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INTRODUCTION 

Wheat (Triticum aestivum L.) is a globally significant crop, 

providing essential nutrients as 

over one-third of the world’s population. 

These diseases not only 

crop but also affect quality 

one of the most 

crops worldwide, a role in and 

Wheat Disease Detection, Convolutional 

Neural Networks, Learning, 

Convolutional Neural Networks (CNNs), in particular, have 

demonstrated exceptional capabilities in feature extraction, 

and classification tasks. 

rely heavily on manual 

by experts,  which  is  time- 

consuming, expensive, and to 

Artificial Intelligence (AI) and Deep 

Learning (DL) revolutionized by 

enabling  automated disease 

Puccinia striiformis f. 

sp. tritici yellow rust) Blumeria 

graminis powdery mildew) 

diseases such as rust, leaf blight, and 

which can yield 

disease detection system that leverages Convolutional 

Neural Networks (CNNs) 

Disease Detection, Deep Learning, 

Convolutional Neural Networks, Mobile 

the model’s real-world 
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Abstract— Wheat, widely cultivated cereal 

plays pivotal  ensuring food 

nutritional security. Despite being a crucial staple food, 

wheat crops are highly susceptible to various fungal and 

bacterial yellow 

powdery mildew, lead to reductions 

ranging between 20% and 50%. Traditional disease 

detection approaches   field 

inspection agricultural 

often inaccessible small-

scale farmers.This study proposes an AI-powered wheat 

 

for automated disease 

identification from leaf images captured through mobile 

devices. The system utilizes advanced architectures like 

EfficientNet and MobileNet, which provide superior 

accuracy and faster inference speeds while maintaining 

computational efficiency suitable for edge devices. The 

proposed model is integrated into a mobile application 

that incorporates regional language support using 

translation APIs, allowing farmers to receive disease 

names, causes, and treatment recommendations in their 

native languages (such as Marathi and Hindi). 

Experimental evaluation on publicly available wheat leaf 

datasets demonstrates a classification accuracy exceeding 

95%, confirming robustness in 

environments. integration of AI-driven 

disease identification with multilingual output not only 

enhances usability and accessibility but also empowers 

farmers with timely, understandable, and actionable 

insights. The proposed framework represents a 

significant step toward precision agriculture, digital 

inclusivity, and sustainable crop management. 
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I. 

However, wheat production faces persistent threats from 

numerous plant pathogens, including 

(responsible for 

(causing 

deteriorate yield grain and 

economic stability in the agricultural sector. 

Conventional disease detection primarily depends on manual 

visual inspection, where experts identify symptoms such as 

leaf discoloration, lesions, or deformation. However, such 

methods are subjective, labor-intensive, and often 

infeasible for large-scale monitoring across diverse 

geographic areas. Moreover, early detection is critical, as 

delayed identification often results in rapid disease spread, 

leading to substantial yield losses. 

The emergence of 
agricultural analytics 

recognition. 

 

 

pattern recognition,   image Studies by 

U. Shafi et al. (2023) and M. A. Genaev et al. (2021) showed 

that deep CNN architectures such as ResNet, Xception, and 

EfficientNet can achieve over 94% accuracy in identifying 

various wheat diseases. Furthermore, L. Goyal et al. (2021) 

proposed a domain-specific 21-layer CNN that outperformed 

existing architectures, reinforcing the effectiveness of 

specialized models for crop disease detection. 

Despite such technical advancements, a critical barrier 

persists—language accessibility. Most AI-based agricultural 

applications generate output exclusively in English, making 

them impractical for regional farmers who primarily 

communicate in local languages. As highlighted by A. A. 

Niaz et al. (2025), local-language interfaces significantly 

enhance the usability, credibility, and adoption rate of digital 

farming technologies. 

Therefore, this research aims to design a comprehensive AI-

based wheat disease detection framework that combines 

deep learning-based image classification with regional 

language support. The proposed system integrates CNN-

based feature learning with a language translation module, 

delivering an inclusive and scalable solution that supports 

rural farmers through a user-friendly mobile interface. 

 

 

II. LITERATURE REVIEW 

 

This section overviews the history of wheat disease detection 

techniques, ranging from conventional methods to state-of- 
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the-art deep 

the state of the art for 

disease detection, architectures 

image-processing and machine-learning 

automated disease  detection 

 

learning, and identifies the research gap in 

language accessibility. 

1. Classical 

approaches 

Early wheat relied on 

handcrafted feature extraction followed by classical 

classifiers. Studies used color, texture and shape descriptors 

(e.g., HSV histograms, GLCM, LBP) and then trained SVMs, 

k-NN, or Random Forests to separate healthy and diseased 

tissue. This paradigm is summarized in reviews and early 

works cited in your list [2], [6]. Shafi et al. [1] and Lu et al. 

[4] discuss how these techniques fared under controlled vs. 

field conditions: they are interpretable and low-cost but 

fragile to lighting, occlusion, and background clutter. Several 

later comparative studies (e.g., [16], [24]) show conventional 

approaches are competitive on small, clean datasets but fail 

to generalize across varied field imagery. 

Key takeaway: Handcrafted features established baselines 

and intuition (which color/texture cues matter), but do not 

scale well to heterogeneous, real-world datasets. 

 

2. Emergence and dominance of deep convolutional 

neural networks (CNNs) 

The shift to end-to-end CNNs greatly improved robustness 

and accuracy. Foundational plant-disease studies (Mohanty et 

al. [6]; Hughes & Salathé [12]) showed that CNNs trained on 

large image repositories outperform classical pipelines. Later 

works applied well-known architectures (VGG, ResNet, 

Inception) and custom nets for wheat disease classification: 

Genaev et al. [3] and Tan & Le’s EfficientNet [9] 

demonstrated strong accuracy gains using modern scaling 

rules and transfer learning; Goyal et al. [10] proposed a 

domain-specific 21-layer CNN that reported high accuracy 

on combined leaf/spike datasets. 

Recent architecture-level findings from MobileNetV2 

(Sandler et al. [8]) and EfficientNet (Tan & Le [9]) are 

particularly relevant for mobile/edge deployment: they 

achieve good accuracy with far fewer parameters, enabling 

on-device inference on smartphones. 

Key takeaway: CNNs are image-based 

and lightweight (MobileNet, 

EfficientNet) enable practical mobile deployment without 

sacrificing much accuracy. 

3. Specialized model designs and continual/few-shot 

learning 

Some authors designed domain-specific networks (Goyal et 

al. [10]) tuned for leaf vs. spike morphologies and lesion 

patterns. With the recognition that new diseases or variants 

may appear, continual learning (Alharbi et al. [11]) and few-

shot learning approaches reduce the need for large annotated 

datasets and support model updates without catastrophic 

forgetting. These paradigms increase system adaptability in 

the field. 

Key takeaway: Continual and few-shot learning are 

promising for long-term viability of deployed systems in 

dynamic pathogen landscapes. 

 

4. Mobile and web deployment; user interfaces and 

accessibility 

Several works focus on practical deployment: smartphone 

apps (Niaz et al. [5]) and lightweight cloud or bot interfaces 

(Genaev et al. [3]—Telegram bot) demonstrate real-world 

delivery. MobileNet-class architectures and model 

quantization are common strategies to meet resource 

constraints (Sandler et al. [8]). Niaz et al. [5] specifically 

report improved adoption when results are delivered in local 

languages, underscoring the importance of accessible 

interfaces. 

Key takeaway: Effective deployment requires balancing 

model accuracy, latency, offline capability, and user 

accessibility (including language and voice). 

 
5. Segmentation and severity estimation 

Segmentation approaches (e.g., co-salient feature extraction 

in [25]) are used to delineate infected regions and estimate 

severity—important for recommending treatment dosages 

and mapping disease progress. Segmentation is 

computationally heavier but provides richer per-pixel 

information than classification. 

6. Gaps, limitations, and research opportunities 

Across the literature several recurring gaps remain: 

• Language and usability: While Niaz et al. [5] 

emphasize local language benefits, most systems 

still output in English and lack voice/offline 

features. 

• Domain generalization: Models trained on lab 

datasets often underperform in unconstrained field 

conditions; domain adaptation and more varied 

datasets are needed. 

• Few-shot/continual updates: Few systems 

implement mechanisms to quickly learn new disease 

classes from limited samples. 

• Offline & low-resource deployment: Internet-

independent inference, model compression, and 

energy-efficient models remain under-explored in 

many studies. 

• Integration with advisory systems: Linking 

detection to localized agronomic recommendations 

(dosages, pesticide names permitted locally) and 

socio-economic context is limited. 

 

7. How the present work positions itself relative to 

prior art 

Based on the reviewed references, the proposed system builds 

on best practices: using EfficientNet/MobileNet for balance 

of accuracy and efficiency [8], [9]; applying Albumentations 

and Cutout for robust training [13], [14]; leveraging open 

datasets and augmentation strategies used by Genaev et al. 

and others [3], [12]; and addressing an under-served but 

critical area—regional language support and farmer-centric 

UX—highlighted as essential by Niaz et al. [5]. Incorporating 

mechanisms for domain adaptation and planning for 

continual learning would position the system to effectively 

address the persistent gaps identified above (generalization, 

new classes, offline use). 
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to remove noise from the image 

to fit the input dimensions 

the 

Normalization:  Pixel  values  were  normalized 

between 0 and 1 to data 

Data Augmentation: Techniques such as 

flipping, and 

were applied the 

to ensure real-time 

and accessibility 

Image Resizing: All images were resized to 

224×224 pixels 

computational load. 

Fully Connected Layers: learned features 

for final classification. 

into five stages: 

1. Image acquisition 

2. Image preprocessing 

3. 

Batch Normalization and ReLU Activation: 

Improve and stability. 

• Pooling 

The architecture of the 

is illustrated in Fig. 1 

Layers 

Input Layer: 224×224×3 

Convolution Layers: 

to ensure the reliability of the data. To 

To train and validate the model, 

wheat disease 

to prevent overfitting and enhance 

model generalization. 

compound scaling, which 

scales the depth, width, and resolution of 

the network 

balance between 

efficiency and 
accuracy, making it for deployment on 

devices. 

classification model developed 
using a Convolutional Neural Network (CNN) 

 

 

 

III. EXISTING SYSTEM 

 

Traditional approaches for detecting wheat diseases 

have largely relied on manual inspection and basic 

machine learning models using visual or 

environmental features. While these approaches are 

widely used in agricultural research and field 

practice, they have several limitations, including 

subjectivity, low accuracy in complex field 

conditions, dependence on expert knowledge, and 

the absence of regional language support for 

farmers. This restricts their large-scale, real-time 

application and results in delayed or missed disease 

detection in crops. 

To overcome these limitations, researchers have 

recently proposed AI-based computational 

methods for disease detection. 

Existing systems in the literature can be broadly 

categorized into the following types: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A. Overview 

The proposed system combines deep learning–based 

image classification with multilingual translation 

support to detect wheat leaf diseases through 

mobile-based image input. The overall methodology 

is divided 

 

 
Model training and classification 

4. Result generation and language translation 

5. Mobile application integration 

Each stage has been designed 

performance, accuracy,   for 

regional farmers.  proposed 

system (not shown here). 

B. Data Collection 

• Yellow Rust 

• Leaf Blight 

• Powdery Mildew 

Each image is labeled and annotated by domain 

experts 

simulate real-world conditions, images were 

collected under varying lighting, background, and 

angle conditions. 
The dataset was divided as follows: 

• Training set: 70% 

• Validation set: 20% 

• Testing set: 10% 

 

C. Image Preprocessing 

The preprocessing pipeline standardizes and cleans 

the raw input images to improve model 

performance. The following steps were performed: 

1. Noise Reduction: Gaussian and median filters were 

applied unwanted 
background. 

2.  
 

 

3.  

4.  
 

 

 

5. Segmentation (optional): For certain training 

phases, background removal using color 

thresholding was applied to focus on leaf regions 

only. 

 

D. Model Architecture 

 
built upon the EfficientNet-B3 architecture [9]. 

EfficientNet was selected for its 

computational  high classification 

suitable 
mobile 

1. Model Selection 

EfficientNet employs 

optimally 

simultaneously, allowing improved 

performance with fewer parameters. 

2. Network 

• RGB image 

•  Extract spatial and textural 

features from the leaf surface. 

publicly available 

leaf datasets were used, including 

images from the Wheat Fungal Disease (WFD2020) 

dataset, PlantVillage, and other open-access 

repositories [3], [12], [15]–[18]. 

The dataset contains multiple classes such as: 

• Healthy Leaf 

was The disease 

Albumentations using zooming 

library [13] 

required 

by CNN architecture. 

scaling. 

rotation, 

brightness  adjustment,  cropping, 

ensure consistent 

Integrate • 

convergence speed 

Layers: Reduce feature map size and 

• 

model 
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conducted on a system equipped with 

an  NVIDIA  GPU  (8GB Intel  i7 

processor, and RAM. 

the model’s across 

different and 

Accuracy, Precision, Recall, 

F1-score, and Confusion Matrix used to assess 

model performance. The model 

accuracy of demonstrating 

Accuracy: 95.6% 

Precision: 94.8% 

Recall: 96.3% 

F1-Score: 95. 

Optimizer: Adam 

Learning Rate: 0.001 

Batch Size: 32 

Epochs: 50 

can be to detect diseases 

in other crops 

model was implemented using TensorFlow and 

Keras with 

allows users to: 

Capture or upload images. 

View 

diseases such as Rust, Leaf Spot, and 

to 

The model’s performance was using 

and 

shown promising results in 

accurately identifying diseases 

one of the categories (Healthy, 

Rust, Powdery Mildew). 
The 

VRAM), 

were 

• Softmax Output Layer: Classifies the input image 

 
faster training. 

E. Model Training and Evaluation 

Training was 

 

 

  

  

  

  

Evaluation Metrics: 

achieved an overall 

95.6%, strong 

generalization and reliability across different 

lighting and environmental conditions. 

 

F. Language Translation Module 

To improve accessibility, a language translation 

API (Google Translate API / Indic NLP Library) 

was integrated with the mobile application. The 

translation module automatically converts the 

English disease diagnosis and treatment 

recommendations into regional languages such as 

Marathi, Hindi, or any other supported Indian 

language. 
Process Flow: 

1. The CNN model classifies the disease from the 

uploaded image. 

2. The disease name and treatment advice are 

generated in English. 

3. The translation module converts the output text into 

the selected local language. 

4. The translated information is displayed or narrated 

through the app interface. 

This multilingual integration makes the technology 

accessible to farmers with minimal digital literacy. 

G. Mobile Application Design 

The mobile application serves as the user interface 

for farmers. It was developed using React Native 

for cross-platform compatibility (Android/iOS). The 

app 

• wheat leaf 

• real-time disease predictions. 

• Receive treatment suggestions in regional language 

text and voice. 

• Access offline results (cached predictions). 

Architecture Integration: 

• Frontend: React Native interface for image capture 

and display. 

• Backend: Flask/Django API that handles image 

preprocessing, model inference, and translation. 

• Database: MySQL for storing user queries, 

feedback, and translation logs. 

IV. H. Performance and Validation 

validated unseen test 

data real-world field images. The system achieved: 

  

  

  

• 2% 

Visual inspection confirmed robustness 

field lighting leaf orientations. The translated 

results were evaluated by bilingual experts to ensure 

linguistic accuracy and context retention. 

I. System Advantages 

• High Accuracy: Achieves >95% accuracy using 
EfficientNet-B3. 

• Accessibility: Supports multiple regional languages 

for inclusivity. 

• Portability: Optimized for low-end mobile devices. 

• Scalability: Easy to extend to other crops and 

languages. 

• Usability: Intuitive mobile interface for non-

technical users 

• 

IV.FUTURE WORK 

The proposed system has 

major wheat and providing 

multilingual support to farmers. However, several 

enhancements can be implemented to improve its scalability, 

efficiency, and real-world applicability in the future: 

1. Expansion of Disease Database: 

Future versions can include additional wheat 

Stem   Septoria 

Fusarium Head Blight create a more 

comprehensive detection system. 

2. Integration  with  IoT  and  Drones: 

The system can be extended to work with IoT-based 

sensors and drone cameras for continuous and large-

scale field monitoring, enabling early warning and 

automated disease mapping. 

3. Offline Functionality: 

Developing an offline version of the app and 

embedding a local translation model will allow 

farmers in low-connectivity areas to use the system 

without internet dependency. 

4. Voice Assistance and Chatbot Support: 

Adding voice-based interaction and chatbot features 

in regional languages can improve accessibility for 

farmers with limited literacy. 

5. Continual Learning Model: 

Implementing continual or federated learning will 

enable the AI model to learn from new field data and 

adapt to evolving disease patterns. 

6. Integration with Agricultural Advisory Systems: 

Linking the system with government and research-

based agricultural databases can provide region-

specific treatment recommendations and pesticide 

usage guidance. 

7. Multi-Crop Detection: 

The framework generalized 

such as rice, maize, or sugarcane, 

promoting a unified smart farming platform. 

GPU acceleration for frameworks, 

Yellow disease 

Leaf Blight, 

into 

16GB 
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large portion of the world’s population. 

wheat is 

continual learning to 
adapt to new disease patterns over time. 

 

8. Enhanced Translation Accuracy: 

Future research can focus on developing domain-

specific translation models trained on agricultural 

terms to improve the quality and contextual 

accuracy of regional outputs. 

 

 

CONCLUSION AND DISCUSSION 

 

 

Wheat is a fundamental crop for global food 

security, providing essential nutrients such as 

carbohydrates, proteins, and dietary fibers to a 

Despite 

its importance, production frequently 

hindered by several diseases, including Yellow 

Rust, Leaf Blight, and Powdery Mildew, 

which can significantly reduce yield quality and 

quantity. Early detection and timely treatment 

of these diseases are therefore crucial for 

sustaining productivity and ensuring food 

availability. 

The study presented a deep learning-based 

wheat disease detection system that utilizes 

EfficientNet architecture for accurate 

classification of wheat leaf diseases. The model 

achieved a high accuracy rate of over 95%, 

demonstrating its potential to identify disease 

symptoms with precision under various field 

conditions. The inclusion of preprocessing 

steps—such as image normalization, resizing, 

and augmentation—helped to improve the 

consistency and robustness of the model by 

compensating for variations in lighting, 

background, and image quality. 

An important feature of the system is its 

regional language translation module, which 

translates disease names and recommended 

treatments from English into local Indian 

languages like Marathi and Hindi. This 

innovation makes the technology more 

inclusive by allowing farmers with limited 

English proficiency to access and understand 

critical agricultural insights in their native 

tongue. The combination of AI-based diagnosis 

with regional language communication bridges 

the gap between advanced digital tools and rural 

farming communities, promoting greater 

adoption and trust in technology. 

In conclusion, this work establishes that AI-

driven disease detection combined with 

regional language support can serve as a 

powerful tool for promoting intelligent, 

inclusive, and data-driven agriculture. The 

system’s scalability, accuracy, and accessibility 

make it a valuable step toward the future of 

precision farming. 

For future enhancements, the framework can be 

extended to: 

Include a larger variety of wheat diseases and 

other crop types. 

Integrate offline processing and voice-based 

interaction for low-connectivity areas. 

Enable drone-based monitoring for large-

scale field coverage. 

 

 

Such advancements will allow the system to 

evolve into a comprehensive, self-learning 

platform that not only diagnoses diseases but 

also guides farmers through treatment, 

prevention, and sustainable crop management 

— ensuring that technology truly serves every 

farmer, in every language. 
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