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ABSTRACT Prompt and accurate classification of wheat leaf diseases and their severity is essential for
precise diagnosis, effective pesticide application, efficient disease control, and enhanced wheat production
and quality. Nevertheless, the wide range of wheat diseases poses a significant challenge in terms of their
identification, especially in intricate agricultural landscapes. The utilization of conventional models has
major limitations in wheat disease detection, including dataset-specific performance, overfitting due to
limited data, and high computational needs, making deployment in resource-constrained situations difficult.
To address these challenges, this research proposes a multi-stage Convolutional Neural Network (CNN)
based Ensemble Learning (EL) approach, which utilizes several concurrent CNN models with a bagged
EL method to classify wheat leaf diseases. The various stages in the EL approach employ a multi-level
framework to enhance feature extraction and capture complex data patterns. This improves the model’s
emphasis on diseases while reducing the influence of complex backgrounds on disease identification. The
proposed method, integrating pretrained CNNs and a bagging ensemble technique, achieved an accuracy
of 86.78%, 98.28%, and 99.16% on the three publicly available datasets, outperforming the state-of-the-art
models. These results demonstrate the potential of the proposed model for real-time disease diagnosis.

INDEX TERMS Wheat disease detection, ensemble learning, image classification, convolutional neural
networks, bagging.

I. INTRODUCTION

Globally, wheat is a widely consumed cereal crop, alongside
maize and rice serving as a significant source of food. Wheat
provides approximately 20% of the global dietary protein and
calorie intake. Several diseases potentially impact both the
quantity and quality of wheat crops [1]. Diseases currently
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account for 26-30% of yearly wheat losses, but without
adequate application of protection technologies to manage
fields, that number may climb to 70% [2]. Among other
diseases, fungal diseases have the greatest wheat yield loss of
15% to 20% worldwide [3]. Wheat production is negatively
impacted by a range of fungal diseases, including various
forms of rusts, septoria, and powdery mildew (see Fig. 1) [4].
The proliferation of these diseases has significantly hampered
wheat farming and resulted in substantial financial losses
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for farmers. The management of crop diseases has evolved
into a major challenge. Hence, early disease detection and
identification emerges as the highly effective method to deal
with these diseases, maximize crop yield and improve food
security.

Historically, the extraction of characteristics associated
with agricultural leaf diseases relied heavily on manual
design techniques. Although these methods can successfully
accomplish classification, they usually necessitate the seg-
mentation of affected areas or foliage [5]. This procedure
exacerbates the burden during the early stages and requires
the development of separate feature extraction methods for
each condition, resulting in difficulties in differentiating
comparable disorders. Furthermore, identification models
that are based on conventional machine learning methods not
only depend heavily on the extraction of specific features but
also require the creation of various recognition models for
different crop diseases, which results in a lack of universal
applicability [6].

In past decades, the identification and detection of wheat
diseases relied heavily on manual techniques, which are
not only labor intensive but also subjective, inefficient, and
least accurate. The phenomenon of image analysis has been
the subject of substantial research in previous studies [7],
[81, [9], [10], [11] since it has been recognized as an
efficient method for enhancing the representation capabilities
of Convolutional Neural Networks (CNNs) in multiple
domains. CNNs are also used for object recognition [12],
detection of human movement [13], target detection [14]
and person identification [15]. With the emergence of
technology, the detection of wheat diseases has become
increasingly reliant on Machine Learning (ML) [16] and
Deep Learning (DL) [17]. Currently, many DL techniques are
being widely used for the purpose of disease identification
for various plant species [18], [19], [20]. CNNs have also
achieved tremendous success in recent times [21], [22], [23],
[24], [25]. Recently, researchers have employed CNNs in
human action recognition [26], [27], statistical models [28],
[29] and other medical imaging domains [30], [31], [32].
Existing DL methodologies utilized CNNs along with several
architecture options such as AlexNet and VGG. Furthermore,
the advancement of DL techniques for improved disease
identification in plants encompassed the implementation of
various architectures [33], [34], [35], [36], transfer learning
methodologies [37] and Bayesian DL [38].

Most of the recent research has been focused on the task of
diagnosing fungi disease while employing DL architectures
has witnessed a notable advancement. Nevertheless, there
are still areas that require further investigation related to
the application of emerging DL architectures, particularly
in the context of detecting fungal diseases in wheat. It is
noticeable that the techniques employed in earlier studies
produced adequate outcomes when applied to a single
dataset. However, when these approaches were tested on
several datasets, a decline in performance was observed, and
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therefore, these methodologies are not suited for practical
implementation in the agricultural field [39]. Since the
detection of wheat diseases in real-world cases is hindered
by several challenges, including similar symptoms of dif-
ferent diseases, low-quality images, lighting conditions, and
shooting angles negatively impact the overall efficiency of
many previously proposed methods [40]. The issue of data
imbalance is a significant concern within the field of DL since
it can have a substantial impact on the overall performance
of the model. The presence of both overfitted and underfitted
data complicates this problem. To overcome these challenges,
this article proposes a robust multi-stage Ensemble Learning
(EL) strategy designed to improve the diagnosis of wheat
leaf diseases and achieve better generalization across diverse
datasets.

This paper presents a multi-stage Ensemble Learning (EL)
strategy, based on CNN, for the diagnosis of wheat leaf
diseases. The approach utilizes pretrained CNN models,
including InceptionResNetV?2, DenseNet201, and a bespoke
CNN model. The initial phases of the proposed model
are delineated as follows: a) Dividing the selected training
dataset into several subsets; b) Training three parallel CNNs
using an interactive modeling approach to capture essential
characteristics of healthy and diseased wheat leaves, thereby
improving the accuracy of feature extraction; c) Utilizing
EL for selecting ensemble members and transforming their
reliability; and d) Implementing bagged EL to determine the
best model for producing the final output.

The organization of the following sections in this paper
is as follows: Section II involves a thorough analysis that
specifically concentrates on the literature evaluation related
to the identification of wheat leaf diseases. Section III
primarily functions as an introductory section that outlines
the methodology used in this study, offering a thorough
review of the novel approaches adopted. Proceeding to
Section IV, the experimental data are presented in full,
together with a comprehensive analysis that seeks to clarify
the significance of the findings. Section V functions as
the concluding section, providing a concise summary of
important observations and suggesting prospective avenues
for future research in the domain of wheat leaf disease
diagnosis.

II. LITERATURE REVIEW

Diseases pose a significant challenge to food security [41],
thus requiring a notable focus on agricultural research asso-
ciated with the detection of wheat diseases. Consequently,
numerous researchers have adopted DL image recognition
techniques within the agricultural domain to successfully
identify wheat diseases from various perspectives. AlexNet
model was employed for the purpose of classifying various
types of wheat diseases, including stem rust, yellow rust,
powdery mildew, and healthy. To facilitate the training
process, a total of 7062 wheat photos were restricted for
training, while an additional 1766 images were reserved for
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FIGURE 1. Digital images showing various wheat diseases.

testing. They reported a maximum accuracy of 84.54% when
the batch size = 16 and the learning rate = 0.0001 with ReLU
as an activation function [42].

A deep CNN-based approach with multiple Inception-
Resnet layers for feature extraction was employed for
wheat rust diseases using Unmanned Aerial Vehicle (UAV)
images gained from four wheat fields in China. The results
demonstrated model accuracy of 85.00% [43]. Manually
created datasets, including leaf rust and tan spot images,
were employed for training various models, including
GoogLeNet, Support Vector Machines (SVM), and VGG16.
The performance of each model varied across distinct subsets
of the problem and achieved an average accuracy of 89.5%
[44]. A novel approach for wheat disease identification
was introduced through the utilization of a differential
amplification CNN on a self-constructed dataset with eight
kinds of leaf diseases. The average identification accuracy
showed an increase of 6.03% with an accuracy of 95.15%
when compared with LeNet-5 [45]. Wheat stripe rust was
identified using UAV images and the PSPNet semantic
segmentation model. To prove efficiency results were com-
pared with RF, SVM, FCN, U-Net, and Backpropagation
Neural Network (BPNN) algorithm and showed the highest
accuracy of 94.00% [46]. Wheat leaf diseases were identified
Elliptical-Maximum Margin Criterion metric learning and
segmentation were performed with the Otsu technique. The
average accuracy was 94.16% for identifying stripe rust
and powdery mildew [47]. A lightweight multiscale CNN
model with residual and inception modules and attention
methods (CBAM and ECA) to improve feature extraction
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and reduce background interference. A high accuracy of
98.7% on the test dataset surpasses classic models like
AlexNet and VGG16, as well as lightweight architectures
like MobileNetV3. This method is ideal for mobile real-time
wheat disease diagnosis [48]. SimpleNet is a lightweight
CNN model for wheat ear disease detection using convolution
and inverted residual blocks supplemented with CBAM and a
feature fusion module to increase feature representation and
reduce background interference. SimpleNet outperformed
lightweight CNN models like VGG16, ResNet50, and
MobileNet V3 with 94.1% accuracy on the test dataset [49].

DL techniques were investigated for the classification
of wheat spike and leaf diseases with ten classes using
the LWDCD2020 dataset. A comparative analysis was
conducted with established models such as VGG16 and
ResNet50, revealing that the suggested model exhibits
superior performance, surpassing these models by 7.01%
and 15.92% respectively [50]. EfficientNet framework was
developed to classify wheat fungal diseases using the Wheat
Fungi Disease dataset (WFD2020) consisting of 2414 images
representing five distinct fungal diseases. The application of
the EfficientNet architecture delivered a notable accuracy rate
0f 94.20% [39]. Multi-task learning was employed to enhance
the VGG16 model in conjunction with the utilization of a
pretrained model on ImageNET for transfer learning. This
approach was developed to identify two distinct wheat leaf
diseases on a self-collected dataset consisting of 40 photos
for each disease [51]. The classification of wheat rust diseases
was conducted through a deep CNN technique on a publicly
accessible CGIAR dataset and achieved an accuracy of
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97.16% with dropout rate = 50%, batch size = 64, learning
momentum = 0.9, and ADAM optimizer [52]. The efficiency
of different DL models was evaluated using open-source
data from mundi.com for the identification of wheat diseases
namely stripe rust, leaf rust, and stem rust. They reported that
the VGG19 model achieved the highest accuracy [53].

EL was employed for the identification of three wheat
rust classes, namely leaf rust, stem rust, and healthy,
using snapshot ensembling, bagging, and stochastic gradient
descent with warm restarts. The authors found that state-of-
the-art CNNs like ResNet-101, ResNet 152, VGG, DenseNet-
169, and DenseNet-201 improve wheat rust detection by
8% to 32% [54]. Comparative analysis was performed to
evaluate the performance of the MobileNet model in relation
to EfficientNet for detecting wheat leaf diseases stripe rust
and Septoria with healthy class and performance was slightly
better in the case of MobileNet with 97.00% accuracy [55].
A lightweight DL architecture that uses spatial channel
attention and pruning to extend the model’s receptive was
designed to classify wheat rust diseases with multispectral
images captured by UAV. The suggested Efficient Dual
Flow UNet (DF-UNET) model minimizes computing cost
while matching state-of-the-art accuracy [56]. ML-based
framework with several steps, including data collection from
different fields, preprocessing, and segmentation, was applied
to train the model for the classification of stipe and brown
rust diseases in wheat crops [57]. A methodology that
investigates two CNNss for the purpose of feature extraction
followed by feedback blocks employed to train the opti-
mized features. The suggested methodology demonstrates a
remarkable capability for classifying wheat diseases across
several datasets including LWDCD 2020, CGIAR, and Plant
Diseases [58]. CNN-based wheat leaf disease detection and
classification approach was presented to improve accuracy
and efficiency, and multiple image augmentation methods
were utilized to eliminate overfitting and achieved 94.00%
testing accuracy [59]. Wheat rust disease classification on
data collected from several fields was performed by training
two transfer learning models (Xception and ResNet-50) and
subsequently compared in terms of prediction time, accuracy,
and memory utilization. The superior performing model,
based on ResNet50 architecture with an accuracy of 96.00%,
was subsequently implemented on embedded devices to con-
duct field testing for evaluation [60]. A transfer and ensemble
learning framework for diagnosing eight wheat leaf diseases
was performed, achieving 98.08% accuracy, outperforming
models like CNN, SimpleNet, and VGG16 [61].

Prior studies in wheat disease detection face limitations
such as dataset-specific performance, overfitting due to
limited data, and high computational demands, making
deployment in resource-constrained environments challeng-
ing [54], [55], [59]. Additionally, the lack of cross-dataset
validation and reliance on transfer learning restrict their
generalizability to diverse diseases, environmental condi-
tions, and data variations [58], [60]. Building on these
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limitations, our work proposes a multi-stage CNN-based
Ensemble Learning (EL) approach that integrates pretrained
CNNs with a bagging ensemble technique to enhance
feature extraction and reduce overfitting. By addressing
computational efficiency and ensuring robust cross-dataset
performance, the proposed method achieves high accuracy
on three publicly available datasets, outperforming state-
of-the-art models while providing scalability for real-world
applications.

ill. PROPOSED METHODOLOGY

The objective of this research is to create a systematic
structure for automatically categorizing diseases affecting
wheat leaves. This will be accomplished by creating a
combined model. The proposed ensemble model consists of
two main components. The first component involves feature
extraction, which includes preprocessing the dataset and
extracting deep features. The second component incorporates
a classifier that generates classifications of wheat leaf
diseases within the proposed EL framework. The distinct
stages of the Ensemble Learning (EL) framework referred to
as “multi-stage” involve a systematic workflow for feature
extraction, allowing the model to capture detailed low-level
features alongside broader, high-level patterns. This ensures
a more thorough and effective understanding of the data. The
specific steps involved in implementing this framework will
be explained in the following sections.

A. SELECTED CNN MODELS

DL models have gained significant popularity for image
recognition and classification due to their increasing avail-
ability, versatility, and strong predictive capabilities. There-
fore, the suggested method employs a DL approach for
the detection and classification of wheat leaf diseases
through image analysis. In this study, seven widely recog-
nized pretrained CNN models, namely VGG19 (Vg) [62],
MobileNetV2 (Mo) [63], ResNet50 (Re) [64], DenseNet201
(De) [65], InceptionResNetV2 (In) [66] and NASNetLarge
(Na) [67], were applied to accurately detect leaf diseases.

1) VGG19

VGG19 architecture was introduced in 2014. VGG19 is an
enhanced version of its preceding models [68]. It is a CNN
consisting of 19 layers including 16 convolutional layers
and 3 fully connected layers. The purpose is to classify
images into 1000 distinct object categories. The VGGI19
model has been trained using the ImageNet database, which
consists of one million images categorized into one thousand
distinct categories. To preserve the spatial resolution of the
input image, each convolutional layer used a kernel size of
3 x 3 with a stride of 1 pixel. The initial 16 convolutional
layers are considered for the purpose of extracting features,
while the subsequent 3 layers are dedicated to the task of
classification. These layers are divided into 5 groups, each of
which is followed by a max-pooling layer. This model takes
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an input image with dimensions of 224 by 224 and returns the
label of the object in the image. VGG19 employs a uniform
structure of convolutional layers, offering interpretability
and ease of implementation. VGG19 serves as a reliable
benchmark model, demonstrating baseline performance in
extracting spatial and texture features critical for disease
detection.

2) RESNET50

ResNet50 was first time introduced in the year 2015. It is
a member of the residual network family, which employs a
technique known as residual mapping to avoid degradation
problems. The degradation problem occurs when increasing
the depth of a neural design leads to a decrease in the accuracy
of the network [69]. The ResNet50 architecture consists of
a total of 48 convolutional layers, along with one Max-Pool
layer and one Average-Pool layer. These convolutional layers
are organized into 5 blocks. Each of these blocks is comprised
of a collection of residual blocks. The inclusion of residual
blocks in the architecture facilitates the preservation of
valuable information from preceding layers, hence enhancing
the network’s ability to acquire more effective representations
of the input data. Residual networks have found extensive
applications due to their easy architecture for optimization,
which enables enhanced accuracy as the network depth
increases.

3) DENSENET201

DenseNet201 is a 201-layer CNN architecture that has dense
connections across layers. These connections are established
using Dense Blocks, which connect all layers directly with
each other. The DenseNet201 architecture incorporates the
integration of supplementary inputs from prior layers at each
layer. As output (feature maps) of all preceding layers are
received by the convolutional layer as input and propagates
its feature maps to all following levels. By utilizing the
concatenation method, the neural network transmits its own
feature-maps to subsequent higher layers. Consequently,
every subsequent layer acquires the cumulative knowledge
of all prior layers. This is mostly due to the design choice
of connecting all preceding layers to each subsequent layer,
resulting in compact and thinner architecture. DenseNet201
reuses features via dense connectivity, reducing redundancy
and improving learning efficiency. Despite its depth (201
layers), it has a low parameter count (20.0M) and small size
(77 MB).

4) INCEPTIONRESNETV2

InceptionResNetV2 model comprises a total of 164 layers.
Its design includes global average pooling 2D, a dense layer,
batch normalization, an activation function, a dropout layer,
and another dense layer for image classification. Inception-
ResNetV2, based on CNN architecture, incorporates residual
connection. The InceptionResNetV?2 architecture integrates
the multi-level feature extraction capabilities of the Inception
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network with the residual connections found in the ResNet
model, in order to improve gradient flow and facilitate
network convergence [70]. This hybrid DL model integrates
the advantages of a residual network with the distinctive
characteristics of the Inception network’s multi-convolutional
core. The layer is provided with a 299 x 299 image as input
and produces output possibilities. The utilization of residual
connections in deep structures serves the purpose of reducing
training time and mitigating the degradation issue [71],
[72], [73].

5) MOBILENET

MobileNet architecture was specifically developed to help
reduce the computational cost associated with CNNs. This
was achieved by employing an inverted bottleneck approach
in place of conventional 2D convolutional layers. In order
to enhance computational efficiency, the MobileNetV2
architecture integrates three depth-wise separable convolu-
tions, hence reducing the computational expenses of the
network [74]. The size of the input image is 224 x 224 x 3.
The images undergo a 2D convolutional layer and thereafter
pass a sequence of bottleneck layers, resulting in dimensions
of 7 x 7 x 320. Subsequently, the input undergoes a final 2D
convolutional layer and an average pooling layer, resulting in
dimensions of 1 x 1 x 1280. This vector is then forwarded
to the last stage of the process. The implementation of SSD
Light was aimed at cost reduction through the reduction of
factors involved in the process. The fusion of SSD Light and
MobileNetV2 yielded comparable accuracy while utilizing a
reduced number of parameters.

6) NASNET

Neural Architecture Search network, commonly known
as NASNet, was developed by the Google Brain Team.
Its primary objective is to employ reinforcement learning
techniques in order to identify the most optimal CNN
architecture [75]. This model has been trained on a vast
dataset consisting of millions of photos from the ImageNet
database. The input image dimensions for this network are
331 x 331. The fundamental unit of this structure comprises
two primary functionalities namely normal and reduction
cells. Convolutional cells that yield a feature map of the
same dimensions are commonly denoted as normal cells, but
convolutional cells that yield a feature map with reduced
width and height by a factor of two are commonly referred to
as reduction cells. The controller Recurrent Neural Network
(RNN) exclusively explores the architectures present in the
Normal and Reduction Cells. The cells found in normal or
reduction cells are composed of many blocks, with each
block functioning as a CNN model. It is built by Neural
Architecture Search (NAS), which automatically selects
the optimum architectural configurations for performance.
Despite its huge parameter count (88.9M), it has state-of-the-
art accuracy for complex tasks.
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TABLE 1. Characteristics of Pre-trained CNN models.

Model

Depth Size (MB) Input Size

Parameters (M)

Accuracy (%)

Top-1 Top-5
ResNet50 (Re) 50 96 224x224x3 25.6 749  92.1
InseptionResNetV2 (In) 164 209 299%299x3 55.9 80.3 953
DenseNet201 (De) 201 77 224x224x3 20.0 773 936
VGG19 (Vg) 19 535 224x224x3 143.6 71.3  90.0
NasNetLarge (Na) - 332 331x331x3 889 825 96.0
MobileNetV2 (Mo) 53 13 299%299x3 3.5 71.3  90.1

B. SUMMARY OF SELECTED PRE-TRAINED MODELS

The selected pre-trained models exhibit varying structural
characteristics due to differences in layer arrangement
and nature. The choice of feature extraction layers and
the specific features extracted per image vary across
different models. 4096 features for the single image
are extracted from the fc7 layer in the VGGI19 model.
For MobileNetV2 and NASNetLarge models 1280 and
4032 features are extracted by global_average_pooling2d_1
and global_average_pooling2d_2 layers, respectively. 2048,
1920 and 1536 features are extracted through avg pool
layer for ResNet50, DenseNet201 and InceptionResNetV2,
respectively. CNN models with size, depth, input size,
parameters, and accuracy are given in Table 1.

C. NEURAL NETWORK ENSEMBLE APPROACH

In the context of classification, a designation of a six-stage
EL model, emphasizing its reliance on reliability-based
neural networks is presented in this section. The neural
network ensemble’s fundamental concept emerged from the
utilization of all the useful data concealed in network neural
classifiers, each of which can enhance generalization. In the
presented multistage network neural ensemble model, the
bagging sampling technique is utilized for the generation of
distinct training sets to ensure abundant data for training.
Subsequently, distinct neural classifiers are individually
trained utilizing these varied training datasets. Consequently,
the classification outcomes and reliability values for each
neural network classifier are determined. Afterward, to refine
the ensemble, a maximize decorrelation technique is utilized
for the selection of relevant members from several trained
classifiers of the neural network. After this, the conversion
technique is applied to reliability values, which helps to
restrict them in unit intervals to prevent a scenario where
a classifier member classifier having a high absolute value
frequently controls the ensemble’s final decision. Lastly, the
ensemble members are consolidated according to specific
criteria, output is based on reliability measures. The resultant
outcome is referred to as the ensemble’s output. The
systematic representation of the multistage neural reliability
network ensemble’s learning model is given in Fig. 2.

D. ORIGINAL DATASET PARTITIONING

Given the lack of data set on certain problems of data analysis
techniques that involves bagging are utilized. In bagging the
samples are created by varying the subsets data selection
or perturbating training sets. Bagging was introduced in
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Step 6: Ensemble

| Output |

FIGURE 2. Multi-stage neural network EL approach.

1996 and is now widely used in data sampling for the
field of ML. The technique of bagging data sampling is
explained in Algorithm 1, in the given technique the original
data sampling set of size P is represented by DS, where N
represents the set of training data that contain n elements.
The bagging technique efficiency is based on the ability to
construct a reasonably large training set, attributed to its
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use of random sampling with replacement. Consequently,
bagging is a suitable technique for machine-learning. Within
this study, the bagging technique is utilized to generate varied
training data subsets through bootstrap sampling, particularly
in situations of data scarcity. Each subset was generated
by random sampling with replacement from the original
dataset, ensuring that each subset has the same size as the
original dataset but may contain duplicate samples. This
randomness introduces diversity among the models trained
on these subsets.

Algorithm 1 Technique of Bagging Data Sampling

Input: Original Dataset DS, Partitioning Factor P = 0.7
Output: The generated new training subsets ()
for t=1ton
fori=1toN
RandRow = P x rand()
if RandRow < P
P;(i, AllCols = DS(RandRow, AllCols)
endif
Next i
Next ¢

Output The final training subsets (Ry, TRz, ..., TR,)

E. SELECTING DISTINCT NEURAL NETWORK MEMBERS

A sufficient and necessary condition for an ensemble
classifier could be more precise than its individual mem-
bers if classifiers are diverse and accurate. An efficient
ensemble classifier made up of various models with a lot
of disagreement is generally more likely to perform well in
terms of generalization when it comes to the bias-variance
concept of trade-off. Thus, a key consideration is how to
create a diversified model. In demand of neural network tech-
niques, numerous techniques have been explored to produce
ensemble members with various errors. Fundamentally, these
methodologies depend on altering parameters associated
with neural network designs and their training. Notably, the
primary methods cover four key aspects:

1) VARIED INITIAL CONDITIONS

Ensemble members exhibit diversity by modifying initial
conditions, encompassing factors that include learning rates,
random weights, and momentum rates during training.

2) ARCHITECTURAL VARIABILITY

To create distinct neural networks having varied architectures
is achieved by modifying the number of nodes and hidden
layers in each layer.

3) DIVERSIFICATION OF TRAINING DATA

Attaining diverse training sets and, consequently, distinct
network generations can be accomplished by data resampling
and preprocessing, which has six methodologies to attain
diverse sets of training data: bagging, noise injection cross-
validation, stacking, and boosting input decimation.
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4) DIVERSE TRAINING METHODOLOGY

Opting for diverse core learning techniques facilitates the
generation of different ensemble members. For instance,
when dealing with a multilayered feedforward network,
alternatives include the steep-descent technique and a range
of other training techniques.

Choosing the third technique in the proposed study is based
on the diversity achieved in the prior phase, which results in a
multitude of distinct training data subsets. Moreover, a three-
layer BPNN was introduced [76]. This choice is informed
by the fact that a three-layer BPNN, incorporating a transfer
identity function in the output unit and transfer logistic
functions in middle-layer units, can proficiently estimate
any function that is continuous with an adequate number of
middle-layer units. The use of diverse training datasets will
result in the generation of diverse neural network classifiers.

F. CONFIDENCE VALUE AND NEURAL NETWORK
LEARNING PROCESS
After the generation of the neural networks classifier, in the
next phase, a variety of datasets are utilized in training the
neural networks. In our work, the adopted BPNN is a subclass
of backpropagation supervised error learning technique that
adopts the neural-network associative memory structure.
Generally, the backpropagation learning technique comprises
two steps: one is known as the backpropagation phase and
the other one is a forward-propagation phase. Consider a data
set that comprises s samples, each of which is represented by
input vector set W; = (w;1, w;2, w;3, ..., w;m) and output
target vector U; = (u;1, u;2, u;3, ..., u;n), where 1 <i <s.
In the forward-propagation phase, the input layer is fed
by input vector W; which results in output vector V; =
il, vi2,v;3, ..., vn) determined by present weight vector
X. The main aim is to reduce the error function K explicitly
defined as:

s A
K=y 3 s ®

i=1 j=1

The achievement of accurate input vector mappings to
corresponding output vectors involves the modification of the
weight vector X. In the back-propagation phase, a gradient
decent in weight space X is executed to identify ideal
solutions. The change Ax;; in both magnitude and direction
is computed as:

oK

——€ 2)

Axjj = Py
y

where € € (0, 1), represents a learning parameter that controls
the convergence rate of the algorithm. In the second phase,
the squared error calculated by the formulation given in (2),
is retroactively propagated by output units to input units.
This propagation path at each level is determined by weight
changes. In every iteration of the backpropagation technique,
the execution of both phases involves until the error-function
K converges.
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In the classification task domain, the neural networks are
commonly trained by an in-sample set of data, while the
verification is done by an out-sample set of data. The model
parameters iterative refinement that includes node biases and
connection weights is carried out for the minimization of
error-function K. Essentially, the final output model of the
Feed-Forward Neural Network (FFNN) is given as:

q p
v=gw) =a+ Z (xj<.0 (Oéj + zxijwi)) 3

=1 i=1

Here, oj, j = 0,1,...,q denote the bias of j — th
unit, whereas x;j(i = 1,2,3,...,p,j = 1,2,3,...,¢q) is
the representation of connection weights between the model
layers. The layer hidden transfer function is represented by
g(e), input nodes number is signified by p and hidden nodes
number is signified by g. Through neural network training,
model parameters given in (3), are determined. As a result,
the neural network classifier is represented as:

q p
G(w) = sign | ap + Z (xjgo (aj + Zx,-jwi)) )

j=1 i=1

In the proposed work, the prime focus is on utilizing
output value g(w) of neural networks as classification
measurement score level rather than directly employing the
classification results G(w). For the classification of wheat
diseases, parameter « is used to influence the true positive
percentage. Furthermore, the output neural network value
g(w) served as an effective reliability level indicator in
ensemble classifiers. The increase in g(w) results in the rise
of predicting confidence of neural network classifiers. As a
result, the use of g(w) as a reliability measure facilitates the
ensemble members’ integration. By this technique, at the
measurement level, decision fusion has been enabled.

G. SELECTION OF SUITABLE ENSEMBLE MEMBERS

After training is completed, each individual neural classifier
generates its specific outcome. However, dealing with a
substantial number of individual members requires selec-
tively picking a representative subset to enhance ensemble
efficiency. Notably, the ensemble model does not adhere
to the “the more, the better” principle. Moreover, this
emphasizes the diversity needed in neural network classifiers
for ensemble effective learning. In the proposed technique,
the maximization decorrelation technique is employed to
precisely determine the appropriate number of ensemble
members. As previously noted, the root of the maximization
decorrelation method lies in the fundamental principle of
promoting variety within an ensemble model. The maximiza-
tion decorrelation helps to minimize the correlation between
the chosen classifiers. If there exists p neural classifiers
ie., g1,82,...,8p that generates n forecast values, the p
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predictors error matrix i.e., k1, k2, . .., k, is defined as:

kin ka2 - kip
kot koo - ko

K=| . , , . (5
kn1 kn2 knp nxp

Utilizing the above matrix information, the mean, covari-
ance, and variance of K are evaluated as:

1 n
Mean:k,-:—Zkl,- (i=1,2,3,...,p) (6)
nl:l

l — _
Variance : vij = — Z(kl,- —k)? (=1,23,....p)
n =1

(N

l — _ _
- Z(kli — ki)(kij — kj)
=1
(i,j=1,2,3,...,p) ®)

From (7) & (8), a variance-covariance matrix is obtained
by:

Covariance : vjj

Vipxp) = (Vlj) 9

Using the covariance-variance and correlation matrix R
that are calculated by:

R = (ry) (10)

Vjj

rj = —— (11)

Here r;; represents the correlation coefficients indicating

the correlation degree between classifiers g; and g;. Then, plu-

ral coefficient correlation, pg(il(g.g2.....gi 1.8i11.....g,)) DEtWEEN

gi and p — 1 classifiers that could be computed by (10)

& (11). For ease, abbreviate pgil(g).gr.....gi-1.8i11....8p) DY

pi that represents correlation degree between g; and

(81,82 ---,8i—1,&i+1, - - -, &)- The correlation plural coef-
ficient is calculated by matrix correlation R such that:

R [R<Ti> rl’} (12)
i

where, R_; is the representation of correlation deleted matrix,

and r; = 1,i = (1,2,...,p) then plural coefficient
correlation could be computed by:
pi =r R ;i (13)

For 6 threshold, which is pre-specified, if ,ol.2 > 0,
so p; classifier could be eliminated from p classifiers.
Suppose that the value of the p; classifier could be preserved.
Commonly, the maximization decorrelation technique could
be summarized in the following stages:

(a) Computing the matrices of covariance-variance v;; and
matrix correlation R utilizing (9) & (10).

(b) The coefficients of plural correlation p; could be
calculated from (13), for i’h-classifier where i = 1,
2,3,...,p.
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(c) For threshold prespecified 6, if p; < 6, then
i' h-classifier would be removed from p classifiers.
Similarly, if the value of p; > 6, then the value for i’ h-
classifier would be retained.

To retain the classifiers, the whole process of (1), (2) & (3) is
iteratively performed to get better results.

H. VALUE RELIABILITY TRANSFORMATION

Utilizing the neural classifier outcomes in the preceding
phase acts as a measure of reliability. It’s important to
emphasize that the value of reliability is confined to the
range (—oo, 00). Nevertheless, a significant limitation of this
confidence measure is that the ensemble classifiers having
substantial absolute values frequently utilize significant
impact on the ultimate outcome of the ensemble model.
To address this drawback a basic strategy is applied that
involves the transformation of output values to achieve mean
value zero and standard deviation i.e.:

(14)

Here, o and p are the representation of Standard Deviation
(SD) and mean of classifier pooled output. If classifiers
dissimilarity measures output, reversing the sign of the given
output should precede this transformation. To simplify the
given process, the transformation of confidence values in the
interval having the range between 0 and 1 gives better results.
To represent the probability measure in neural outputs,
logistic functions play a vital role in the context of neural
networks. Hence, it is easily utilized as a scale function for
reliability measuring transformation as given below:

1

+ —
& W = 1=

15)

In the classification of binary techniques, if a class of
positive reliability has degree representation as z;"(w), then
a class of negative reliability has degree representation as:

ZTw)=1-2z"(w) (16)

The results of reliability transformed values depicted that
numerous classifiers can be incorporated into ensemble
neural classifier outputs as demonstrated in the succeeding
section.

I. INTEGRATION OF NUMEROUS CLASSIFIERS INTO
ENSEMBLE OUTPUTS

Based on the preceding stages’ work, suitable ensemble
member number sets could be accumulated. The main task
is the combination of elected members set with classifiers
aggregated in a suitable strategy ensemble. Commonly, in lit-
erature, the strategies of the ensemble are of rank and abstract
levels. The main three ensembles’ techniques are average
weighting, rank, and majority vote. To classify problems, the
ensemble approach used for this purpose is Majority vote
because it is easily implemented. The voting technique of
ensemble members is utilized to get the outcome. Mostly,
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half ensembles are required for accepted results agreement
as ensemble outcome instead of every generalized network’s
accuracy and diversity. The majority voting drawback is that
sometimes its disregard for neural networks possibility that
lies in the minority might, at times, deliver correct results.
At the stage of ensemble, the ensemble’s main motivation,
like diversity existence, has been ignored. Also, at an abstract
level, the ensemble strategy-only class is a majority vote.

Low-level classifiers of ensemble members utilized the
rank technique and it helped in producing not just a single
output but also given choices that are ranked according to
their probabilities. Hence, the high-level class of classifiers
is chosen from those sets of classes that have additional
information that is not given in specific low-level classifiers.
As mentioned earlier, at rank levels, the fusion strategy
class is rank strategy. In the ensemble’s final decision, the
weighted average is determined by the ensemble’s individual
members and every output member has a weight value.
Every ensemble member is assigned a portion of the total
weight, which is fixed at one, depending on their respective
performances or diversity. Despite being a form of ensemble
strategy at the measurement level, acquiring optimal weights
for each ensemble member is a complex task in the context
of classification challenges. In these challenges, here is a
strategy based on ensemble reliability to get an output of the
ensemble at the measurement stage. Here five strategies are
presented that could be used in the integration of ensemble
individual members:

1 if + -
Glw) = i maxle (w)) > max(z; (w)) (17)
—1 otherwise
Gw) — 1 if min(.zf(w)) > min(z; (w)) (18)
—1 otherwise
1 if median(z™ (w)) > median(z- (w))
G(w) = . '
—1 otherwise
(19)
1 if Z Zr(w) > Z z; (W)
Gw) = i=1,2,....m i=1,2,....m
—1 otherwise
(20)
1oit [ gm= J] zw
Gw) = i=1,2,....m i=1,2,...m
—1 otherwise
(21)

The summarized conclusion of the neural networks
multistage ensemble reliability learning model is given as:
(a) Original set of data is portioned into training n-datasets
as: TRy, TR,, ..., TR,
(b) Train individual » models of neural networks via distinct
training sets of data, i.e., TRy, TR», . .., TR;, then by this
n — distinct neural classifiers (ensemble member) are
obtained.
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(c) Select decorrelated m neural network classifiers from n
classifiers (neural) obtained in step 2, by utilizing the
technique of maximization decorrelation.

(d) Utilizing (3), for selection of m output results
of neural classifiers for new sample (unlabeled)
w, g1(w), ga(w), ..., gm(w), as given in Fig. 1.

(e) Transform the output of degree reliability utiliz-
ing (15) & (16) to obtain positive and negatives
classes represented as: z; (W), 2T (W), ..., zu T (w) and
21 W), 227 W), ooy zm (W)

(f) Use neural multiple classifiers to generate output
aggregated in reliability term values utilizing (17) - (21).

IV. EXPERIMENTAL RESULTS

A series of experiments conducted under various parameters
effectively verify the proposed model’s performance. This
section presents experimental results on various selected
datasets and compares them to existing methodologies.

A. DATASETS AND EXPERIMENTAL SETUP

Several datasets concerning wheat leaf diseases are made
accessible to the public, to facilitate the development of
algorithms capable of effectively classifying these diseases.
The proposed technique is validated on three different wheat
disease datasets. A publicly available Wheat Disease Images
Small Dataset (D1) [77] a subset of the full dataset is
used containing 999 images. These images are of various
major diseases including ““Yellow Rust”, “Brown Rust”,
“Septoria”, “Mildew” and “Healthy”. The images were
obtained in a realistic and uncontrolled growth condition
from various locations across the UK and Ireland. Images
were taken using a smartphone and digital camera; therefore,
varied sizes of images are present in the dataset.

Kaggle dataset namely Wheat Leaf dataset (D2)! is
employed. The wheat leaf dataset is composed of 407 images
which are divided into three categories with the assistance
of plant pathologists, namely “Stripe Rust (Yellow Rust),”
“Septoria,” and ‘“Healthy” wheat leaf. The data was col-
lected in an uncontrolled environment in a real wheat farm in
Holeta, Ethiopia. Canon EOS 5D Mark III a high-resolution
digital camera was used for capturing the images having the
capability to effectively depict the intricate details of the leaf.
The Wheat Disease dataset (D3)? used in this study comprises
2942 images of wheat disease that were retrieved from the
Kaggle repository. The wheat disease dataset is divided into
three classes, “Brown Rust™, “Yellow Rust” and ‘“Healthy”’.

Each experiment is conducted on NVIDIA GeForce RTX
3080Ti with a Boost Clock of 1.77GHz and standard
memory of 12 GB GDDR6X. Python 3.11.4 and TensorFlow
v2.14.0 are used to train, test, and validate the proposed
technique. The selected pretrained models undergo transfer
learning, starting with an initial learning rate of 0.0001.
The entire process consists of 100 epochs and has a total

1 https://www.kaggle.com/datasets/olyadgetch/wheat-leaf-dataset/data
2https://www.kag gle.com/datasets/buffyhridoy/wheat-disease
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momentum of 0.45. The datasets are divided into training,
testing, and validation sets using several ratios, which are
discussed in detail in section IV-C. The performance is
assessed using seven evaluation metrics such as Accuracy
(Acc), Precision (Pre), Sensitivity (Sen), Specificity (Spe),
F1-score (F1), Training Time (TT), and Prediction Time (PT).
The experimental results are repeated at least five times under
identical conditions to compute the average results, which are
provided in the next section.

B. CLASSIFICATION RESULTS

This section shows the results of classification after training
on 70% of the dataset. The efficiency of the proposed EL
model on the D1 dataset is validated through a comparison
of the results with pretrained models. Of the six pretrained
models, De model has performed the best with an average
accuracy of 77.00%, precision of 81.00%, and sensitivity
of 73.00%. However, this model takes a high training time
of 205 minutes and an average of 2.10 seconds to predict
an input image, which limits its effectiveness. Followed
by De, Mo achieved second highest accuracy of 74.00%,
precision of 73.00%, and sensitivity of 71.00% with TT
of 84 minutes and PT of 0.81 seconds. Re attained the
lowest accuracy of 34.00% among all pretrained models,
while Na had the highest TT and PT of 928 minutes and
10.02 seconds, respectively. However, the custom CNN
model obtained slightly improved results with an average
accuracy of 78.47%, precision of 82.91%, and sensitivity of
76.85%. The custom CNN classifier takes 100 minutes to
train and 3.89 seconds to predict. Bagged EL is performed
on three best-performing models including custom CNN, De,
and Mo. This model has achieved an accuracy of 79.02%,
precision of 84.46%, and sensitivity of 78.12% which is
higher than single De, Mo, and custom CNN. For the D1
dataset, the experimental results of all the models are shown
in Table 2.

To verify the efficiency of the proposed model, a compar-
ison of the results is performed with selected models on D2
dataset. Among the six pretrained models, the De model has
superior performance, with an average accuracy of 93.29%,
precision of 93.35%, and sensitivity of 93.35%. However,
this model has a high training time of 183 minutes and an
average prediction time of 1.81 seconds per input image.
Mo has achieved the second-greatest accuracy of 92.94%.
It has a precision of 93.02% and a sensitivity of 93.02%.
The TT required is 78 minutes, and the PT is 0.73 seconds.
Re attained the lowest level of accuracy, measuring 77.65%,
compared to all other pretrained models. On the other hand,
Na demonstrated the greatest TT of 833 minutes and PT
of 8.45 seconds. The custom CNN model yields optimal
outcomes among all pretrained models, with an average
accuracy of 94.27%, precision of 94.89%, and sensitivity of
93.99%. The customized CNN classifier requires 89 minutes
for training and 0.86 seconds for prediction. While proposed
EL model outperformed all other models when applied to
three top-performing models. It achieved an accuracy of
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TABLE 2. Results of CNN models on D1 dataset.

Models Acc (%) | Pre(%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
ResNet50 (Re) 34.00 23.00 13.00 95.50 16.33 271 £23 | 298 +0.97
InseptionResNetV2 (In) | 65.00 69.00 60.00 93.75 63.00 167 £ 17 | 1.73 £ 0.81
DenseNet201 (De) 77.00 81.00 73.00 95.75 75.67 205+ 14 | 2.10 £ 0.86
VGGI19 (Vg) 67.39 51.45 31.88 94.37 38.41 257 +£22 | 2.50+0.92
NasNetLarge (Na) 68.63 67.65 60.78 92.89 63.07 928 £41 | 10.02 £ 1.61
MobileNetV2 (Mo) 74.00 73.00 71.00 94.00 71.67 84+ 11 0.81 £ 0.17
Custom CNN 78.47 82.91 76.85 95.22 78.77 100 £27 | 3.89 £ 1.12
EL (Proposed) 79.02 84.46 78.12 96.42 79.87 102 +£15 0.83 £ 0.13
TABLE 3. Results of CNN models on D2 dataset.

Models Acc (%) | Pre (%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
ResNet50 (Re) 77.65 79.07 74.42 91.28 75.97 262 £21 | 0.62+0.24
InseptionResNetV2 (In) | 90.59 90.70 90.70 95.93 90.70 135+17 | 043 £0.16
DenseNet201 (De) 93.29 93.35 93.35 95.67 93.35 183 £28 | 0.81 £0.33
VGGI19 (Vg) 89.41 88.37 87.21 94.77 87.60 216 =222 | 042 +£0.25
NasNetLarge (Na) 91.76 91.86 90.70 95.93 91.09 833 +32 | 0.45+0.31
MobileNetV2 (Mo) 92.94 93.02 93.02 96.51 93.02 78 + 8 0.72 + 0.1
Custom CNN 94.27 94.89 93.99 95.03 94.32 89 +41 0.86 £ 0.13
EL (Proposed) 96.48 96.89 96.21 96.98 96.08 99 + 16 0.33 £ 0.5

96.48%, precision of 96.89%, and sensitivity of 96.21% in TT
of 172 minutes and 0.33 seconds to predict. The experimental
findings of all models for the D2 dataset are presented in
Table 3.

The proposed model’s performance on the D3 dataset
is validated through the comparison of the results against
pre-trained models. Again, the De model outperformed the
other six pretrained models, with an average accuracy of
96.57%, precision of 96.89%, and sensitivity of 95.62%.
However, this model requires a prolonged training time of
271 minutes and takes an average of 2.69 seconds to predict
an input image, reducing its relevance. Custom CNN has the
second most significant accuracy with 95.44%, precision of
95.78%, and sensitivity of 95.18% with TT of 104 minutes
and PT of 1.05 seconds. Among all models, Re has the lowest
accuracy of 79.28%, while Mo has the lowest TT and PT of
88 minutes and 0.82 seconds, respectively. Bagged EL has
been performed with three models including custom CNN.
This model achieved an accuracy of 97.16%, precision of
97.49%, and sensitivity of 96.86% which is higher than all
other pretrained as well as custom CNN models. EL model
takes a significant TT of 112 minutes and 1.05 seconds
to predict. Since all the chosen classifiers were considered
and tested in this experiment, the EL approach attained the
best accuracy, thus subsequent experiments are performed on
the proposed EL model. Table 4 displays the experimental
findings of all models for the D3 dataset.

C. DISCUSSION

1) ABLATION ANALYSIS

Once a model with the best performance is selected in the
first experiment, that is, the EL model, this model is trained
on various learning rates. On the D1 dataset, the proposed EL
method achieved an average accuracy of 83.34%, precision
of 85.70%, and sensitivity of 81.45% with an initial learning
rate of 0.000001. The second-best average accuracy of
80.96%, precision of 82.67%, and sensitivity of 81.02% was
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achieved with an initial learning rate of 0.00001. The lowest
average TT was 95 minutes, and the lowest average PT of
0.94 seconds was taken by a learning rate of 0.01, but it
could only achieve 76.78% accuracy. It is noteworthy that
the proposed model achieved the highest accuracy with a
0.00001 learning rate. Table 5 demonstrates all experimental
results with different initial learning rates on the D1 dataset.

After selecting the best-performing technique from the first
experiment and the best initial learning rate from the second
experiment. As mentioned earlier, the proposed EL approach
has performed better on D1 when 0.000001 is selected as
the learning rate. During this experiment, selected evaluation
matrices are used to note the performance for each training-
testing-validation data split. A data split ratio of 70-15-15 has
achieved the best average accuracy of 86.78%, best precision
of 88.39%, and best sensitivity of 84.52%. This classifier
requires 108 minutes for training and 0.51 seconds for
predicting an input image. The second-best average accuracy
of 83.34% is obtained with an 80-10-10 ratio of data split,
which took 114 minutes to train and 0.68 seconds to predict.
The lowest accuracy of 65.82% is noted for 50-25-25 at TT
97 minutes. Table 6 represents the impact of different data
split ratios on the D1 dataset.

The same experiments were performed on the D2 dataset
on the proposed model. With an initial learning rate of
0.000001, the EL model achieved an average accuracy of
97.32%, precision of 97.94%, and sensitivity of 97.12%.
Followed by a learning rate of 0.00001, accuracy of
96.98%, precision of 97.91%, and sensitivity of 97.99%
were achieved. The learning rate of 0.01 achieved the lowest
average TT of 91 minutes and the lowest average PT of
0.94 seconds, however it only achieved 93.98% accuracy.
Table 7 displays all experimental outcomes with various
initial learning rates on the D2 dataset.

The most effective combination from the previous exper-
iments is selected to be trained on various data split ratios
to achieve the best outcomes. In this experiment, certain
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TABLE 4. Results of CNN models on D3 dataset.

Models Acc (%) | Pre(%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
ResNet50 (Re) 79.28 80.74 76.48 93.39 77.12 328 + 34 321 +£044
InseptionResNetV2 (In) | 94.32 96.89 91.63 97.47 93.54 232 + 29 2.46 +0.31
DenseNet201 (De) 96.57 96.89 95.62 98.12 97.69 271 £ 26 2.69 +0.37
VGGI19 (Vg) 90.98 88.78 88.78 92.84 89.97 357 £ 36 3.68 £ 0.41
NasNetLarge (Na) 94.42 95.17 93.29 97.54 94.13 1140 £47 | 12.01 +1.23
MobileNetV2 (Mo) 93.97 94.28 93.40 93.35 93.61 88+9 0.82 +0.1
Custom CNN 95.44 95.78 95.18 95.99 95.23 104 £ 38 1.13 £ 0.38
EL (Proposed) 97.16 97.49 96.86 97.52 96.74 112 £ 14 1.05 +0.19
TABLE 5. Results of different initial learning rates on D1 dataset.
Learning Rates | Acc (%) | Pre (%) | Sen(%) | Spe (%) | F1(%) | TT (m) PT (s)
0.01 76.78 77.27 74.53 90.00 75.21 95 + 16 0.94 £0.19
0.001 78.69 78.85 78.00 94.37 76.67 98 + 12 0.87 £ 0.11
0.0001 79.02 84.46 79.12 96.42 79.87 102+ 15 | 0.83 £0.13
0.00001 80.96 82.67 81.02 97.89 82.78 109+ 14 | 0.73£0.13
0.000001 83.34 85.70 81.45 98.63 84.28 114 £ 17 | 0.68 £ 0.12
TABLE 6. Results of training-testing-validation data split on D1 dataset.
Data Split | Acc (%) | Pre(%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
50-25-25 65.82 69.34 60.39 83.00 63.00 97 + 18 0.83 £0.11
60-20-20 74.42 73.65 71.00 85.89 71.37 99 + 16 0.71 £0.21
70-15-15 86.78 88.39 84.52 98.95 85.24 108 £ 19 | 0.51 & 0.06
80-10-10 83.34 85.70 81.45 98.63 84.28 114 £17 | 0.68 +0.12
TABLE 7. Results of different initial learning rates on D2 dataset.
Learning Rate | Acc (%) | Pre (%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
0.01 93.98 95.17 95.39 95.54 94.82 91+ 14 0.94 +0.15
0.001 95.38 95.48 95.48 97.63 95.25 94 £+ 13 1.03 +0.11
0.0001 96.48 96.89 96.21 96.98 96.08 99 £ 16 033 £0.5
0.00001 96.98 97.91 98.07 97.99 97.14 102 £19 | 1.01 +0.21
0.000001 97.32 97.94 97.12 97.76 97.04 112£23 | 1.13+0.22

evaluation matrices are employed to record the performance
of each training-testing-validation data split. The data split
ratio of 70-15-15 delivered the highest average accuracy
of 98.28%, the highest precision of 99.53%, and the
highest sensitivity of 98.68%. The training process takes
109 minutes, whereas the prediction of an input image only
requires 1.11 seconds. The model achieved the second highest
accuracy of 97.32%, precision of 97.94%, and sensitivity of
97.12% with a data split ratio of 80-10-10. The accuracy of
83.65% is observed to be the lowest for a 50-25-25 ratio at
TT of 87 min. Table 8 illustrates the effects of various data
split ratios on the D2 dataset.

EL model with the highest performance in the initial
experiment undergoes training using different learning rates
on D3 datasets. The classifier achieved the highest average
accuracy of 98.76%, precision of 98.43%, and sensitivity of
98.15%, using an initial learning rate of 0.000001 in TT of
125 minutes and PT of 1.00 seconds. An average accuracy
of 98.02%, precision of 99.11%, and sensitivity of 98.32%
were attained with an initial learning rate of 0.00001. The
learning rate of 0.01 achieved the lowest average PT of
0.99 seconds and the lowest average TT of 101 minutes.
However, despite these low times, it only achieved an
accuracy of 95.12%. The proposed model demonstrated
exceptional performance, achieving the greatest accuracy
when trained with a learning rate of 0.00001. Table 9 presents
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a comprehensive overview of the experimental outcomes
obtained using various initial learning rates on the D3 dataset.

As already mentioned, the proposed EL model exhibited
superior performance on D3 when the learning rate was set to
0.000001. For training purposes, the optimal combination is
chosen across various data division ratios to achieve the most
favorable outcomes. The optimal data division ratio of 70-
15-15 produced the highest sensitivity of 98.86%, precision
of 99.49%, and average accuracy of 99.16%. Training this
data takes 131 minutes, while prediction takes 0.94 seconds.
An average accuracy of 98.76% for the 80-10-10 data split
ratio model required 125 minutes to train and 1.00 seconds
to predict. The condition with the lowest accuracy, 82.63%,
is for 50-25-25 at TT 104 minutes and PT of 1.01 seconds.
The results of varying data split ratios are illustrated in
Table 10.

2) CRITICAL ANALYSIS

The models displayed in Tables 2 to 10 illustrate the com-
parative performance of various designs, their efficiencies,
and the characteristics of the specified datasets. Models
such as DenseNet201, NasNetLarge, and InceptionResNetV?2
demonstrated superior accuracy and enhanced F1 scores due
to their ability to extract more complex features. The densely
interconnected layers of DenseNet201 enhanced feature
reuse and generalization, whereas NasNetLarge benefited
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TABLE 8. Results of training-testing-validation data split on D2 dataset.

Data Split | Acc (%) | Pre (%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
50-25-25 83.65 85.07 81.54 89.28 82.97 87+ 13 091 £+ 0.14
60-20-20 91.87 91.96 90.73 94.38 91.15 98 + 18 1.04 £0.2
70-15-15 98.28 99.53 98.68 98.74 98.13 109+ 17 | 1.11 £0.15
80-10-10 97.32 97.94 97.12 97.76 97.04 112+23 | 1.13+£0.22
TABLE 9. Results of different initial learning rates on D3 dataset.
Learning Rate | Acc (%) | Pre (%) | Sen (%) | Spe (%) | F1(%) | TT (m) PT (s)
0.01 95.12 95.87 96.27 96.85 94.87 101 =13 | 0.99+0.1
0.001 96.99 97.68 97.14 97.78 96.66 108 +15 | 1.01 £0.21
0.0001 97.16 97.49 96.86 97.52 96.74 112+ 14 | 1.05+0.19
0.00001 98.02 99.11 98.32 98.42 98.52 121 +16 | 1.02+0.17
0.000001 98.76 98.43 98.15 98.71 98.55 125+ 13 | 1.00 £0.2
TABLE 10. Results of training-testing-validation data split on D3 dataset.
Data Split | Acc (%) | Pre (%) | Sen (%) | Spe(%) | F1(%) | TT (m) PT (s)
50-25-25 82.63 83.07 83.70 94.53 82.99 104 £ 11 | 1.01 £0.14
60-20-20 89.71 88.73 87.21 96.01 88.54 119+ 14 | 1.11 £0.12
70-15-15 99.16 99.49 98.86 99.52 98.74 131+12 | 0.94+0.18
80-10-10 98.76 98.43 98.15 98.71 98.55 125+ 13 | 1.00£0.2

from NAS, which optimized the model’s architecture for
superior performance. The trade-off was apparent in the TT
and processing time PT of both models, rendering them less
efficient when resources were nearly depleted. MobileNetV2,
on the contrary, necessitated low TT and PT while remaining
suitable for real-time field deployment. The areas beyond
the background were diminished, while feature extraction
and robustness were improved, leading to the suggested EL
outperforming each separate architecture when integrated.
The model’s excellent sensitivity and accuracy were further
boosted by precise learning rates, such as 0.00001. Data
divisions of 70-15-15 demonstrated superior generalization
efficacy compared to skewed ratios like 80-10-10.

CNN models for wheat disease classification show a
trade-off between accuracy and computational efficiency.
Advanced architectures like InceptionResNetV2 and NasNet-
Large may capture complicated patterns with great precision
and sensitivity, but their processing costs make them unsuit-
able for real-time deployment. For resource-constrained
applications, lightweight models like MobileNetV2 provide
competitive accuracy and fast processing. DenseNet201
reuses and generalizes features well but uses more resources.
By leveraging complementary strengths, the proposed EL
model outperforms individual architectures in accuracy,
sensitivity, and specificity while maintaining moderate com-
putational requirements, making it a robust and scalable
wheat disease classification model.

The distinctions between individual CNN designs and
the EL method are apparent in its challenges with environ-
mental unpredictability and data imbalance, highlighting the
robustness of its approach. Numerous factors, like picture
quality and background complexity, typically influence the
efficacy of classical models, contributing to environmental
unpredictability that is challenging to manage. Integrative
techniques that combine multiple CNNs with diverse feature
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extraction capabilities enhance the EL method, which aids
in addressing environmental unpredictability. Moreover, the
incorporation of Bagging into the EL framework enhances
the model’s robustness by training on several data subsets,
hence minimizing the impact of biased or non-representative
datasets. For example, MobileNetV2 or ResNet50 may
maintain generalization despite an unbalanced dataset, as the
elastic conjoint technique leverages ensemble variability
to enhance cross-class generalization. Spatial and channel
attention modules can emphasize the significance of cer-
tain illness subtleties while mitigating noise interference
from the complex background, aligning with other pre-
trained CNN attention processes inside EL frameworks. The
integration of multi-level feature extraction with bagging
guarantees great accuracy and precision, while maintain-
ing consistent performance across datasets with varying
distributions.

The proposed EL approach has important practical con-
sequences for the detection of wheat diseases in various
agricultural settings and environments. The observation and
diagnosis of multiple wheat diseases can be done accurately
and expeditiously with the aid of disease monitoring systems,
which are EL optimally trained for, as they yield tremendous
accuracy across different data sets. This technique can
enhance crop productivity and promote food security by
balancing pesticide usage and improving disease control
measures. Nonetheless, more resources for training and
inference based on the ensemble structure require additional
resources as they increase the computational complexity and
have higher costs than lightweight models. Moreover, the
heterogeneity in environmental conditions, light conditions,
and image quality in real-life applications of the systems is
likely to introduce some problems that will need effective
preprocessing methods and thoughtful optimization of the
system to alleviate these issues.
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V. CONCLUSION

This research presents an efficient model for classifying
wheat diseases. The approach is designed to identify these
diseases quickly and effectively during complicated field
settings. The model is notable for its reduced parameter
count and computing needs, which allow for adaptive feature
refinement on the input feature map. It does this by combining
three pre-trained CNN models within an EL framework.
Experimental comparisons confirm the practicality of the
proposed model, providing a dependable and accurate tech-
nical remedy for identifying and detecting wheat diseases.
While the proposed model demonstrates high accuracy, its
computational requirements remain a barrier for real-time
applications in resource-constrained settings. Future work
will focus on optimizing the model for lightweight deploy-
ment. Nevertheless, it is recognized that the proposed model
requires a greater computing burden in comparison to
traditional lightweight models, therefore requiring additional
enhancements in future endeavors. The study emphasizes the
influence of image quality on the performance of models,
emphasizing the necessity for improvements in crop disease
image dataset and overall image quality. Future efforts will
focus on creating a comprehensive and reliable dataset for
wheat diseases, incorporating insect detection as it relates to
wheat diseases, and integrating disease severity detection to
help farmers make informed decisions about pesticide use
to reduce pollution.
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