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Abstract

Plant diseases pose a significant threat to global food security, leading to massive economic
and agricultural losses. Traditional manual methods for disease identification are time-
consuming, expertise-dependent, and often subjective. In recent years, Artificial Intelligence
(AD), particularly deep learning, has emerged as a powerful tool for automating plant disease
detection. This review paper explores the evolution of Al-based approaches in agricultural
diagnostics, focusing on the implementation of Convolutional Neural Networks (CNNs),
transfer learning models such as VGGNet and ResNet, and hybrid architectures for improved
accuracy. We evaluate multiple datasets such as PlantVillage and regional field datasets,
analyze pre-processing techniques, model architectures, evaluation metrics, and deployment
challenges. The paper also highlights real-world applications, limitations, and future
directions in integrating Al for precision agriculture. By synthesizing recent advancements
and comparative model performances, this review provides a comprehensive foundation for
researchers and practitioners to build effective, scalable, and interpretable plant disease

diagnosis systems.

Keywords: Plant disease detection, Deep learning, Convolutional Neural Networks, Transfer

learning, Precision agriculture, Image classification
1. Introduction

Agriculture is the backbone of many economies, particularly in developing countries, and
ensuring healthy crop yields is essential for food security and economic sustainability.
Among the various challenges threatening agriculture, plant diseases are among the most

destructive, causing significant yield losses worldwide. Traditional methods for plant disease
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detection rely on manual inspection by farmers or agricultural experts, often resulting in
delayed or incorrect diagnosis due to the subjective nature of visual identification.
Furthermore, many plant diseases share similar symptoms, which increases the likelihood of
misclassification.  Laboratory-based diagnostic techniques such as Polymerase Chain
Reaction (PCR), microscopy, or serological tests provide accuracy but are resource-intensive,
time-consuming, and not feasible for large-scale or field-based operations. Recent advances
in Artificial Intelligence (Al), particularly in Machine Learning (ML) and Deep Learning
(DL), have revolutionized image-based plant disease detection. Al-based systems can process
thousands of leaf images and detect subtle patterns in color, texture, and shape that may not
be perceptible to the human eye. Deep learning models like Convolutional Neural Networks
(CNNs), Residual Networks (ResNet), and U-Net have demonstrated high accuracy in image
classification and segmentation tasks, making them well-suited for disease identification and
severity localization in crops. These technologies offer the potential for real-time, automated,
and scalable solutions that can be deployed via smartphones, drones, or edge devices in farms.
In this review, we explore the existing Al approaches for plant disease detection, evaluate

their performance, and analyze their deployment readiness.

e Image Captions for Introduction Section

(a)

(e) (2)

Figure 1. Sample image dataset of healthy and diseased tomato and potato leaves

used in Al-based plant disease detection models.
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Figure 2. A conceptual flowchart of the Al-based plant disease detection pipeline,

from image acquisition to model output (Rajkumar et al., 2022).
2. Traditional vs. AI-Based Plant Disease Detection Methods

Plant disease detection has traditionally relied on manual inspection by farmers or
agricultural extension workers. This process involves observing visible symptoms such as
discoloration, spots, wilting, mold growth, or deformities on leaves, stems, and fruits. While
practical, this method suffers from limitations including subjectivity, low accuracy, lack of
standardization, and inability to detect early-stage infections. Furthermore, symptoms of
different diseases often appear visually similar, making differentiation difficult even for
trained professionals. To improve precision, laboratory-based techniques such as Polymerase
Chain Reaction (PCR), Enzyme-Linked Immunosorbent Assay (ELISA), and microscopic
analyses are used. Although these methods offer high accuracy and specificity, they are time-
consuming, expensive, and require sophisticated equipment and trained personnel. This
makes them impractical for large-scale or remote field applications, especially in low-
resource agricultural regions. The introduction of Artificial Intelligence (Al) into agriculture
has transformed the landscape of disease detection. Machine Learning (ML) algorithms use
structured data (e.g., leaf color ratios, histogram features) for classification, but Deep
Learning (DL) models like Convolutional Neural Networks (CNNs) have become more
prevalent due to their ability to learn spatial hierarchies directly from images without manual

feature extraction.
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Unlike traditional approaches, Al-based models:

e Are non-invasive and require only images (RGB or hyperspectral).
o Can automate diagnosis at scale, reducing the need for expert intervention.
o Enable early detection, sometimes before symptoms are visible to the naked eye.

e Allow for real-time deployment via drones, mobile apps, and edge devices.

Moreover, deep learning models have been successfully applied in segmentation tasks using
U-Net or Mask R-CNN architectures to pinpoint disease locations on leaves, enhancing

interpretability and supporting precision agriculture practices.

Table 1. Comparison Between Traditional and Al-Based Disease Detection Methods

Feature Traditional Methods Al-Based Methods
Accuracy Moderate to High (Lab-based) High (up to 96-98%)
Speed Slow (minutes to hours) Real-time (milliseconds to

seconds)
Cost High (lab tests) Low (image-based systems)
Scalability Limited Highly scalable
Required Expertise High (botanists/pathologists) Minimal (once trained)
Early Detection High (can detect latent

- Low
Capability symptoms)

Automation Manual process Fully automated
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Deployment Lab or expert-supervised On-field, mobile, drone, or edge
Suitability environments computing devices

3. Deep Learning Algorithms in Plant Disease Detection

Deep learning has emerged as a powerful tool in the domain of plant disease detection,
primarily due to its ability to automatically learn hierarchical representations of input image
data. Among the most widely used deep learning models are Convolutional Neural Networks
(CNNs), which have become the foundation of most plant disease classification systems.
CNNs are capable of identifying complex spatial patterns in plant leaves, such as spots,
blights, and discolorations that indicate disease presence. Variants of CNNs such as VGGNet,
ResNet, InceptionNet, and EfficientNet have been extensively evaluated in plant pathology
studies. VGG16, known for its simplicity and depth, has achieved classification accuracies

above 90% in tomato disease datasets.

Table 2. Summary of Deep Learning Algorithms Used in Plant Disease Detection

o Accuracy Deployment
Model Application Strengths (%) Suitability
. . . Baseline model, .
CNN (Generic) Classification . 85-92% High
easy to implement
VGG16 Classification D.eep architecture, 90-94% Moderate
widely used
Skip connections
ResNet-50 Classification for deeper 94-97% High
networks
Scalable,
EfficientNet Classification optimized for 92-96% Very High
edge devices
Pixel-level
U-Net Segmentation precision in Dice > 0.90 High
disease mapping
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Object detection
Mask R-CNN Segmentation with region High Moderate
proposal

High-resolution

DeepLabv3+ Segmentation .
segmentation

High Moderate to High

ResNet, with its skip connections, mitigates vanishing gradients and allows deeper networks
to be trained effectively. ResNet-50 and ResNet9 have shown superior performance in
detecting subtle differences between early blight and late blight in crops like potatoes and
tomatoes. Moreover, EfficientNet offers a balance between model accuracy and
computational efficiency, making it suitable for real-time deployment on mobile devices and
drones. DenseNet, another advanced architecture, leverages dense connections to improve
gradient flow and feature reuse, resulting in better generalization. Beyond classification,
models such as U-Net, Mask R-CNN, and DeepLabv3+ are employed for segmentation,
where the goal is not only to identify the disease but also to locate and highlight the infected
regions. U-Net, originally developed for biomedical image segmentation, has proven highly
effective in agricultural applications due to its encoder-decoder architecture and skip
connections that preserve spatial resolution. Hybrid models combining classification (e.g.,
ResNet) with segmentation (e.g., U-Net) offer interpretable outputs, giving both the disease
name and the precise region on the leaf. These models enhance trust and usability among

farmers and agricultural experts.

4. Segmentation Models in Disease Localization

While classification models identify whether a leaf is diseased or healthy, segmentation
models offer deeper insight by localizing the specific regions affected by disease. This is
crucial for understanding disease progression, estimating severity, and aiding in targeted
treatment. Semantic segmentation, a subfield of computer vision, labels each pixel of an
image to a particular class such as diseased or healthy area on the leaf. One of the most
popular models for this task is U-Net, which has been extensively used for leaf disease
segmentation. Its architecture consists of a contracting path (encoder) that captures contextual
information and an expanding path (decoder) that enables precise localization. The inclusion
of skip connections between encoder and decoder paths allows U-Net to recover fine-grained
spatial information, which is essential in agricultural diagnostics. Another powerful model is

Mask R-CNN, an extension of Faster R-CNN for instance segmentation. It not only detects
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objects but also generates high-quality segmentation masks for each instance. In agricultural
scenarios, it can be used to distinguish between different types of lesions or overlapping

leaves with varied disease symptoms.

DeepLabv3+ improves segmentation through atrous spatial pyramid pooling and encoder-
decoder structures, making it suitable for high-resolution and complex plant images. It is
especially effective when disease symptoms are diffused or irregular in shape. Segmentation
outputs are generally evaluated using metrics like Dice Similarity Coefficient (DSC) and
Intersection over Union (IoU). A DSC score above 0.90 indicates excellent overlap between

predicted masks and expert-labeled ground truth.

Table 3. Performance Metrics for Segmentation Models

Dice .
Model Coefficient IoU Score Application Focus

U-Net 0.90-0.95 >04g5 | Generalleaf
segmentation

Mask R-CNN 0.87-0.92 >0g80 | Instance-level
segmentation

DeepLabv3+ 0.91-0.94 >0.86 High-res, complex
backgrounds

5. Datasets for AI-Based Plant Disease Detection

A in farms using mobile cameras or drones. These images often contain non-uniform
backgrounds, variable lighting, and complex leaf structures, providing valuable training
samples for more robust AI models. Additionally, GitHub repositories, Kaggle competitions,
and robust and diverse dataset is fundamental to developing a reliable Al model for plant
disease detection. The performance and generalizability of any deep learning algorithm are
directly influenced by the quality, quantity, and variability of the dataset. In the context of

agricultural diagnostics, datasets must capture images from different crop species, disease
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types, growth stages, lighting conditions, and backgrounds to reflect real-world variability.
The most widely used dataset in this domain is the PlantVillage dataset, which contains over
54,000 labelled images spanning 38 classes of crop-disease combinations. It includes crops
like tomato, potato, apple, corn, grape, and others, each labelled as either healthy or afflicted

by a specific disease.

Table 4. Summary of Datasets Used in Plant Disease Detection

Dataset Name Image Crop Classes Format Annotation
Count Types Level
. Tomato, Image-level
PlantVillage 54,306 Potato, etc. 38 RGB labels
. Field images,
PlantDoc 2,598 Multiple 13 RGB .
noisy BG
TomatoLeaf- 6,000 Tomato 10 RGB Image-level
Kaggle labels
Custom  Field ~10,000 Tomato, Varies RGB PIXGI-WISG
Set Potato annotations
. . ) . Image/Pixel-
GitHub Repos Varies Multiple Varies RGB Tevel

Table 5. Common Preprocessing Techniques Applied to Leaf Image Datasets

Technique Purpose Impact

Standardizes input

. . Consistent model input size
dimensions

Image Resizing

Enhances contrast in low-

light images Better feature visibility

Histogram Equalization
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Data Augmentation

Expands training data and
introduces variation

Reduces overfitting,
improves generalization

Smooths image and

Cleaner input for model

Gaussian Filtering

reduces noise training

Scales pixel values (e.g., Stabilizes training and

Normalization
0-1) convergence

The images are mostly RGB format with a uniform background, making it an ideal dataset for
training baseline models. To simulate real-world field conditions, several researchers have
created custom datasets by capturing images directly collaborations with agricultural
institutes have contributed datasets with pixel-level annotations for segmentation tasks. For
segmentation-specific tasks, some datasets include manually annotated masks that delineate
infected regions on the leaf surface. These annotations are typically verified by plant
pathologists to ensure accuracy. Pre-processing steps like resizing, normalization, histogram
equalization, and data augmentation (e.g., flipping, rotation, zoom, brightness alteration) are

commonly applied to enhance training efficiency and generalization.

6. Model Evaluation Metrics in Plant Disease Detection

Evaluating the performance of Al models in plant disease detection requires comprehensive
and domain-relevant metrics. While overall accuracy is a primary indicator, it does not fully
capture the model’s ability to generalize, especially in multi-class and imbalanced datasets.
Hence, multiple metrics are employed to assess classification and segmentation tasks

comprehensively.

For classification models, the most commonly used metrics include:

e Accuracy: Measures the overall correctness of the model.

e Precision: Indicates how many of the predicted disease cases are correctly identified.
o Recall (Sensitivity): Indicates how many actual disease cases are correctly detected.
e F1-Score: Harmonic mean of precision and recall, ideal for imbalanced classes.

e ROC-AUC: Measures classification performance across various threshold settings.
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In segmentation tasks. where the goal is to identify diseased regions on leaves, the following

metrics are pivotal:

o Dice Similarity Coefficient (DSC): Measures the overlap between the predicted and
ground-truth segmentation masks.

o Intersection over Union (IoU): Evaluates the ratio of intersection to the union of
predicted and actual disease regions.

o Pixel Accuracy: Percentage of correctly labelled pixels across the entire image.

These metrics are often visualized through confusion matrices, ROC curves, and training-

validation plots to assess learning behaviour, overfitting, and convergence trends.

Table 6. Classification Metrics Used in Plant Disease Detection

Metric Formula Significance
+ + FP +
Accuracy (TP+TN) /(TP + FP +FN Overall model performance
+ TN)
Precision TP /(TP + FP) Correctness of positive predictions
Recall TP /(TP + FN) Ability to detect true positives

2 * (Precision * Recall) / | Balance between precision and

RER el (Precision + Recall) recall
ROC-AUC Area under ROC curve Sensitivity-specificity trade-off
Table 7. Segmentation Metrics for Leaf Disease Localization
Metric Description Ideal Range Interpretation

2*TP/(2*TP+FP+

Dice Coefficient FN)

0-1 1 = perfect overlap
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Higher = better

IoU TP /(TP + FP + FN) 0-1 ;
segmentation

Correct pixels / Total 0-1 Measures total segmentation

Pixel Accuracy .
pixels accuracy

7. Applications in Precision Agriculture

Al-based plant disease detection systems are at the forefront of the precision agriculture
revolution. Precision agriculture refers to the use of advanced technologies to monitor,
analyze, and optimize farming practices at a micro level. Al models integrated into these
systems allow for the early detection of plant diseases, enabling farmers to act swiftly and
minimize crop loss, reduce chemical usage, and improve yield quality. One of the most direct
applications is in smartphone-based diagnosis tools. Using trained models on mobile
applications, farmers can capture an image of a diseased plant and instantly receive the
diagnosis, disease name, severity estimate, and suggested remedies. This significantly
reduces dependency on agricultural extension workers and brings real-time agronomic advice
directly to the field. Drones and UAVs (Unmanned Aerial Vehicles) equipped with high-

resolution or hyperspectral cameras are another transformative tool.

Table 8. Applications of Al Models in Precision Agriculture

Application Area Al Technology Involved Benefit to Farming Practice
L0 | CNN, ResNet, Real-time guidance to farmers
Detection EfficientNet &

Drone Surveillance U-Net, DeepLab Wide-area discase mapping and zonal

spraying
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Smart Irrigation

ResNet, Edge Al

Conditional watering based on plant
health

IoT Integration

CNN + Sensors

Early warning systems for disease
outbreaks

Robotic Agriculture

Segmentation + Actuators | Automated treatment of diseased crops

When integrated with AI models, they can scan large fields in a fraction of the time it takes

humans and automatically detect infection zones based on color, shape, or texture anomalies.

These insights are geotagged and mapped for site-specific interventions, such as precision

spraying of pesticides only on infected zones, thereby minimizing chemical overuse. Edge

computing devices embedded in smart irrigation systems or sensor hubs can host lightweight

Al models (like ResNet9 or MobileNet) for on-site processing without internet connectivity.

This makes them ideal for deployment in remote and under-resourced farming regions.

Furthermore, the integration of AI with Internet of Things (IoT) allows continuous

monitoring of plant health, environmental conditions (temperature, humidity), and soil

moisture levels. When disease symptoms are detected, automated systems can trigger alerts

or initiate preventive mea

Surcs.

Table 9. Benefits of Al in Precision Agriculture

Feature

Impact

Early Disease Detection

Reduces yield loss by enabling timely response

Targeted Treatment

Decreases pesticide use and environmental harm

Real-time Monitoring

Increases crop health awareness
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Reduced Human Intervention Saves labor and lowers cost

Predictive Analytics Enables proactive disease management

8. Challenges in AI-Based Plant Disease Detection

Despite its rapid growth and promising applications, Al-based plant disease detection faces
several challenges that hinder its widespread adoption and effectiveness in real-world
scenarios. These challenges range from technical limitations to data availability and
implementation issues in agricultural environments. One of the foremost challenges is the
quality and diversity of datasets. Most publicly available datasets like PlantVillage consist of
images taken under ideal lab conditions with uniform backgrounds. In contrast, real-world
scenarios involve inconsistent lighting, occlusions, leaf overlapping, and varied backgrounds
like soil, grass, or other crops. Al models trained only on clean datasets tend to perform
poorly in field settings unless extensively fine-tuned or retrained with domain-specific data.
Another limitation is the class imbalance problem, where certain diseases are
underrepresented in the dataset. This results in biased models that perform well on dominant
classes but fail to recognize rare but critical infections. Moreover, many diseases exhibit
visual similarity in symptoms (e.g., early blight vs. late blight), complicating accurate
classification even for advanced models. Interpretability is also a major concern. Farmers and
practitioners often hesitate to trust “black-box” Al models. While tools like Grad-CAM,
saliency maps, and LIME offer some insights into model decision-making, these techniques

are not yet standardized or user-friendly for the agricultural community.

Table 10. Key Challenges in Al-Based Plant Disease Detection

Challenge Description Potential Solution
Dataset Bias Overfitting to lab conditions Use r‘eal-ﬁeld fmage
augmentation

Underrepresentation of rare | Weighted  loss  functions,

Class Imbalance diseases SMOTE
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. e . Difficult to differentiate similar | Multi-modal input or hybrid

Visual Similarity .
symptoms classifiers
- Use explainable Al (Grad-

Interpretability Black-box nature of deep models CAM, SHAP)
Hardware High computational load in edge | Model compression,
Constraints environments MobileNet, quantization
Adoption Hesitancy among farmers and lack | Awareness programs,
Resistance of training community partnerships

9. Future Trends and Research Directions

The future of Al-based plant disease detection lies in creating systems that are not only
highly accurate but also robust, interpretable, adaptable, and user-centric. As agriculture
transitions toward smart and sustainable practices, the role of deep learning and Al will
continue to expand, but innovations must address current limitations while opening new
frontiers. A major future trend is the integration of multi-modal data sources. Instead of
relying solely on RGB leaf images, upcoming models will incorporate thermal imaging,
hyperspectral data, soil health metrics, and weather data. Fusing such information will allow
models to detect diseases before visual symptoms emerge and offer predictive insights on
disease outbreaks. Another emerging direction is the use of Transformer-based models like
Vision Transformers (ViT) and Swin Transformers. These models, which have outperformed
CNN:s in several vision tasks, offer powerful feature extraction capabilities and better capture
global contextual relationships in images. They are particularly promising for detecting

complex or diffused disease patterns.

Table 11. Emerging Trends in Al-Based Plant Disease Detection

Trend Description Potential Impact
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Vision . Better generalization and attention
Transformer-based vision models .

Transformers modeling

Multi-Modal Combining RGB, hyperspectral, | Earlier detection and higher

Learning environmental data accuracy

Explainable Al | SHAP, LIME, Grad-CAM-++ Improved  trust and  model

transparency

Federated Distributed training without data | Privacy preservation, localized

Learning sharing model updates

Al + IoT | Real-time sensor-based disease | Fully automated and intelligent

Integration monitoring crop care

Autonomous Drone and robot-based response | Timely, targeted, and cost-

Intervention systems effective treatment

10. Conclusion

Al-based plant disease detection has transitioned from a conceptual innovation to a practical
and scalable solution that addresses one of the most pressing challenges in modern
agriculture: reducing crop loss due to late or inaccurate disease identification. Through the
integration of deep learning algorithms such as CNNs, ResNet, U-Net, and EfficientNet,
systems have been developed that not only classify diseases but also segment infected regions,
thus enabling both identification and spatial localization. The review has highlighted the
evolution of Al models, from simple image classifiers to hybrid systems capable of
interpreting complex field data. Datasets like PlantVillage and TomatoLeaf, along with

customized field data, have driven the development of increasingly accurate models.

Segmentation frameworks like U-Net and DeepLabv3+ allow precision agriculture
practices by delineating infected zones for targeted treatment. However, the deployment of
these models in real-world agricultural environments is not without challenges. Dataset bias,
visual similarity of diseases, interpretability concerns, and limited infrastructure in rural areas
continue to limit the widespread adoption of these technologies. Nonetheless, advancements

such as mobile optimization, edge computing, multi-modal data fusion, and explainable Al
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are bridging these gaps. Furthermore, the integration of Al tools into mobile apps, drones,
and autonomous robots opens the possibility of real-time diagnostics and intervention. These
tools empower farmers, reduce dependency on centralized resources, and contribute to more

sustainable and profitable agriculture.

The future lies in adaptive, explainable, and locally optimized Al models that evolve
with changing disease dynamics and farmer needs. Continued interdisciplinary collaboration
between Al researchers, agronomists, and policymakers is essential for translating these
technological advances into real-world impact. Al in agriculture is no longer a luxury it is a
necessity for ensuring global food security, climate resilience, and economic viability of

farming in the 21st century.
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