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Abstract: Coffee is one of the crucial agricultural product in the global economy, particularly for Ethiopia. However, diseases like
brown eye spot, wilt, and rust are the most determinant constraints the productivity and quality of coffee export. Existing of variational
autoencoder (VAE). MobileNetV3, acting on extracted features contain complementary information that enriches a unified feature
map. Second, the extracted images from models are fused in the early fusion network. That is deployed to learn the rich information
from the extracted feature. The late fusion network is implemented to learn the fused feature before a classification network classifies
coffee leaf diseases. The proposed hybrid feature fusion approach is evaluated on a challenging, real world Robusta Coffee Leaf
(RoColLe) dataset with various diseases, including red spider mite and leaf rust disease. As a result, an autonomous method for
detecting and classifying coffee plant disease become very crucial for better productivity. To determine whether a particular image of a
leaf disease or if it is healthy, we created a deep learning model and RNN trained with image dataset collected from the Wolaita Sodo
agricultural research center consisting of 1,120 and augmentation technique also applied to handle data over-fitting problem and
totally 3,360 images were used.

I. INTRODUCTION

Deep learning is a method in artificial intelligence (Al) that teaches computers to process data in a way that is inspired by the
human brain. Deep learning models can recognize complex patterns in pictures, text, sounds, and other data to produce
accurate insights and predictions. The term Deep Learning was introduced to the machine learning community by Rina
Dechter in 1986, and to artificial neural networks by Igor Aizenberg and colleagues in 2000, in the context of Boolean
threshold neurons. Deep Learning gets its name from the fact that we add more layers to learn from the data. DL is a part of
machine learning that deals with algorithms inspired by the structure and function of the human brain. It uses artificial neural
networks to build intelligent models and solve complex problems. We mostly use deep learning with unstructured data.
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Deep learning is a subfield of machine learning that focuses on using artificial neural networks to model and solve complex
tasks. The term "deep" refers to the use of deep neural networks, which are neural networks with many layers (deep
architectures). These deep architectures enable the learning of hierarchical representations of data, allowing the model to
automatically discover and extract features at multiple levels of abstraction.

Supervised Learning
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Supervised machine learning, It is defined by its use of labeled datasets to train algorithms that to classify data or predict
outcomes accurately. In supervised learning, the training data provided to the machines work as the supervisor that teaches
the machines to predict the output correctly.

Unsupervised Learning

UL Detects hidden patterns or internal structures in unsupervised learning data. It is used to eliminate datasets containing
input data without labeled responses. unsupervised machine learning models are given unlabeled data and allowed to
discover patterns and insights without any explicit guidance or instruction.

Transfer learning

(TL) Transfer learning involves using a pre-trained model on a specific task and fine-tuning it for a related task. This is
especially useful when you have limited labeled data for the target task. TL often involves using pre-trained models that have
been trained on large datasets for general tasks such as image classification.
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APPLICATIONS
Image recognition

Image recognition is the process of identifying an object or a feature in an image or video. It is used in many applications like
defect detection, medical imaging, and security surveillance. Image recognition algorithms use deep learning and neural
networks to process digital images and recognize patterns and features in the images.
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Natural Language processing

Natural language processing (NLP) is the relationship between computers and human language. More specifically, natural
language processing is the computer understanding, analysis, manipulation, and/or generation of natural language.
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Self-driving cars
Self-driving cars, also known as autonomous vehicles, leverage deep learning and other advanced technologies to navigate
and operate without human intervention. Self-driving cars are equipped with various sensors to perceive their environment.

Self-driving cars Fraud detection

Fraud detection using deep learning involves leveraging sophisticated neural network architectures to automatically identify
and prevent fraudulent activities in various domains, such as finance, e- commerce, and healthcare. Fraud detection often
involves identifying anomalies or unusual patterns in the data. One common approach is to train the deep learning model to
recognize normal patterns and then detect deviations from these patterns as potential fraud.

Automatic machine translation
Automatic machine translation in deep learning involves using neural

networks to automatically translate text from one language to another. This application has seen significant advancements
with the advent of neural machine translation (NMT) models.
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DL in Marketing

Deep learning, or machine learning, is Al-driven technology. It relies on gathering user data to learn your users' behavior
patterns.

Deep learning for marketing utilizes analytics data and Al to create algorithms. So, this allows for smarter, more targeted
marketing. Deep learning for marketing is excellent for making personalized recommendations to your customers.
CHARACTERISTICS

Hierarchy of Features:

Deep learning models learn a hierarchy of features from the data. In neural networks with multiple layers, each layer captures
increasingly complex and abstract representations of the input data. This

hierarchical feature learning allows the model to automatically discover and extract relevant features.
End-to-End Learning

Deep learning models are capable of end-to-end learning, meaning they can learn directly from raw data without the need for
manual feature engineering. This allows the model to automatically discover relevant features and representations from the
input data.
Scalability

Deep learning models can scale with the increasing amount of data and computational resources. Larger datasets and more
powerful hardware, such as Graphics Processing Units (GPUs) and Tensor Processing Units (TPUs), enable the training of
deeper and more complex neural networks.
Ability to Handle High-Dimensional Data

Deep learning is well-suited for high- dimensional data, such as images and sequences, where traditional methods may
struggle. Convolutional and recurrent neural networks are specifically designed to capture spatial and temporal dependencies
in such data.

Representation Learning

Deep learning excels at representation learning, where the model learns to represent data in a meaningful way. This is
particularly valuable for tasks such as image recognition, natural language processing, and speech recognition, where the
model learns hierarchical representations of the input.

1. PROPOSED SYSTEM

Ethiopia is the leading coffee exporter in Africa which accounts for 22% of the country’s commodity exports. Coffee is one
of the crucial agricultural product in the global economy, particularly for Ethiopia. However, diseases like brown eye spot,
wilt, and rust are the most determinant constraints the productivity and quality of coffee export. The disease detection
requires specific attention from professionals, which is not achievable for mass production. As a result, an autonomous
method for detecting and classifying coffee plant disease become very crucial for better productivity. To determine whether a
particular image of a leaf has a brown eye spot, wilt, or rust or if it is healthy, we created a deep learning model trained with
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image dataset collected from the Wolaita Sodo agricultural research center consisting of 1,120 and augmentation technique
also applied to handle data over-

fitting problem and totally 3,360 images were used. In order to achieve the best results during the classification of such
diseases, we compared training from scratch and transfer learning techniques. Because of this, training from scratch performs
at a rate of 98.5%.

ADVANTAGES

. Better accuracy.

. Identify infected and healthy leaves, as well as to detect illness in afflicted plants
. Highly scalable

. Cost- and time-effective manner.

. Prediction accuracy is high and having robust working.

1. IMPLEMENTATION

Executing the identification and arrangement of espresso leaf sicknesses utilizing profound learning includes a few key
stages. At first, a different and marked dataset of espresso leaf pictures, including both sound and sick leaves, is gathered.
This dataset is then preprocessed, resized, and split into preparing, approval, and test sets. A profound learning model,
normally a Convolutional Brain Organization (CNN), is picked and prepared on the preparation

information, with information hyperparameter enhancement and approval observing. In the wake of accomplishing
acceptable execution, the model is assessed on the test set utilizing measurements like exactness and accuracy. When
approved, the model is conveyed for commonsense use, with an easy to use interface for illness identification. Nonstop
improvement is kept up with through standard updates and observing, and careful documentation is saved for future reference
and coordinated effort.
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MODULES

. Data Collection

. Data Preprocessing

. Visualization of Coffee Disease

. Performance Monitoring in coffee leaf disease

MODULES DESCRIPTION DATA COLLECTION
Gather a dataset of coffee leaf images that includes healthy leaves and leaves affected by various diseases (e.g., Coffee Leaf
Rust, Coffee Berry Disease). Ensure that the dataset is diverse, representative, and well-labeled with disease categories.
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DATA PREPROCESSING
Resize and standardize the images to a common size. Split the dataset into training, validation, and test sets. Augment the

training data with techniques like rotation, scaling, and flipping to increase the diversity of the dataset and improve model
generalization. Evaluate the trained model on the test set to assess its performance in detecting and classifying coffee leaf
diseases. Use metrics like accuracy, precision, recall, F1-score, and confusion matrices to measure model performance.

Coffe Leaf IP
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VISUALIZATION OF DISEASE COFFEE

In this section,  we present a visualization of coffee disease to illustrate how its classification distinguishes between
healthy and unhealthy leaves. We built deep learning models to classify and localize the defective regions. Visualization can
also be a useful tool to help find issues in the learning process and even provide guidance on how to fix them. Grad-CAM,
Grad- CAM++, and Score-CAM were used as visualization tools in this study. To illustrate our point, we developed two
models for classifying coffee diseases the native approach and the guided approach.
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Visualization of Coffee Disease

PERFORMANCE MONITORING IN COFFEE LEAF DISEASE:

This involves the ongoing evaluation of the model's ability to accurately identify and classify coffee leaf diseases. Metrics
such as accuracy, precision, recall, and F1- score are regularly assessed to gauge the model's overall performance.
Continuous monitoring allows for the detection of any decline in accuracy or potential issues that may arise due to changes in
environmental conditions, variations in disease patterns, or shifts in the data distribution over time.
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Performance Monitoring in coffee leaf disease
V. CONCLUSION

On the basis of the symptoms seen on the leaves, a limited amount of study has been done on the automated diagnosis of
coffee leaf diseases. Therefore, the goal of this article was to create a model to identify coffee leaf disease at its early stage.
This model would be extremely helpful to farmers, extension agents, and agricultural experts, and it will also boost the
quality and quantity of coffee crops produced forthe export market. As a result, we put forth a method for employing a
convolutional neural network to identify and categorize coffee leaf disease in Ethiopian coffee leaves. The Resnet50 model’s
experiment on transfer learning produced a 99.89% accuracy result, outperforming the approaches that were examined over
training from scratch and MobileNet. As a result, the four classes of coffee leaf diseases can be readily identified and
classified with high performance utilizing our constructed model employing Resnet50.
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FUTURE ENHANCEMENT

In the ongoing pursuit of advancing the detection and classification of coffee leaf diseases using deep learning, several
promising avenues for future work present themselves. Additionally, the integration of explainable artificial intelligence
(XAI) techniques will be crucial for elucidating the decision-making process of deep learning models, fostering trust among
end-users and facilitating informed decision-making in agriculture. Future research could also desolve into the optimization
of computational efficiency for deployment in resource-constrained environments,allowing for real-time disease monitoring
and swift intervention. Collaborative efforts with agricultural communities to collect diverse and geographically
representative datasets can further enhance model generalization across varied environmental conditions and disease
prevalence scenarios. Furthermore, the incorporation of advanced sensor technologies, such as drones equipped with
hyperspectral imaging, holds promise for comprehensive and timely disease detection. Lastly, addressing issues related to the
interpretability and robustness of deep learning models in the face of dynamic environmental factors remains an important
aspect of future work. By focusing on these aspects, researchers can contribute to the development of more accurate, scalable,
and practical solutions for the sustainable management of coffee plant health.
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