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Abstract

Artificial Intelligence (Al) is revolutionizing plant disease diagnosis by providing transformative solutions to the challenges posed by
agricultural diseases. Al-driven algorithms significantly reduce the time required for disease identification, enabling timely and precise
control measures. These interventions help prevent the widespread proliferation of pathogens, mitigate crop losses and minimke
economic damage. The integration of machine learning and deep learning particularly convolutional neural networks (CNNs) with
computer vision systems enhances the precision, scalability and efficiency of disease monitoring. Aktpowered tools offer real-time
surveillance by capturing images of diseased leaves and generating data-driven insights, thereby facilitating targeted treatment
applications while reducing resource wastage and environmental impact. Furthermore, the application of Atpowered mobile apps
provides farmers with instant, field-level support to take preventive actions during the early stages of disease development. These
technologies enable farmers to make informed, evidence-based decisions, optimize their agricultural practices and enhance crop yield
and quality. Ultimately, Al plays a pivotal role in boosting agricultural productivity, ensuring food security and promotingboth economic
resilience and environmental sustainability. This review highlights recent advancements in machine learning algorithms, deeplearning
models especially CNNs and the role of mobile applications in early disease detection in agriculture.

Keywords: Al apps; computer vision; convolution neural network; deep learning; machine learning

Introduction inaccuracies and biochemical assays like ELISA and PCR,
though reliable for pathogen identification, are expensive,
require laboratory facilities and are unsuitable for large-scale
field surveillance. These approaches frequently discover
diseases only after symptoms appear, limiting the efficacy of
early management measures. Farmers without access to
expert knowledge often struggle to accurately diagnose plant
diseases, leading to delayed control and increased crop
losses. Detecting diseases as early as possible minimizes and
eliminates financial losses. For example, Convolutional
Neural Networks (CNNs) have demonstrated high accuracy in
detecting multiple plant diseases, achieving 86.21 % accuracy
for 12 diseases in tomato, potato and bell pepper leaves(5).
Over time, techniques for diagnosing plant diseases have
evolved and now, serological and DNA-based approaches are
crucial for precise diagnosis, which is time-consuming and
requires skilled labour. Therefore, it is essential to develop Al
technologies, such as machine learning algorithms and deep

Plant pests and diseases have been affecting crops for many
centuries account for up to 40 % of crop losses posing a
continuous threat to global food security and nutrition (1).
The global crop production reached 9.9 billion tonnes in 2023
-2024 and with the world population projected to rise to 9.8
billion by 2050, as a result, the agricultural yields must
increase by 25-70 % to meet future food demands,
emphasizing the importance of advancing Al technologies for
effective plant disease management (2, 3). Recent studies
report that plant disease prevalence in crops can reach 70-80
%, causing yield losses of up to 98 %, primarily due to various
pathogens such as bacteria, fungi, viruses and others (4). This
highlights the urgent need for early and accurate disease
detection to minimize crop losses. However, traditional
methods like visual inspection which depends on human
observation to detect symptoms such as leaf discoloration or
wilting, are manual, time-consuming and prone to
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learning models, as well as Internet of Things (loT) devices,
for the early and accurate diagnosis of plant diseases through
Al-powered sensors. These Al-driven systems utilize
multisensory technologies and intelligent support for the
development of immersive diagnostic tools and smart farming
systems, enabling real-time assessment of plant health by
analyzing vast datasets, including high-resolution images and
environmental parameters, to detect disease patterns (6).
Fundamentally, Al is the capability of a computer to carry out
tasks that involve human attention, like reasoning,
understanding skills, perception, prediction and deciding
proper solutions (7). The use of Al technology not only
enhances labour safety and reduces environmental impact
through precise disease detection, but also enables the
application of smart measures, such as biochar and optimized
fertilizers, to minimize the overuse of agrochemicals (8). Al
models can further optimize technologies like biochar
enhanced soil treatments by closely monitoring nutrient
availability, pH levels and microbial activity, all of which are
critical factors associated with disease resistance (9). Utilizing
digital image processing techniques, researchers can uncover
patterns in the behaviour of plants in response to disease by
gathering a vast quantity of data on their response to affected
plants. Some researchers have suggested the use of
automated plant disease recognition to address issues related
to the lack of facilities for disease diagnosis (10). This review
discusses recent advancements in the early detection of crop
diseases using integrated machine learning and deep
learning approaches, emphasizing their role in enhancing
precision agriculture. By combining these Al techniques,
significantly improved diagnostic accuracy is enabled,
allowing for timely interventions that reduce crop losses
and minimise the overuse of pesticides and fertilisers. The
review also explores real-world applications, challenges and

future directions for implementing these technologies
effectively under field conditions.

Artificial Intelligence for Early Detection of Plant Diseases

Al is becoming increasingly important in agriculture,
particularly in the timely recognition and classification of
plant diseases, which are crucial for crop health and
productivity. The initial step in this process is classification,
which involves grouping input data, such as leaf images,
spectral signs and sensor readings, into predefined
categories representing healthy or diseased conditions.
Machine learning (ML) and deep learning (DL) approaches,
notably CNNs, have shown great accuracy in detecting
diseases of plants. The growing demand for efficient,
accurate and timely disease detection in agriculture has
highlighted the need for Al technologies. Al enables real-time
monitoring of crop health, helping to prevent losses and
promote sustainable, productive farming practices. The Al-
driven disease detection process involves multiple
techniques that analyse plant images to accurately diagnose
diseases, enabling timely interventions and improved crop
management (Fig. 1). Traditional approaches, such as visual
inspection and laboratory testing, are being complemented
by Al-driven methods, including computer vision, deep
learning and spectral analysis. An overview of the key
instruments and methodologies used in plant disease
prediction and integration with Al for improved diagnostic
accuracy (Table 1). Al classification networks used in plant
disease detection, including their architecture, principles and
effectiveness are highlighted in Table 2. These networks
including CNNs, RNNs and hybrid models, enhance early
disease detection through automated image analysis and
pattern recognition.

Machine learning methods (ML) for plant disease detection
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Fig. 1. Detection of diseases using artificial intelligence.

Table 1. Instruments and methodologies used in disease prediction

Instruments used in disease prediction Methodologies used in disease prediction References
Spectroradiometer, Infrared Thermometer, . . .
Chlorophyll Fluorescence Random Forest (RF) model for detecting Septoria blotch disease on wheat. (60)
) Artificial Neural Network (ANN) model for detecting nutrient deficiencies and
Near-Infrared Spectroscopy (NIRS) disease stress in tea leaves. (54)
Thermographic Camera, Two Linear . : : : :
Hyperspectral Scanners, Wavelengths 430 to Neural Network (NN) model for glassﬁylnghrape oil seeds infected with Alternaria (61)
2376 nm in a greenhouse.
Ground-Based Digital Phenotyping System Deep Learning-based model for early yellow rust detection in wheat. (62)
Hyperspectral Photos of Soil and Canopies Neural Network (NN) model for identifying Phytophthora infestans in tomatoes. (63)
. - - Support Vector Machine (SVM) model for identifying plants infected with Oidium
Thermal and Visible Light Imaging Cameras neolycopersici, focusing on temperature values and color channels. (64)
Integrated Neural Network, Random Forest (RF) and Multiple Regression
Hyperspectral Scanners Networks were used to estimate the risk of Stagonospora nodorum blotch across (65)

431 cases before planting.
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Table 2. Al classification network for identifying plant diseases

Model used in classification

network Key features of the networks Applications in plant disease detection References
AlexNet 8-layer CNN, high accuracy and speed,  Used for plant disease detection with transfer (66)
ReLU activation, dropout for regularization learning, effective in early disease identification

VGG (VGG-16/VGG-19) Deep architecture with 16 or 19 layers,  Extracts hidden features in plant leaves, useful (67)

uniform filter size (3x3), high accuracy for lesion detection and stress identification

Uses residual learning with skip Potentially useful for deep networks and used
ResNet (ResNet-50/ResNet-101) connections, manages deep networks to identify plant diseases using pre-trained (68)
efficiently models
. Pre-trained models fine-tuned for plant disease
GoogleNet 22-layer deep network, high accuracy, : : :
(Inception-V1) efficient computation resources usage detection, usgg\;?rgﬁs;g:rrlctﬁ—constramed (69)
48 layers, multi-scale feature extraction - . I
- 2 - ’ Fine-tuned for plant disease classification
Inception-V3 factorized convolutions for reduced . h ! (22)
computation improves accuracy in complex backgrounds

Real-time object detection, high-speed  Detects plant diseases in real-time, useful for
YOLO (You Only Look Once) processing field-based applications (70)
Xception Depthwise separable convolutions, High-accuracy plant disease classification with (71)

P efficient feature extraction fewer computations

Lightweight architecture optimized for L : P

MobileNet (MobileNetV2/V3) mobile and edge devices, depthwise Used for real-time plant disease detection in (72)

separable convolutions

mobile apps, loT-based precision farming

Pre-existing data forms are the foundation of machine
learning algorithms, which are used to customise search
results based on search history (11). To identify excellent
features and patterns, basic ML techniques like Random
Forest (RF), Support Vector Machine (SVM), Linear
Regression, K-Nearest Neighbor (KNN), Naive Bayes (NB)
and Decision Trees are used. SVM aims to find an optimal
hyperplane (wx + b = 0) that separates classes with the
maximum margin. Decision Trees use the entropy formula (H
(X) = —2p(x)logp(x)) to split data based on information gain. K-
NN classifies samples based on the majority, using distance
measures like Euclidean distance. The frequently used
techniques are Linear Regression, SVM, K-NN and Principal
Component Analysis.

For classification tasks, SVM are employed. It identifies
a separating hyperplane that maximizes the margin, or the
distance between the nearest points of information of various
classes (12). The performance of machine learning models,
such as SVM, can be improved by adjusting variables like the
kernel type (e.g., linear or radial basis function), the
regularisation parameter (C) and the gamma value. SVM is
categorized into linear and non-linear. In a linear SVM, data
that is uniformly distributed allows for a linear hyperplane to
separate the grades. Conversely, a non-linear SVM handles
data that is distributed in various directions and higher
dimensions (13). Most real-world applications are better
addressed using non-linear SVMs. The use of kernel tricks is a
key feature of SVMs, aiding in non-linear classification by
transforming features through functions such as radial basis
functions (RBF), polynomial functions and linear functions.
Linear kernels are suitable for linearly separable data,
polynomial kernels work well when interactions between
features are important and RBF kernels are ideal for complex,
non-linear relationships. This feature transformation increases
the training time and the dimensions of the feature space.

Random Search samples search random parameter
values within a certain range, whereas Grid Search checks
combinations exhaustively. Bayesian Optimization is an
efficient technique for hyperparameter tuning that models

the performance function probabilistically and selects
optimal parameters. It uses Gaussian Processes to
construct a surrogate model, enabling efficient
exploration of the search space. This approach reduces
computational costs while enhancing the performance of
models in plant disease classification.

Deep learning techniques (DL) for plant disease detection

Deep learning builds upon artificial neural networks (ANNs)
by incorporating a deeper architecture with multiple layers.
DL has more layers than ANN or ML, which allows it to
recognise patterns that these algorithms are unable to
recognise. The neurons in an ANN utilize transfer and
activation functions, which rely on mathematical functions to
introduce non-linearity. The activation function processes the
weighted sum of inputs to determine the neuron's output.
The neural network determines these weights during
training. ANNs commonly employ the backpropagation
algorithm to optimise model parameters by minimising
errors through weight adjustments. Among deep learning
approaches, Recurrent Neural Networks (RNNs) have shown
remarkable success in identifying plant lesions from images
with high accuracy. Their ability to capture temporal
dependencies and contextual features makes them
particularly effective in analyzing sequential patterns in plant
disease progression. By leveraging RNN-based techniques, Al-
driven plant disease detection systems can enhance
precision and reliability, supporting early diagnosis and
improved crop management (14). A key advantage of DL-
based techniques is their ability to automatically extract
features from input data, rather than depending on human
feature engineering. DL is particularly suited for large-scale
image datasets due to its capability to handle complex, high-
dimensional data and learn abstract features automatically.
DL is an extension of neural networks with a high layer count
in neural network design. These networks can recognise
features in the data and train themselves to predict the
outcome. DL, particularly deep convolutional neural
networks (DCNNs), has demonstrated superior performance
in disease identification, outperforming traditional methods
such as SVM and Naive Bayes. DCNN is able to detect various
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cucumber diseases with an accuracy of up to 93.41 %,
highlighting its effectiveness in plant disease diagnosis (15).

Deep Belief Networks (DBNs) are a class of DL models
that utilize multi-layers of Restricted Boltzmann Machines
(RBMs) to learn hierarchical feature representations in an
unsupervised manner (16). DBNs have been extensively
applied in plant disease and pest detection, where they
analyze plant images to identify affected regions, classify
disease types and detect specific pest infestations. By
leveraging deep feature extraction, DBNs can distinguish
between various plant stress conditions, such as fungal
infections, bacterial diseases and insect damage, based on
lesion patterns, discoloration and texture variations in plant
leaves. Studies have demonstrated that DBNs achieve high
accuracy, ranging from 96 % to 97.5 %, in classifying plant
diseases and pests, making them a reliable approach for
precision agriculture (17). Compared to traditional machine
learning (ML) techniques, deep belief networks (DBNs) excel
in capturing complex patterns in image data without
extensive feature engineering, thereby enhancing early
detection and decision-making in crop protection. Their
efficiency in processing large-scale agricultural datasets
positions them as a promising tool for automated disease
diagnosis and integrated pest management in modern
farming systems.

The Deep Denoising Autoencoder (DDA) is an advanced
neural network architecture that extends the functionality of
traditional autoencoders by incorporating noise reduction
capabilities, making it highly effective for detecting plant
diseases and pest infestations (18). A DDA comprises two
primary components: an encoder that compresses input data
into a lower-dimensional representation and a decoder that
reconstructs the original data while filtering out noise. This
dual functionality allows DDA to serve 2 crucial objectives in
plant health assessment removing noise from plant leaf
images and developing a prediction framework for accurate
disease recognition. In agricultural applications, image

Table 3. Open-source algorithms of deep learning technique

datasets frequently contain distortions resulting from
environmental factors such as varying light conditions,
occlusions or sensor imperfections. By denoising plant leaf
images before classification, DDAs enhance the model's ability
to extract meaningful features, improving overall prediction
accuracy. Experimental results indicate that DDAs achieve an
impressive accuracy rate of 98.3 % in categorising plant leaves
affected by pests and diseases, outperforming conventional
deep learning (DL) models in precision agriculture (19). This
high level of accuracy underscores the potential of DDAs as a
robust tool for automated plant disease diagnosis, precision
farming and integrated pest management. Additionally, a
comprehensive overview of open-source deep learning
algorithms (Table 3) further highlights the accessibility and
applicability of these techniques in real-world agricultural
systems. The deep learning process for plant disease
classification  highlights key stages, including data
preprocessing, feature extraction, model training, validation
and disease prediction (Fig. 2).

Convolutional neural networks (CNNs)

Convolutional Neural Networks (CNNs) comprise many layers
that extract hierarchical information from input images.
CNNs have revolutionised plant disease identification by
enhancing accuracy and diagnostic capabilities through
advanced architectures, such as VGG-16, Inception-V3,
ResNet-50 and AlexNet, as demonstrated in a study that
reported high classification accuracy across multiple crop
disease datasets (20). These architectures are specifically
designed to enhance feature extraction, hierarchical pattern
recognition and computational efficiency in deep learning-
based plant disease detection. VGG-16, a deep convolutional
neural network (CNN) with 16 layers, is known for its uniform
filter size and sequential architecture, which enables the
capture of fine-grained features in plant leaf images (21). In
contrast, Inception-V3 employs parallel convolutional layers
with different filter sizes to capture multi-scale patterns,
making it highly effective for complex plant disease

. Compatible . Coding S
Algorithms of  Developers of Year of devi Features used in Applications of the
s . evices of deep . language of . References
deep learning the algorithms  Release learning deep learning deep learning algorithms
ML and DL
Dataflow graphs, P .
ML/DL, Prge-bpuilt appllc?tlons, High-
TensorFlow Google 2015 CPUs, GPUs, TPUs layers and functions, Python, C++ co?ﬁr StriTanCCI’e() (30)
TensorFlow Lite for -omputing, Lrop
mobile/loT disease detection,
Autonomous tractors
gcr))r?”lnrgqsl?r?ige High-level API, Rapid prototyping, DL
P ’ Uses TensorFlow, Simplified model model development,
Keras de\gllgagﬁ b 2015 CNTK, Theano  creation, Pre-built Python Disease classification (13)
Fran(;oispCholl}:et layers and functions in plants
Dynamic
: Research
CPUs, GPUs,Edge  computational ; ’ )
PyTorch F??ceesbec;cr)l(hAl 2016 Al (PyTorch graphs, Distributed ~ Python, C++ Prot%tgsrggg,;gage (74)
Mobile) training, Pre-built . °Cl pes
modules identification
. Efficient Object detection
Berkeley Vision . Y
. convolutional Image and video
Caffe ggr?tt??lg?/ll_ng) 2014 CPUs, GPUs operations, Pre-built C++, Python classification, Weed (75)
layers and functions detection
MXNet Efficient distributed Large-scale ML/DL,
Apache (Amazon) 2015 CPUs, GPUs, Cloud training, Scalable, Python, Scala, Satellite-based crop (76)

-based Al Optimized for cloud

computing

Julia

monitoring, Smart
farming
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Fig. 2. Deep learning for plant disease classification.

identification (22). ResNet50, a residual network with 50
layers, introduces skip connections to mitigate vanishing
gradient issues, thereby enabling deeper networks to
converge efficiently and improving classification accuracy in
large-scale plant disease datasets (23). Additionally, AlexNet,
one of the earliest deep CNN architectures, utilises the
Rectified Linear Unit (ReLU) activation and dropout layers to
prevent overfitting, making it suitable for detecting plant
diseases from images (24). Researchers have tested these
CNN architectures to develop highly accurate plant disease
detection models, achieving superior performance in visual
recognition, feature extraction and semantic understanding
of plant health conditions. These advancements demonstrate
the efficacy of CNN-based deep learning models in precision
agriculture, enabling early disease detection, automated
diagnosis and informed decision-making for sustainable crop
management. CNN is typically composed of several key
layers, including convolutional layers, activation functions,
pooling layers and fully connected layers, which work
together to extract meaningful patterns from input images
for classification tasks. The input layer serves as the first stage
of a CNN, where raw image data is fed into the network.
Following this, most CNN architectures incorporate
convolutional layers as their second layer, responsible for
extracting local features from input images through learnable
filters (kernels) that detect edges, textures and patterns at
various spatial hierarchies (25). Each convolutional operation

produces an output known as a feature map, which
highlights critical features relevant for plant disease
detection. The ReLU is applied after each convolutional
operation, ensuring that the network learns complex features
effectively. This is followed by pooling layers, which down
sample the feature maps to reduce computational
complexity and enhance translational invariance, helping the
model generalize better for unseen plant disease images (24).
Finally, fully connected (dense) layers integrate extracted
features for classification, where a softmax or sigmoid
activation function generates probability scores for different
plant diseases. These structured layers collectively enable
CNNs to achieve high accuracy in plant disease identification,
demonstrating superior performance over traditional
machine learning models. Fig. 3 illustrates a standard CNN
architecture, showcasing its hierarchical feature extraction
and classification process. These layers use many types of 2-D
filters to extract features from the image. As the number of
images adds on, they can be used to reduce pooling, also
known as down-sampling layers, which reduces dimension
and produces a more compact representation of the image
(26).

The models trained on large datasets, such as
ImageNet, can be fine-tuned for domain-specific tasks,
eliminating the need for a vast amount of training data. Once
the model has been trained successfully, it can recognize
different sorts of diseases. When a leaf image is input into a
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Fig. 3. Working of CNN in plant disease detection.
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CNN for disease identification, the decision-making process
begins with the image passing through convolutional layers
that extract important features. These layers capture
patterns such as edges, textures and shapes relevant to
identifying diseases. The extracted feature vectors are then
processed, with unnecessary dimensions being removed to
streamline the data. Finally, the refined features pass through
the fully connected layers, where the network analyzes the
information and makes a conclusion regarding the presence
of a disease or pest. Research indicates that CNNs can classify
images of plant leaves affected by pests or diseases with a
high accuracy rate range of 99-99.2 %. Efficient Net optimizes
depth, width and resolution scaling, to achieve accuracy (27).
Table 4 summarizes various CNN applications in crop disease
identification. Small datasets can lead to overfitting and poor
generalisation in CNNs. Data augmentation methods,
including flipping, colour jittering, rotation and scaling,
artificially increase the dataset size and model resilience (28).
When actual data is limited, Generative Adversarial Networks
(GANs) can produce synthetic samples that resemble real
world data, aiding in the training of deep learning (DL)
models (29). However, synthetic data must be strictly
evaluated to maintain realism minimize model bias. Deep
CNN training demands a significant amount of processing
power; hence, GPUs (Graphics Processing Units) are vital for
speeding up matrix operations (30). Faster R-CNN, on the
other hand, uses a Region Proposal Network (RPN) to
produce potential object areas before classification, resulting
in higher accuracy but greater processing complexity (31).
Mask R-CNN builds on Faster R-CNN by incorporating a pixel-
level segmentation mask, making it suitable for applications

Table 4. CNN applications in crop disease identifications

that require accurate disease area detection (32). The
selection of these models relies on the trade-off between
accuracy and real-time processing requirements.

Computer vision (CV) for plant disease identification

CV is crucial for the early and accurate detection of plant
diseases through the analysis of visual symptoms, such as
lesions, discolouration and deformities. CV techniques, such
as object detection and semantic segmentation, are
instrumental in identifying and locating plant disease
symptoms by detecting lesion regions, discolouration and
texture on leaves. Object detection highlights affected areas
using bounding boxes, while semantic segmentation
classifies each pixel to map diseased tissue precisely,
enabling accurate diagnosis and quantification of disease
severity. (33). This method can automatically transform plant
images into attributes, such as colour histograms, texture
features, lesion size and shape, which can be used for the
classification and detection of plant diseases. However, CV
algorithms require a substantial amount of annotated image
data for model training and may not be suitable for diseases
that have not been previously detected. Different
applications of Al in plant pathology are given in Table 5.
Object detection models are crucial in plant disease
diagnosis, pest detection and yield estimation because they
localise multiple objects in images. Semantic segmentation is
crucial for disease localisation in leaves, fruits and crops
because it labels each pixel in the image. Models such as U-
Net and DeeplLabV3+ offer fine-grained segmentation by
collecting both global context and local data, therefore
distinguishing between diseased and healthy areas. These
models are especially beneficial for early disease

Technologies used in Diseases identified Data source obtained

DL Model(s) used in Additional features of

CNN in identification applications Accuracy applications References
loT, Al (RiceTalk . . r . o. Real-time analysis, soil
platform) Rice blast disease ~ Non-image loT devices CNN 89.4% cultivation sensing (77)
loT, Al (RiceTalk 27 diseases related to Harsh mountainous User-friendly interface
pla’tform) 10 crops (e.g,, environment CNN 31.3% for farmers (78)
tomatoes, potatoes,
Mask R-CNN Apple leaf diseases (5 2029 images of CNN (MaskR-CNN)  78.8%  se O e (79)
classes) diseased apple leaves S0 g dataset.
ResNet-34, DenseNet-
- . . ... 5406 images of infected 169, AlexNet, VGG13, o Data augmentation,
DL (various models)  Citrus disease severity citrus leaves Inception-v3, 92.60 % model comparison. (80)
SqueezeNet-1.1

Federated Learning Multi-crop disease Distributed mobile  Federated CNN (Fed- 93.7% Decenftor?l;)zrie\;:laizeyarnlng (81)
(FL) with CNN classification devices dataset CNN) preservation
Transformer-based -

- oo . P 1306 samples for ] Outperforms CNNs in
ViTs (Vision Maize rust classification ViT-B/16 98.37 % . (82)
Transformers) common rust feature extraction
MobileNet, Tomato and potato leaf PlantVillage dataset MobileNetV2, 95.3 % Optimized for mobile (83)
EfficientNet diseases (10 classes) g EfficientNet-B3 ) and loT applications

Table 5. Applications of Al in early detection of diseases in plants
Plant species Diseases and conditions identified Algorithm used in the detection References
Cotton Early scorch, Little whiteness K-means Clustering (84)
Rice Nitrogen content deficiency Artificial Neural Network (85)
Citrus Citrus greening, Anthracnose, Citrus canker Support Vector Machine (86)
Sugarcane Red rot, Sugarcane mosaic virus, Leaf spot, Brown spot, Yellow spot Support Vector Machine (87)
Potato Late blight, Leaf blight Fuzzy C-means Clustering, Neural Networks (88)
Apple Apple Rust, Early Blight Radial Basis Function Neural Network (89)
Tomato Late scorch, Yellow spot Convolution Neural Network (90)
Apple Mosaic Rust, Brown spot, Alternaria leaf spot Deep Convolution Neural Network (91)
Pomegranate Fruit spot, Bacterial blight Support Vector Machine (92)
Cotton Tiny Whiteness, Cottony mould K-means Clustering, Neural Network (93)
Tulsi Maturity evaluation Back Propagation Multi-Layer Perceptron (94)

Neural Network
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identification, as precise localisation may help farmers apply
pesticides  more  effectively, thereby  decreasing
environmental impact. However, segmentation requires large
annotated datasets, which can be mitigated by data
augmentation using GANs to artificially expand limited
datasets. Additionally, YOLO a real-time object detection
system generates bounding boxes and class probabilities in a
single pass, making it highly efficient and suitable for on-
device inference (29). Al applications are crucial for early
disease detection in plants, underscoring their importance in
facilitating timely intervention and crop protection.

Challenges and Solutions in Al-Based Plant Disease
Detection

Al-based plant disease detection faces multiple challenges that
impact its efficiency, accuracy and practical applicability in the
real world. One significant issue is the scarcity of labeled training
data, as deep learning models require extensive datasets to
achieve high accuracy in disease identification. Labelling
agricultural data is particularly challenging due to the need for
expert knowledge to accurately identify complex disease
symptoms, variability in disease expression across crops and
environments and the time-consuming nature of field data
collection (34). Addressing this challenge involves leveraging
unsupervised learning techniques, data augmentation
strategies and advanced cost functions to handle noisy and
incomplete data (35, 36). Another technical limitation is the
vanishing and exploding gradient problem, which hampers
effective model training by either diminishing or amplifying
gradients across layers. This issue can be mitigated by using
activation functions such as ReLU, proper weight initialisation
and batch normalisation techniques (37).

Additionally, DL models often suffer from overfitting,
where they learn noise instead of generalising patterns, thereby
reducing their performance on unseen data. Strategies such as
dropout regularisation, L2 regularisation and early stopping help
prevent overfitting, ensuring robust model performance (38).
Computational cost is another critical barrier, as training deep
learning models demands substantial hardware resources.
Model optimisation techniques, such as pruning, quantisation
and distributed training, along with the use of hardware
accelerators like GPUs and Field-Programmable Gate Arrays
(FPGAs), can enhance computational efficiency (39, 40). Another
challenge is data imbalance, where certain plant diseases are
underrepresented in datasets. This imbalance can cause models
to be biased toward more common diseases, reducing their
ability to accurately detect rare but potentially severe diseases,
which are critical for crop protection. Oversampling techniques,
such as duplicating minority class samples, can improve class
balance but may also risk overfitting.

Furthermore, privacy and security concerns arise
when Al systems process sensitive farm data, making
centralized data storage vulnerable to breaches. Federated
Learning (FL) addresses this issue by enabling decentralised

model training across multiple edge devices, such as loT
devices, sensors and drones, without transferring raw data to
a central server. It also minimises bandwidth usage,
enhances data security and enables models to adapt to the
unique agricultural conditions of a given region (41, 42).
Overcoming these challenges through innovative techniques
will enhance the accuracy, efficiency and scalability of Al-
driven plant disease detection systems, making them more
practical for real-world agricultural applications.

Machine learning technique (ML) vs. deep learning
techniques (DL)

The key differences between ML and DL techniques is
summarized in Table 6. Machine learning (ML) and deep learning
(DL) models have been widely utilised for plant disease diagnosis,
each with its advantages and disadvantages. Traditional ML
models, such as SVMs and RFs, rely on manually extracted
features like texture, colour and form to achieve good accuracy
(75-90 % for small-scale datasets). CNNs and Transformers, on
the other hand, automatically learn hierarchical features,
frequently achieving accuracies exceeding 95 % on large datasets
such as Plant Village (43). However, DL models require a large
amount of labelled data and processing resources, making ML
more practical in low-data scenarios. ML models beat DL when
datasets are small or when feature engineering is more efficient
than automated feature extraction. For example, SVMs and RFs
perform well on spectral and hyperspectral imaging datasets
that include precomputed domain-specific characteristics (e.g.,
vegetation indices). CNNs over-fit on short datasets (<1000
pictures), while regularisation approaches stabilize ML models
(44). Furthermore, in cases such as leaf disease classification
with handmade morphological data, ML models attain
comparable accuracy at a reduced computational cost, making
them preferred in resource-constrained contexts. DL models
excel at extracting high-level features, whereas classical ML
models rely on handcrafted features, which limits their
scalability. These findings underscore the significance of
advanced deep learning (DL) architectures for large-scale image
classification (43).

Automated Plant Disease Detection Systems

Image acquisition and pre-processing are the initial steps in
identifying plant diseases, starting with the capture of images
using a computerised vision or imaging device. Unprocessed
images often appear raw and frequently contain noise, such
as Gaussian noise, salt-and-pepper noise and blurring, along
with distortions that necessitate pre-processing to remove
unwanted elements and enhance contrast. The HSV (Hue,
Saturation, Value) technique is commonly used in image
processing for color segmentation because it isolates
chromatic information from intensity, making it useful for
distinguishing individual colours. Masking is widely used to
isolate or emphasise specific portions of an image by filtering
out undesired elements. Background removal employs
various methods, including thresholding, edge detection and

Table 6. Machine learning technique (ML) vs. deep learning techniques (DL)

Criteria Machine learning

Deep learning

Feature extraction Manual
Volume of data
Type of function

Hardware

Applies a single function or algorithm
Normal processors

The large volume of data may not improve the accuracy.

Performed by network
Improved accuracy.
Applies multiple mathematical functions at different layers.
High power processors
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colour-based segmentation, to isolate the primary subject
from its surroundings and improve clarity. For more complex
backgrounds, advanced techniques such as GrabCut and
Deep Lab are employed to isolate disease-affected regions
and improve focus accurately.

Furthermore, Gaussian blurring is used to remove
noise and smooth images by averaging pixel values in a
weighted manner, thereby improving visual quality and
facilitating subsequent processing tasks, such as edge
detection and object recognition. Agricultural researchers
often employ masking and background removal strategies to
enhance processing accuracy and efficiency (45). This step
includes the removal of unwanted distortions and contrast
intensifier to sharpen and highlight the image features.

Image segmentation follows, isolating the region of
interest (ROI) from the background using methods such as
global, variable, adaptive thresholding, edge detection and
region-based segmentation (46). Area-based segmentation
techniques are important in image processing, with region
expansion and region splitting being 2 often-used methods.
Region growth begins with a seed point and extends by
adding neighboring pixels with comparable qualities, making
it useful for segmenting homogenous regions. In contrast,
area splitting is a top-down method that breaks a picture into
smaller pieces based on predetermined criteria until
homogeneity is achieved. These techniques are used in
remote sensing and object recognition, where precise
segmentation is required for analysis and interpretation. In
plant disease diagnosis, region-based segmentation is a
fundamental image processing approach that divides an
image into relevant parts based on pixel similarities in shape,
form and brightness value. This approach separates diseased
regions from healthy areas, enhancing diagnostic accuracy.
Clustering algorithms like K-means and fuzzy C-means are
extensively used for this purpose because they successfully
categorize pixels into clusters that share comparable
attributes (47, 48). K-means works by minimizing variation
within clusters, making it effective in distinguishing between
affected and unaffected plant patches. In contrast, fuzzy C
means gives probability to pixels, allowing for more flexible
segmentation, which is especially beneficial when disease
symptoms change gradually. In plant pathology, precision
segmentation is crucial because it separates diseased tissues
and makes it easier to identify signs, including necrosis,
chlorosis and leaf spots (49).

Following segmentation, feature extraction is used to
determine important attributes of the segmented areas, such
as colour, texture and shape. Understanding surface
roughness and patterns which are essential for differentiating
between various diseases, is possible through texture
analysis, which is frequently carried out using the Grey Level
Co-occurrence Matrix (GLCM). While shape analysis identifies
pathogen-induced malformations, colour-based features
help distinguish pigmentation differences caused by
infections. To effectively categorize plant diseases and enable
early diagnosis and efficient disease control techniques in
agriculture, these collected features are subsequently fed
into machine learning models. Mathematical models play a
crucial role in image processing techniques used for plant

disease detection, particularly in segmentation and feature
extraction. Segmentation methods like Otsu's thresholding
help separate diseased regions from healthy ones by
maximizing inter-class variance. Edge detection techniques,
such as the Sobel operator, identify boundaries of affected
areas. Feature extraction methods, including GLCM, utilize
statistical measures such as contrast to quantify disease
patterns for Al model training. Morphological features work
better than others when it comes to recognizing the damaged
location on a leaf (50). Colour attributes play a crucial role in
recognizing and classifying infected areas, as colour
differences often signal disease symptoms such as chlorosis,
necrosis, or fungal patches. Gabor texture and colour
moments are 2 of the most frequently used colour properties
for analysis. Gabor texture filtering is especially useful in
capturing spatial frequency information, allowing it to detect
texture patterns associated with diseased plant surfaces.
Colour moments, such as mean, standard deviation and
skewness, provide a statistical representation of the colour
distribution in an image, making it easier to distinguish
between healthy and diseased regions (51). According to
studies, combining colour-based characteristics with
machine learning models improves classification accuracy in
plant disease detection (52). Several advanced techniques
are used to extract these features, such as the hue histogram
(53), which represents the distribution of colours in an image
and the colour correlogram, which captures spatial colour
relationships to improve disease identification accuracy.
These collected features are combined into an input feature
vector, which acts as the basis for the classification procedure
(54). Finally, classification categorizes the images into
predefined classes using an input feature vector derived from
the extracted features. This step involves 2 stages: training
and testing. During training, the model learns from a
database setup to improve its accuracy. The selection of a
suitable classifier relies on the particular issue at hand and
effective classification requires a robust training dataset to
achieve high accuracy (55). The automated plant disease
detection process, which highlights Al-driven techniques (Fig.
4), enables efficient and accurate diagnosis. Data
augmentation approaches improve training by artificially
diversifying the images used in Al models. Rotation, flipping
and scaling are common approaches for reducing over-fitting
and improving model resilience. Advanced approaches, such
as GANSs, create synthetic images to expand datasets, while
CutMix and MixUp combine images to enhance
generalization. These strategies enable deep learning models
to learn disease variances more efficiently, resulting in
improved accuracy in real-world situations (28). For the
diagnosis of diseases, several imaging modalities provide
distinct benefits. RGB imaging is frequently used to address
simple visual problems, however, it is not very effective at
identifying infections in their early stages. By capturing a
broad spectrum of wavelengths, hyperspectral imaging
enables it possible to identify diseases early on by identifying
minute spectral variations in plant tissues. Before the
expression of symptoms, the temperature changes detected
by thermal imaging can be a sign of plant stress. Edge
computing reduces latency and allows for instantaneous
disease detection in the field by processing image data
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Fig. 4. Automated plant disease detection.

directly on edge devices, such as drones, Internet of Things
and sensors, for real-time analysis. By reducing the need for
cloud processing, this method increases the effectiveness of
Al-driven precision agriculture (56).

Leveraging Al-Powered mobile applications for plant
disease detection

Plant disease detection and management via mobile apps
are becoming increasingly significant as they provide farmers
with real-time solutions and enable early control of diseases.
These apps utilize artificial intelligence to enhance their
functionality, offering features such as image-based disease
identification, personalized treatment suggestions and
community support. However, their effectiveness and user
satisfaction vary significantly, necessitating a thorough
evaluation framework to ensure quality and usability. Mobile
apps bring advanced plant disease detection tools directly to
farmers' smartphones, enabling on-the-spot diagnosis without
the need for expensive laboratory tests or expert consultations.
This accessibility is particularly crucial for farmers in remote or
underserved areas where traditional agricultural support
services are limited. By enabling real-time analysis of plant
diseases, these applications would allow farmers to minimize
crop loss and control the spread of diseases.

The study identified Plantix as the most comprehensive
app, successfully integrating Al for plant identification, disease
detection and treatment recommendations. Plantix also
includes community features that allow users to share
experiences, ask questions and receive advice from other
users and experts, fostering a collaborative environment for
plant care and disease management (57). Analyzing user
comments and feedback from app stores helps developers
understand user expectations, enabling them to improve app
functionalities and software quality. The apps generally
scored well in terms of effectiveness, ease of use and design,
but there is a need for significant improvements in Al-based
technologies. However, to serve as complete solutions, these
apps must improve their advanced functionalities and overall

quality. Future app developments should consider user
feedback and integrate robust Al features to meet the
evolving needs of farmers and plant enthusiasts. This
approach will ensure that mobile apps continue to be a
valuable tool in modern agriculture, promoting sustainable
practices and minimizing crop losses. Agrio combines Al with
remote sensing to predict pest incidence, alerting farmers to
treatment suggestions. Crop Doctor, developed by
agricultural research organizations, detects plant diseases
offline using machine learning (ML) algorithms, making it
ideal for low-connectivity areas (58). These applications
enable farmers to make informed decisions by providing real-
time diagnostics and insights into their agricultural
operations. In terms of mobile inference, on-device Al and
cloud-based Al have distinct trade-offs. On-device Al employs
edge computing to execute inference locally, resulting in low
latency, offline capabilities and enhanced privacy.
Lightweight models such as MobileNet and EfficientNet are
designed for real-time processing on smartphones. However,
on-device Al is constrained by hardware limitations such as
memory and processing capacity. While cloud Al offers great
accuracy and scalability, it requires continuous internet
access and incurs data transmission costs, making it
unsuitable for rural farmers. Mobile Al confronts several
issues, including significant battery consumption, as running
deep learning (DL) models constantly on mobile processors
depletes power quickly. Internet reliance is another key
concern, particularly for cloud-based inference, as
inconsistent connections in rural locations impede real-time
decision-making. Latency is crucial in applications that
require quick input, such as pest alarms or diseases
diagnostics, because delays might prevent timely
intervention (59). Model quantization, pruning and edge TPU
acceleration can help address these issues by reducing
compute needs and increasing energy efficiency. Lists of Al-
powered apps for plant disease detection and diagnosis,
detailing their features, functionalities and agricultural
applications (Table 7).
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Table 7. Al apps for plant disease detection and diagnosis
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Al Apps Application of Al apps References
Plant doctor Assesses disease accuracy and reliability (95)
Leaf doctor Uses pixel-based image analysis to calculate disease percentage (96)
Plantix Provides plant protection guidance and extension activities for farmers (57)
Crop doctor Predicts diseases and suggests treatments using CNN and ML algorithms (58)
Rice doctor Identifies disease stage and recommends pesticides exclusively for rice crops (97)
Ricexpert Detects rice diseases, pests, nutrient deficiencies and provides e-rice advisory and marketing tools (98)
Pestoz Diagnoses plant diseases and pest infestations in the early stages (99)
Plant health app Al-based tool for real-time plant disease detection via smartphone cameras (100)

Conclusion

The integration of artificial intelligence (Al) into plant disease
diagnosis is proving to be a game-changer in agriculture, with
significant potential for early detection and diagnosis of plant
diseases. These models work on large datasets of plant
images to identify patterns, extract features and classify
diseases with high accuracy. ML algorithms such as SVM,
decision trees and random forests offer interpretability and
require less data, while DL models, especially CNNs, excel in
handling complex image data and automating feature
extraction without manual input. These Al models include
high precision, scalability, rapid processing and real-time
decision support for farmers. They enable early detection of
diseases, reducing yield loss and input costs while promoting
sustainable agriculture. Moreover, Al-enabled mobile
applications extend these benefits directly to the field,
empowering farmers with accessible, user-friendly tools for
timely intervention and making real-time decisions before
the outbreak of the disease. Despite their powerful
performance, ML models often require structured data and
feature engineering, while DL approaches demand large,
labelled datasets and high computational resources.
Integrating multimodal data such as hyperspectral imaging,
environmental parameters and soil health indicators with Al
models remains an underexplored area. Exploring the
potential of Al not only for disease detection but also for
recommending targeted chemical and pesticide treatments
opens a valuable new avenue in agricultural research. In
addition, autonomous field robots equipped with Al, such as
the plant health robot, enable real-time disease detection
and precision spraying, reducing labour requirements and
minimizing pesticide use, further revolutionizing precision
farming. Overall artificial intelligence is reshaping plant
disease management by enabling faster, more accurate and
sustainable disease detection.
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