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Abstract: This The detrimental impact of bacterial and fungal diseases on cotton crop yields and profitability underscores the
urgency for rapid and precise field diagnosis. This paper introduces CottonVision, a pioneering mobile application leveraging
deep learning for real-time identification of cotton diseases from images. By enabling farmers to capture smartphone photos of
leaves, the system employs a robust convolutional neural network, specifically an Inception-v3 model, trained on a
comprehensive dataset of over 2300 cotton crop images. The application swiftly classifies these images into four distinct
categories: diseased cotton leaf, diseased cotton plant, Fresh cotton leaf, and Fresh cotton plant. Deployed on Android devices
via TensorFlow Lite, the optimized model boasts a remarkable 97% test accuracy. CottonVision serves as an indispensable tool,
furnishing farmers with instant diagnostic results crucial for early intervention. By facilitating prompt identification of emerging
infections, the application aids in curtailing further spread and implementing timely control measures. The user-friendly
interface of CottonVision offers an accessible and practical solution, empowering growers with real-time decision support for
efficient disease management in cotton crops.
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L. INTRODUCTION

Cotton crops face significant challenges due to the pervasive threats posed by bacterial and fungal infections. The early visual

identification of these pathogens stands as a critical hurdle, causing delays in response and amplifying economic losses across global

agricultural landscapes [1, 2]. In response to these challenges, this paper introduces CottonVision, an innovative Android
application engineered to revolutionize disease diagnosis in cotton farming.

CottonVision harnesses the convergence of cutting-edge computer vision methodologies and mobile technology to provide an

immediate, on-field solution for diagnosing major cotton illnesses. The application operates seamlessly, utilizing smartphone-

captured images and a sophisticated deep neural network architecture [3] to swiftly categorize various cotton plant components as
either afflicted or healthy. By offering real-time visual alerts, CottonVision empowers farmers with timely information on emerging
infections, enabling swift and informed decision-making crucial for disease mitigation.

The primary contributions of this research are multifaceted:

1) Development of an Accurate Inception-v3 Model: The research presents a meticulously crafted Inception-v3 model
demonstrating exceptional accuracy in categorizing images into four distinct categories, encompassing various manifestations
of cotton diseases.

2) Implementation of a Mobile Application Using TensorFlow Lite: CottonVision integrates TensorFlow Lite, providing farmers
with an easily accessible and practical tool for immediate model inference on Android devices. This deployment streamlines the
process, enabling real-time decision support in the field.

3) Empowering Farmer Response for Sustainable Agricultural Practices: By equipping farmers with the means to promptly
identify and respond to emerging infections, CottonVision plays a pivotal role in reducing yield losses and facilitating more
sustainable agricultural practices.

The culmination of technological advancements in CottonVision heralds a new era in cotton disease management. By bridging the

gap between technological innovation and agricultural needs, this application stands as a beacon of efficient disease mitigation in

cotton crops.

Its implementation not only ensures timely interventions but also safeguards crop health, thereby optimizing yield outcomes and

setting a precedent for enhancing agricultural sustainability. This paper outlines the comprehensive capabilities of CottonVision,

underscoring its pivotal role in transforming the landscape of disease management in cotton cultivation, ultimately paving the way
for a more resilient and productive agricultural sector.
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1. RELATED WORK
Earlier works have explored various machine learning techniques for plant disease recognition. Classical approaches include support
vector machines (SVM), k-nearest neighbors (KNN), and random forests, relying on hand-crafted features like lesions, shape,
texture [4]-[6].
Recent focus has shifted to deep convolutional neural networks (CNNs) which automatically learn hierarchical discriminative
features [7]-[13]. Mohanty et al. [7] developed an early five layer CNN architecture and training framework for classifying 14 crop
diseases. Lu et al. [8] used a similar CNN to diagnose fusarium wilt in cotton with 96.7% accuracy. Liu et al. [9] combined semantic
segmentation with CNN feature extraction using ResNet-50 to identify cotton leaf spots.
Several studies have investigated the use of transfer learning with advanced CNNs pretrained on ImageNet. Ramcharan et al. [10]
compared models like ResNet-50, VGG-16, Inception-v3, and NasNet for detecting cassava mosaic disease, finding NasNet
produced superior performance. Ferentinos [11] comprehensively reviewed deep learning techniques for plant pathology,
identifying CNNs as state-of-the-art. Durmus et al. [12] evaluated optimizations like quantization to compress models for mobile
devices.
However, few works have focused on deploying high-accuracy architectures to farmer-ready apps. Our CottonVision system
addresses this need via a specialized smartphone application utilizing TensorFlow Lite for on-device cotton disease diagnosis.

1. METHODOLOGY
A. Dataset
The cotton disease classifier employed in this study utilizes an extensive Kaggle image dataset that spans four distinct categories:
diseased cotton leaf, diseased cotton plant, Fresh cotton leaf, and Fresh cotton plant [12]. This meticulously labelled dataset
comprises over 2300 images, divided into an 80/20 split between training and test sets. To augment the diversity and variability of
the dataset, augmentation techniques such as flipping, rotation, and zooming are employed to enrich the training data.

B. Model Architecture

The foundation of the cotton disease recognition system lies in a robust convolutional neural network architecture. The model
development utilizes the InceptionV3 architecture, renowned for its efficacy in feature extraction and classification tasks.
Leveraging multi-scale convolutional filters, InceptionVV3 excels in capturing intricate hierarchical visual patterns, ranging from
pixel-level details to semantic understanding.

The model architecture commences by initializing the base network with pre-trained weights sourced from the ImageNet dataset.
Subsequently, enhancements include the addition of a global average pooling layer for dimensionality reduction and a softmax
output layer customized for the classification of four cotton health categories: diseased cotton leaf, diseased cotton plant, healthy
cotton leaf, and healthy cotton plant.

Operational within the TensorFlow/Keras framework, the model is tailored to process RGB images with dimensions of 299x299
pixels. Pre-processing routines prepare the input images for traversal through the InceptionV3 layers, conserving the parameters
frozen during feature extraction. The resulting feature maps undergo pooling before being fed into a dense layer for prediction
generation.

C. Optimization

The training methodology encompasses an end-to-end approach, utilizing the Adam optimizer with default parameters and
categorical cross-entropy loss function. To mitigate overfitting and enhance generalization, a batch size of 32 images is employed
along with on-the-fly data augmentation techniques, including shearing, zooming, and flipping operations. Training spans 20 epochs,
incorporating an early stopping mechanism to halt training when validation loss plateaus, ensuring model convergence while
averting overfitting risks.

D. Deployment Pipeline

Upon successful model training, the focus shifts to integrating the trained model into a mobile-friendly format for on-device
inference. The model is exported and transformed into TensorFlow Lite format, optimizing its efficiency for execution on mobile
devices by quantizing 32-bit floating-point weights to 8-bits, reducing memory footprint.

The integration extends to the development of an Android application coded in Java/XML. This application encapsulates
fundamental functionalities crucial for real-time cotton disease diagnosis by end-user farmers.
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These functionalities encompass:

1) Real-time image capture via smartphone camera interface.

2) Image loading capabilities directly from the device gallery.

3) Preprocessing and formatting of input images to meet model requirements.

4) Invocation of TensorFlow Lite API for on-device inference, facilitating efficient and rapid disease classification.

5) Presentation of classified disease outputs accompanied by confidence scores, enabling intuitive and informed decision-making
by farmers.

This deployment pipeline not only facilitates real-world cotton disease diagnosis but also empowers end-user farmers with an

accessible and user-friendly tool for efficient and timely disease management in cotton crops.
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Fig. 1 Flow Chart
V. RESULT & DISCUSSION

Evaluation conducted on a held-out test set showcases the remarkable performance of the classifier, achieving an impressive
accuracy rate of 97% in categorizing the four distinct cotton health states solely from images. This accuracy nears the proficiency of
specialized human-level visual diagnostic capabilities, especially within the targeted disease categories. Notably, errors are confined
to a small fraction of challenging cases, often associated with highly imbalanced training data distribution among classes.
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By optimizing the model for mobile devices through TensorFlow Lite integration, CottonVision successfully facilitates practical,
real-time diagnosis directly in the field. The seamless integration into an Android application enhances accessibility, offering a user-
friendly interface tailored for farmers.

The achieved 97% accuracy signifies a significant milestone in automated cotton disease diagnosis, closely approaching the
performance levels of experts in visually discerning cotton health states. However, despite this remarkable accuracy, there exist
avenues for further enhancement. The presence of errors, predominantly within challenging instances arising from imbalanced
training data, underscores the need for continual refinement and augmentation of the dataset. Fig .2 refer to train loss v/s Val loss
and Fig .3 refers to Accuracy comparison.
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Expanding the dataset size and diversifying disease targets could substantially augment the model's robustness and generalization
capabilities. A larger dataset encompassing a broader spectrum of disease manifestations and cotton health states would fortify the
model against instances where class imbalances hinder classification accuracy. Furthermore, testing additional architectures beyond
InceptionVV3 might yield insights into alternative approaches that could potentially improve the model's performance and resilience
to challenging cases.
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The app workflow is seen in Figs. 4.1-4.3. Fig. 4.1 shows the front-page redirecting users to camera capture. Fig. 4.2 gives options
to take new photos or select saved gallery images. Fig. 4.3 displays the classification output - either healthy or infected cotton along
with predictive confidence scores. In short, the farmer first captures or chooses a plant image through the app interface. This is fed
to the on-device machine learning model for inference. Finally, the diagnostic disease prediction result is visualized, allowing early
identification of infections to help mitigate impacts and yield losses.

Cotton Disease Detection ‘ Cotton Disease Detection

Cotton Disease
Detection

Scan Your Crop

Times New Roman

A 4

Fig. 4.1 Front Page Fig. 4.2 Camera Activity Fig. 4.3 Predicted Output

Fig 4. App Images

While CottonVision stands as an efficient tool for real-time disease diagnosis in the field, the continuous pursuit of dataset
augmentation, inclusion of more disease targets, and exploration of varied model architectures remain pivotal for advancing the
robustness and versatility of the system. These measures are crucial to further elevate the accuracy and reliability of CottonVision,
ensuring its efficacy in aiding farmers and bolstering agricultural sustainability.

V. CONCLUSION
CottonVision demonstrates an applied machine learning pipeline that empowers cotton farmers to visually diagnose major crop
diseases using just a smartphone camera. A high-accuracy Inception-v3 model classifies images into four informative categories to
reveal infections. Converted into a mobile app via TensorFlow Lite, this allows real-time in-field testing and alerts. Early detection
of threats helps curb spread and reduce yield losses from disease. Next steps include localizing the app to more regions and
languages to serve global cotton growers.
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