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Abstract—Crop disease detection and treatment assistance are emerging precise agricultural
research outgrowth areas because of the increasing need for sustainable agriculture and food
security. These advancements have enabled early identification of crop diseases and provided
tailored treatment recommendations, which largely mitigated the losses and improved the
quality of yield. Applications range from farm management systems to agricultural monitoring
and automated disease advisory systems, thus showing their increasing relevance in both
academic research and practical implementation. The status and schemes of the initial stages of
developing an integrated system for disease detection and treatment assistance are described.
The Phase | works upon image pre-processing, where better noise reduction and segmentation
techniques are introduced for extracting more relevant features from the crop images. The
second phase is concerned with disease classification, which enables the precise detection and
categorization of crop diseases with a Support Vector Machine (SVM) model. The salient
contributions of this work include tackling specific challenges within the pre-processing and
classification processes, an evaluation of the feasibility of machine learning techniques, and a
fail-safe discussion of the results acquired. There is a good synergy within these phases to
strengthen integration treatment recommendation systems for further assistance. This paper,
along with introducing the present state of advancement, sheds light on a developing roadmap
for a ready-to-use framework for detecting, analyzing, and mitigating crop diseases in varied
agricultural scenarios.
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|. INTRODUCTION

Modern agriculture supports advanced precision farming and data analysis; the efficient detection and
management of crop diseases turns out to be the underpinning of sustainable agriculture. Yes, a loud yes for any
prompt and effective identification of crop diseases that surely needs the measuring tools with machine learning
for the developing agriculture automation [10]. Several researches and studies have shown that the crop diseases
reduce both quality and yield tremendously, thus emphasizing the need for proactive and timely management of
diseases in agriculture.

Grenze ID: 01.GIJET.11.2.166_20
© Grenze Scientific Society, 2025



In this regard, this espousal of the SVM with user-guided treatment advice constitutes the most important
initiative towards making farming out of the dark ages into efficient, data-driven business-wise [7]. This will
work upon the assessment of crop images, detection of diseases, and provision of treatment knowledge for
decision-making. SVM-based models coupled with robust pre-processing models should constitute the basis of
this theory [8]. The pre-processing techniques such as noise reduction and segmentation will allow for features
of interest that would be selected for processing by the SVM, which detains the disease classification [7]. With
the disease-detecting task fed with corresponding treatment support for addressed problems, this would allow the
identification of disease, save crucial farming time and resources, and even assure productivity in agriculture.
This fused framework optimizes farm management while addressing the underlying bottlenecks of scalability
and accessibility in agricultural applications, giving room for a much wider application spectrum in the farming
industry.

Il. LITERATURE REVIEW

The early detection of crop diseases is crucial for various reasons. First, crop diseases can significantly reduce
agricultural productivity, leading to economic losses and food insecurity if not detected and treated in a timely
manner. Implementing advanced detection systems can help identify diseases early, minimizing these risks and
ensuring better crop management. Secondly, traditional disease detection methods are often labour-intensive,
time-consuming, and prone to inaccuracies. Nagaraju M. et al. “Deep Learning-Based Maize Crop Disease
Classification Model in Telangana Region of South India (2024)”, this paper explores the use of deep
convolutional neural networks (CNNs) for classifying maize diseases, focusing on optimizing hyper-parameters
like image size and learning rate [1]. It compares different optimizers, with Adam providing the best results.
Songyun Deng et al. “Efficient Real-Time Recognition Model of Plant Diseases for Low-Power Consumption
Platform (2023)”, this paper presents a lightweight, efficient plant disease recognition model, AMI-NanoNet,
optimized for low-power devices [3].

Its versatility across different datasets demonstrates its potential for real-time, intelligent plant disease
identification. Divneet Singh et al. “An enhanced CNN-LSTM based hybrid deep learning model for corn leaf
eye spot disease classification (2023)”, this paper presents a deep learning-based hybrid model combining CNN
and LSTM for classifying Corn Leaf Eye Spot (CLES) disease into different severity stages [8]. The model
efficiently processes a large 6000-image dataset, offering an effective approach for accurate image classification
and disease detection in corn crops. Shital Pawar et al. “Leaf disease detection of multiple plants using deep
learning (2022)”, this paper proposes a system that uses a 15-layer CNN algorithm to detect plant diseases from
leaf images and suggest appropriate pesticides based on the identified disease [9]. It incorporates climate and
weather data along with plant-specific information for 10 different crops, such as apple, potato, and corn. The
system aims to provide detailed disease insights, including the disease name, accuracy, and location-based
pesticide suppliers, offering a comprehensive approach to disease management in agriculture.

I11. EVOLUTION OF CROP DISEASES

The evolution of crop disease detection and assistance systems for treatment progress is synonymous with
significant strides in computational methodologies and agricultural technologies.

Early Crop Disease Detection Systems: In earlier years, the manual approach to crop disease detection was the
most common as it was grounded on manual inspection by a human expert. The process was always slow,
subjective, and humans' interpretations were mistaken. Apparently, early computational approaches duly
employed statistical models like K-Nearest Neighbours (KNN) and Decision Trees for disease classification [8].
They have been limited however by their dependence on human-generated features and by the inability to
recognize the complex patterns in the image data, thus they were not effectively used in the agricultural
diversification scenario.

Modern Approaches in Disease Detection: Machine learning, which is now a key technology for decision
making through algorithms, brings with it the advantage of working with complex data. Support Vector
Machines (SVMs), Convolutional Neural Networks (CNNs), and Random Forests are some of the techniques
that have made significant contributions to the efficiency and scalability of crop disease detection systems [10].
Moreover, the SVM model is the reason to be the main classifier in the recognition of non-linear data owing to
the robustness in that type of data and the efficiency of the model in limited data scenarios. The improvement
and adaptation of the pre-processing techniques such as image segmentation and noise cancellation resulted in
more accurate recognition of the presence of disease by identification of specific disease specific features.
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Advances in Treatment Assistance Systems: The traditional treatment schemes that were used to cure
agricultural problems used to be dependent on predefined agricultural rules. As a matter of fact, these treatment
styles provide the utmost advantages in some cases; however, they possess the disadvantage of being rigid in
addition to un-providing of individualized suggestions. Today's treatment decision support system is based on
intelligent knowledge bases and machine learning methods that allow for the development of data-based
therapeutic programs. NLP (Natural Language Processing) and expert systems are among the technologies which
allow any given farm to choose the best solution that is easily adaptable to the crop type, environmental
conditions, and farmer input through dynamic methods of adaptation, something which is possible when using
human knowledge and Al-ML algorithms with the aim of making practical and usable patches.

IV. PROPOSED DESIGN AND METHODOLOGY

Apart from the training and validation process used in machine learning, the algorithm has two essential parts.
These parts were created to treat the raw images through the correct process and then to ascertain the disease,
hereby offering a base for further suggesting the suitable treatments. The above diagram Figure 1 shows the
workflow of the study.

Image . Masking
Input Image e nikition Segmentation Green Pixel

Output Analyze and Removing
Report store disease X Masked Region

Figure 1: Workflow Diagram

Image Pre-processing: At the outset, pre-processing techniques were employed to clean and prepare the raw crop
images for the analysis. Some of the operations included noise reduction and image segmentation in such a way
that the data was clean and thereby applicable to the disease detection model.

Noise Reduction: Most of the times, the images of the crops come with environmental disturbances such as
uneven lighting, shadows, or unwanted objects in the background. The primary goal of these noise reduction
algorithms is to clear the image without modality loss and at the same time not imprecisely filtering areas which
could be clinically useful. Through various methods such as the Gaussian Filtering mechanism in which the
images are first digitally manipulated, the findings were more precise and informative in revealing the patterns of
diseases.

Image Segmentation: After the noise reduction, the image segmentation was the next step that separates out the
regions of interest which can be leaves or the parts of crops affected shown in Figure 2. Through unsupervised
methods such as Otsu’s Thresholding, the images are segmented where the different parts are isolated. This
practice of ensuring that only the affected areas were used in the testing process will increase the machine
output.

HOG Image (Preprotessed) Original with Diseased Areas Mighlighted
. P "

Figure 2: Original Image vs Noise-Reduced Image

Disease Detection Using SVM: The second step is to capture the pre-processed images and then the processed
ones were analysed by a machine learning model following the principles of Support Vector Machines (SVM) in
order to diagnose diseases.
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Feature Extraction: The images which were segmented were spruce up so as to get some vital aspects hamely
colour, texture, and shape. These particular features were the basis of classifying between the healthy and sick
plants. Techniques like Colour Histogram Analysis were used in order to find the way to quantify these features,
and then SVM model was trained on those exact ones.

Training the SVM Model: The SVM model was trained using labelled images of crops, where each image was
tagged as healthy or with a specific disease. The model learned to classify the images by finding patterns in the
extracted features. The SVM's Radial Basis Function (RBF) kernel was used to handle complex patterns in the
data.

Testing and Validation: Once trained, the model was tested on a new set of images to check its accuracy. Metrics
like precision, recall, and F1-score were calculated to evaluate the performance. Any errors in classification were
analysed to refine the pre-processing and feature extraction steps further.

Integration with Treatment Assistance: The output from the SVM model was integrated into a treatment
recommendation system. Based on the identified disease, the system provided specific suggestions for
controlling and curing the disease. This phase ensured that farmers received actionable insights tailored to their
crops' needs. This two-step methodology of pre-processing and machine learning created a reliable and efficient
system for detecting crop diseases and assisting with treatment, making it a valuable tool for modern agriculture.

V. RESULT AND DISCUSSION

Characteristics of Datasets: Images of multiple crops were the features of the dataset which had been the ground
for the study. Through certain techniques like image scaling, histogram equalization, and feature extraction on
the dataset, it was possible to secure clean and proper data. The dataset segmentation is good for managing large
datasets, reducing memory strain, and keeping system performance in place.

Performance of the Model: The SVM model showed strong performance in accurately classifying diseases in
various crop species. The unique feature extraction method ensured minimal data loss, enhancing the model's
accuracy. The system's ability to quickly detect diseases was attributed to its efficient image segmentation
process, which allowed the model to work without delays, providing rapid results in disease detection with
84.19% accuracy.

Limitations: Image quality and resolution affected the feature extraction process, leading to discrepancies
between expected and actual outcomes. Despite efficient pre-processing, the model did not always meet the
anticipated results. Accuracy was high, but imperfections in image quality occasionally hindered the feature
extraction and classification accuracy.

Output: The graph Figure 3. shows the Distribution of Pixel Intensity with respect to the frequency. The pixel
intensity distribution graph illustrates the spread of pixel values in the input leaf image. In this graph, peaks
around lower intensity values indicate the presence of darker regions, which may correspond to disease-affected
areas.

Pixel Intensity Distribution
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Figure 3: Pixel Intensity Distribution

The graph Figure 4. represents the model accuracy over epochs. The model accuracy over epochs graph
demonstrates how the model's learning progresses during training. The accuracy improves significantly in the
initial epochs as the model learns fundamental features of the dataset. This graph helps us confirm that the
chosen number of epochs is sufficient for achieving stable accuracy without overfitting.
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Model Accuracy over Epochs
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Figure 4: SVM Model Performance: Accuracy vs Epochs

V. CHALLENGES AND FUTURE DIRECTIONS

Crop disease detection using machine learning has shown promising results but faces challenges that require
improvements for enhanced effectiveness and usability. A major hurdle is uneven picture quality caused by poor
lighting, shadows, and weather conditions, which complicate feature extraction from noisy or low-resolution
images, impacting disease classification accuracy. Additionally, the system's treatment recommendations are
limited by a narrow dataset focused on a few crops, lacking diversity and customization based on regional
factors like climate and pest resistance. Future enhancements could include integrating deep learning models like
CNNs for better feature extraction and disease identification. These models can detect subtle patterns in crop
images, improving accuracy. Cloud-based processing on platforms like AWS or Google Cloud could enable
mobile and web-based on-the-spot diagnoses, making the system scalable for large-scale agricultural use.
Customizing treatment recommendations for local conditions and integrating 10T devices, such as drones and
sensors, could enable real-time monitoring and disease detection. Addressing scalability and efficiency issues,
particularly with large datasets and real-time processing, requires richer datasets and high-performance hardware
to handle diverse crops and environmental conditions.

V. CONCLUSION

The study advances crop disease identification and treatment using an SVM-based machine learning system. Pre-
processing techniques like image resizing, histogram equalization, and feature extraction improved data quality,
boosting the model's accuracy and performance in diagnosing crop diseases. The SVM model effectively handles
challenging agricultural datasets, ensuring precise diagnostics across various crop species. Additionally, the
treatment recommendation feature enhances usability by providing timely disease management strategies for
farmers. Challenges such as image quality, dataset limitations, and scalability remain. Addressing these through
larger datasets, deep learning techniques, and real-time processing will enhance efficiency. Future research aims
to generalize the model for untrained crops and diseases, ensuring adaptability to real-world agricultural
conditions. The paper aspires to deliver a scalable, efficient, and context-aware system for improved crop health
management.
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