
Ensemble Transfer Learning for Image Classi�cation 25

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/

Published by the ECTI Association, Thailand, ISSN: 2286-9131

Ensemble Transfer Learning for Image Classi�cation

Nayan Kumar Sarkar1, Moirangthem Marjit Singh2, Utpal Nandi3 and Jyotsna Kumar Mandal4

ABSTRACT Article information:
The deep learning (DL) techniques used for image classi�cation might not
deliver the desired level of classi�cation accuracy as some features belong-
ing to some class of a dataset are missed during feature extraction. The
ensemble learning (EL) based model improves classi�cation accuracy by
combining the strengths of individual classi�ers. As a result, those features
that were missed during feature extraction by a speci�c DL technique will
be taken care of by another DL technique in an ensemble DL approach.
In this paper, averaging EL (AENet), weighted averaging EL (WAENet),
and stacking EL (StackedNet) approaches are proposed, considering the
DenseNet201, E�cientNetB0, and ResNetRS101 as base models. The pre-
dictions of the base models are averaged to generate the AENet. The
WAENet is constructed by assigning weights to each base model based on
their prediction and then taking their average. Similarly, the Stacked-
Net is developed by considering the DenseNet201, E�cientNetB0, and
ResNetRS101 as base-learners and ResNetRS101 as meta-learner. Anal-
ysed performance of the considered pre-trained base models and the devel-
oped EL models on the standard and application-speci�c datasets such as
MiniImageNet, CIFAR10, CIFAR100, Plant Village (PV), Tomato, Covid-
19 and 9IndianFood. 80% of the datasets were used to train and 20% to test
the base and proposed models. The models are trained for an epoch of 30,
considering a learning rate of 0.001 and adam optimizer. The stackedNet
delivered better results than others.
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1. INTRODUCTION

Image classi�cation is a technique of identifying
what class an image falls in. The applications of
image classi�cation have been overgrowing in recent
times. The image classi�cation techniques are essen-
tial for technical advancement [1]. The DL algorithms
are primarily used in computer vision tasks. DL, a
branch of machine learning (ML), mimics the working
mechanism of the human brain. Various DL mecha-
nisms have been developed for a variety of applica-
tions. Among the DL mechanisms, CNN is widely
applied in various �elds of image classi�cation and
addressed challenges. Transfer learning (TL) is an
ML technique that solves the constraints of extensive
data collection and reduces training costs. Educa-

tional psychology may have been the source of TL.
According to psychologist C.H. Judd's generalization
theory of transfer, learning to transfer is the outcome
of experience being generalized. As long as any indi-
vidual generalizes his experience, it is easy to realize
the transfer from one particular scenario to another.
In reality, someone who knows how to ride a bicycle
can quickly learn to ride a motorbike faster. TL aims
to enhance the result of a model by transferring the
knowledge gained on the source domain to a related
but di�erent target domain [2]. It has been found that
the TL has been a fascinating area of study ever since
the ML revolution began [3]. From a DL perspective,
TL involves utilizing a deep CNN model that was
previously trained on a large dataset. A new dataset
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with fewer training images is used to train further
(fine-tune) the previously trained CNN technique [4].

The DL approach, especially developed based on
CNN architecture, addressed various image classifica-
tion problems. The DL models are generally designed
to capture specific features. Still, in the complex task
of image classification with imbalanced class or high
variability, a DL model fails to learn all relevant fea-
tures. For example, when a dataset is small or con-
sists of intra-class variability, a single model fails to
learn the essential features to define the class. As a
result, the performance of the approach degrades. A
DL model also suffers from the limitation of overfit-
ting. Hence, there is still a scope for performance
improvement by combining the prediction of multi-
ple models, which is our motivation. Therefore, the
EL concept is considered a solution to such a prob-
lem, as the EL technique enhances results by merging
the strengths of individual approaches while compen-
sating for their weaknesses. It is expected that the
proposed EL techniques can address the limitations
of DL techniques.

In literature, several EL techniques have been de-
veloped to address various challenges in image clas-
sification. However, hardly any EL technique has
been developed considering the DenseNet201 [5], Ef-
ficientNet [6], and ResNetRS101 [7] as base models
and ResNetRS101 as a meta-model. The considered
base models also have certain advancements, such
as the DenseNet201 mitigates the vanishing gradi-
ent problem, the EfficientNetB0 produces compound
scaling by optimizing depth, width, and resolution for
improving efficiency, and the ResNetRS101 provides
better accuracy on large datasets by leveraging resid-
ual blocks, which makes the proposed EL models dif-
ferent from existing works. The major contributions
of the paper are briefly discussed below:

• Proposed averaging, weighted averaging, and
stacking EL approaches, namely AENet, WAENet,
and StackedNet, considering the DenseNet201,
ResNet152, and ResNetRS101 pre-trained CNN
models as base models.

• Analysed performances of the three proposed
approaches on standard (MiniImageNet, CI-
FAR10, CIFAR100) and application-specific
(PV, Tomato, Covid-19, 9IndianFood) datasets.

• Computed results of the pre-trained DenseNet201,
EfficientNetB0, and ResNetRS101 CNN models
individually on the datasets.

The rest of the paper is organized as Section 2
briefly discusses the literature review, the proposed
models are explained in section 3. The implemen-
tation and result analysis is discussed in section 4,
section 5 discusses the conclusion and references are
given at the end.

2. LITERATURE REVIEW

High importance is given to DL and TL methods
in the development of image classification techniques.
Recently, the EL technique has also been gearing up
to develop such methods. Several approaches have
been developed based on DL, TL, and EL techniques
for categorizing healthy and diseased crop leaf im-
ages of rice, tomato, grapes, etc. Approaches have
also been developed to categorize scene images, satel-
lite images, medical images, food images etc. In the
literature, numerous studies have been conducted to
classify images of different domains. However, a few
recent image classification methods developed based
on DL and EL are briefly discussed in this section.

S. K. Upadhyay and A. Kumar [8] developed a
deep CNN technique for diseased rice leaf image cat-
egorization. They considered Otsu’s global thresh-
olding method for removing background noise. E.
Deniz et al. [4] suggested a TL approach to clas-
sifying histopathologic breast cancer images. They
used pre-trained AleNet and VGG16 models for fea-
ture extraction, followed by SVM for classifying the
extracted features, achieving an accuracy of 91.30%.
Utilizing three compact CNNs O. Attallah [9] pro-
posed a pipelined approach for classifying diseased
tomato leaf images. The approach also used a hybrid
feature selection technique for selecting a comprehen-
sive set of features with lower dimensions. F. A. Shah
et al. [10] suggested a deep CNN method for cate-
gorizing three rice leaf diseases, namely brown spot,
bacterial blight, and blast. They applied image pre-
processing, and samples were augmented to increase
the dataset size, and as a result, their approach de-
livered 98.3% classification accuracy. N. K. Sarkar et
al. [11] developed a DL approach for diseased crop
leaf image classification that used network deconvo-
lution operation to remove correlations from images
and AReLU activation function for faster training.
They considered PV, Tomato, and Grape datasets
for results evaluation and obtained 99.27%, 99.10%
and 100% classification accuracies on the datasets,
respectively. To generate high-quality images, Z.
Zhang et al. [12] developed an image augmentation
method using the dual generative adversarial network
(GAN) approach. They considered the VGG11 and
ResNet18 approaches for analyzing the results. Rice
leaf images were used in their experiments, and as
a result, the ResNet18 delivered 4.57%, and VGG11
delivered 4.1% higher classification accuracy on the
generated high-quality images than the original sam-
ples.

Using resnet101, resnet152, VGG densenet-169
and 201, Q. Pan et al. [13] suggested an EL technique
namely, WR-EL, to categorize rust-diseased leaf im-
ages of wheat. The developed approach delivered bet-
ter results than each CNN model considered. Based
on the stacking paradigm of ensemble T. Aboneh et
al. [14] suggested another approach to classify multi-
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spectral images. The approach delivered 99.96% cat-
egorization accuracy on the Landsat image gener-
ated from Bishoftu town in Ethiopia. Using Efficient-
NetB0 and MobileNetV2 transfer learning models, H.
T. Vo et al. [15] developed an Ensemble technique for
the automatic categorization of diseased plant leaves.
They used the PV dataset to assess the technique and
obtained a classification accuracy of 99.77% on 20%
of the test data. Considering five DL approaches, Z.
Rahman et al. [16] proposed another ensemble ap-
proach to identify seven categories of skin cancers.
Y. Zheng et al. [17] suggested another technique to
categorize breast cancer. They considered the four
pre-trained approaches as base models to construct
the proposed EL approach that resulted in 98.90%
categorization accuracy. D. Muller et al. [18] pro-
duced a medical image categorization pipeline for as-
sessing the performances of EL techniques. The pro-
posed pipeline consists of image augmentation and
preprocessing techniques, along with nine CNN archi-
tectures. They considered four categories of medical
image datasets to analyze results, and the stacking
ensemble technique revealed the highest performance
improvement comparatively.

Using chest XR images, A. K. Das et al. [19] devel-
oped an ensemble approach to identify covid19. Their
approach considered the DenseNet201, Resnet50V2,
and Inceptionv3 deep CNN approaches to construct
the model that delivered 91.62% categorization accu-
racy. S. Balasubramaniam and K. S. Kumar [20] also
proposed an optimal EL method to identify COVID-
19 disease using chest XR images. Using a small
training dataset, G. Batchuluun et al. [21] developed
a D- based leaf image categorization technique called
PI-CNN. The model’s performance was evaluated us-
ing 70%, 50%, 30%, and 10% of the training data,
and it delivered comparatively better results. S. M.
Javidan et al. [22] suggested an ensemble technique
for categorizing seven types of diseased and healthy
Tomato leave images. They considered six ML ap-
proaches as base classifiers to generate the weighted
ensemble approach, which resulted in 95.58% clas-
sification accuracy. J. Chen et al. [23] proposed a
stacked EL approach to recognize plant leaf diseases.
They considered the SE-MobileNet, Mobile-DANet,
and MobileNetV2 CNN approaches as base models
and delivered 99.61% average classification accuracy
on the PV dataset.

Approaches have also been developed to classify
food images. Using Efficientnetb0, G. VijayaKumari
et al. [24] developed a TL-based technique for classi-
fying of food images. To recognize various food items,
the Food-101 dataset was used, achieving 80% accu-
racy. F. S. Konstantakopoulos et al. [25] conducted
a detailed survey on food image recognition. To au-
tomatically detect and recognize chewable food items
based on their eating sounds, Y. Kumar et al. [26]
proposed an approach using signal processing and DL

approaches. D. Xue et al. [27] developed a weighted
EL approach to classify histopathology images. P.
Khanarsa and S. Kitsiranuwat [46] developed DL-
based EL techniques, namely the maximum occur-
rence of cervical cells and the maximum probability
score of cervical cells for classifying pap smear im-
ages, and delivered more than 97% accuracy. N. N.
Alabid [47] proposed a method for detecting spatial
relationships between a human and an object consid-
ering 2-D and 3-D scenes. GMM, Viola-Jones, and
KF algorithms were used in different phases of the im-
plementation. The results showed that the approach
could establish a relationship between a stationary
and moving object. A. Dey et al. [48] developed a
DL approach called ResDLCNN-GRU Attention for
the identification and categorization of violence from
video footage. They considered the Hockey Fights
(HF), Movie Fights, and SCVD datasets for result
assessment, achieving accuracies of 98.38%, 99.62%,
and 90.57%, respectively.

3. PROPOSED MODELS

The DL and TL approaches developed for im-
age categorization have performed better than several
machine learning approaches. The individual image
classification approaches developed using the DL con-
cept may not adequately learn the features associated
with all the labels in a dataset. A model M1 might
adequately learn the characteristics of a class C1 but
not C2 of a dataset, whereas the model M2 learns the
characteristics of class C2 well but not C1. Therefore,
to overcome the limitation, the EL concept has been
introduced where classification performance can be
improved by merging the strengths and weaknesses
of several models, i.e., in ensemble technique, the re-
sults from several models (base-models) are combined
to reduce bias and variance [28]. Generally, the EL
techniques are of various types. However, we consid-
ered the averaging, weighted averaging, and stacking
techniques to develop the proposed AENet, WAENet,
and stackedNet methods, respectively, and they are
briefly discussed below:

• Averaging: The averaging ensemble tech-
nique is very simple and mostly followed. In
this technique, the predictions of the base
models are averaged using the soft-max func-
tion to generate the final prediction. The
output of the averaging ensemble approach is
shown in equation (1).

Outputavg =
1

M

∑M

i=1
Oi (1)

Where Oi is the output of model i, and M is
the total models considered.

• Weighted Averaging: It is a development
of the averaging ensemble approach where
weight is assigned for each model considered.
Weights are assigned based on the perfor-
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mance of base models, i.e., higher weight is
assigned for a model that delivers higher ac-
curacy individually; similarly, lower weight is
assigned for a model that delivers lower accu-
racy. The mathematical formula is shown in
equation (2).

Outputweighted−avg =
1

M

∑M

i=1
WiOi (2)

Where Wi and Oi are the weight and output
of model i, respectively, and M is the total
models considered.

• Stacking: In the stacking approach of EL,
the predictions generated by the base-models
are passed as input for a meta-model. It does
not merely aggregate predictions; it actively
learns the relationships between the outputs
of different models and allows it to correct in-
dividual model errors more effectively.

The AENet results in robust prediction by reduc-
ing the variance of the individual models. It mitigates
overfitting by combining the strengths and weak-
nesses of particular models. It is beneficial when the
base models are trained on small or diverse datasets.
Instead of treating all models equally, the WAENet
allows the best-performing model to have the most
influence on the final prediction. The WAENet per-
forms better than simple averaging. Instead of av-
eraging or manually assigning weights, the Stacked-
Net uses the meta-model that learns the optimal way
to combine base-model’s predictions. The two level-
structure of StackedNet reduces bias and variance.
The meta-model learns patterns for errors made by
base models and improves performance. StackedNet
is particularly powerful in handling complex patterns
in data, offering superior generalization in scenarios
where individual models might suffer.

The inductive TL concept is considered in our
proposed models, where a CNN model trained on a
large dataset is again trained (fine-tuned) on a sim-
ilar new dataset. The TL is mainly considered in
DL applications as fine-tuning a previously trained
approach is faster than training a newly constructed
approach from scratch [4]. The considered TL ap-
proaches (base-models) are briefly discussed below:

• DenseNet201: A CNN architecture pro-
posed by Huang et al. [5] and well known for
its outstanding performance for object iden-
tification tasks. It uses a simple connectivity
technique in which every layer is connected
to each other in a feed-forward way that re-
sulted in maximum flow of information in the
network, reduces the vanishing gradient issue,
increases feature propagation, and reduces the
number of parameters.

• EfficientNetB0: It is a part of the Efficient-
Net family. EfficientNet [6] is a CNN and uses
a scaling method. It uniformly scales all di-
mensions (width, depth, resolution) of a net-

work, leading to improved performance. The
EfficientNetB0 is based on the mobilenetv2
architecture and uses the uniform compound
scaling method to improve accuracy. The Ef-
ficientNetB0 has fewer parameters compared
to many other DL models, making it compu-
tationally efficient while maintaining high ac-
curacy.

• ResNetRS101: It is a variant of the ResNet
(Residual Network) architecture [7] that in-
corporates elements of random search opti-
mization techniques during its training pro-
cess. In ResnetRS, the RS stands for the “Re-
vised/Scaled” and reflects the enhancements
over the ResNet model.

DenseNet201, EfficientNetB0, and ResNetRS101
are base models because of their distinct architec-
tural strengths, such as the DenseNet201 is strongly
connected and mitigates the vanishing gradient prob-
lem. EfficientNetB0 produces compound scaling by
optimizing depth, width, and resolution to improve
efficiency. It delivers higher accuracy than models
like MobileNet in real-time and resource constraint
environments. The ResNetRS101 provides better ac-
curacy on large datasets by leveraging residual blocks
and regularization. These advantages ensure that the
models not only learn the features but also improve
the ensemble’s overall performance.

Each of the base models is frozen to utilize the
pre-trained parameters. The DenseNet201 model was
frozen at layer 200, and a new layer was added with
global average pooling and ReLU activation function
before the classification layer. Similarly, Efficient-
NetB0 and ResNetRS101 were frozen at layers 236
and 100, respectively, before adding the new layer,
as was done with DenseNet201 and the classification
layer. To reduce the overfitting, a dropout rate of
20% was applied before the classification layer of each
base model. The proposed models are constructed
by combining the predictions of the three considered
base models. In Fig. 1 prediction1, prediction2,
and prediction3 represent the generated predictions
of DenseNet201, EfficientNetB0, and ResNetRS101
on the dataset. The predictions are then averaged to
construct the AENet model. The proposed WAENet
is developed based on the weighted averaging en-
semble concept, where different weights are assigned
manually against each base model based on classifi-
cation accuracy delivered by them. The base model
that offers the highest accuracy is assigned with the
maximum weight, while the model with the lowest ac-
curacy is assigned the least weight, and so on. The av-
erage weighted sum of the accuracies of the base mod-
els is calculated as the accuracy of the WAENet. Sim-
ilarly, the StackedNet model is constructed, where the
predictions of the three base models are passed as in-
put to the meta-model. The ResNetRS101 is consid-
ered a meta-model. The diagrammatic view of the
proposed EL models is shown in Fig. 1.
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4. IMPLEMENTATION AND RESULT ANAL-
YSIS

The approaches are implemented in Python on a
Google Colab environment configured with Nvidia T4
GPU, 12.67GB RAM, etc. The results of the meth-
ods are assessed in accuracy (Acc.), precision (Prec.),
recall (Rec.) and, F1 score (F-1). Generally, the re-
sult of a classification approach falls into four states
such as true positive (TP), true negative (TN), false
Positive (FP), and false Negative (FN). Using these
four states of classification, the classification metrics
are defined in equations 3, 4, 5, and 6, respectively.

Acc. =
TP + TN

TP + TN + FP + FN
(3)

Prec. =
TP

TP + FP
(4)

Rec. =
TP

TP + FN
(5)

F − 1 =
2 × Prec×Rec.

Prec. + Rec.
(6)

4.1 DATASETS

The performances of the approaches are assessed
on both standard and application-specific datasets.
The considered standard datasets are CIFAR10, CI-
FAR100 and, MiniImageNet. The datasets are
briefed below.

• CIFAR10 [29]: Consisting of 60,000 tiny im-
ages of 10 different types. Each type com-
prised 6000 images.

• CIFAR100 [29]: Consisting of 60,000 images
of 100 different types. Each type consists of
600 samples.

• MiniImageNet [30]: It is a reduced type of
the ImageNet dataset. It is consisting 100 cat-

egories, each with 600 samples of various di-
mensions.

All samples of the datasets are resized to 112 ×
112 dimensions. The datasets are divided into 80%
to train and 20% to test the models. Some of the
test samples of the CIFAR10 dataset are shown in
Fig. 2. The models were trained for an epoch of
size 30, larning-rate of 0.001 with Adam optimizer.
The performances obtained by the approaches on the
MiniImageNet dataset are shown in Table 1. Sim-
ilarly, the performances delivered on the CIFAR10
and CIFAR100 datasets are shown in Tables 2 and 3,
respectively.

Table 1: Performances delivered by the approaches
on the MiniImageNet dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 64.05% 65.24% 64.55% 64.69%

EfficientNetB0 78.26% 78.87% 79.10% 79.55%
ResNetRS101 76.26% 77.71% 76.15% 76.92%

AENet 79.47% 80.25% 79.94% 79.89%
WAENet 79.60% 80.75% 80.14% 79.78%

StackedNet 80.10% 80.77% 80.21% 79.90%

Table 2: Performances delivered by the approaches
on the CIFAR10 dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 87.62% 87.51% 87.68% 87.33%

EfficientNetB0 92.58% 93.18% 92.68% 92.51%
ResNetRS101 91.76% 92.11% 92.35% 92.29%

AENet 92.98% 92.25% 92.78% 93.19%
WAENet 92.1% 92.67% 91.91% 92.4%

StackedNet 93.24% 93.44% 93.14% 94.06%

It is seen from Table 1 that the pre-trained Effi-
cientNetB0 delivered 14.21% more classification accu-
racy on the MiniImageNet dataset than DenseNet201
and 2.00% more accuracy than the ResNetRS101
model. Similarly, it is seen in Tables 2 and 3

Fig.1: Proposed EL models.



30 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.1 January 2025

Table 3: Performances delivered by the approaches
on the CIFAR100 dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 61.42% 63.63% 61.42% 61.49%

EfficientNetB0 74.84% 75.97% 74.84% 74.93%
ResNetRS101 73.46% 74.72% 73.46% 73.48%

AENet 79.19% 80.20% 79.82% 79.99%
WAENet 80.45% 81.27% 80.81% 81.34%

StackedNet 80.75% 80.56% 80.86% 81.14%

that the EfficientNetB0 model delivered better re-
sults on CIFAR10 and CIFAR100 datasets than the
DenseNet201 and ResNetRS101 models. It is also
found from Table I that the proposed StackedNet
model delivered 0.63% and 0.5% more classification
Acc., 0.52% and 0.02% more Prec., 0.27% and 0.07%
more Rec. and 0.01% and 0.12% more F-1 than
the AENet and WAENet models respectively. The
StackedNet model also delivered better results than
the AENet and WAENet in Tables 2 and 3 on the
CIFAR10 and CIFAR100 datasets.

4.2 APPLICATION OF THE PROPOSED
APPROACHES ON DIFFERENT FIELDS:

The results of the proposed approaches are also
carried out on different applications, such as identi-
fying diseased and healthy crop leaves, types of In-
dian foods and covid19. Therefore, the PV, Tomato,
9IndianFood, and Covid19 datasets are considered to
analyze the performances in agriculture, food, and
healthcare. Some of the test samples of Tomato, 9In-
dianFood, and PV datasets are shown in Fig. 3, 4,
and 5 accordingly. The datasets are briefly discussed
below:

• PV [31]: The PV is a widely used dataset
consisting 54305 images of 38 categories of dis-
eased and healthy plant leaves of 14 types of
crops.

• Tomato: Generated from PV with 18160
images of 10 types of diseased and healthy
tomato leaves.

• 9IndianFood [32]: The 9IndianFood dataset
consists of a total 2755 of 9 types popular In-
dian food images.

• Covid19 [33]: Consists of 10192 healthy and
3616 covid positive chest X-ray images.

Fig.2: Some test images of the CIFAR10 dataset.

Fig.3: Some test images of the Tomato dataset.

Fig.4: Some test images of the 9IndianFood dataset.

Fig.5: Some test images of the PV dataset.

Results delivered by the models on PV, Tomato,
9IndianFood, and Covid19 datasets are shown in Ta-
bles 4, 5, 6 and 7, respectively.

Table 4: Results delivered by the approaches on the
PV dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 98.40% 97.87% 98.07% 97.94%

EfficientNetB0 98.79% 98.58% 97.98% 98.21%
ResNetRS101 99.60% 99.41% 99.26% 99.33%

AENet 99.66% 99.48% 99.34% 99.41%
WAENet 99.78% 99.72% 99.57% 99.63%

StackedNet 99.80% 99.56% 99.37% 99.82%

Table 5: Results delivered by the approaches on the
Tomato dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 95.26% 97.20% 92.82% 94.80%

EfficientNetB0 98.51% 98.24% 98.01% 98.12%
ResNetRS101 98.68% 98.52% 98.36% 98.40%

AENet 99.39% 99.30% 99.39% 99.35%
WAENet 99.63% 99.33% 99.44% 99.48%

StackedNet 99.71% 99.42% 99.69% 99.58%

Table 6: Results delivered by the approaches on the
9IndianFood dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 86.39% 86.24% 85.55% 85.69%

EfficientNetB0 90.93% 90.77% 90.46% 90.55%
ResNetRS101 94.01% 93.71% 94.35% 93.92%

AENet 94.19% 94.25% 93.84% 93.99%
WAENet 95.74% 95.67% 95.71% 95.64%

StackedNet 95.77% 95.70% 95.79% 95.74%

Table 7: Results delivered by the approaches on the
Covid-19 dataset.

Approach Acc. Prec. Rec. F-1
DenseNet201 98.28% 97.70% 97.14% 97.42%

EfficientNetB0 98.99% 98.89% 98.44% 98.66%
ResNetRS101 98.59% 98.44% 97.85% 98.14%

AENet 99.17% 99.11% 98.70% 98.90%
WAENet 99.28% 99.42% 99.68% 99.04%

StackedNet 99.35% 99.47% 99.72% 99.10%

It is found from Table 4 that the ResNetRS101
delivered 1.20% more classification accuracy than
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Fig.6: Confusion matrix generated by the StackedENet on the PV dataset.

Fig.7: Confusion matrix generated by the Stacke-
dENet on the Tomato dataset.

Fig.8: Confusion matrix generated by the Stacke-
dENet on the Covid-19 dataset.
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DenseNet201 and 0.81% more accuracy than the Ef-
ficientNetB0 model on the PV dataset. The Stacked-
Net also delivered 0.14% and 0.02% more accuracy
than the AENet and WAEnet models on the PV
dataset. It is also observed from Tables 5 and 6
that the ResNetRS101 model delivered better re-
sults on Tomato and 9IndianFood datasets than the
DenseNet201 and EfficientNetB0 models. However,
in Table 7, the EfficientNetB0 delivered slightly bet-
ter results than the DenseNet201 and ResNetRS101
models on the Covid19 dataset. It is also seen from
Tables 5, 6, and 7 that the StackedNet model deliv-
ered better results than the AENet and WAENet on
the Tomato, 9IndianFood, and Covid19 datasets, re-
spectively. The confusion matrices generated for the
PV, Tomato, Covid19, and 9IndianFood datasets are
shown in Fig. 6, 7, 8, and 9, respectively. The ROC-
AUC curve for the PV, Tomato, 9IndianFood, and
COVID-19 datasets are shown in Fig. 10, 11, 12, and
13, respectively. It is seen that except for 2 classes, all
other classes delivered nearly 1 AUC value for PV, all
classes delivered an AUC value of 1 for Tomato and
two classes delivered an AUC value 1 and the rest
delivered an AUC nearly 0.99 for 9IndianFood. For
COVID19 dataset the delivered AUC value is 0.98.
These observations indicate that the overall model
performance is good. The result comparison of var-
ious EL-based approaches with the proposed models
is shown in Table 8.

From result analysis, it is found that among the
three pre-trained CNN models, the EfficientNetB0
delivered better results on the considered standard
datasets. In the same way, the ResNetRS101 de-
livered higher results than the DenseNet201 and
EfficientNetB0 on the considered domain-specific
datasets. It is also seen that the developed stacked-
Net approach delivered better results than AENet
and WAENet.

The advantages of the proposed models are that
the base models deliver better results individually
than other CNN-based models. Due to the individual
performance of base models, the proposed EL mod-
els also delivered better results than others. Gen-
erally, EL techniques have demerits such as com-
plex architecture, as they require training multiple
models, which increases both training time and the
need for computational resources. To mitigate these
issues, simple base models can be considered that
will reduce computational complexity and weighted
averaging techniques or selecting a subset of high-
performing models can also be considered.

In real-time applications, the ensemble models
may be prohibited because of their computational
overhead, and single models could be considered in
such applications. EL models are also not suitable for
devices with limited memory and computation power,
such as mobile devices. Though, the EL models de-
liver better results, there, is a trade-off between per-

Table 8: The result comparison of the proposed ap-
proaches with other EL approaches.

Author Year Dataset Classes Acc.
H. Tu et al. [15] 2023 PV 38 99.77%
J. Chen et al. 2022 PV 38 99.61%
[23]
S. Jain et al. 2023 PV 38 97.7%
[44]
H. T. Vo et al. 2023 PV 38 99.77%
[34]
Ulutas & 2023 Tomato 10 99.60%
Aslantas [35]
P. Kaur et al. 2023 Tomato 11 97.24%
[36]
M. Astani et al. 2022 Tomato 13 95.98%
[37]
E. Saraswathi 2023 Tomato 14 96%
et al. [38]
Pandiyaraju 2024 Tomato 9 98.7%
et al. [45]
M. R. Ahmed 2024 Tomato 10 99.51%
et al. [39]
S. M. Javidan 2023 Tomato 7 95.58%
et al. [22]
J Patel 2023 9Indian 9 95.3%
& K Modi [40] Food
Eldawoudy 2023 Covid19 2 99.05%
et al. [41]
M. Azam 2022 Covid19 2 82.29%
et al. [42]
T. H. Bui 2023 Covid19 98.09%
et al. [43]
A. K. Das 2021 Covid19 2 91.62%
et al. [19]
AENet PV 38 99.66%
(proposed)
AENet Tomato 10 99.39%
(proposed)
AENet 9Indian 9 94.19%
(proposed) Food
AENet Covid19 2 99.29%
(proposed)
WAENet PV 38 99.78%
(proposed)
WAENet Tomato 10 99.63%
(proposed)
WAENet 9Indian 9 95.74%
(proposed) Food
WAENet Covid19 2 99.34%
(proposed)
StackedNet PV 38 99.80%
(proposed)
StackedNet Tomato 10 99.71%
(proposed)
StackedNet 9Indian 9 95.77%
(proposed) Food
StackedNet Covid19 2 99.35%
(proposed)
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Fig.9: Confusion matrix generated by the Stacke-
dENet on the 9IndianFood dataset.

Fig.10: ROC curve (PV dataset).

Fig.11: ROC curve (Tomato dataset).

Fig.12: ROC curve (9IndianFood dataset).

Fig.13: ROC curve (Covid-19).

formance and computational complexity when com-
pared with single models.

5. CONCLUSION

Proposed AENet, WAENet, and StackedNet
EL approaches for image classification purposes
in the paper. DenseNet201, EfficientNetB0, and
ResNetRS101 TL-based CNN models were consid-
ered base models to construct the proposed mod-
els. A dropout rate of 20% was applied before fine-
tuning each base model. Among the pre-trained
models, the EfficientNetB0 and ResNetRS101 de-
livered the highest individual accuracy on the con-
sidered standard and application-specific datasets.
The StackedNet delivered better results than the
AENet and WAENet, with 99.80%, 99.71%, 95.77%,
and 99.35% accuracies on the PV, Tomato, 9Indian-
Food, and Covid19 datasets, respectively. The pro-
posed methods can be applied in healthcare, agricul-
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ture, bio-metric authentication, object detection, fa-
cial recognition, surveillance systems, traffic monitor-
ing, driver-less cars, disaster response, climate change
monitoring, etc. Although the approaches delivered
better results on the considered datasets compared
to several other recent approaches, the computational
complexity of the EL-based approach is high. Hence,
further research can focus on developing new classi-
fication approaches based on parallel and distributed
ensemble learning.
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