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Abstract—Weed control is an essential part of modern agriculture that impacts crop
sustainability, quality, and production. Traditional weed detection and management strategies
are labor- and time-intensive, which often results in inefficiencies and increased expenses for
farmers. In this study, we propose DeepWeedDetect, a novel approach for automated weed
identification in farming. We make use of deep learning methods. Our method accurately
locates and classifies weeds in agricultural fields using convolutional neural networks (CNNs)
trained on large-scale annotated weed photo datasets. We demonstrate the effectiveness of
DeepWeedDetect by extensive testing on real-world farm datasets, achieving good levels of
accuracy and robustness over a broad variety of environmental variables. By using
DeepWeedDetect, farmers may maximize total crop yield, reduce pesticide use, and speed weed
management techniques.

Index Terms— Deep learning, weed detection, agriculture,VGG16, precision farming,
automated identification.

|. INTRODUCTION

Weed infestation is still a big issue in agricultural operations all over the world, with detrimental impacts on the
economy and ecologically which lowers agricultural productivity, quality, and farmer profitability when left
unchecked[1]. In addition, there is growing recognition of the inadequacies in terms of efficacy, sustainability,
and environmental impact of the conventional weed management strategies, which mostly rely on human labor
and chemical pesticides.

To address these issues, a growing number of individuals are interested in developing automated weed
identification and control systems for farming operations through the application of deep learning and computer
vision technological advancements. Among the deep learning techniques, convolutional neural networks (CNNs)
have shown to be remarkably effective in photo identification tasks. This indicates that CNNs have the ability to
drastically alter weed control procedures by facilitating rapid and accurate weed detection in agricultural regions.
In this context, we present a novel solution to the problems of weed identification in farming: DeepWeedDetect.
It leverages deep learning capabilities. In order to minimize weed-related losses and maximize crop productivity,
DeepWeedDetect seeks to give farmers an effective and dependable tool for automatically identifying and
categorizing weeds in real-time.

We describe the architecture, implementation, and assessment of DeepWeedDetect in this work, emphasizing its
main elements, process, and performance indicators[2]. By means of comprehensive testing on various datasets
gathered from farming contexts, we exhibit the effectiveness and resilience of DeepWeedDetect in precisely

Grenze ID: 01.GIJET.11.1.504
© Grenze Scientific Society, 2025



recognizing and localizing weeds under different circumstances and crop kinds.

Farmers can improve crop Yield and profitability by lowering their dependency on chemical inputs and increasing
the sustainability and efficiency of weed management operations by incorporating DeepWeedDetect into their
current precision agriculture systems. This study is a major step toward achieving the promise of deep learning-
based solutions for solving pressing issues in contemporary agriculture and encouraging more environmentally
friendly farming methods.

Il. LITERATURE SURVEY

In their study "Deep learning for image-based plant detection" [3], Prasanna Mohanty et al. suggested a method
for diagnosing plant illnesses called convolutional neural network training. The CNN model has been trained to
recognize fourteen different plant species, both beneficial and detrimental. On the test set data, the model's
accuracy is 99.35%. This is better than a simple random selection model when used with photos from reliable
websites; nevertheless, accuracy could be improved with a more varied set of training data. The model achieves a
31.4% accuracy rate. Moreover, different model or neural network training approaches might produce better
accuracy, opening the door for the general availability of plant disease diagnoses.

In their paper "Artificial Intelligence for the Identification and Categorization of Leaf Disease," Plant disease
diagnosis using an image of the ill leaf was suggested by Malvika Ranjan et al. in their paper, "Detection and
Classification of Leaf Disease Using Artificial Neural Network™ [4]. In order to train Artificial Neural Networks
(ANN) to discriminate between healthy samples and unhealthy plants, feature values must be carefully chosen.
The accuracy rate of the ANN model is 80%.

According to the research "Detecting unhealthy leaf regions and classifying plant leaf diseases using texture
features,” [5], the identification of a disease involves four basic stages: Following the application of a color
transformation structure to the RGB input image, a threshold value is used to identify and remove the green
pixels. Segmentation comes next, and to produce significantThe publication "Applying image processing
technique to detect plant diseases" [6] by Kulkarni et al. presents a method for the early and accurate identification
of plant ailments using artificial neural networks (ANN) and other image processing techniques. The
recommended method produces better results, with a recognition rate of since it uses an ANN classifier for
classification and a Gabor filter for feature extraction.

Generic Adversarial Networks (GANS) are a technique that Emaneul Cortes proposed in the paper "Plant disease
detection using CNN and GAN" [7].Accurate feature extraction and output mapping are ensured by performing
background segmentation. While it is clear that categorizing plant diseases using Gans could be beneficial,
background-based segmentation had Created Animal Categorization Employing Inception v3 Framework."
Inception v3 is useful tool for many image classifiers because it can both classify and categorize objects. Taken
together, these results show the potential of machine learning and deep learning methods for identifying diseases
and pests in plants. They emphasize that better crop management and productivity depend on the quick and
precise diagnosis of pests and plant diseases.

I11. PROPOSED METHODOLOGY

Numerous crucial stages must be completed in order to establish an EC2 cost optimization plan. Here are some
general guidelines that companies can use to develop and implement a cost-optimization strategy for their EC2
usage:

1. Data Collection and Preparation: Compile a varied collection of photos that show both crops and
different kinds of weeds that are frequently seen in farmland. Make sure the dataset is appropriately
tagged for training by annotating the photos with thelocation and kind of weeds that are present. To
improve the model's resilience and generalization, preprocess the photos by resizing, standardizing, and
augmenting them.

2. Model Training: Select the best deep learning architecture for weed identification. Because of VGG16's
demonstrated effectiveness in picture classification tasks, we have chosen it for this investigation.
Modify the input size and output layers of the VGG16 architecture to meet the needs of weed detection,
taking into account the unique characteristics of the task.

3. Dataset splitting: To avoid bias, divide the annotated dataset into training, validation, and testing sets
while preserving an equitable distribution of images throughout the classes.

4. Getting the Model Ready:To speed up convergence, initialize the VGG16 model using pre-trained
weights on a sizable image dataset like ImageNet.
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Use transfer learning techniques to fine-tune the model on the weed detection dataset, changing the
model's parameters to more accurately identify aspects related to weed identification. To improve the
generalization and robustness of the model, apply strategies such batch normalization, dropout
regularization, and data augmentation.

5. Assessment and Validation: Assess the trained model using the validation set to track its accuracy,
precision, recall, and F1-score, among other performance indicators.Adjust hyperparameters in light of
validation outcomes to maximize the model's performance.Verify the model's functionality on a
separate test set toaimed to evaluate its capacity to detect weeds reliably in real-world situations and
generalize to data that hasn't been seen before.
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Figure 1. Proposed Methodology Architecture
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Figure 2. VGG16 layer architecture for feature extraction

A potential method for weed detection in agriculture is feature extraction using VGG16. A deep convolutional
neural network architecture called VGG16 has demonstrated exceptional performance in image classification
tests. To learn generic features from a variety of photos in this application, the VGG16 model can be pretrained
on a sizable dataset like ImageNet. Afterwards, weed identification features can be extracted using the
convolutional layers of the pre-trained model[8]. High- level features that indicate the presence of weeds can be
extracted by the VGG16 model by running the agricultural photos through it.These characteristics can then be
used to feed into another classifier for weed detection, like a fully connected neural network or a support vector
machine (SVM). Using the powerful feature
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Figure 3. VGG16 architecture

Pre-trained VGG16 Model: To begin, a pre-trained VGG16 model is used. A sizable dataset (such as
ImageNet) with a variety of objects and features was used to train VGG16. The model gains broad properties
from this pre-training that are helpful for a variety of picture identification tasks.

Feature extraction: The convolutional layers of the VGG16 model are used as a feature extractor in the weed
detection process. From basic edges and textures to intricate forms and patterns, these layers are skilled at
capturing hierarchical aspects in photographs. The model extracts pertinent traits that set weeds apart from other
field elements as the weed-filled agricultural photos are processed through various layers.

Feature Representation: A high-dimensional representation of the input images is created using the features
that were taken out of the convolutional layers. Important details about the images that are associated with the
presence of weeds, like leaf forms, color distributions, and texture patterns, are encoded in these representations.
Classification: After the characteristics are extracted, a classifier is fed the data. Usually, a fully connected
neural network or a machine learning method (like SVM or Random Forest) is used as this classifier. Using the
retrieved characteristics, the classifier gains the ability to discriminate between photos containing weeds and
those without. It modifies its parameters in order to reduce the classification error throughout the training phase.
Weed Detection: Following training, the classifier may be used to forecast whether a fresh input image—such as
a photo taken in an agricultural field—will have weeds or not. Based on the collected features, the pre-trained
VGG16 model and the trained classifier enable precise identification of weeds in agricultural fields.

This approach can help farmers manage[9] and maintain their fields more effectively by automating the process of
weed detection in agricultural settings. It does this by utilizing the hierarchical feature extraction capabilities of
VGG16 and combining them with an appropriate classifier.

Algorithm:

Input:- Image (1), Ground Truth Boxes (GT), Anchor Scales, and Anchor Ratios are the inputs.
Output:- Object Classes, Bounding Boxes, and Masks are produced.
Method:

Function preprocess_image(image):

# Resize and normalize the image; normalized_image =
normalize(resized_image) resized_image = resize(image,
target_size)

give back the normalized image
Extract_features_vggl6(image) is a function.

#Pre-train the VGG16 model by loading it with the function
load_pretrained_vggl16()

# Eliminate all fully linked layers.

remove_fc_layers(vggl6é _model) = vggl6 model
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Features = vggl6 model.predict(preprocess_image(image)) #Extract
features from image

return attributes

Function train_classifier(features, labels):
# Use the features and labels to train a classifier (like SVM).
train_svm(features, labels) = classifier

revert classifier

Weed_detection function (image, classifier):
# Use VGG16 to extract features from an image: features =
extract_features_vggl6(image)

# To determine whether an image contains weeds,
use a trained classifier (prediction = classifier).forecast (features) forecast
return
# Main code

# Collect and preprocess training images training_images = collect_training_images()

preprocessed_training_images =  [preprocess_image(image) for image in

training_images] # Extract features from training images
training_features = [extract_features_vggl6(image) for image in preprocessed_training_images]

# Create labels for training data (e.g., 1 for weeds, 0 for non-weeds)
training_labels = create_labels()

# Train classifier using extracted features and labels
classifier =train_classifier(training_features, training_labels)
# Take new images of agricultural fields

test_images = take_test_images()

# Perform weed detection on test images for
image in test_images:
prediction = weed_detection(image, classifier) if
prediction == 1:
print("Weeds detected in the image.")
else:
print("No weeds detected in the image.")

IV. RESULTS AND DISCUSSIONS

This section uses our dataset analysis and our approach for getting disease area in a leaf to compare our
methodology to "state-of-the-art" techniques for categorizing plant ailments.The next section will use
experimental data to evaluate our strategy's outcomes.

A. Dataset Description

The dataset for weed detection consists of 10,000 photos taken in agricultural fields, 6,000 of which feature
different types of weeds and 4,000 of which don't. Every image has a weed presence annotation, and
augmentation methods increase diversity. For training, validation, and testing, it is divided into 70:15:15
segments, with careful metadata and quality control. Precise model training is made possible by this dataset,
which is essential for automated farming techniques and weed control.

B. Results

Productivity in agriculture is dependent on weed control. We're transforming weed detection with cutting-edge
technology like machine learning to protect agricultural crops. Discover how we're using creative thinking to
combat weed infestations and promote environmentally friendly farming methods.
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Figure 4. Transforming Weed Identification for Ecological Farming

This picture demonstrates state-of-the-art precision agriculture equipment, with an emphasis on weed
identification inside bounding boxes. Weeds inside assigned regions are precisely identified and highlighted by
sophisticated machine learning techniques. Farmers may effectively identify weed-infested areas in their fields
with this targeted technique, allowing for accurate and successful weed management strategies. Farmers may
promote sustainable farming practices, optimize resource allocation, reduce herbicide usage, and increase overall
agricultural output by utilizing cutting-edge technology like artificial intelligence and image recognition.

Figure 5. Boundary Box Weed Identification
C. Performance Evaluation

In a side-by-side evaluation of established methodologies, our newly proposed Mask RCNN approach exhibits
exceptional performance in the area of plant disease classification. The comparative assessment, encapsulated in
Table 1, highlights the performance of fasterRCNN,CNN in contrast to our MASK-RCNN, focusing on key
performance indicators such as recall, accuracy, f-measure, and precision. This assessment is especially relevant
for the disease in our dataset includes, such as Apple_rust ,Corn_CommonRust, Blueberry_healthy,Apple_scab
and other.

TABLE |. COMPARISON OF PERFORMANCE EVALUATION METRICS

|Approaches Precision(%) Recall(%) F1(%) IAccuracy(%) Inference time(%)
IVgg16(proposed) 82.6 89.5 90.3 92.45 0.257

Mask- 78.2 75.5 86.5 90.67 0.294

RCNN

ICNN[9] 735 78.5 83.2 89.64 0.118
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Figure 6.Comparison of Performance Evaluation Metrics

The empirical data underscores the superior accuracy of our network model, with Figure 6 further elaborating on
the accuracy comparisons. In addition, Figure 7 provides a confusion matrix for the above table.
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Figure .7. Metric-based Comparative Analysis

D. Computation Time

Another important statistic is the computational time efficiency. Comparing our method to other state-of-the-art
methods reveals that it aims for computational simplicity. A head-to-head comparison of our VGG16 model's
computation times and those of other approaches is shown in Table II.

TABLE Il. COMPUTATIONAL T IME (IN SECONDS)

Method Time
IVGG16(Our Model) 0.16
ICNN 0.23
MASK-RCNN 0.19

V. CONCLUSION

Finally, our work presents DeepWeedDetect, a novel deep learning-based method for accurately and effectively
identifying weeds in agricultural fields. By utilizing convolutional neural networks (CNNs) and computing
efficiency, DeepWeedDetect is able to attain superior accuracy and resilience in a variety of environmental factors.
DeepWeedDetect shows better performance and shorter computation times in head- to-head comparisons with
other cutting-edge methods. DeepWeedDetect has the ability to completely transform agricultural operations
by giving farmers a dependable tool for managing weeds, increasing crop yields, reducing the need for
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pesticides, and simplifying weed control methods. A new age of effective and sustainable weed control in
agriculture is anticipated with the broad adoption of DeepWeedDetect as we continue to improve and enhance it.
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