers: 
Support Vector Machines (SVM), Random Forest, and Artificial Neural Networks (ANN). SMOTE was 
applied to the training data before feature extraction to handle class imbalance. 

4. Deep Learning Features 

Deep learning features were automatically extracted using several pre-trained Convolutional 
Neural Network (CNN) architectures (e.g., VGG16, ConvNeXt) initialized with weights from the 
ImageNet dataset, employing transfer learning. SMOTE was applied to the training data prior to feature 
extraction to ensure balanced class representation (Figures 7, 8). The extracted features were then used to 
train a Random Forest classifier for evaluation. 

5. Experimental Setup and Results 

The datasets were split into training (70%), validation (15%), and testing (15%) sets. For manual 
features, ANN achieved 89.26% accuracy on CottonWeedID15, and SVM (polynomial kernel) reached 
99% on Early-Crop-Weed. Deep learning features with Random Forest yielded 98% accuracy on Early-
Crop-Weed and 89% on CottonWeedID15. The YOLOv8-M object detection model achieved a mean 
average precision (mAP) of 89% after 100 training epochs. The detailed results are presented in tables and 
figures as referenced in the original text. 
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IV.   RESULTS AND DISCUSSIONS 

 Manual Features and Classifiers: After extracting manual features, the datasets were split into 
training (65%), validation (20%), and testing (15%) sets. The ANN achieved 89.26% testing accuracy on 
the CottonWeedID15 dataset, while SVM with a polynomial kernel achieved 99% accuracy on the Early-
Crop-Weed dataset. Deep Learning Features and Classifiers: Deep learning features were extracted using 
pre-trained CNN architectures. A Random Forest classifier was used. Features from ConvNeXt yielded 
the best performance, achieving 98% accuracy on the Early-Crop-Weed dataset and 89% on the 
CottonWeedID15 dataset. YOLOv8 Object Detection: YOLOv8-M was implemented. The model 
achieved a mean average precision of 89%. Discussion: Deep Learning vs. Manual Features: Deep 
learning features, particularly ConvNeXt, achieved higher accuracy. SMOTE Effectiveness: SMOTE 
effectively addressed class imbalance. YOLOv8 Performance: YOLOv8 demonstrated strong 
performance in agricultural applications. Related Advancements: IoT devices and optimization algorithms 
show promise. Agricultural Impact: Deep learning technologies have the potential to improve agricultural 
productivity. Future Directions: Future research should focus on improving model robustness and 
exploring multi-sensor data. 

 

Fig 3: Registration page  

 

Fig 4: Registration details 
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Fig 5: Login page  

 

Fig 6: Precict Crop Yield and production page   

 

Fig 7: Precict Crop Yield and production result 
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Fig 8: Crop Recommendation page  

 

Fig 9: Crop Recommendation result  

 

Fig 10: Weed classification page  
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Fig 11: Weed image selection  

 

Fig 12: Detected weed result  

 

Fig 13: Weed information page  
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Fig 14: User profile page  

V.    CONCLUSION AND FUTURE WORK 

Automated weed control systems, powered by advanced technologies, are crucial for addressing 
agricultural weed challenges, improving crop production, and reducing costs. Future research should 
prioritize building larger, more diverse image datasets to enhance real-time performance in agricultural 
settings. Deep Convolutional Generative Adversarial Networks (DCGANs) can be utilized for effective 
crop and weed data augmentation. While deep learning has shown promising results, continuous 
improvement is necessary. A significant barrier to adopting modern agricultural technologies, particularly 
deep learning, is the lack of awareness in agricultural countries. Educating farmers about these 
technologies is essential to improve agricultural practices and crop yields. This study advocates for the 
integration of advanced technologies, especially deep learning, to transform traditional agriculture. By 
promoting the adoption of state-of-the-art techniques for sustainable and efficient weed management, this 
research aims to positively impact the agricultural community and industry. Future research should focus 
on refining the model’s robustness to environmental factors and expanding the dataset to encompass a 
broader range of agricultural scenarios. Investigating transfer learning techniques and exploring the use of 
multi-sensor data for more accurate weed identification are potential avenues for improvement. Current 
research predominantly relies on RGB images for weed detection. Exploring the integration of 
multispectral data, such as infrared or hyperspectral imagery, could provide additional insights into weed 
characteristics and improve the model’s accuracy, particularly in scenarios where visual cues alone may 
be insufficient. 
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