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ABSTRACT 

Timely and precise identification of diseases in plant leaves is crucial for protecting crops and promoting 

sustainable agricultural practices. In this work, a custom Convolutional Neural Network (CNN) model 

built with Keras is presented to identify 38 different classes of leaf diseases from the Augmented New Plant 

Diseases Dataset. The model architecture consists of several convolutional layers with increasing filter sizes 

(from 32 to 512), ReLU activation functions, and max pooling for spatial downsampling. It concludes with 

fully connected layers and includes dropout to reduce the risk of overfitting. Training is performed using 

the Adam optimizer with a learning rate of 0.0001, and the loss is calculated using the sparse categorical 

cross-entropy function. To improve the model's robustness and adaptability to diverse lighting and 

environmental conditions, data augmentation methods are applied. The results confirm the model's high 

accuracy, with a training accuracy of 98.37% and a test accuracy of 96.29%, supporting its application for 

real-time detection of plant diseases at scale. Furthermore, a rule-based system is incorporated to 

recommend suitable pesticides based on the detected disease category. This approach emphasizes the value 

of deep learning in advancing smart agriculture and providing automated support for disease 

identification and treatment decisions. 

Keywords-plant leaf disease; deep Convolutional Neural Networks (CNNs); data augmentation; Keras; 

augmented new plant diseases dataset 

I. INTRODUCTION  

Agricultural productivity is a cornerstone of food security 
and economic stability, particularly in regions where farming is 
the primary livelihood. However, plant diseases pose a 
persistent threat to crop health, often resulting in substantial 
yield losses and economic damage [1]. Recent estimates 
indicate that plant pathogens and pests account for a significant 
portion of agricultural losses, often ranging from 20% to 40% 
of global crop yields annually, highlighting the critical need for 
effective disease management strategies. Detecting plant 
diseases manually can be slow, requires significant effort, and 
is often susceptible to mistakes due to human limitations, 
especially in early disease stages or when multiple symptoms 
are visually similar [2]. Traditional methods relying on 
laboratory tests are often costly, require specialized expertise, 
and lack the scalability required for monitoring large 
agricultural areas. Furthermore, non-deep learning computer 

vision approaches are limited by their reliance on manual 
feature extraction, which is time-consuming and often fails to 
generalize across diverse environmental conditions. These 
challenges underscore the need for automated, scalable, and 
accurate plant disease diagnosis systems. 

Recent progress in computer vision and deep learning has 
enabled the development of more intelligent and efficient 
systems for monitoring crop health [3]. Convolutional Neural 
Networks (CNNs) have shown strong performance in image 
classification, which makes them well-suited for disease 
identification in plant foliage [4]. CNNs are capable of learning 
hierarchical image features automatically, removing the 
reliance on manual feature extraction and allowing reliable 
plant disease classification across varying environmental 
conditions [5].  

This study introduces a framework powered by deep 
learning techniques for plant leaf disease identification and 
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pesticide recommendation using a custom-designed CNN 
implemented in Keras [6]. The model is trained and evaluated 
on the Augmented New Plant Diseases Dataset [7], which 
comprises over 50,000 labeled images across 38 classes, 
including healthy and diseased plant leaves. Extensive data 
augmentation techniques are applied during training to improve 
the model's ability to generalize and minimize the risk of 
overfitting. 

Our CNN architecture is composed of several convolutional 
layers with increasing filter depths, interleaved with max-
pooling operations to progressively reduce spatial dimensions. 
The final dense layers incorporate dropout for regularization, 
followed by a softmax output layer for classification into 
multiple categories. The model is optimized using the Adam 
optimizer and trained using sparse categorical cross-entropy 
loss. 

Furthermore, a rule-based module is integrated into the 
framework to provide pesticide recommendations based on the 
predicted disease class. This hybrid approach not only enables 
high-accuracy disease classification but also supports 
actionable agronomic decision-making. The experimental 
results validate the efficiency of our method, showing high 
classification accuracy and strong generalization across 
multiple disease types. 

This research contributes to the development of intelligent, 
automated plant disease monitoring systems and supports the 
broader objective of precision agriculture through Artificial 
Intelligence (AI)-driven diagnosis and decision support. 

We present a robust performance analysis using a custom-
designed CNN model, achieving a high-accuracy benchmark of 
98.25% on the large Augmented New Plant Diseases Dataset 
for 38 distinct disease classes. We also develop an end-to-end 
system that successfully integrates high-accuracy disease 
detection with a practical rule-based pesticide recommendation 
system, bridging the crucial gap between diagnosis and 
immediate intervention for farmers. A comprehensive 
evaluation using detailed metrics, including precision (PPV) 
and recall (sensitivity), ensures a complete and transparent 
assessment of the model's diagnostic reliability. 

II. RELATED WORK 

The use of machine learning (ML) techniques, especially 
deep learning, has revolutionized plant disease detection and 
classification [8]. Various ML approaches have been utilized 
for identifying and classifying plant diseases; however, with 
the emergence of deep learning—a specialized branch of ML—
this field has seen significant improvements in accuracy and 
overall potential. Common plant diseases encompass root rot, 
powdery mildew, mosaic virus, leaf spots, and fruit rot [9]. To 
address these challenges, deep learning provides high 
classification accuracy and greater processing speed. CNNs 
consist of multiple layers that can automatically detect and 
classify diseases present in plant images. Many studies have 
demonstrated the superiority of CNNs over traditional ML 
methods for plant disease identification [10].  

For example, several CNN-based models have been trained 
on diverse plant disease datasets, consistently delivering high 

accuracy in detecting a wide range of diseases across multiple 
plant types. These findings demonstrate CNNs' capability to 
automatically extract relevant features from raw images, 
eliminating the need for handcrafted feature engineering. In 
one notable study, a mobile application was developed that 
could analyze plant images captured in real-world agricultural 
settings and return results in under a second [11]. In many of 
these works, there is extensive utilization of data augmentation 
techniques, such as flipping, rotation, and scaling [12]. 

However, several challenges remain in the practical 
application of deep learning models for plant disease diagnosis. 
The greatest limitation of existing non-deep learning methods 
is their reliance on manual feature extraction, which is time-
consuming, prone to human error, and lacks the necessary 
scalability for large farming operations. Variations in image 
quality due to lighting conditions, camera angles, and 
background noise can affect the model's performance [13]. 
Moreover, the computational demands of certain CNN 
architectures can pose challenges for deployment on devices 
with limited resources, such as smartphones or embedded 
systems. 

Authors in [14] conducted a seminal study using pre-trained 
deep learning models to recognize 26 diseases across 14 crop 
species, utilizing the PlantVillage dataset. Their approach 
involved fine-tuning AlexNet and GoogleNet architectures, 
achieving high accuracy in classifying healthy and diseased 
leaves. Authors in [15] presented Caffenet, a single GPU 
variation of Alexnet, for classifying 13 different classes of leaf 
diseases using a dataset of around 34,000 images.  

Other research efforts have concentrated on creating 
efficient, lightweight CNN architectures designed for 
deployment on mobile devices, allowing for real-time disease 
detection in agricultural settings [12]. Most studies in the 
current literature primarily use the PlantVillage dataset, often 
focusing on diagnosing diseases in individual plant species 
rather than classifying all plant diseases present in the dataset 
[16]. Recent research also indicates a trend towards using deep 
learning techniques that offer faster convergence rates for plant 
disease recognition [17]. Transfer learning approaches, 
leveraging pre-trained models on large datasets like ImageNet, 
have also gained popularity in plant disease detection [18]. 

Building on prior studies, our research focuses on 
enhancing current methodologies by introducing an effective 
and streamlined CNN model for identifying plant diseases and 
recommending appropriate pesticides, utilizing a thoroughly 
augmented dataset for training [19]. 

III. METHODOLOGY 

A. Dataset Overview 

The proposed deep learning framework is developed and 
evaluated using the Augmented New Plant Diseases Dataset, a 
publicly available and extensively used benchmark dataset for 
plant disease classification tasks. This dataset consists of high-
resolution images of healthy and diseased plant leaves across a 
diverse range of plant species. 
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The dataset is organized into training and validation 
subsets, located in separate directories. It includes 38 distinct 
classes, covering various plant species and disease types such 
as Apple Scab, Grape Black Rot, Tomato Mosaic Virus, Potato 
Early Blight, and several healthy leaf conditions. Each class 
represents either a specific plant disease or a healthy leaf 
category, allowing for fine-grained multi-class classification. 

The data are loaded using the 
image_dataset_from_directory method from TensorFlow, 
which automatically labels the images based on the 
subdirectory names and resizes them to a uniform input shape 
of 256 × 256 pixels. This facilitates efficient batch loading and 
preprocessing during model training. The entire dataset was 
split into a ratio of 80% for the training set and 20% for the 
validation/testing set to ensure robust and unbiased evaluation. 
A sample listing of the class labels is shown below in Figure 1 
to highlight the diversity of disease types covered. 

 

 
Fig. 1.  Disease classes included in the Augmented New Plant Diseases 
Dataset. 

The training and validation directories are structured as 
follows: 

 Training set: Contains the majority of the samples for each 
class, used to train the model. 

 Validation set: Used for evaluating the model's performance 
on unseen data during training to monitor generalization. 

The dataset is augmented to increase variability and 
robustness. This includes transformations such as random 
rotation, flipping, zooming, and color jittering, which improve 
the model's ability to handle real-world image distortions. 

B. Data Preprocessing and Training Data Enrichment 

To improve the model's robustness and ability to generalize 
across diverse inputs, systematic data preprocessing and 
augmentation techniques were applied before training the CNN 
[20]. These steps ensured input quality and consistency while 
preventing overfitting across the different leaf disease 
categories. 

This study utilizes the Augmented New Plant Diseases 
Dataset, comprising color images of both healthy and diseased 
plant leaves across various species. The images were loaded 
from structured directories using TensorFlow's 
image_dataset_from_directory() function, which automatically 
infers class labels from the directory structure and creates a 
tf.data.Dataset object suitable for model training. 

All images were uniformly resized to 256 × 256 pixels to 
match the input dimensions required by the CNN architecture. 
Subsequently, a Rescaling operation was applied to normalize 
the pixel values. Originally ranging from 0 to 255, the pixel 
intensities were scaled to the range [0, 1] using a Rescaling 
(1.0/255) transformation. This normalization ensures stable and 
efficient gradient updates during the optimization process. The 
normalization was applied to both training and validation 
datasets using the map() function of the TensorFlow dataset 
pipeline. 

To improve the robustness and generalization of the 
proposed CNN model, image transformation techniques were 
integrated into the preprocessing pipeline. Data augmentation 
plays a vital role in preventing overfitting by synthetically 
increasing the diversity of training samples through various 
transformations while preserving the semantic content of the 
images. 

In this study, the Augmented New Plant Diseases Dataset 
was already pre-augmented to some extent. However, 
additional on-the-fly data augmentation techniques were 
employed using TensorFlow and Keras to simulate real-world 
variations in environmental conditions such as lighting, 
orientation, and scale. The following augmentation techniques 
were applied: 

 Random horizontal and vertical flipping: Helps the model 
become invariant to leaf orientation. 

 Random rotation (up to 20°): Simulates varied leaf angles 
and perspectives. 

 Random zoom (range: 0.8–1.2): Allows the model to focus 
on both global and local leaf features. 

 Width and height shift: Introduces minor translations to 
simulate camera misalignment. 

 Brightness adjustment: Makes the model robust to varying 
lighting conditions. 

Crucially, all augmentation parameters were carefully 
selected to ensure the core pathological features (e.g., spots, 
lesions, discoloration patterns) remained clearly visible and 
relevant to the true disease class, thereby preserving the 
distribution and representativeness of the original dataset. 
These augmentations were implemented using the 
tf.keras.preprocessing.image.ImageDataGenerator and 
integrated into the training pipeline. The augmented images 
were generated dynamically during training, ensuring memory 
efficiency and maximum variability across epochs. This 
augmentation strategy significantly contributed to the model's 
ability to generalize well across different leaf types and disease 
manifestations, especially when evaluated on the validation 
dataset. 

C. CNN Architecture and Training 

The CNN framework is based on established models like 
LeNet to leverage their feature extraction and classification 
capabilities [21]. The model was customized for plant disease 
detection by optimizing layer configurations and 
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hyperparameters [22]. Transfer learning was also adopted to 
enhance feature extraction efficiency. 

The proposed CNN model was implemented using the 
Keras Sequential API, which facilitates layer-by-layer stacking 
of neural network components. The model is designed to 
extract rich hierarchical features from input leaf images and 
perform multi-class classification over 38 plant disease 
categories. The system architecture is shown in Figure 2.  

 

 
Fig. 2.  CNN-based system architecture for plant leaf disease 
classification. 

The network begins with a series of convolutional layers to 
extract spatial and textural features: 

 Block 1: Two convolutional layers with 32 filters of size 3 
× 3, activated by the ReLU function and using 'same' 
padding to preserve spatial dimensions. This is followed by 
a MaxPooling layer with pool size 3 × 3, reducing the 
spatial resolution while retaining salient features. 

 Block 2: Two convolutional layers with 64 filters, each of 
size 3 × 3, again followed by a MaxPooling layer with the 
same configuration. 

 Block 3: This block repeats the same pattern using 128 
filters, capturing more complex and abstract features. 

 Block 4: The number of filters increases to 256, and no 
pooling is applied after this block, allowing for a deeper 
feature representation. 

 Block 5: Two high-capacity convolutional layers with 512 
filters and a larger kernel size of 5 × 5 are used to extract 

high-level features. These layers are also followed by 'same' 
padding. 

The convolutional feature maps are flattened and fed into a 
fully connected Dense layer with 1,568 units and ReLU 
activation, allowing the model to capture intricate non-linear 
combinations of features. To mitigate overfitting, a Dropout 
layer with a rate of 0.5 is incorporated, randomly deactivating 
neurons during training. The output layer contains 38 neurons, 
each representing a class, with a Softmax activation generating 
a probability distribution across disease categories. 

The model was trained using the Adam optimizer with a 
learning rate of 0.0001, enabling adaptive updates during 
training. Sparse categorical crossentropy was employed as the 
loss function, suitable for multi-class classification with 
integer-labeled targets. Accuracy served as the primary 
evaluation metric. Training was conducted for 10 epochs using 
the fit_generator() function to enable efficient batch-wise 
processing of the large dataset. 

Model performance was continuously monitored on the 
validation dataset, and consistent convergence across epochs 
indicated stable learning and reliable generalization on the 
Augmented New Plant Diseases Dataset. 

D. Pesticide Recommendation Module 

In addition to disease classification, the proposed system 
integrates a pesticide recommendation module that assists 
farmers or agricultural practitioners in selecting appropriate 
chemical treatments based on the identified plant disease. This 
module bridges the gap between diagnosis and actionable 
intervention by mapping each predicted disease class to a 
corresponding pesticide or management practice. 

The mapping between plant diseases and recommended 
pesticides was manually curated based on agricultural best 
practices and publicly available agricultural resources. The 
system uses a dictionary structure (disease_to_pesticide) to 
associate each disease class (as predicted by the CNN) with the 
most effective chemical control agent(s), such as Copper-based 
sprays, Mancozeb, Metalaxyl, or Neem oil. For healthy plants, 
the recommendation appropriately states "No pesticide 
needed." 

Once the disease is predicted using the trained CNN model, 
the predicted class label is passed as a key to the dictionary to 
fetch the relevant pesticide(s). This process is encapsulated in a 
utility function that accepts an input image, preprocesses it, 
performs inference, and overlays the predicted disease and 
corresponding pesticide information directly onto the image 
using matplotlib. 

The integration of this module demonstrates the potential of 
AI not only for accurate disease identification but also for 
supporting real-time, context-aware agricultural decision-
making, which is essential for enhancing productivity and 
minimizing unnecessary pesticide use.  

The model accurately identifies crops and their associated 
diseases across 38 distinct categories, highlighting its potential 
for large-scale deployment in mobile-based plant disease 
diagnosis. Effective detection of plant diseases plays a crucial 
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role in enhancing both the yield and quality of agricultural 
produce while minimizing the excessive use of chemical 
pesticides [23, 24]. 

IV. RESULTS AND DISCUSSION 

The proposed CNN model was trained and evaluated using 
the Augmented New Plant Diseases Dataset. The performance 
of the model was assessed using key metrics such as accuracy, 
precision, and recall ensuring a comprehensive understanding 
of its classification capability. 

The model achieved an impressive training accuracy of 
98.37% and a test accuracy of 96.29%, indicating strong 
generalization to unseen data. This narrow gap between 
training and test accuracy suggests that the model effectively 
learned the distinguishing features of different plant diseases 
while avoiding overfitting. Furthermore, both the precision and 
recall scores were recorded at 96.29%, reflecting a balanced 
performance across all classes. High precision signifies that 
most of the diseases predicted by the model were correctly 
identified, whereas high recall indicates the model's 
effectiveness in detecting actual disease cases without 
omission. 

Figure 3 illustrates the training and validation accuracy of 
the model over 10 epochs. Initially, both accuracies increase 
rapidly, with validation accuracy slightly higher than training 
accuracy during the first few epochs. As training progresses, 
the training accuracy steadily improves, reaching 
approximately 98% by the ninth epoch. The validation 
accuracy also stabilizes between 95% and 96%, showing minor 
fluctuations but no significant drop, which indicates strong 
generalization ability. The small gap between the training and 
validation curves suggests that the model is not overfitting and 
is capable of maintaining high predictive performance on 
unseen data. Overall, the model demonstrates efficient learning 
behavior and robust validation performance. 

 

 
Fig. 3.  Plot of training and validation accuracy across epochs, showing 
high performance and minimal overfitting, with validation accuracy 
stabilizing above 95%. 

Figure 4 shows the training and validation loss curves over 
10 epochs. The training loss decreases sharply during the initial 
epochs and continues to decline steadily, reaching a low value 
close to zero by the ninth epoch. Similarly, the validation loss 
decreases significantly at the beginning and then stabilizes, 
showing minor fluctuations but remaining low throughout the 
training process. The consistent downward trend of both 
training and validation loss, along with the small gap between 
them, indicates that the model is learning effectively without 
significant overfitting. Overall, the loss curves demonstrate that 
the model achieves efficient convergence and maintains good 
generalization to the validation data. 

 

 
Fig. 4.  Training and validation loss plots showing effective convergence 
and good generalization performance of the model. 

Figure 5 illustrates the confusion matrix of the classification 
model evaluated across 38 distinct classes. In the confusion 
matrix, rows correspond to the true class labels, and columns 
represent the predicted labels. The diagonal elements indicate 
correct classifications for each class, whereas the off-diagonal 
entries reflect misclassified instances. A strong concentration 
of values along the diagonal suggests that the model 
successfully classified the majority of the input samples. 
Although minor misclassifications are observed for a few 
classes, they are relatively sparse and low in number, indicating 
a high overall classification accuracy. This performance 
suggests that the model effectively distinguishes between 
different classes with minimal confusion, validating its 
robustness and reliability for the plant disease classification 
task. 

Figure 6 displays examples of the model's predictions and 
corresponding pesticide recommendations for test data. The 
first image shows a corn (maize) leaf affected by common rust, 
with the model correctly identifying the disease and suggesting 
the use of the pesticide Propiconazole for treatment. The 
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second image presents an apple leaf infected with apple scab, 
for which the model recommended the pesticides Captan and 
Mancozeb. This visualization demonstrates the model's ability 
not only to accurately detect different plant diseases but also to 
associate them with appropriate pesticide solutions, thereby 
supporting informed decision-making in agricultural disease 
management. 

 

 
Fig. 5.   Confusion matrix showing the classification performance across 
38 classes. Most predictions lie along the diagonal, indicating high model 
accuracy with minimal misclassifications. 

 
Fig. 6.  Model prediction and pesticide recommendation results for sample 
test images. 

These results demonstrate the robustness and reliability of 
the proposed architecture for plant disease identification. When 
coupled with the pesticide recommendation module, the system 
not only provides accurate diagnoses but also delivers 
actionable insights for timely intervention, making it a practical 
solution for real-world agricultural applications. 

V. CONCLUSION AND FUTURE WORK 

In this study, a deep learning-based approach was proposed 
for automatic plant leaf disease detection and pesticide 
recommendation. A custom Convolutional Neural Network 
(CNN) model was designed and trained using the Augmented 
New Plant Diseases Dataset, which comprises 38 distinct 
classes of diseased and healthy plant leaves. The model 
achieved impressive results, with a training accuracy of 98.37% 
and a test accuracy of 96.29%. Evaluation metrics such as 
precision and recall further confirmed the robustness and 
generalization capability of the model. The confusion matrix 
analysis demonstrated a strong diagonal trend, indicating high 
classification confidence across most classes. 

In addition to disease identification, a pesticide 
recommendation module was integrated to provide immediate 
treatment suggestions based on the predicted disease class. This 
end-to-end system has the potential to assist farmers, 
agronomists, and agricultural extension officers in making 
timely and informed decisions, thus promoting sustainable crop 
health management. 

Future work will focus on the following enhancements: 

 Incorporating real-time leaf image capture via mobile 
devices or drones to support field deployment. 

 Expanding the dataset with more crops and regional disease 
variants to improve model scalability and robustness. 

 Implementing advanced architectures such as EfficientNet 
or Vision Transformers to further enhance accuracy. 

 Integrating geolocation-based suggestions and 
environmental factors for adaptive pesticide 
recommendations. 

 Developing a mobile or web-based application for seamless 
accessibility by end users. 

This research demonstrates that deep learning, when 
combined with agronomic knowledge, can pave the way for 
smart, scalable, and data-driven solutions in precision 
agriculture.  
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