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ABSTRACT

Accurate and early identification of plant diseases is essential for ensuring sustainable agriculture and maximizing
crop productivity. This paper presents a hybrid deep learning framework integrating Convolutional Neural Networks
(CNN) and Bidirectional Long Short-Term Memory (BiLSTM) networks for multi-class plant disease detection,
classification, and Plant Health Value (PHV) estimation. The proposed framework begins with a comprehensive data
preprocessing pipeline involving image resizing, normalization, and augmentation to improve model robustness. The
CNN module extracts critical spatial and visual features such as lesion shape, leaf texture, and color intensity, while
the BiLSTM model captures temporal and sequential feature correlations to accurately learn disease progression
patterns. A Decision Support System (DSS) is incorporated to compute the Plant Health Value (PHV), where PHV
ranges from 0% (Healthy) to 100% (Severely Unhealthy), indicating the severity of disease infection. Additionally,
the DSS generates actionable recommendations to assist in early intervention and treatment planning. Experimental
results on a multi-species plant dataset demonstrate that the proposed CNN–BiLSTM hybrid model significantly
improves accuracy, interpretability, and early disease prediction compared to conventional CNN based methods,
offering a robust and intelligent framework for automated plant health monitoring.

Keywords: Plant Disease Detection CNN BiLSTM Deep Learning Decision Support System Plant Health
Value Precision Agriculture

Accurate and early identification of plant diseases is es-
sential for ensuring sustainable agriculture and maximizing
crop productivity. This paper presents a hybrid deep learn-
ing framework integrating Convolutional Neural Networks
(CNN) and Bidirectional Long Short-Term Memory (BiL-
STM) networks for multi-class plant disease detection, clas-
sification, and Plant Health Value (PHV) estimation. The

proposed framework begins with a comprehensive data pre-
processing pipeline involving image resizing, normalization,
and augmentation to improve model robustness. The CNN
module extracts critical spatial and visual features such as
lesion shape, leaf texture, and color intensity, while the BiL-
STM model captures temporal and sequential feature corre-
lations to accurately learn disease progression patterns. A
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Decision Support System (DSS) is incorporated to compute
the Plant Health Value (PHV), where PHV ranges from 0%
(Healthy) to 100% (Severely Unhealthy), indicating the sever-
ity of disease infection. Additionally, the DSS generates ac-
tionable recommendations to assist in early intervention and
treatment planning. Experimental results on a multi-species
plant dataset demonstrate that the proposed CNN–BiLSTM
hybrid model significantly improves accuracy, interpretability,
and early disease prediction compared to conventional CNN
based methods, offering a robust and intelligent framework
for automated plant health monitoring.

1. INTRODUCTION

Agriculture remains one of the most important sectors sup-
porting the global economy, and the health of crops plays a
critical role in ensuring food production and security. When
crops are affected by diseases, productivity can decline sig-
nificantly, creating challenges for farmers and agricultural
systems. Plant diseases caused by bacteria, viruses, and fungi
are among the major threats to crop sustainability. In many
cases, these diseases spread quickly across fields, reducing
both the quality and quantity of agricultural yield.

Traditionally, identifying plant diseases has relied heavily
on manual inspection by agricultural experts. Although this
approach can be effective, it requires time, experience, and
continuous monitoring of crops. In large farming areas, man-
ual observation becomes difficult to maintain consistently and
may lead to delayed detection or human error. Because of
these limitations, researchers are increasingly exploring auto-
mated techniques that can detect and classify plant diseases
accurately and at an early stage.

Recent developments in deep learning (DL) have shown
promising results in tasks involving image recognition and
pattern analysis. These capabilities make deep learning tech-
niques well suited for agricultural applications, particularly
for analysing plant leaf images. Convolutional Neural Net-
works (CNNs) are widely used in image processing because
they can automatically learn spatial features such as leaf
colour variations, texture differences, and visible disease
spots or lesions. By identifying these visual characteristics,
CNN models can help distinguish between healthy and dis-
eased plants.

While CNNs are effective at extracting spatial information,
understanding complex feature relationships can further im-
prove detection accuracy. For this reason, Recurrent Neural
Networks (RNNs), particularly Bidirectional Long Short-
Term Memory (BiLSTM) models, are useful. BiLSTM net-
works process information in both forward and backward
directions, allowing the model to capture deeper relationships
within the extracted features. This bidirectional learning helps
the system recognize patterns that might otherwise remain
unnoticed.

The LSTM structure includes three main components known
as gates: the forget gate, input gate, and output gate. These
gates control how information flows through the network.
The forget gate removes unnecessary data, the input gate
introduces new relevant information, and the output gate
transfers useful information to the next stage of processing.
Through this mechanism, LSTM models are able to retain

important patterns over time and reduce issues such as the
vanishing gradient problem that often occurs in traditional
RNN architectures.

In this work, a hybrid deep learning framework that combines
CNN and BiLSTM models is proposed for multi-class plant
disease detection and classification, along with Plant Health
Value (PHV) estimation. The CNN component extracts im-
portant visual features from leaf images, while the BiLSTM
module analyzes the relationships among these features to
improve classification performance. The final output is eval-
uated by a Decision Support System (DSS), which applies
rule-based logic and threshold analysis to estimate the Plant
Health Value. In the proposed framework, higher PHV val-
ues indicate greater disease severity, where 0% represents a
healthy plant and 100% represents severe infection. Based on
this value, the system can also suggest early control measures
for better crop management.

The overall workflow begins with a pre-processing stage
where leaf images are resized, normalized, and augmented to
improve model reliability and reduce noise. These processed
images are then passed through the CNN module to extract
spatial features such as colour differences, lesion patterns, and
texture variations. The extracted features are subsequently
analyzed by the BiLSTM module, which captures sequential
relationships and supports a better understanding of disease
progression.

By combining spatial feature extraction, sequential learning,
and decision support, the proposed CNN–BiLSTM frame-
work offers an effective approach for early and accurate plant
disease detection. Experimental results using a multi-species
dataset show that the proposed model performs more reliably
than traditional CNN-based methods. As a result, the system
can serve as a useful tool for farmers, researchers, and agri-
cultural monitoring systems working toward sustainable and
precision-based farming practices.

2. RELATED WORK

Recent advancements in deep learning have significantly im-
proved the performance of plant disease detection systems.
Earlier approaches relied on traditional machine learning
techniques such as Support Vector Machines (SVM) and k-
Nearest Neighbors (KNN), where feature extraction was per-
formed manually using color, texture, and shape descriptors.
However, these methods were highly sensitive to variations in
lighting, background noise, and image quality, which limited
their effectiveness in real-world agricultural environments.

With the introduction of Convolutional Neural Networks
(CNNs), automatic feature extraction became possible, en-
abling models to learn discriminative patterns directly from
raw images. Studies such as Mohanty et al. demonstrated
that CNN-based models trained on large-scale datasets like
PlantVillage can achieve high classification accuracy. Despite
this success, CNN models primarily focus on spatial feature
extraction and do not explicitly capture relationships between
different feature regions.

To address this limitation, hybrid approaches combining CNN
with sequence learning models have been explored. CNN-
LSTM models have shown improved performance by learn-
ing dependencies among extracted features. However, con-
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ventional LSTM processes information in a single direction,
which restricts its ability to fully capture contextual relation-
ships.

Bidirectional Long Short-Term Memory (BiLSTM) networks
overcome this limitation by processing feature sequences in
both forward and backward directions. This enables a more
comprehensive understanding of feature dependencies, which
is particularly useful for distinguishing visually similar plant
diseases. Although existing studies have achieved promising
classification accuracy, most of them focus only on disease
identification and do not provide meaningful interpretation
of plant health status. Therefore, this work proposes a hy-
brid CNN–BiLSTM framework integrated with a Decision
Support System (DSS) to perform multi-class classification
along with Plant Health Value (PHV) estimation for better
interpretability and practical usability.

3. PROPOSED METHODOLOGY

This study presents a hybrid deep learning framework that
integrates Convolutional Neural Networks (CNN) and Bidi-
rectional Long Short-Term Memory (BiLSTM) networks for
multi-class plant disease detection and Plant Health Value
(PHV) estimation. The proposed system is designed as a
multi-stage pipeline that processes input images, extracts
meaningful features, models contextual relationships, and
generates interpretable outputs.

Figure 1. Proposed System Architecture Diagram

3.1 Model Architecture Details

The proposed model combines Convolutional Neural Net-
works (CNN) and Bidirectional Long Short-Term Memory
(BiLSTM) to capture both spatial and contextual features
from plant leaf images.

The input images are resized to 224 x 224 x 3 and passed
through a CNN consisting of four convolutional layers with
32, 64, 128, and 256 filters respectively. Each convolution
layer uses a kernel size of 3 x 3 and is followed by a Recti-

fied Linear Unit (ReLU) activation function. Max pooling
layers with a pool size of 2 x 2 are applied to reduce spatial
dimensions and computational complexity.

Batch normalization is incorporated to stabilize training, and
dropout with a rate of 0.5 is used to prevent overfitting. The
resulting feature maps are flattened and reshaped into a se-
quential format.

The BiLSTM layer, consisting of 128 units, processes the
feature sequence in both forward and backward directions to
capture dependencies among extracted features. The output
is then passed through a fully connected dense layer with 64
neurons, followed by a Softmax layer that produces probabil-
ity values for each of the 38 classes.

The model is trained using the Adam optimizer with a learn-
ing rate of 0.001 and categorical cross-entropy as the loss
function.

3.2 Dataset Description

The dataset used in this study is derived from the publicly
available PlantVillage dataset, which is widely used for plant
disease classification research. The dataset contains a total
of 54,306 labeled images of plant leaves collected under
controlled conditions.

The dataset includes 38 distinct classes representing both
healthy and diseased plant leaves across multiple crop species
such as tomato, potato, apple, and corn. Each class corre-
sponds to a specific disease type or a healthy category.

All images are resized to a fixed dimension of 224 x 224 x
3 to ensure consistency in input size for the deep learning
model. The dataset is divided into three subsets for model
development:

Training set: 70% (38,014 images)

Validation set: 15% (8,146 images)

Testing set: 15% (8,146 images)

This split ensures that the model is trained effectively while
also being evaluated on unseen data to measure its general-
ization performance.

3.3 Data Acquisition Module

The Data Acquisition Module is responsible for gathering
and organizing plant leaf images that are required to build the
proposed plant disease detection system. The effectiveness
of the deep learning model largely depends on the quality,
diversity, and quantity of the collected images, as these factors
influence how well the model learns patterns and generalizes
to new data.

In this research, leaf images are collected from publicly avail-
able agricultural datasets that include both healthy and dis-
eased plant samples from different plant species. The dataset
covers several disease categories, including fungal, bacterial,
and viral infections, allowing the system to perform multi-
class disease identification.

To improve the reliability of the model in practical agricul-
tural scenarios, the dataset contains images captured under
different real-world conditions. These variations include dif-
ferences in lighting, leaf orientation, background environ-
ments, and levels of disease severity. Including such vari-
ations helps the model learn realistic disease patterns and
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improves its ability to perform effectively outside controlled
laboratory conditions.

Each image in the dataset is assigned a label that represents
its corresponding disease category. The dataset is carefully
reviewed to verify the correctness of these labels. During this
process, incorrectly labelled or unclear samples are removed,
and duplicate or poor-quality images are filtered out to ensure
that the dataset remains accurate and consistent.

The final output of the Data Acquisition Module is a clean,
diverse, and properly labelled collection of plant leaf images.
This dataset forms the basis for the subsequent stages of
the system, including pre-processing, feature extraction, and
model training for plant disease detection.

Figure 2. Multi-Class Plant Disease Dataset Samples

3.4 Data Preprocessing Module

The Data Reprocessing Module prepares raw leaf images for
effective deep learning analysis by ensuring uniformity and
robustness across all samples. Since images collected from
different sources vary in size, illumination, and orientation,
preprocessing standardizes them before feature extraction.
This module performs three main operations: image resizing,
normalization, and data augmentation.

Leaf images collected from different datasets often have vary-
ing resolutions and dimensions. However, Convolutional
Neural Networks (CNNs) require input images to have a fixed
size so that convolution operations and tensor calculations
can be performed consistently. To satisfy this requirement,
all input images are resized to a standard resolution of 224 x
224 pixels.

Resizing ensures that every image maintains the same spatial
dimensions when it passes through the network. This unifor-
mity helps reduce computational overhead and memory con-
sumption while still preserving important disease-related vi-
sual features such as lesion edges, discoloration patterns, and
texture differences on the leaf surface. The chosen resolution
provides a good balance between computational efficiency
and the retention of relevant visual information, making it
well suited for CNN-based models.

Using a consistent input size also enables efficient batch
processing during both training and inference. This improves
the stability of the training process and allows the model to
process images faster.

In digital images, pixel intensity values usually fall within the
range of 0 to 255. Large pixel values can negatively affect
the training process by causing unstable gradient updates and
slower convergence during optimization.

The pixel intensity values are normalized to the range [0,1]

using:

Where

I = original pixel intensity value

I norm = normalized pixel value

This scaling process stabilizes gradient descent and improves
numerical efficiency during back propagation. It ensures that
all input features contribute more evenly during model train-
ing, preventing higher intensity values from dominating the
learning process. As a result, normalization helps accelerate
convergence, improves training stability, and enhances the
overall performance of the classification model.

Data augmentation is applied to increase the diversity of the
training dataset and enhance the model’s ability to generalize
to unseen data. In real agricultural environments, leaf images
may appear under different lighting conditions, orientations,
scales, and background settings. If the model is trained only
on limited or uniform images, its performance may decline
when used in real-field scenarios. To address this challenge,
augmentation techniques are applied to the training images
while maintaining their original disease labels.

In this work, several transformation techniques are used to
simulate natural variations. Small-angle rotations allow the
model to recognize diseases even when leaves appear in dif-
ferent orientations. Horizontal and vertical flipping help the
system learn orientation invariance. Zoom operations intro-
duce scale variability, enabling the model to detect disease
patterns at different sizes. Brightness adjustments simulate
lighting changes caused by sunlight or shadows. Additionally,
shearing transformations introduce slight geometric distor-
tions, improving the model’s tolerance to perspective varia-
tions. These transformations increase the effective size of the
training dataset without modifying the original class labels.

By exposing the model to a wider range of visual conditions
during training, data augmentation helps reduce over fitting.
Instead of memorizing specific samples, the model learns
general disease-related features that remain consistent across
different environments. This improves the robustness and ac-
curacy of the system when applied to real-world plant disease
detection tasks.

3.5 Feature Extraction Module (CNN)

The Feature Extraction Module uses a Convolutional Neural
Network (CNN) to automatically identify hierarchical spatial
patterns from plant leaf images. The CNN architecture is
composed of several layers including convolutional layers,
activation functions, batch normalization layers, pooling lay-
ers, and dropout regularization. Together, these components
enable the network to learn meaningful visual features that
represent plant disease characteristics.

During convolution, learnable filters slide across the input im-
age to generate feature maps that capture important patterns
such as lesion boundaries, irregular textures, color changes,
and the distribution of disease spots. The convolution opera-
tion can be represented mathematically as

The convolution operation used in the CNN layer can be
mathematically expressed as:

F(x,y) = ∑
i, j

I(i, j)K(x− i,y− j). (1)
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where I(i, j) represents the input image pixel values and K
denotes the convolution kernel. This operation extracts im-
portant spatial features such as edges, textures, and disease
patterns from the image.

After convolution, the resulting feature maps pass through
nonlinear activation functions, which increase the represen-
tational power of the network by introducing nonlinearity.
Pooling layers are then applied to reduce the spatial dimen-
sions of the feature maps while preserving the most relevant
information. This dimensionality reduction decreases compu-
tational requirements and helps the model focus on the most
informative features.

In contrast to conventional machine learning methods that
depend on manually designed features, CNNs automatically
learn discriminative patterns directly from raw image data.
This hierarchical learning process allows the model to detect
complex visual characteristics associated with plant diseases,
improving classification accuracy while minimizing human
bias in feature design.

3.6 Feature Sequence Learning Module (BiLSTM)

While the CNN module effectively extracts spatial features
such as texture, color variations, and lesion patterns from
plant leaf images, it does not explicitly capture relationships
between different regions of the extracted feature maps. To
model these dependencies, a Bidirectional Long Short-Term
Memory (BiLSTM) network is incorporated after the CNN
feature extraction stage.

The output of the CNN is a three-dimensional feature map of
size H×W ×C, where H and W represent spatial dimensions
and C denotes the number of feature channels. This feature
map is reshaped into a sequential format of length T = H×
W , where each time step corresponds to a feature vector
of dimension C. Thus, the input to the BiLSTM can be
represented as:

X = {x1,x2,x3, . . . ,xT}. (2)

where each xt ∈ RC represents the feature vector at position
t.

The BiLSTM processes this sequence in both forward and
backward directions. The forward hidden state is computed
as: −→

h t = LSTM f (xt ,
−→
h t−1). (3)

In the backward pass, the hidden state is computed as:

←−
h t = LSTMb(xt ,

←−
h t+1). (4)

The final contextual representation at time step t is obtained
by concatenating both hidden states:

ht = [
−→
h t ;
←−
h t ]. (5)

where xt is the input feature vector,
−→
h t is the forward hid-

den state,
←−
h t is the backward hidden state, and ht is the

concatenated BiLSTM output representation.

This bidirectional processing enables the model to capture
relationships between different spatial regions of the leaf im-
age, allowing better discrimination between visually similar
disease patterns.

Compared to standard LSTM, which processes data in a sin-
gle direction, BiLSTM provides a more comprehensive un-
derstanding of feature dependencies. This improves clas-
sification performance, particularly in cases where disease
characteristics are distributed across multiple regions of the
leaf.

The output of the BiLSTM layer is then passed to a fully
connected layer followed by a Softmax classifier for multi-
class disease prediction.

Although the input is not inherently temporal, representing
spatial features as sequences enables the BiLSTM to learn
inter-region dependencies, improving feature representation.

3.7 Decision Support System (DSS) Module

The Plant Health Value (PHV) is computed based on the
predicted probability of disease infection. Lower PHV values
indicate healthy plants, whereas higher PHV values indicate
severe disease infection. The Plant Health Value (PHV) is
computed based on the predicted probability of disease as

PHV = Pdisease×100 (6)

where Pdisease represents the probability of disease

The Plant Health Value (PHV) ranges from 0% (Healthy)
to 100% (Severely Unhealthy), indicating the severity of
plant disease infection. Unlike conventional health scoring
systems, the proposed PHV metric represents disease severity.
Therefore, lower PHV values correspond to healthier plants,
while higher PHV values indicate severe infection.

Table 1. PHV-Based Plant Disease Severity Classification

PHV (%) Plant Condition

0-20 Healthy
21-40 Mild Infection
41-70 Moderate Infection
71-100 Severe Infection

Based on predefined threshold ranges, the DSS assigns a
severity level to the detected plant condition Higher PHV
values represent severe disease conditions, while lower PHV
values indicate healthier plants. While lower ranges corre-
spond to mild, moderate, or severe disease stages. These
threshold values are determined empirically during experi-
mental evaluation.

In addition to computing a health score, the DSS integrates
domain knowledge to improve interpretability. The module
considers both the predicted disease category and the calcu-
lated PHV when determining the final severity level. This
combined analysis ensures that classification confidence is
properly reflected in the plant health assessment.

The DSS therefore transforms the system from a simple classi-
fication model into a complete plant health monitoring frame-
work. By converting raw probability outputs into an intuitive
percentage-based health metric, the system becomes easier to
interpret and more practical for real agricultural use.

Furthermore, the DSS reduces the risk of misinterpretation
that may occur when relying only on probability values. For
example, if the predicted disease probability is moderately
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high while the healthy probability is still significant, the PHV
provides a balanced representation of plant condition rather
than giving only a single categorical output.

F .Recommendation Module

The Recommendation Module enhances the practical appli-
cability of the proposed system by providing actionable guid-
ance based on the predicted disease class and severity level.
Unlike traditional classification systems that only identify
diseases, this module translates predictions into meaningful
agricultural recommendations.

The module operates using a rule-based approach, where each
predicted disease category is mapped to a predefined set of
treatment strategies. These recommendations are further re-
fined based on the Plant Health Value (PHV), which indicates
the severity of infection.

For instance, in cases of mild infection, preventive measures
such as removal of affected leaves and monitoring are sug-
gested. For moderate conditions, targeted treatments such as
appropriate fungicides or bactericides are recommended. In
severe cases, more intensive interventions, including chemi-
cal treatments or crop isolation, are advised.

This integration of predictive modeling with domain-specific
knowledge ensures that the system not only detects plant
diseases but also supports informed decision-making for ef-
fective crop management.

3.8 Output & Visualization Module

The Output and Visualization Module presents the final pre-
dictions in a clear and interpretable format for end users. The
system displays key information including the predicted dis-
ease class, classification confidence score, Plant Health Value
(PHV), severity level, and recommended treatment actions.

To improve interpretability, the module incorporates visual
representations such as probability distribution charts and
PHV-based health indicators. These visual elements help
users understand the model’s confidence and the overall
health condition of the plant.

Additionally, visualization techniques such as Grad-CAM
can be integrated to highlight regions of the leaf image that
contribute most to the prediction. This provides transparency
by showing which parts of the image influenced the model’s
decision.

By combining textual and graphical outputs, the module en-
sures that the system is user-friendly and suitable for practical
agricultural applications.

3.9 Model Evaluation and Feedback Module

The performance of the proposed model is evaluated using
standard classification metrics, including Accuracy, Precision,
Recall, and F1-score. These metrics provide a comprehensive
assessment of the model’s ability to correctly classify plant
diseases across multiple classes.

Accuracy measures the overall correctness of predictions,
while Precision evaluates the proportion of correctly predicted
positive instances. Recall measures the model’s ability to
identify all relevant disease cases, and the F1-score provides
a balanced measure of Precision and Recall.

In addition, a Confusion Matrix is used to analyze class-wise

performance, enabling identification of misclassified disease
categories.

A feedback mechanism is incorporated to improve model
performance over time. Misclassified samples are analyzed
to identify patterns of error, such as visually similar disease
classes or insufficient training data. Based on this analysis,
the dataset can be refined and the model can be retrained to
enhance performance.

This iterative feedback process ensures continuous improve-
ment and robustness of the system in real-world conditions.

The proposed CNN–BiLSTM model was evaluated on the
PlantVillage dataset for multi-class plant disease classifica-
tion. The model demonstrated strong performance across all
evaluation metrics.

The classification accuracy achieved was approximately 96–
98% on the test dataset, indicating effective learning of dis-
ease patterns. Precision and Recall values were also consis-
tently high, reflecting the model’s ability to correctly identify
disease classes while minimizing false predictions.

The integration of BiLSTM improved performance compared
to standalone CNN models by capturing dependencies be-
tween spatial features. This resulted in better differentiation
between visually similar disease categories.

The Plant Health Value (PHV) estimation showed a consis-
tent correlation with disease severity. Healthy leaves pro-
duced PHV values below 20%, while severely infected leaves
showed values above 70% this confirms that the DSS effec-
tively translates classification outputs into meaningful health
indicators.

Overall, the results demonstrate that the proposed hybrid
model provides accurate classification along with inter-
pretable plant health assessment, making it suitable for real-
world agricultural applications.

Figure 3. Model Accuracy over Epoch

4. CONCLUSION AND FUTURE WORK

This study presented a hybrid CNN–BiLSTM framework for
multi-class plant disease detection and Plant Health Value
(PHV) estimation. By combining spatial feature extraction
with bidirectional sequence modeling, the proposed approach
improves the accuracy and robustness of disease classifica-
tion.

The integration of a Decision Support System enhances the
practical usability of the model by converting predictions
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into an interpretable health score and providing actionable
recommendations. This makes the system suitable not only
for research purposes but also for real-world agricultural
applications.

Experimental results demonstrate that the proposed model
achieves high classification performance and effectively rep-
resents plant health conditions through PHV values.

Future work will focus on deploying the model in real-time
environments using mobile or edge computing platforms. In-
corporating larger and more diverse datasets collected under
field conditions can further improve generalization. Addi-
tionally, integrating explainable AI techniques and attention
mechanisms may enhance model interpretability and perfor-
mance.
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