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Abstract - Agriculture forms the backbone of many 
economies, yet farmers often struggle to detect plant diseases 
early, leading to significant crop losses. Recent advancements 
in artificial intelligence have shown promising applications in 
agriculture, especially in disease diagnosis using image 
processing. This paper introduces PlantoScope, a 
convolutional neural network (CNN)-based mobile application 
designed for real-time plant disease diagnosis through leaf 
images. The model is trained on the PlantVillage dataset 
comprising 38 distinct plant classes and diseases. The 
application allows users to capture or upload leaf images, 
which are then analyzed by a deep learning model deployed 
via a Flask API. The output includes the plant type, disease 
name, cause, and recommended cure. The system achieves an 
accuracy of 96% using a .h5 model and 94% using a 
compressed .tflite version, making it viable for mobile 
deployment. This solution is designed to be scalable and 
farmer-friendly, with plans to integrate thermal imaging and 
a binary leaf classifier in the future. 
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1. INTRODUCTION 

 
Agriculture is a vital sector in many developing nations, 
where crop health directly affects economic stability and 
food security. Early detection of plant diseases plays a 
critical role in ensuring high crop yields and minimizing 
losses. Traditionally, farmers rely on visual inspection or 
expert advice, which may be subjective, time-consuming, and 
inaccessible in remote regions. 

With the rise of deep learning and image processing, 
automated plant disease detection has become a promising 
alternative. Convolutional Neural Networks (CNNs) have 
proven particularly effective for image classification tasks, 
including plant pathology. 

This paper presents PlantoScope, a mobile-based plant 
disease diagnosis application powered by a CNN model. By 
capturing or uploading an image of a leaf, users receive an 
instant prediction of the plant type, disease name, possible 
cause, and recommended cure. The backend model is trained 
on the well-known PlantVillage dataset, and the application 
is optimized for deployment using TensorFlow Lite. 

PlantoScope aims to bridge the gap between modern AI tools 
and the needs of farmers by offering an easy-to-use, real-
time disease identification system. 

 
2. RELATED WORK 

 
Recent years have witnessed significant advancements in the 
use of deep learning for agricultural applications. Several 
studies have demonstrated the efficacy of Convolutional 
Neural Networks (CNNs) in plant disease identification using 
image-based datasets. 

Mohanty et al. (2016) were among the first to use deep 
learning models on the PlantVillage dataset, achieving over 
99% accuracy on test data using AlexNet and GoogLeNet 
architectures. Their work validated the potential of image 
classification models for field-level disease detection. 

Ferentinos (2018) further extended this line of research by 
evaluating multiple CNN architectures, including VGG and 
AlexNet, across several plant species and disease categories. 
His study confirmed CNNs’ robustness even in complex 
classification tasks involving multiple classes and subtle leaf 
texture variations. 

However, most of the existing research has focused on model 
accuracy in offline environments. Limited work has been 
done to translate these models into lightweight, real-time 
mobile applications accessible to end-users, particularly 
farmers. 

This gap in deployment-focused research forms the 
motivation for PlantoScope, which not only achieves high 
classification accuracy but also delivers the functionality 
through a user-friendly mobile interface with TensorFlow 
Lite integration. 

 
3. DATASET AND PREPROCESSING 

 
The proposed model was trained on the publicly available 
PlantVillage dataset sourced from Kaggle. It consists of 54,305 
images of 14 different plants across 38 classes, each 
representing a specific combination of plant type and disease 
condition, such as Apple___Black_rot, Tomato___Leaf_Mold, 
and Corn_(maize)___Common_rust_.  
 
It consists of images of 14 different plants, namely- Tomato, 
Strawberry. Squash, Soybean, Raspberry, Potato, Bell Pepper, 
Peach, Orange, Grape, Corn (Maize), Cherry, Blueberry, Apple  
 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 12 Issue: 05 | May 2025             www.irjet.net                                                                         p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 1645 
 

To ensure compatibility and efficiency in training, the 
following preprocessing steps were applied: 
 

 Resizing: All images were resized to 224×224 pixels 
to match the input dimensions of the CNN model. 
 

 Normalization: Pixel values were scaled to the 
range [0, 1] by dividing by 255. 
 

 Label Encoding: Class folder names were converted 
to one-hot encoded labels using 
ImageDataGenerator with categorical mode. 
 

 Dataset Split: The data was divided into 80% 
training and 20% validation. A separate test dataset 
was used for final evaluation. 
 

 Shuffling: Disabled during test time to preserve 
label order for confusion matrix analysis. 

 

4. MODEL ARCHITECTURE 
 

The proposed model follows a sequential Convolutional 
Neural Network (CNN) architecture optimized for image 
classification tasks. The design was kept intentionally simple 
to reduce complexity while achieving high accuracy on the 
PlantVillage dataset. 

 
4.1 Architecture Details 
 

The CNN consists of the following layers: 
 

 Conv2D Layer (32 filters, 3×3 kernel, ReLU):  
Captures low-level features such as edges and textures. 
 

 MaxPooling2D (2×2): Reduces spatial dimensions and 
computational load. 

 
 Conv2D Layer (64 filters, 3×3 kernel, ReLU): Extracts 

higher-level features from pooled outputs. 
 
 MaxPooling2D (2×2): Further reduces feature map size. 
 
 Flatten Layer: Transforms the 3D feature maps into a 

1D vector. 
 
 Dense Layer (256 units, ReLU): Learns complex 

patterns from flattened features. 
 
 Output Dense Layer (38 units, Softmax): Outputs class 

probabilities for 38 categories. 
 
4.2 Model Summary 
 
The model has 47.8M parameters in total. The summary of 
the model, describing the Output Shape and the Number of 
Paramters of each Layer Type are as follows: 

Table -1: Model Summary 
 

Layer Type Output Shape Parameters 

Conv2D (222, 222, 32) 896 

MaxPooling2D (111, 111, 32) 0 

Conv2D (109, 109, 64) 18,496 

MaxPooling2D (54, 54, 64) 0 

Flatten (186, 624) 0 

Dense (256) 47,776,000 

Dense (38) 9,766 

 
5. SYSTEM DESIGN 

 
5.1 Data Flow Diagrams 
 
The Data Flow Diagrams (DFDs) of PlantoScope provide a 
visual representation of how data moves through the system.  
 

 
 

Fig -1: Level 0 DFD 
 

 
 

Fig -2: Level 1 DFD 
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5.2 System Flow Diagram 
 
The following system flow diagram illustrates the sequence 
of operations and logic within the PlantoScope application. It 
highlights key user interactions such as image capture or 
selection from gallery, preprocessing (including resizing, 
normalizing pixel values) to prepare for model prediction. 
and image submission to the backend API, followed by 
authentication of the request by comparing the API key 
received in the request body with the API key set on the 
backend server, model inference using the CNN-based 
classifier, retrieval of prediction results including disease 
name, cause, and cure, and finally, displaying the diagnosis 
along with the selected image on the result screen.  
 
The System Flow Diagram is as follows: 
 

 
 

Fig -3: System Flow Diagram 

6. TRAINING AND EVALUATION STRATEGY 
 
6.1 Dataset Split 
 
The PlantVillage dataset was divided into: 

 Training Set: 80% of images 

 Validation Set: 10% of images 

 Test Set: 10% of images 

Stratified splitting was used to maintain class distribution 
across splits. 

6.2 Training Parameters 
 

 Optimizer: Adam 
 
 Loss Function: Categorical Crossentropy 

 
 Batch Size: 32 

 
 Epochs: 20 

 
 Learning Rate: 0.001 (with decay) 

 
 Early Stopping: Enabled (patience = 3) 

 
6.3 Evaluation Metrics 
 
To comprehensively evaluate model performance, the 
following metrics were used: 
 

 Accuracy 
 
 Precision 

 
 Recall 

 
 F1-Score 

 
 Confusion Matrix 

 
These metrics were computed on the test set using scikit-
learn. 
 
6.4 TensorFlow Lite Conversion 
 
To enable mobile deployment, the trained .h5 model was 
converted to TensorFlow Lite (.tflite) format without 
quantization, preserving performance for inference on every 
type of mobile devices, even on those having low-end 
specifications, because the server’s computation power is 
being utilized to run the model inference via an API call, the 
mobile is only used to process the UI tasks. 
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7. RESULTS AND DISCUSSION 
 
7.1 Model Performance 
 
The trained CNN model achieved high accuracy and 
reliability across the 38 plant disease classes. Below is a 
summary of the evaluation on the test dataset: 
 

 Accuracy: 96% 
 
 Precision (macro avg): 96% 

 
 Recall (macro avg): 94% 

 
 F1-Score (macro avg): 95% 

 
 Number of Test Images: 54,305 

 
 Number of Classes: 38 

 
7.2 Confusion Matrix Analysis 

 
The confusion matrix confirmed strong classification 
capability, especially for common diseases such as Tomato 
Yellow Leaf Curl Virus and Corn Rust. Some confusion was 
noted between visually similar classes like "Tomato Early 
Blight" and "Tomato Late Blight", which may benefit from 
additional feature separation or training data. 
 

 
 

Fig -4: Confusion Matrix 
 

7.3 .h5 vs .tflite Comparison 
 
Although the .tflite model was converted without 
quantization to retain performance, a minor drop in average 
precision (~2%) was observed, likely due to internal 
representation differences in TensorFlow Lite. However, this 
tradeoff is acceptable given the size and speed advantages 
for mobile deployment. 
 

7.4 Practical Usability 
 

The model was successfully deployed via a Flask API and 
integrated into a React Native app. Inference results were 
returned in real-time with satisfactory performance even on 
low-end mobile phones. 

 

8. CONCLUSION AND FUTURE ENHANCEMENT 
 

8.1 Conclusion 
 

This paper presents PlantoScope, a lightweight CNN-based 
mobile application capable of detecting 38 plant diseases 
using leaf image classification. The model was trained on the 
PlantVillage dataset and achieved a high accuracy of 96%. It 
was successfully converted into a TensorFlow Lite format, 
deployed using a Flask-based API, and integrated into a user-
friendly mobile interface built with React Native. The system 
demonstrates effective real-world usability for farmers, 
students, and agricultural researchers by providing disease 
type, cause, and cure suggestions with minimal latency. 
 
8.2 Future Enhancements 
 
While the current results are promising, several 
enhancements are planned: 
 

 Leaf vs Non-leaf Classifier: To reduce false 
positives, a preliminary binary classification step 
can be added to ensure the uploaded image contains 
a leaf. 
 

 Thermal Image Integration: A secondary model 
trained on thermal imagery may improve disease 
detection in early stages, especially for 
temperature-sensitive crops. 

 
 Extended Dataset Support: Incorporating images 

of Indian plant varieties and expanding the disease 
coverage will further improve generalization. 

 
 Multi-language Support: Adding support for Hindi 

and regional languages can make the app more 
accessible to local farmers. 

 
 Play / App Store Deployment: The app is already 

tested and ready for APK generation; publishing it 
to the Google Play Store / Apple App Store is part of 
the future plan. 
 

 Web / Desktop Deployment: Since the frontend is 
built using React Native with Expo, it offers cross-
platform flexibility. A web or desktop version of 
PlantoScope can be deployed using frameworks like 
React Native Web, Electron, or any other frontend 
by integrating it with PlantoScope API, to enhance 
accessibility for users without smartphones. 
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