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Abstract—Effective weed management is essential for
increasing crop yields and reducing environmental harm.
Traditional weed detection methods often face challenges
with accuracy and efficiency, resulting in ineffective weed
management. Current systems such as YOLO, while useful
for real-time object detection, struggle with precise weed
identification. To improve this, we propose the use of
ResNet50, a deep learning model known for its robust image
classification  capabilities. By  applying  advanced
preprocessing techniques, including data augmentation and
noise reduction, ResNet50 enhances weed detection
accuracy. Our comparative analysis reveals that ResNet50
achieves an accuracy of 98.06%, significantly outperforming
YOLO, which has an accuracy of 93.95%. This advancement
demonstrates ResNet50’s superior performance in weed
management, leading to more efficient and sustainable
agricultural practices.”

Keywords: Weed management, Deep learning, Image
classification, ResNet50, YOLO, Accuracy, Sustainable
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I. INTRODUCTION

The global population is expected to reach 10 billion by
2050, necessitating a substantial increase in agricultural
productivity to meet the rising food demand. However,
weeds remain a significant barrier to achieving this goal, as
they compete with crops for essential resources such as
nutrients, sunlight, and water. Weeds not only reduce crop
yields but also create favourable environments for pests and
diseases, further exacerbating the problem. Traditional weed
control methods, including manual removal, chemical
herbicides, and mechanical tools, have proven to be
insufficient in addressing this challenge sustainably. The
need for innovative solutions that minimize environmental
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impact while ensuring effective weed management is more
critical than ever [2][5].

One of the major challenges in weed management is the
accurate and efficient identification of weeds, which is
essential for implementing targeted weed control strategies.
Traditional methods, although effective to some extent,
often fall short in precision and scalability. For instance,
manual weeding is labour-intensive and time-consuming,
while chemical herbicides can have adverse environmental
effects and lead to the development of herbicide-resistant
weed species [4]. Mechanical methods, on the other hand,
may not be able to differentiate between crops and weeds
effectively, leading to potential crop damage [3]. These
limitations highlight the importance of developing
automated precision weed control systems that can
accurately target and eliminate weeds without harming the
surrounding crops or the environment [1][3].

Machine learning (ML) has emerged as a powerful tool in
the field of precision agriculture, offering solutions for the
automatic detection and classification of weeds. ML
techniques such as support vector machines, multilayer
perceptron, and random forests have been widely applied to
weed detection tasks, leveraging features like shape, colour,
and texture for classification [1]. However, the visual
similarity between certain weed species and crops poses a
significant challenge for these traditional ML models, often
resulting in misclassification and reduced effectiveness in
real-world applications [10]. This challenge underscores the
need for more advanced approaches that can handle the
complexities of weed-crop differentiation [7][8].
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Deep learning (DL), a subset of machine learning, has
shown great potential in addressing the challenges
associated with weed detection [9]. Unlike traditional ML
models, which rely heavily on manual feature extraction,
DL models are capable of learning hierarchical
representations of data directly from raw inputs [6]. This
ability to automatically extract relevant features from
images allows DL models to achieve higher accuracy in
distinguishing between weeds and crops, even in cases
where the visual differences are subtle [10]. Convolutional
neural networks (CNNs), in particular, have been
successfully applied to various agricultural tasks, including
weed detection, due to their strong performance in image
classification and object detection [6][8].

The integration of deep learning into precision agriculture
opens up new possibilities for developing automated weed
control systems that are both effective and environmentally
sustainable [9]. By enabling precise weed identification and
targeted herbicide application, DL-based systems can reduce
the overall use of chemicals in agriculture, thereby
minimizing their ecological impact [7]. Additionally, these
systems can be adapted to different crop types and
environmental conditions, making them versatile tools for
modern agriculture [9]. As research in this area continues to
advance, DL-based weed detection systems are expected to
play a crucial role in meeting the growing global demand for
food while promoting sustainable agricultural practices [10].

Il. RELATED WORK

Jialin Yu et al.[6] explored deep learning methods,
particularly convolutional neural networks (CNNs), for
image-based weed detection in turfgrass. The proposed
system improves weed detection accuracy in turfgrass
settings. However, limitations include challenges in model
transferability to different types of vegetation and the
requirement for large labeled datasets.

Huang et al.[7] presented a semantic labeling approach
using high-resolution UAV imagery for accurate weed
mapping. The algorithm used is a form of deep learning for
semantic  segmentation.  Limitations include the
computational intensity of processing high-resolution
imagery and the need for extensive labeled data for
training.

Osorio et al.[8] Proposed a deep learning approach for
weed detection in lettuce crops using multispectral images.
The system utilizes CNNs to enhance the accuracy of weed
detection. Limitations involve the need for multispectral
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data, which may not be readily available, and challenges in
adapting the model to different crop types.

Adhikari et al.[9] developed a convolutional encoder—
decoder network for autonomous weeding in paddy fields.
This deep learning-based system focuses on semantic
graphics for precise weed identification. Limitations
include the model's dependency on high-quality data for
training and potential difficulties in real-time application
due to processing requirements.

Gao et al.[10] explored the use of deep convolutional
neural networks (CNNs) for detecting Convolvulus sepium
in sugar beet fields. The system effectively identifies weeds
within complex agricultural environments. However,
limitations include the high computational cost of CNNs
and the need for extensive training data to ensure accuracy
across various field conditions.

Patel and Kumbhar [2] focused on the significant threat
that weeds pose to crop economy and the strategies for
their management. The paper highlights traditional weed
management techniques but does not delve into advanced
machine learning methods. The limitations lie in the
reliance on chemical herbicides, which can lead to
resistance in weeds and environmental concerns.

Igbal et al.[4] investigates alternative herbicides for
managing weeds in glyphosate-tolerant cotton, focusing on
chemical management strategies. While effective in
reducing weed presence, the study's limitation is its
dependence on chemical herbicides, which may contribute
to environmental degradation and herbicide resistance.

Oerke. [5] adresses crop losses due to pests, including weeds,
and the importance of effective management strategies. The
focus is on the economic impact of pests rather than
proposing a specific system or algorithm. Limitations include
a lack of discussion on modern technological approaches for
weed detection and management.

Rehman et al. [1] discussed the application of statistical
machine learning algorithms, such as SVMs, decision trees,
and deep learning models like CNNs, in agricultural
machine vision systems. These systems are designed to
improve tasks such as weed detection and crop disease
diagnosis. However, limitations include the need for
extensive annotated datasets and challenges in model
generalization across diverse agricultural environments.
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Zimdahl [3] provided a comprehensive overview of weed
science, including the biology, ecology, and management
of weeds. It does not propose a specific system or
algorithm but serves as a foundational text for
understanding weed science. The limitation is its general
focus  without addressing modern  technological
advancements in weed detection and management.

I1l. CLASSIFICATION ALGORITHM
Residual Network with 50 layers(RESNET50):

Weed detection in agricultural fields is crucial for
maintaining crop health and optimizing yield. The presence
of weeds can severely impact crop growth by competing for
nutrients, water, and light. Traditional methods of weed
control often involve manual labour or chemical herbicides,
which can be inefficient and environmentally harmful.
Recent advancements in deep learning and computer vision
offer promising alternatives. One such technique is the
ResNet-50 algorithm, a deep learning model known for its
effectiveness in image recognition tasks. This model has
been adapted for various applications, including weed
detection, to enhance accuracy and efficiency in managing
agricultural fields [6][7].

The ResNet-50 architecture, introduced by He et al.,
addresses the challenges associated with training very deep
neural networks. Traditional convolutional neural networks
(CNNs) suffer from issues like vanishing gradients and
degradation of performance as network depth increases.
ResNet-50 mitigates these issues through residual learning,
which involves adding shortcut connections that bypass one
or more layers. This design allows the network to learn
residual functions, simplifying the optimization process and
improving performance. By leveraging residual blocks,
ResNet-50 can effectively capture complex patterns and
features in images, making it suitable for tasks like weed
detection where distinguishing between crops and weeds is
essential [10].

ResNet-50 comprises 50 layers, including convolutional
layers and residual blocks. Each residual block contains two
or three convolutional layers with shortcut connections that
skip one or more layers. During training, the model
processes a dataset of labelled images to learn distinguishing
features. For weed detection, the dataset includes images of
crops and weeds. The model is trained using
backpropagation and optimization algorithms to minimize
the classification loss. Fine-tuning is performed by adapting
a pre-trained ResNet-50 model to the specific weed

detection task, adjusting the final layers to classify the
presence or absence of weeds. This approach improves the
model's accuracy by leveraging previously learned features
and adjusting them for the specific dataset [6][8].

In our project, ResNet-50 was employed to detect weeds in
crop fields. We began by collecting and preparing a dataset
of crop images with labelled weeds. The dataset was divided
into training, validation, and test sets, with data
augmentation techniques applied to enhance the training
data. We utilized a pre-trained ResNet-50 model, fine-
tuning it for our specific weed detection task. The final
classification layer was modified to match the number of
weed and non-weed classes in our dataset. The model was
trained and evaluated on the test set, achieving high
accuracy and reliability. The deployed system integrates
with agricultural machinery or drone imagery to provide
real-time weed detection, offering valuable insights for
effective weed management [7][9].

The implementation of ResNet-50 in our weed detection
project demonstrated significant improvements in accuracy
and efficiency. The model's ability to handle complex visual
patterns allowed it to effectively distinguish between crops
and weeds, reducing the reliance on manual labour and
chemical treatments. The real-time detection system
provides actionable information to farmers, helping them
make informed decisions about weed control and herbicide
application. Overall, the use of ResNet-50 has proven to be
a valuable tool in modern agriculture, offering a reliable and
efficient solution for weed management [10][8].

You Only Look Once version 8(YOLO):

In the field of agricultural monitoring, accurate weed
detection is essential for effective crop management.
Traditional methods of weed control often rely on manual
labour or chemical herbicides, which can be both time-
consuming and environmentally damaging. Recent
advancements in computer vision, particularly with object
detection algorithms like YOLO, offer a promising
alternative. YOLO (You Only Look Once version 8) is an
advanced object detection algorithm known for its
efficiency and accuracy in real-time applications [6][8].

YOLO builds upon the YOLO (You Only Look Once)
framework, which is renowned for its ability to perform
object detection in a single forward pass of the network.
This efficiency is achieved through a unified architecture
that simultaneously predicts bounding boxes and class
probabilities for multiple objects within an image. YOLO
introduces several improvements over its predecessors,
including enhanced backbone networks, more sophisticated
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feature fusion techniques, and optimized loss functions.
These advancements enable YOLO to achieve high
detection accuracy while maintaining real-time processing
speeds, making it well-suited for applications such as weed
detection in agricultural settings [7][9].

The YOLO model consists of several key components: a
backbone network for feature extraction, a neck module for
feature fusion, and a head network for bounding box and
classification predictions. The backbone network extracts
feature from input images, which are then processed by the
neck module to combine and refine these features. The head
network outputs the final detection results, including the
coordinates of bounding boxes and class probabilities.
YOLO's architecture allows for efficient processing by
reducing the number of required computations and
leveraging advanced techniques such as multi-scale feature
integration and anchor-free detection [8][10].

In our project, YOLO was employed to detect weeds in crop
fields by analysing images captured from drones or
agricultural machinery. We began by assembling a
comprehensive dataset of annotated images, including
various weed species and crop types. The dataset was split
into training, validation, and test sets, with data
augmentation applied to enhance model robustness. We
fine-tuned a pre-trained YOLO model on our specific
dataset, adjusting the model's detection layers to cater to the
classes of interest. The trained model was then evaluated for
its performance in detecting and classifying weeds in real-
time. YOLO's capability to provide accurate and fast
detection results was instrumental in developing a system
that assists farmers in managing weed populations
effectively [7][9].

The integration of YOLO into our weed detection system
resulted in significant improvements in detection accuracy
and processing speed. The model's real-time capabilities
allow for timely and precise identification of weeds,
reducing the need for manual inspections and enabling more
targeted application of herbicides. This not only enhances
the efficiency of weed management practices but also
contributes to sustainable agricultural practices by
minimizing chemical use. YOLO's advanced object
detection features have proven to be a valuable asset in
modern agriculture, offering an effective solution for weed
control and crop health management [6][10].

IV. METHODOLOGY

In this research, we use the ResNet architecture to detect
weeds in crops. To improve the quality of the photos, we
begin with data collection and preprocessing and use a
variety of image processing techniques such segmentation,
noise reduction, and histogram equalization. In particular,
we apply bilateral filtering to minimize noise, apply
histogram equalization using YCrCbh color space, convert
photos to BGR format, and segment images using
morphological operations in HSV color space and masks.

After that, we normalize and enhance the images using
Albumentations. Using pre-trained ResNet weights and
transfer learning, we optimize the model using our dataset.
Cross-Entropy Loss and the Adam optimizer are used to
train the model, and early halting is used to prevent
overfitting. Metrics such as accuracy, precision, recall, and
F1 score are used to assess performance; performance
graphs and a confusion matrix are used to display the
results. Pandas, NumPy, Albumentations, PIL, PyTorch,
torchvision, Matplotlib, and Seaborn are some of the
important libraries
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1. Data Preprocessing and Exploration

1.1. Data Collection and Preprocessing: We start by
gathering a diverse dataset of images containing both crops
and weeds, ensuring variability in conditions and types of
weeds. Essential preprocessing steps include converting
images to the BGR format, applying histogram equalization
using the YCrCb color space, reducing noise with bilateral
filtering, and converting images to the HSV color space.
Further  processing involves applying masks and
morphological operations for image segmentation. These
steps are crucial for ensuring the dataset's quality and
enhancing the performance of subsequent image analysis
and model training [1][2].

1.2. Data Understanding: Exploratory Data Analysis
(EDA) is performed to understand the dataset's structure and
characteristics. This involves generating summary statistics,
visualizing feature distributions, and analyzing feature
correlations. EDA helps identify potential data issues and
provides insights into the dataset's underlying patterns,
which is essential for effective image augmentation and
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normalization techniques such as resizing, flipping, rotating,
and standardizing pixel values using Albumentations [3][4].

2. Implementing Residual Network (ResNet)

2.1. Model Selection: For the task of weed detection, we
select the ResNet-50 architecture. ResNet-50 is a variant of
the ResNet family, featuring 50 layers and utilizing residual
connections to facilitate the training of deep networks. The
introduction of residual connections allows gradients to flow
through the network more effectively, which mitigates the
vanishing gradient problem and enables the model to learn
more complex features without performance degradation.
ResNet-50 has demonstrated outstanding performance in
various image classification benchmarks and real-world
applications, making it a suitable choice for transfer learning
and adaptation to specific tasks such as weed detection

[11[2].

2.2. Transfer Learning: To leverage the capabilities of
ResNet-50, we initialize the model with pre-trained weights
from the ImageNet dataset. ImageNet provides a diverse
collection of images that the ResNet-50 model has been
trained on, allowing it to learn general features applicable to
a wide range of images. By transferring these pre-trained
weights to our weed detection task, we benefit from the
model's learned feature representations, which can be fine-
tuned to identify specific features of weeds. Fine-tuning
involves additional training on our dataset to adapt the
model's weights to the unique characteristics of weeds while
retaining the general features learned from ImageNet. This
approach significantly accelerates training and improves
performance on specialized tasks [3][4]. The fine-tuning
process typically uses a lower learning rate to carefully
adjust the model parameters, ensuring effective adaptation
without losing the valuable knowledge acquired from
ImageNet.

2.3. Training: The training process is carried out using
PyTorch, a flexible and dynamic deep learning framework.
We employ Cross-Entropy Loss as the loss function, which
is suitable for multi-class classification problems where the
model predicts probabilities for each class. Cross-Entropy
Loss quantifies the difference between the predicted
probabilities and the actual class labels, guiding the
optimization process. The Adam optimizer is used to
optimize the model, as it adapts the learning rate during
training and handles sparse gradients effectively. To avoid
overfitting and ensure the model generalizes well to unseen
data, we implement early stopping. Early stopping monitors
the model's performance on a validation set and halts
training when improvements cease, preventing the model
from memorizing the training data and enhancing its
robustness in real-world applications [5][6].

3. Evaluation and Model Validation
3.1. Evaluation: The performance of the trained ResNet-50

model is assessed using accuracy and confusion matrix
metrics:

e Accuracy: This metric represents the proportion of
correctly classified instances out of the total number
of instances in the validation set. It provides a
straightforward measure of how well the model
performs across all classes. High accuracy indicates
that the model is effectively distinguishing between
different classes [7].

e  Confusion Matrix: The confusion matrix is a valuable
tool for visualizing the performance of the
classification model. It displays the number of true
positive, true negative, false positive, and false
negative predictions, allowing us to see where the
model is making errors. By examining the confusion
matrix, we can gain insights into which classes are
often confused with others and assess the model’s
performance in more detail [8]. The confusion matrix
helps in understanding the model's strengths and
weaknesses, particularly in identifying specific
classes that may need further improvement.

These metrics are computed on the validation set to provide
insights into the model’s performance and effectiveness.
Visualization of the confusion matrix is performed using
Matplotlib and Seaborn, which helps in interpreting the
results clearly and identifying areas for improvement [9].

3.2. Model Validation: After evaluating the model with
accuracy and confusion matrix metrics, it is crucial to
validate the model on a separate test set. This test set is
distinct from the validation set and is used to evaluate the
model's performance on entirely unseen data. This final
validation step ensures that the model generalizes well
beyond the data it was trained and validated on, confirming
its robustness and effectiveness in real-world scenarios [10].

V. RESULTS
Algorithms Accuracy
ResNet 98.06%
Yolo V8n 93.95%
ResNet-50 demonstrates exceptional performance in

distinguishing between crops and weeds, achieving a high
accuracy of 98.06%. This indicates that the model's deep
learning architecture, with its multiple layers and residual
connections, is highly effective in classification tasks,
leading to near-perfect results. On the other hand, YOLO,
while slightly less accurate with an accuracy of 93.95%,
excels in real-time object detection. The difference in
accuracy between YOLO and ResNet-50 could be attributed
to the variations in their model architectures and detection
approaches, with ResNet-50 being more suited for precise
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classification and YOLO prioritizing speed and real-time
detection capabilities.

VI. CONCLUSION

In conclusion, this study successfully applied ResNet-50 for
weed detection in crop fields, achieving high accuracy
(98.06%) and an F1 score of 99.25%, demonstrating the
effectiveness of deep learning techniques in agricultural
applications. The use of TensorFlow and PyTorch
frameworks, alongside data augmentation and preprocessing
strategies, was crucial in optimizing model performance.
Looking ahead, future work could focus on refining the

(8]
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Osorio, K., Puerto, A., Pedraza, C., Jamaica, D., &
Rodriguez, L. (2020). A deep learning approach for
weed detection in lettuce crops using multispectral
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convolutional neural networks for image-based

ResNet model and exploring other deep learning Convolvulus sepium detection in sugar beet fields.
architectures to further enhance accuracy and robustness. Plant Methods, 16(1): 1-12.

Additionally, integrating the model into real-time

agricultural machinery could enable on-the-fly weed

detection and removal. Expanding the dataset to include
diverse crops and weed species would improve the model's
scalability and generalizability. Moreover, developing
automated annotation tools could streamline dataset
labeling, further advancing the application of deep learning
in weed management, ultimately contributing to improved
agricultural productivity and environmental sustainability.
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