© 2025 IJRTI | Volume 10, Issue 6 June 2025 | ISSN: 2456-3315

DeeplLeaf: Convolutional Neural Networks-
Based Al-Powered Plant Disease Identification

Akshay R Maske!, M S Mathapati?, S M Shinde®, A M Dyade* ,Neeta Kulkarni®
PG Student, Department of Electronics & Telecommunication Engineering, SVERI’s College of Engineering Pandharpur

Abstract: One of the most important sectors in the world is agriculture, which provides food for the expanding population. Plant diseases,
however, pose a substantial threat to agricultural output and quality, leading to significant financial losses. Early detection and accurate
diagnosis are essential to reducing the detrimental effects of plant diseases. An automated, scalable method is required because traditional
manual disease diagnosis is laborious and prone to inaccuracy. In this essay, We present DeepLeaf, a convolutional neural network (CNN)-
based Al-driven system for identifying plant diseases. Rapid and accurate diagnoses are provided by the technology, which uses deep
learning to automatically categorize plant illnesses from leaf photos. We outline the model training process, evaluation outcomes, dataset
preparation, and system design. On benchmark datasets, DeepL eaf exhibits cutting-edge performance and has a lot of promise for practical
agricultural applications.
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1 Introduction

The foundation of human civilization has always been agriculture, and as the world's population grows, food security is
becoming a major concern. Plant diseases can destroy agricultural productivity and jeopardize food security. These diseases
can range from fungal infections to viral outbreaks. Traditional plant disease diagnosis and identification techniques frequently
need expert human examination, which is costly and inefficient, especially for large-scale farming operations.

An inventive answer to this problem is offered by the development of artificial intelligence (Al) and machine learning (ML)
technologies, especially convolutional neural networks (CNNs). Based on visual patterns on leaves, CNNs—which are
excellent at image classification tasks—can be used to automatically identify plant diseases. The purpose of this study is to
outline the creation, use, and assessment of DeepLeaf, demonstrating its capacity to identify plant illnesses from their leaves
and going over its possible implications for precision farming.

2 Related Work

The rapid advancement of artificial intelligence and machine learning has led to a significant surge in interest in automated
plant disease identification in recent years. Earlier methods mostly used manual feature extraction and traditional machine
learning techniques, such texture analysis, color histograms, and form descriptors, to identify plant diseases. [1], [2] While
helpful in some situations, these methods were frequently constrained by their dependence on predetermined characteristics,
which made them less flexible when dealing with novel disease kinds or intricate patterns.

Plant disease identification is one of the picture classification problems that has significantly improved with the introduction
of deep learning, especially convolutional neural networks (CNNs) [3], [4]. CNNs are very successful at complicated tasks
requiring pattern identification in pictures because of their ability to automatically learn spatial hierarchies of features from
input images [5]. With several studies showing its promise for agricultural applications, research on CNN-based plant disease
identification has been expanding quickly [6], [7]. AlexNet was one of the first CNN architectures used to identify plant
diseases, and it performed remarkably well in general picture classification tasks [8]. Deeper architectures were introduced by
the VGGNet model after AlexNet, and they were successful in a number of agricultural fields, including the categorization of
plant diseases [9], [10]. Although VGG-based models are computationally costly and demand significant hardware resources,
studies have demonstrated that they achieve good accuracy in diagnosing plant diseases [11], [12]. He et al. [13] established
residual networks (ResNets), which have been widely used in plant disease diagnosis because they can solve the vanishing
gradient issue in deep networks. ResNet is one of the top designs in this area because of its skip connections, which enable
the network to learn efficiently even with extremely deep layers [14], [15]. According to research, ResNet-based models are
capable of achieving cutting-edge outcomes in tasks involving the categorization of plant diseases [16], [17]. Plant diseases
have also been identified using models based on Inception. In particular, InceptionVV3 combines convolutions with different
filter sizes to collect features at many scales. rendering it appropriate for identifying a broad range of plant illnesses [18].
Research has shown how well InceptionV3 classifies illnesses in crops including apples, cucumbers, and tomatoes [19], [20].
InceptionV3's application in real-time systems is limited by its large memory and processing power requirements, despite its
accuracy [21]. To overcome the difficulties in training deep networks on comparatively limited agricultural datasets, a number
of researchers have also looked at transfer learning [22], [23]. Using pre-trained CNN models on big datasets like ImageNet
[24] and then refining the model on smaller, domain-specific datasets like those used in plant disease diagnosis is known as
transfer learning. It has been demonstrated that this method greatly enhances CNN model performance while lowering the
amount of computing power needed for training [25], [26]. In order to provide real-time crop monitoring through mobile and
edge devices, more recent research has concentrated on integrating deep learning models with Internet of Things (10T)
technologies [27], [28]. To diagnosis illnesses, for instance, researchers have created loT-enabled frameworks that let farmers
use smartphones to take pictures of their leaves, which are then evaluated by cloud-based CNN models [29], [30]. In precision
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agriculture, where prompt and precise disease diagnosis is essential, these methods seek to offer workable alternatives [31].
Even while CNN-based models have demonstrated remarkable performance in controlled settings, there are still a number of
issues. In real-world settings, when variables like changing illumination, occlusions, and background noise can impact image
quality, these models' performance frequently deteriorates [32]. To increase model resilience under these circumstances, some
research have suggested domain adaptation and data augmentation strategies [33], [34]. It has been demonstrated that merging
many CNN architectures to create ensemble models improves classification accuracy even further [35], [36]. In order to
enhance performance on plant disease datasets, DeepLeaf expands on previous developments by utilizing ResNet-50, an
architecture that has proven to be highly effective in picture classification tasks, in conjunction with transfer learning, data
augmentation, and optimization strategies. The system is meant to be both highly accurate and applicable in the actual world,
tackling issues like unbalanced datasets and deployment computing efficiency.
3. Input Image Acquisition

e The system's initial stage is to take pictures of plant leaves, which may be done with a variety of gadgets, such as
cellphones, digital cameras, or Internet of Things-enabled gadgets like drones or ground sensors. The deep learning
model processes the photos for illness detection once they are saved in a local or cloud storage system.

e Device Compatibility: Any device that can capture images in the appropriate format (JPEG, PNG, etc.) can be used.
It is recommended to use high-resolution images for optimal results.
3.1 Image Preprocessing

e Resizing: Images are resized to a standard resolution (e.g., 224x224 or 256x256 pixels), depending on the CNN
architecture used (e.g., ResNet, Inception).

e Normalization: The normalisation of pixel values to either [0, 1] or [-1, 1] ensures that the model can handle the
data effectively and prevents problems with big input values.

3.2 Convolutional Neural Network (CNN) Architecture

e Convolutional Layers: These layers perform feature extraction by applying filters (kernels) that slide over the input
image, capturing patterns such as edges, textures, and color gradients.

e Pooling Layers: By reducing the spatial dimensions of the feature maps, max-pooling or average-pooling layers
lower computing cost and increase the resilience of the model..

e Residual Connections: ResNet’s residual connections solve the vanishing gradient problem, allowing the network
to train effectively even with deep layers.

e Fully Connected Layers: To categorise the input picture into several plant disease categories, the output is passed
via fully connected layers after many convolutional and pooling layers.

e Softmax Layer: CNN's last layer outputs the probability distribution across the various plant disease classes using
the softmax function; the class with the highest probability is chosen as the predicted illness..

3.4 Transfer Learning

Given the small size of most plant disease datasets, transfer learning is employed to enhance the model’s performance. A
CNN pre-trained on a large dataset like ImageNet is fine-tuned using the specific plant disease dataset. The pre-trained weights
allow the model to learn general image features, while the fine-tuning adapts it to the specific task of disease classification.

3.5 Real-Time Inference and Prediction

Once the model is trained and validated, it is deployed for real-time inference. Farmers or agricultural professionals can upload
images of diseased leaves, and the system will return the predicted disease along with the confidence score. The system is
optimized for both cloud and edge deployments, ensuring that it can be used in remote locations with limited computational
resources.

e Edge Deployment: For real-time applications, the model is deployed on edge devices (e.g., smartphones or lIoT
devices), enabling immediate disease detection in the field.

e Cloud Deployment: For more resource-intensive tasks or when connected to a robust network, the model can be
deployed in the cloud, providing scalability and access to large-scale datasets.
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4 Architecture Diagram
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Fig.1. CNN Model For Detection of Plant disease

To draw the architecture diagram as shown in figure 1, we need to illustrate the components of the system and how they interact with each
other. Below is the step-by-step guide:

1. Input Acquisition Layer: Represent the different devices used for image acquisition (smartphones, cameras,
drones).

Preprocessing Layer: Show image preprocessing techniques like resizing, normalization, and augmentation.

CNN Model Layer: Depict the layers of the CNN model (Convolutional, Pooling, Fully Connected, Softmax).
Training & Inference Layer: Include the training phase (training, validation) and inference (real-time prediction).
Feedback Loop: Show a loop from inference back to the model for retraining based on user feedback.
Deployment Layer: Illustrate both cloud-based and edge device deployment scenarios.

e A

5. Evaluation and Results
5.1 Dataset Description

High-resolution photos of leaves from diverse plant species with varied illnesses make up the dataset used to assess DeepLeaf.
We used the PlantVillage Dataset, a commonly used dataset that includes healthy samples and more than 54,000 labelled
photos of 14 crop types and 26 plant illnesses.

Total number of images: 54,303

Number of plant species: 14

Number of disease categories: 26

Image resolution: 256x256 pixels (resized for model input)
Train-test split: 80% training, 20% testing.

5.2 Mathematical Model for CNN Evaluation

Let X={x1,x2,...,xn} represent the input images, where xi is an individual image, and y={y1,y2,...,yn} represents the ground
truth labels. The task of the CNN model is to predict the class label yi~ for each input xi, where yi*€{0,1,...,C—1} and C
is the number of disease classes.

The model’s objective is to minimise the categorical cross-entropy loss:

L{y. §) = — S0y Sy i clog(dic)

Where:
e yi,cisa binary indicator (0 or 1) of whether the true label for image iii is class ccc,
o ynic\hat{y} {i,c}y"i,c is the predicted probability that image iii belongs to class ccc,
e nnn is the total number of samples,
e CCC is the number of classes.

The model uses backpropagation and stochastic gradient descent (SGD) to minimize this loss function during training,
updating the weights of the CNN to improve classification performance.

5.3 Evaluation Metrics

1. Accuracy: calculates the proportion of accurate predictions among all samples.

T e — T'P+TN
ACCWIACY = FprFNy FPTEN
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Where:

TP = True Positives
TN = True Negatives

FP = False Positives
FN = False Negatives

2. Precision: calculates the percentage of accurate positive forecasts..

eria] — _Tr
Precision = TPLFT

3. Recall (Sensitivity): Measures the proportion of actual positives correctly identified.

_ TP
Recall = w555

4. F1-Score: the accuracy and recall harmonic mean, which yields a single performance rating.

1 — 2 Precision = Recall
Fl=2x Precision+ Recall

5. Confusion Matrix: true positive, false positive, true negative, and false negative rates for every class are provided
in a comprehensive matrix.

5.4 Model Training

Optimizer: Adam optimizer with an initial learning rate of 10—410"{—-4}10-4.

Batch Size: 32

Loss Function: Cross-Entropy Loss in Categories

Augmentation Techniques: Random rotations, zooms, flips, and brightness variations were used to increase the
effective dataset size and prevent overfitting. During training, we tracked the loss and accuracy on both the training
and validation datasets.

5.5 Results and Analysis

e Accuracy: 97.45%

e Precision: 96.80%

e Recall: 97.10%

e F1-Score: 96.95%
5.6 ROC Curve

Analysing the model's performance across a range of threshold values is made easier by the Receiver Operating Characteristic
(ROC) curve as shown in figure 2. The macro-average ROC curve is produced to assess the model's capacity to discriminate
across all classes in a multi-class issue after the curve is drawn for each class.

ROC Curve for Plant Discase Classification
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Fig 2. ROC Curve
5.8 Graphical Results
1. Training vs Validation Accuracy: A plot showing how the accuracy improves over epochs for both the training

and validation datasets.
2. Training vs Validation Loss: A graph showing the decrease in loss over time for both training and validation sets.
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Fig 3. Training Validation Graph

The graphical results as shown in figure 3 confirm that DeepLeaf achieves a high level of accuracy and stability across both
training and validation datasets, with minimal signs of overfitting.

The evaluation of DeepLeaf demonstrates that the model is highly effective in identifying plant diseases from images. The
performance metrics, supported by the mathematical evaluation and large-scale data analysis, highlight the model's accuracy,
precision, and recall. These results, alongside graphical evaluations, validate DeepLeaf as a reliable tool for plant disease
detection. Further improvements could be achieved by fine-tuning hyperparameters and expanding the dataset with more
diverse images.

5. Discussion and Future Work

The success of DeepLeaf highlights the potential of CNN-based models for plant disease recognition. By automating the
process of disease detection, farmers can receive real-time feedback on crop health, enabling them to take corrective actions
sooner. However, several challenges remain. The model's reliance on high-quality images limits its applicability in poor
lighting conditions or cluttered environments. Future work will explore the integration of multi-spectral imaging and sensor
fusion techniques to improve robustness.
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