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Abstract

Detecting diseases in crops is a vital yet labor-intensive task in agriculture, often demanding extensive
time and expert knowledge. This paper presents an innovative approach to crop disease detection using
advanced computer vision and machine learning techniques. By automating the identification of common
crop diseases, this system aims to reduce the reliance on expert intervention, expedite the diagnosis
process, and ultimately improve crop management efficiency. The proposed method integrates deep
learning models trained on a diverse dataset of diseased and healthy crop images, achieving high accuracy
in disease recognition. This approach not only saves time but also provides farmers with a powerful tool
to protect their crops from potential threats, thereby contributing to increased agricultural productivity and
sustainability.
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INTRODUCTION

Recent advancements in computer vision and machine learning have revolutionized the field of
agriculture, offering new tools to address the age-old challenge of crop disease detection. Traditionally,
identifying diseases in crops has been a time-consuming and labor-intensive process, requiring the
expertise of trained agronomists and pathologists. However, with the advent of smart technologies, it is
now possible to automate this process, significantly reducing the time and effort required while improving
accuracy.

In the context of agriculture, timely and accurate disease detection is crucial for preventing the spread of
infections and minimizing crop losses. The application of machine learning models, particularly deep
learning, enables the analysis of vast amounts of crop images to identify patterns and symptoms of diseases
that may not be easily discernible to the human eye. By leveraging these technologies, farmers can receive
real-time insights into the health of their crops, allowing for more precise interventions and better resource
management.

The project focuses on developing an automated system for crop disease detection that integrates advanced
computer vision techniques with machine learning algorithms. The system is designed to be user-friendly,
providing farmers with a powerful tool that can be easily deployed in the field. This approach not only
enhances the efficiency of disease management but also contributes to the sustainability of agricultural
practices by reducing the need for chemical treatments and minimizing environmental impact.
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TECHNOLOGICAL ACHIVEMENT

A. Early Developments

Initial efforts in crop disease detection using technology primarily focused on basic image analysis with
manual feature extraction. Early systems were limited by computational power and heavily relied on
human expertise for accurate diagnosis. Despite these constraints, these foundational systems paved the
way for integrating technology into agriculture, demonstrating the potential for automated systems to
enhance crop management.

B. Modern Innovations

With advancements in machine learning and computer vision, crop disease detection has evolved
significantly. Modern systems leverage deep learning models, which can automatically extract and analyze
features from images of crops. These models are trained on extensive datasets, allowing them to identify
even subtle symptoms of various diseases with high accuracy. The integration of cloud computing and
0T devices enables real-time monitoring and analysis, providing farmers with immediate feedback on
crop health.

C. Technological Components

Today's crop disease detection systems are characterized by their sophisticated algorithms and high-
performance hardware. Key components include powerful GPUs for processing complex models, high-
resolution cameras for capturing detailed images, and cloud-based platforms for data storage and analysis.
These systems often incorporate web applications, allowing farmers to capture images of crops in the field
and receive instant diagnostics and recommendations. The combination of these technologies results in a
robust and scalable solution that can be adapted to various agricultural environments, improving crop yield
and sustainability.

IMPACT ON CUSTOMER EXPERIENCE AND EFFICIENCY

Our system is designed to deliver exceptional performance in agricultural disease detection, leveraging
the power of high-performance GPUs for processing complex deep learning models. Equipped with high-
resolution cameras, the system captures detailed images of tomato plants, ensuring that even the smallest
signs of disease are detected. At the core of our system is the ResNet backbone network, known for its
deep architecture and superior feature extraction capabilities. To further enhance detection accuracy, we
use k-means clustering to optimize the placement of anchors, ensuring that our model is finely tuned for
identifying and localizing various tomato diseases. The incorporation of ROI (Region of Interest) pooling
allows the system to focus on the most relevant parts of the image, increasing the precision of disease
identification. Additionally, advanced classification methods are employed to distinguish between
different types of diseases, making the system both robust and scalable. This comprehensive approach
ensures that our system can be effectively deployed across diverse agricultural environments, providing
farmers with a powerful tool to monitor plant health and take proactive measures against potential
outbreaks.

MATERIALS AND MODULES

A. Tomato Disease Detection Method Based On Improved Faster R-CNN

The tomato disease detection model utilizing an improved Faster R-CNN is illustrated in Fig. 1. To
enhance the model's effectiveness in disease detection, several modifications were made. First, ResNet
was adopted in place of the VGG16 network. Tomato disease images of varying sizes are processed
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through ResNet to produce a deep feature map, which then serves as the input for both the Fast-RCNN
and Region Proposal Network (RPN). Additionally, the k-means algorithm was employed to cluster the
bounding boxes of tomato disease objects, optimizing the anchor points. In the RPN, this improved anchor
framework is used to convolve the feature image, followed by bounding box (bbox) regression to locate
the coordinates of the convolution outputs. These outputs are then classified using softmax to differentiate
between foreground and background. Finally, the region of interest (ROI) is generated and used as input
for Fast-RCNN. Within Fast-RCNN, the feature map is aligned with the candidate box coordinates
provided by the ROIs, followed by max-pooling. The fully-connected layers and softmax are then utilized
to classify the specific diseases within the region proposals, and bbox regression is employed to refine the
position offsets, ultimately achieving a more accurate detection frame for tomato disease objects.

B. Feature Extraction Network

The feature extraction process aims to derive the original image features. Initially, images are normalized
to a consistent size, after which their features are extracted through convolutional pooling in the CNN
network. This process generates a feature map that serves as input for the RPN and Fast-RCNN.
Typically, Faster R-CNN employs a VGG16 network for image feature extraction. However, ResNet, with
its greater number of convolutional layers, can extract more detailed object features. ResNet also includes
a skipping structure that allows it to bypass one or more layers, addressing the issue of gradient vanishing
caused by layer stacking. The VGG16 network, being less capable of deeply extracting features for tomato
leaf diseases, was replaced with ResNet in this study. The input image is first standardized before being
fed into the feature extraction network for consistent output. During the feature extraction phase, the image
size is reduced by 16 times, similar to the VGG16 process, with the MobileNet model used in the
experimental section also following this approach.

Fig.1: Tomato disease leaf detection model based on improved Faster RCNN

The deep residual network, implemented as a feedforward neural network with skip connections, enables
the output of one layer to be passed directly across several layers as input to a subsequent layer. This
method avoids the introduction of additional coefficients and does not significantly increase computation.
By performing cross-layer operations and reusing intermediate features, the network mitigates gradient
vanishing issues that arise with an increased number of neural network layers. Consequently, the deep
residual network is highly effective in recognition tasks and is also widely applied in fault diagnosis and
fault-tolerant control.
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C. Ground Truth Generation

To have a robust and accurate training procedure, it is essential to determine the affected portion from the
suspected samples correctly. To accomplish this, we have used Labellmg41, an open-source software to
develop plant images' annotations to locate the Rols. The final output containing the coordinate values of
affected regions is saved in a CSV file which is later passed along with the input images to the Faster-
RCNN framework for model training. Some examples of annotated samples are exhibited in Fig. 2

Fig.2: Annotated image samples

D. Region Proposal Network
In the Faster R-CNN framework, the Region Proposal Network (RPN) is a crucial component that
connects with the feature extraction network. It is central to the Faster R-CNN model, tasked with
positioning tomato disease leaves. RPN generates region proposals using a sliding window technique,
centred on each point of the convolutional feature map output by the last shared convolutional layer. This
sliding window moves across each point of the feature map to generate k anchor points. As a result, the
bbox regression layer produces 4K outputs indicating the position coordinates of the tomato diseased
leaves, while the classification layer produces 2K outputs to determine whether the tomato leaves are
diseased (foreground) or not (background). Given that the classification layer has only two definitive
outputs, we illustrate two deterministic branches in Fig. 1.
Faster R-CNN typically utilizes nine anchors computed from three scales (1282, 2562, 5122) and three
aspect ratios (1:1, 1:2, 2:1). These anchors cover most objects in object detection, but they are not
optimally configured for our tomato disease leaf dataset. To enhance the anchor sizes, we introduced the
k-means algorithm, which allows the anchors to align more closely with the bounding box dimensions in
our dataset.
K-means clustering is a classic unsupervised learning algorithm that classifies data without requiring
labelled inputs. The algorithm measures similarity between data objects based on distance, grouping
similar objects into the same category.
In our network framework, k-means operates independently of the feature extraction network. It is not
directly applied to the RPN but is used to determine the scale and size of the bounding boxes by clustering
the dataset’s bounding boxes. The resulting bounding box sizes are then input into the RPN to enhance
the anchor points.
The clustering process for tomato disease bounding boxes via k-means involves the following steps:
1. The bounding box sizes of tomato disease samples are used as input for the k-means algorithm.
Assuming there are n bounding box samples, a value k is set to define the number of clusters.
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2. k is randomly selected from the tomato sample as cluster points. The distance between each disease
boundary box sample and its cluster point is calculated. Each sample is then assigned to the cluster
point with the smallest distance, completing a clustering iteration.

3. The cluster points’ positions are recalculated based on the bounding box samples grouped by each
cluster point.

4. Athreshold t is established, and the distance between the new and original cluster points is calculated.
If the distance exceeds t, steps 2 and 3 are repeated. If the distance is less than t, the result stabilizes
and converges, yielding the final clustering of the tomato disease leaf bounding boxes.

E. Roi Pooling and Classification Regression

Based on the mapping relationship between the feature maps and the original image, the bounding boxes

are transformed into corresponding regions of interest (ROIs) on the feature maps. Max-pooling is used

to obtain a fixed-size tomato disease feature map and to complete the normalization process. The ROI
pooling layer significantly accelerates tomato disease diagnosis and enables end-to-end training.

The classification task is carried out using softmax. After the fully-connected operation, the feature map

is converted into a feature vector, which softmax uses to calculate the probability of each tomato disease.

The regression task is performed in parallel with the classification task. The regression process refines the

bounding box of the diseased leaves, ensuring that the experimentally generated bounding box of the

tomato disease aligns closely with the actual object position.

RESULTS AND DISCUSSION

In this section, we present the experimental dataset, evaluation methods, and discuss the results from three
key perspectives. First, we analyzed the bounding boxes of tomato disease images using the k-means
clustering algorithm to enhance the anchor boxes. Second, we evaluated different feature extraction
networks for analyzing tomato disease leaves. Lastly, we conducted a comparative analysis of these
networks combined with the improved anchors.

A. Image Datasets

The training dataset was sourced from Kaggle, which consists of laboratory data. This dataset includes 61
categories. We used a Python script to process the annotation files, which contain the category humbers
for each disease. By mapping these numbers to the corresponding image names, we isolated images of
tomato diseases. Four specific tomato disease categories were selected for the experiment, resulting in a
dataset of 4,178 images.

The dataset was randomly split into three subsets: 60% for training, 30% for validation, and 10% for
testing. Figure 2 displays sample images representing healthy tomato leaves and four disease categories
(powdery mildew, blight, leaf mold fungus, and ToMV). Each leaf exhibits distinct characteristics, such
as varying textures, color brightness, and shading effects. Image annotation was performed using the Label
Image tool .

B. Experimental Environment and Algorithm Evaluation

The introduced work was implemented in Python language with Tensorflow and Keras libraries and
executed on an Nvidia RTX 3050 GPU-based system in Windows 11 environment.

The Faster-RCNN approach comprises four steps: feature extraction module, Region proposal networks
(RPN), Rol pooling, and classification to locate and classify several plant diseases.

TP (true positive) represents the number of positive samples classified correctly in the prediction result.
FP (false positive) represents the number of negative samples for which the prediction result is incorrectly
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detected. FN (false negative) represents the number of undetected positive samples in the prediction results
defined in Egs. (2) and (3) and Fig.3 respectively.

TP+TN
Accuracy = TPIFPTTNIFN (2)
mAP := ¥, AP(t;)/T ©)

In Eq. (3), AP denotes the average precision of each class and t is the query or test image. T is the total
number of test samples.

Ground truth Ground truth Ground truth

- @ @
Area of Intersection ) :
- = Predicted Box Predicted Box
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(a)lOU (b)-Precision (c)-Recall

Fig.3: Visual demonstration of IOU, precision, and recall

C. Localization Results
The main characteristic of an automated plant disease system is that it should be capable of localizing the

various categories of plant diseases accurately. Therefore, to evaluate the detection performance of the
introduced solution, the tomato images from the employed database and show some of the visual results

on Fig.4.

Fig.4: Localization results
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D. Classification Results

To design an accurate and robust tomato plant leaf disease classification model, it should be able to
differentiate between the various classes of plant abnormalities. For this reason, we have designed an
experiment to discuss the classification results of our approach in detail. In this section, we have
demonstrated the category-wise identification and classification results of ResNet-34-based Faster-RCNN
in the form of precision, recall, F1-score, and an error rate.To evaluate the classification performance of
the proposed ResNet-34-based Faster-RCNN on ten classes, we have drawn the boxplots (Figs. 5,6) to
show the obtained precision and recall rates as these plots have the ability to better show the results by
exhibiting the minimum, maximum, median values along with the symmetry and skewness of the data.
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Fig.5: Evaluation using Precision.
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Furthermore, the F1-score and the error rate for the entire dataset is shown in Fig.7.More clearly, we have
obtained an average F1-score of 99.42% along with the minimum and maximum error rates of 0% and

0.35%, respectively.
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Fig.7: Evaluation using F1 score and error rate.
It is quite evident from the reported results that our approach has better recall ability and can better
generalize to tomato plant diseases of several types.

CONCLUSION

We enhanced the Faster RCNN algorithm to effectively detect and recognize diseased tomato leaves,
addressing both disease identification and leaf localization. By incorporating the k-means algorithm to
optimize anchor boxes, and replacing VGG16 with ResNet101 for deeper feature extraction, our approach
demonstrated improved accuracy compared to the original Faster RCNN. However, our current dataset is
limited to laboratory conditions, allowing for the detection of only single leaf diseases in each image.
Additionally, tomato diseases often manifest in fruits and stems, and future research will integrate these
factors for a more comprehensive diagnostic approach. This expansion will contribute significantly to
advancing smart agriculture by providing a more holistic plant disease detection system. Future work will
focus on expanding this approach to include images of natural plants, capturing the complexity of real-
world scenarios
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