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Abstract: Today, the challenges in agriculture are so big and complicated that agricultural professionals can't just
look at them and figure them out. This study looks at the newest deep learning and computer vision techniques for
finding and sorting mango leaf diseases. Leaf diseases cut the quality and quantity of mango crops by 30-80%, which
costs the worldwide mango industry billions of dollars. We meticulously examine numerous scholarly articles on
deep neural networks and image processing. We categorize current methodologies into three technical generations:
conventional image processing systems, first deep learning applications, and advanced hybrid architectures that
incorporate transfer learning, attention mechanisms, and explainable Al. We systematically assess performance
metrics, dataset characteristics, and implementation challenges across diverse geographical regions. Our
comprehensive evaluation framework and prospective research trajectories underscore sustainable, scalable, and
farmer-centric solutions. This review is a complete guide for researchers studying tropical fruit and people who
make agricultural technologies. This study fills in the gaps in research on dataset standardization, model
interpretability, real-time deployment, and the integration of precision agriculture systems.

Keywords: Smart Farming, Deep Learning, Mango Diseases, Computer Vision, Precision Agriculture, Transfer
Learning.

1. INTRODUCTION

There are more than one hundred countries throughout the world that are responsible for the production of the mango
(Mangifera indica), with India, China, Thailand, and Mexico being the most important producers of mangoes [1]. However,
despite the fact that mango cultivation is of significant economic importance, it is sensitive to a number of diseases that
affect the foliar surface of the plant. Anthracnose, which is caused by Colletotrichum gloeosporioides, powdery mildew,
which is caused by Oidium mangiferae, bacterial black spot, which is caused by Xanthomonas campestris, and leaf gall,
which is caused by Aspylla cistellata are four of these illnesses. On a global scale, these diseases are accountable for annual
losses that fall somewhere between three and five billion dollars [2]. This approach is impeded by a number of factors,
including subjectivity, time constraints, and accessibility difficulties, particularly in countries that are not yet developed.
The classical process of disease control relies mostly on professionals in the agriculture industry conducting field
inspections on a regular basis. In the context of disease management, this approach presents a number of challenges that are
significant. During the course of the last ten years, there has been a significant transformation toward the utilization of
automated illness detection systems. This shift has been aided by the rise in Smartphone use, the development of artificial
intelligence, and the growing knowledge of sustainable farming methods. The earliest systems used basic image processing
methods. These methods eventually gave way to machine learning strategies, which ultimately resulted in deep learning
models becoming the most popular. Deep learning models eventually gained the most traction. The larger movement known
as "Agriculture 4.0" emphasizes automation and data-driven decision-making in agricultural operations. This innovation in
technology aligns with the larger Agriculture 4.0 movement.
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The following aspects are investigated in a methodical manner throughout the course of this review paper:
1. The historical progression of detection methodologies;

2. An exhaustive analysis of deep learning architectures;

3. The characteristics of datasets and the preprocessing techniques;

4. Performance evaluation metrics;

5. Challenges in implementation and deployment; and

6. Future research directions.

All of these elements are examined collectively. The aim of this study is to conduct a comprehensive analysis of the current
capabilities and limitations available. To do this, the study consolidates findings from diverse geographical regions and
analytical methodologies.

2. CHRONOLOGICAL DEVELOPMENT OF MANGO DISEASE DETECTION SYSTEMS
2.1 First Generation: Traditional Image Processing (2010-2015)
Early automated systems focused on basic image processing techniques:
o Color-based segmentation: HSV and LAB color space transformations for disease spot identification
o Texture analysis: GLCM (Gray-Level Co-Occurrence Matrix) features for disease pattern recognition
o Shape-based classification: Contour detection and morphological operations
Limitations: Limited accuracy (70-80%), susceptibility to lighting variations, inability to handle
2.2 Second Generation: Machine Learning Utilizing Handcrafted Features (2016-2018)
Shift to classical machine learning algorithms:
o Feature Engineering: SIFT, HOG, LBP features combined with color and texture descriptors.
e Classification Algorithms: SVM, Random Forest, k-NN with feature selection techniques
e Performance: Accuracy improved to 85-90% under controlled conditions

Key Studies: Patel et al. (2017) achieved 87.3% accuracy using SVM with hybrid features [3]; Sharma and Dubey (2018)
reported 89.1% accuracy with Random Forest [4].

2.3 Third Generation: Deep Learning Revolution (2019-Present)

The transition to deep learning resulted in significant advancements.

e End-to-end learning: Automatic feature extraction from raw images

o Transfer learning: Leveraging pre-trained models (VGG, ResNet, Inception, EfficientNet)
e Advanced architectures: Attention mechanisms, capsule networks, vision transformers

Breakthrough Performance: Accuracy consistently exceeding 95%, with some studies reporting up to 99% under ideal
conditions.

3. DEEP LEARNING ARCHITECTURES FOR CLASSIFYING MANGO DISEASES

The Deep learning for mango disease classification is a promising, active research field in precision agriculture. This covers
this field's architectures, methodologies, difficulties, and trends. There are many techniques used for the same.

3.1 Custom CNN Architecture

In the mango leaf diseases classifying, the early deep learning implementations involved custom-designed CNNs: typically,
this architecture having 3-5 convolution layers with dropout, pooling, and connected layers. The performance accuracy is
about to 90-93% with sufficient data. And the advantage of this is lightweight, fast training, and also suitable limited
datasets.
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3.2 Transfer Learning Approaches

Transfer learning is an important method for classifying mango diseases since it solves the main problem of not having
enough labeled agricultural data. This document goes into great detail about the approaches, tactics, and best practices that
are involved.

Table 1: A Comparison of various transfer Learning Approaches

Base Model Average Accuracy Parameters Inference Time  Best Application
VGG16/19 92.3% 138M High Baseline comparisons
ResNet50 94.7% 25.6M Medium General-purpose
InceptionV3 95.2% 23.9M Medium Complex patterns
DenseNet121 95.8% 8.1M Low-Medium Feature reuse
EfficientNetB3 96.8% 12.3M Low Optimal balance
EfficientNetB7 97.1% 66.7M High Maximum accuracy

4. DATASET CHARACTERISTICS AND PREPROCESSING
4.1 Dataset Statistics Analyses
Our analysis of 32 publicly available datasets reveals:

Table 2: Data set Characteristics

Parameter Range Average Optimal
Total Images 500-15,000 3,240 >5,000
Classes 3-8 4.5 4-6
Images/Class 100-2,500 720 >1,000
Resolution 256x256-4K 512x512 512x512
Background Controlled to Field Mixed Field-realistic

5. PERFORMANCE EVALUATION AND COMPARATIVE ANALYSIS
5.1 Standard Evaluation Metrics

Table 3: Performance Evaluation Metrics

Metric Formula Importance

Accuracy (TP+TN)/(TP+TN+FP+FN) Overall performance

Precision TP/(TP+FP) False positive minimization
Recall TP/(TP+FN) Sensitivity of disease detection
F1-Score 2xPrecisionxRecall/(Precision+Recall) Balanced measure

Cohen's Kappa  (po-pe)/(1-pc) Agreement beyond chance

5.2 Comprehensive Performance Comparison

Table 4: Performance comparison of recent studies (2022-2024)

Study Model Dataset Size  Classes  Accuracy F1-Score
Singh et al. (2022) ResNet101 4,200 4 95.3% 94.8%
Kumar & Patel (2023) EfficientNetB4 5,800 5 96.7% 96.2%
Our Implementation EfficientNetB3 5,240 4 96.8% 95.4%
Zhang et al. (2023) Vision Transformer 12,000 6 97.2% 96.8%
Rahman et al. (2024) Hybrid CNN-Transformer 8,500 4 97.8% 97.3%
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Figure 1 Accuracy Comparison of Deferent Model
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6. IMPLEMENTATION CHALLENGES AND SOLUTIONS
6.1 Technical Challenges
These are many challenges which occur in the processing, some challenges are given below:
6.1.1 Dataset Limitations
e Challenge: Imbalanced classes, limited samples for rare diseases

¢ Solution: Advanced augmentation, GAN-based synthesis, few-shot learning
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6.1.2 Environmental Variability

e Challenge: Lighting conditions, weather effects, camera variations

e Solution: Domain adaptation, data normalization, multi-condition training

6.1.3 Real-time Performance

e Challenge: Mobile deployment constraints

e Solution: Model compression (pruning, quantization), edge optimization
7. CONCLUSION

Despite the technology's effectiveness, challenges remain in its implementation, conceptual understanding, and integration
with current agricultural systems. As we move towards fully integrated precision agriculture systems, deep learning will be
fundamental to sustainable mango cultivation. It could revolutionize tropical fruit disease management worldwide. Future
mango disease diagnosis requires integrated systems incorporating computer vision, environmental data, genomic
information, and agricultural knowledge. Modern deep learning models reach 95% accuracy, a huge improvement from
early image processing algorithms that achieved 71% to 80.01% accuracy. This detailed study shows how deep learning
has improved mango leaf disease detection over the past decade. Transfer learning, especially with EfficientNet topologies,
improves performance and computational efficiency best.Key findings indicate that success depends on three crucial
factors:

1. Having superior and more diverse datasets,
2. Selecting and fine-tuning the appropriate model, and
3. Considering its practical application in real-world scenarios.
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