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Abstract: Image classification is one of the major data mining tasks in smart city applications.
However, deploying classification models that have good generalization accuracy is highly crucial
for reliable decision-making in such applications. One of the ways to achieve good generalization
accuracy is through the use of multiple classifiers and the fusion of their decisions. This approach
is known as “decision fusion”. The requirement for achieving good results with decision fusion is
that there should be dissimilarity between the outputs of the classifiers. This paper proposes and
evaluates two ways of attaining the aforementioned dissimilarity. One is using dissimilar classifiers
with different architectures, and the other is using similar classifiers with similar architectures but
trained with different batch sizes. The paper also compares a number of decision fusion strategies.
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1. Introduction

By 2050, 68 percent of the world’s population would be living in cities. As a re-
sult, managing existing infrastructure and resources to provide sustainable urban living
conditions for the urban population’s growing demands is becoming more difficult [1].
Furthermore, advances in big data, the Internet of Things (IoT), information and commu-
nication technologies (ICT), data mining, and machine learning are paving the way for
the transformation of cities into smart cities. The incorporation of these technologies into
various urban sectors allows city administrators to gain access to the information they need
for improved planning and better resource management [2]. A number of cities around
the world have already begun to implement these technologies in order to improve the
well-being, health, mobility, security, and comfort of their residents [3]. However, in order
to realize the dream of smart cities and the technological advancements in other domains,
we need to have machine learning/deep learning models that yield highly accurate results
for facilitating accurate decision-making. One of the ways to fulfill this requirement is
through the utilization of decision fusion in such applications. “Decision fusion” is the
fusion of decisions from multiple classifiers [4].

The main data mining task in smart city applications is classification. Classification is
the method of assigning different classes to the data instances based on their features. This
paper focuses on decision fusion for image classification. The prime motive of the paper
is to utilize decision fusion for improving classification accuracy, which is important for
reliable decision-making in smart city applications. More precisely, the contribution of this
work is as follows:

• The paper proposes and evaluates two approaches for attaining the dissimilarity
between the outputs of the classifiers, which is crucial for getting good performance
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using decision fusion. One is using dissimilar classifiers with different architectures,
and the other is using similar classifiers with similar architectures but trained with
different batch-sizes.

• The paper compares the different decision fusion strategies for both of the aforemen-
tioned approaches.

• The paper investigates the correlation between the number of dissimilar outputs
between the classifiers and the performance increase due to the decision fusion of
these classifiers.

The remainder of the paper is structured as follows; Section 2 presents the literature
review, citing the importance of image classification in smart city applications and the need
for accurate classification in such applications. Section 3 discusses the preliminaries of
the study. Section 4 discusses the proposed model. The section also presents the different
decision-fusion strategies. Section 5 presents the experimental results and their analysis.
Finally, Section 6 presents the concluding remarks.

2. Literature Review

Due to the growth of cities, new issues such as scarcity of resources, parking slot
allotment, pollution, traffic congestion, etc. arise. As a result, designing strategies for
meeting the current and future demands of the city is a top concern for all. Many projects,
ranging from city councils and enterprises to research laboratories, are springing up around
the world to facilitate quality living in cities. The smart city notion arose a few years ago
as a collection of ideas about how advancements in areas such as ICT, IoT, big data, data
mining, and machine learning could improve the working of cities. A number of cities
around the world have already begun to implement these ideas. Smart city initiatives are
classified into the following domains: smart healthcare [5,6], smart transportation [7,8],
smart grid [9,10], smart buildings [3], smart manufacturing [3], smart economy [3], smart
governance [3], and smart energy [3]. The following presents examples of the smart city
domains and the importance of image classification in these domains.

Intelligent, energy-efficient, wirelessly networked medical equipment forms the core
of smart healthcare [5]. The smart healthcare has been recognized as a panacea for easing
the burden on healthcare systems. In addition, image classification is one of the major data
mining tasks in smart healthcare. It is performed in a range of smart healthcare use cases
such as disease diagnosis, disease risk prediction, better patient monitoring, and elderly
fall detection. Examples of the studies that have performed image classification in smart
healthcare use-cases are [11–14]. Further, in making reliable and justified decisions in smart
healthcare, accurate image classification is highly important.

The sensors used to measure the traffic conditions are not effective enough in providing
a comprehensive and accurate state of the traffic [7,8]. Several supplementary sources of
data, such as probe vehicles, mobile phones, GPS, and cameras, are being used to enhance
the information provided by the traffic sensors. As a result, image classification is crucial
for the analytics of such data. Further, image classification is being performed in smart
transportation use cases for facilitating applications such as position estimation, traffic
monitoring, traffic demand forecasting, crash analysis and prevention, and advanced
driver assistance. Examples of the studies that have performed image classification in
smart transportation use-cases are [15–18]. All these applications are possible only if the
image classification models generate accurate results. Hence, it is highly crucial to deploy
classification models that have good generalization abilities.

The electrical grid serves as a hub for relaying electricity from power plants to homes
and industries [9]. The integration of ICT transforms the electric grid into a smart grid,
and the vision of the smart grid is to provide reliable and efficient electricity supply to
consumers [10]. As a result, image classification is one of the major data mining tasks in
smart grid applications. Further, image classification is being performed in smart grid use
cases for facilitating applications such as energy demand forecasting, fault diagnosis, and
anomaly detection. These applications are critical for the reliable and stable operation of
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the power grids. Examples of the studies that have performed image classification in smart
grid use-cases are [19–21]. In order to realize the vision of the smart grid to its full potential,
it is crucial that the models used for image classification generate accurate results.

Additionally, given the dire need for accurate image classification in smart city ap-
plications, it is crucial to use classification models that have good generalization accuracy.
Motivated to resolve this challenge, this work proposes the idea of using decision fusion
for image classification in smart city applications for better performance. A number of
research studies have already utilized decision fusion in various smart city applications.
These include medical image classification [22], covid detection [23], heart disease pre-
diction [24], fault diagnosis [25], identification of osteoporosis [26], Alzheimer disease
diagnosis [27], speech recognition [28], electric load forecasting [29], energy forecasting [30],
anomaly detection [31], robotic arm control [32], soil temperature estimation [33], crowd
counting [34], and pedestrian detection [35]. Some other works have fused the decisions of
the classifier by inputting different modalities into the same classifier. Examples of such
studies are [36–38]. The difference between this work and the existing works is that this
work proposes and compares two ways of attaining dissimilarity between the outputs of
classifiers in order to get better performance with decision fusion. One is using dissimilar
classifiers with different architectures, and the other is using similar classifiers with similar
architectures but trained using different batch sizes. Moreover, the paper compares differ-
ent decision fusion approaches. The experiments have been conducted on Cifar-10, which
is a benchmark dataset for image classification. The findings of the study can be applied to
any image classification task.

3. Technical Background

This section discusses the architectures of VGG16, VGG19, and Resnet56. Table 1
presents the architecture of VGG16. It consists of thirteen convolutional layers, two fully
connected layers, and a soft max layer at the end. The convolutional layers carry out
feature extraction, and the fully connected layers, along with the soft max layer, perform
classification. Every convolutional layer in the table is represented as; Conv2d(in-channels,
out-channels, kernel_size = ( , )), where in-channels denotes the number of input channels,
out-channels denotes the number of output channels, and kernel-size is the size of the kernel.
The fully connected layers are represented as linear (in-features and out-features), where
in-features represent the number of input features and out-features represent the number
of output features. MaxPool2d applies the max pool operation for downsampling the input.
Each convolutional layer is followed by a batch-normalization layer and a Rectified Linear
Unit (ReLU) activation function. The batch-normalization process accelerates the training
process and improves its stability. Further, the ReLU is a non-linear activation function
given as: f (x) = max(0, x).

Table 1. VGG16 Architecture.

Conv2d(3, 64, kernel_size = (3, 3))

Conv2d(64, 64, kernel_size = (3, 3))

MaxPool2d

Conv2d(64, 128, kernel_size = (3, 3))

Conv2d(128, 128, kernel_size = (3, 3))

MaxPool2d

Conv2d(128, 256, kernel_size = (3, 3))

Conv2d(256, 256, kernel_size = (3, 3))

Conv2d(256, 256, kernel_size = (3, 3))
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Table 1. Cont.

MaxPool2d

Conv2d(256, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

MaxPool2d

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

MaxPool2d

Linear(512, 512)

Linear(512, 10)

Softmax

Table 2 presents the architecture of VGG19. It consists of sixteen convolutional layers,
two fully connected layers, and a softmax layer at the end. Each convolutional layer is
followed by a batch-normalization layer and ReLU activation function.

Table 2. VGG19 Architecture.

Conv2d(3, 64, kernel_size = (3, 3))

Conv2d(64, 64, kernel_size = (3, 3))

MaxPool2d

Conv2d(64, 128, kernel_size = (3, 3))

Conv2d(128, 128, kernel_size = (3, 3))

MaxPool2d

Conv2d(128, 256, kernel_size = (3, 3))

MaxPool2d

Conv2d(256, 256, kernel_size = (3, 3))

Conv2d(256, 256, kernel_size = (3, 3))

Conv2d(256, 256, kernel_size = (3, 3))

MaxPool2d

Conv2d(256, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

MaxPool2d

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

Conv2d(512, 512, kernel_size = (3, 3))

MaxPool2d

Linear(512, 512)

Linear(512, 10)

Softmax
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Table 3 presents the architecture of ResNet56. Each convolutional layer is followed by
a batch-normalization layer.

Table 3. Resnet56 Architecture.

Conv2d(3, 16, kernel_size = (3, 3)) ×1

Conv2d(16, 16, kernel_size = (3, 3))
×9

Conv2d(16, 16, kernel_size = (3, 3))

Conv2d(16, 32, kernel_size = (3, 3))

×1Conv2d(32, 32, kernel_size = (3, 3))

Conv2d(16, 32, kernel_size = (3, 3))

Conv2d(32, 32, kernel_size = (3, 3)) ×8
Conv2d(32, 32, kernel_size = (3, 3))

Conv2d(32, 64, kernel_size = (3, 3))

×1Conv2d(64, 64, kernel_size = (3, 3))

Conv2d(32, 64, kernel_size = (3, 3))

Conv2d(64, 64, kernel_size = (3, 3))
×8

Conv2d(64, 64, kernel_size = (3, 3))

Linear(64, 10) ×1

Softmax

4. Proposed Model

This paper proposes two ways of achieving dissimilarity between the outputs of
classifiers, which is a must for achieving better performance results using decision fusion.
The generalized model for the decision fusion approach is shown in Figure 1.
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Figure 1. Decision fusion.

Three models, model 1, model 2, and model 3, are trained on the training dataset, and
the data from the test dataset is fed as input to the three models. Then the logits/outputs
from these models are fused to produce the output. The fusion strategies that have been
used are illustrated in Figure 2.
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These include; ‘majorityvoting’, ‘maximum’, ‘sum’, ‘product’ and ‘minimum’. Sup-
pose li(x) and Oi(x) represent the logits and the output of the ith classifier, respectively, for
the input vector x. In case of ‘majorityvoting’, the class with maximum number of votes is
chosen as the output class. The output in the case of majority voting is calculated using
Equation (1);

Output(x) = argmaxn
j=1 ∑3

i=1 Oi(x) (1)

where n is the number of classes. For Cifar-10, n = 10.
‘Maximum’ fusion strategy compares logit 1, logit 2 and logit 3 and chooses the

maximum logit for each class. The output in case of ‘Maximum’ fusion is calculated using
Equation (2);

Output(x) = argmaxn
j=1Max3

i=1li(x) (2)

In the ‘Sum’ fusion strategy, the sum of logit 1, logit 2; and logit 3 is calculated for each
class, and then the class with the maximum logit value is chosen as the output class. The
output in case of ‘Sum’ fusion is calculated using Equation (3);

Output(x) = argmaxn
j=1 ∑3

i=1 li(x) (3)

The ‘Product’ fusion strategy computes the product of logit 1, logit 2 and logit 3 for
each class, and then the class with the maximum logit value is chosen as the output class.
The output in the case of ‘Product’ fusion is calculated using Equation (4);

Output(x) = argmaxn
j=1 ∏3

i=1 li(x) (4)

In the case of ‘Minimum’ fusion strategy, the minimum value among logit 1, logit 2,
and logit 3 from each class is chosen, and then the class with the maximum logit value is
chosen as the output class. The output in case of ‘Minimum’ fusion is calculated using
Equation (5);

Output(x) = argmaxn
j=1Min3

i=1li(x) (5)

The requirement for decision fusion to produce good results is that models 1, 2, and 3
should make different predictions on a number of test samples. That is, there should be a
number of input samples for which; Oi 6= Oj where i = 1, 2, 3; j = 1, 2, 3 ; and i 6= j. This
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paper satisfies the above requirement in two ways; (1) three different model architectures
are used, (2) models with the same architectures but different batch-sizes are used. The
models that have been chosen are; VGG16, VGG19, and Resnet56. The batch sizes that have
been used are 128, 512, and 1024. This is illustrated by Figures 3 and 4.

Appl. Sci. 2023, 13, 1168 7 of 19 
 

paper satisfies the above requirement in two ways; (1) three different model architectures 

are used, (2) models with the same architectures but different batch-sizes are used. The 

models that have been chosen are; VGG16, VGG19, and Resnet56. The batch sizes that 

have been used are 128, 512, and 1024. This is illustrated by Figures 3 and 4. 

 

Figure 3. Fusion of dis-similar models. 

 

Figure 4. Fusion of similar models with different batch-sizes. 

5. Results and Analysis 

The experiments were conducted on a Tesla T4 GPU using Pytorch. Three models, 

namely, VGG16, VGG19, and ResNet56, were trained on the Cifar10 dataset, which con-

sists of images of ten different objects. The dataset comprises 50,000 images for training 

and 10,000 for testing. The hyper-parameters used for training the models are given in 

Table 4. The models were trained with three different batch sizes: 128, 512, and 1024. 

VGG16 models with three different batch sizes are represented as; VGG16_128; 

VGG16_512, and VGG16_1024. VGG19 models with three different batch sizes are repre-

sented as VGG19_128, VGG19_512; and VGG19_1024. Similarly, ResNet56 with three dif-

ferent batch sizes is represented as; ResNet56_128; ResNet56_512; and ResNet56_1024. 

  

Figure 3. Fusion of dis-similar models.

Appl. Sci. 2023, 13, 1168 7 of 19 
 

paper satisfies the above requirement in two ways; (1) three different model architectures 

are used, (2) models with the same architectures but different batch-sizes are used. The 

models that have been chosen are; VGG16, VGG19, and Resnet56. The batch sizes that 

have been used are 128, 512, and 1024. This is illustrated by Figures 3 and 4. 

 

Figure 3. Fusion of dis-similar models. 

 

Figure 4. Fusion of similar models with different batch-sizes. 

5. Results and Analysis 

The experiments were conducted on a Tesla T4 GPU using Pytorch. Three models, 

namely, VGG16, VGG19, and ResNet56, were trained on the Cifar10 dataset, which con-

sists of images of ten different objects. The dataset comprises 50,000 images for training 

and 10,000 for testing. The hyper-parameters used for training the models are given in 

Table 4. The models were trained with three different batch sizes: 128, 512, and 1024. 

VGG16 models with three different batch sizes are represented as; VGG16_128; 

VGG16_512, and VGG16_1024. VGG19 models with three different batch sizes are repre-

sented as VGG19_128, VGG19_512; and VGG19_1024. Similarly, ResNet56 with three dif-

ferent batch sizes is represented as; ResNet56_128; ResNet56_512; and ResNet56_1024. 

  

Figure 4. Fusion of similar models with different batch-sizes.

5. Results and Analysis

The experiments were conducted on a Tesla T4 GPU using Pytorch. Three models,
namely, VGG16, VGG19, and ResNet56, were trained on the Cifar10 dataset, which consists
of images of ten different objects. The dataset comprises 50,000 images for training and
10,000 for testing. The hyper-parameters used for training the models are given in Table 4.
The models were trained with three different batch sizes: 128, 512, and 1024. VGG16
models with three different batch sizes are represented as; VGG16_128; VGG16_512, and
VGG16_1024. VGG19 models with three different batch sizes are represented as VGG19_128,
VGG19_512; and VGG19_1024. Similarly, ResNet56 with three different batch sizes is
represented as; ResNet56_128; ResNet56_512; and ResNet56_1024.

Figure 5 presents the accuracies of the above-mentioned models. ResNet56_128 outper-
forms the other models and gives an accuracy of 94.14%. The ResNet56_1024 shows poor
performance among all the models and gives an accuracy of 92.97%. Among VGG16_128,
VGG16_512, and VGG16_1024, VGG16_128 outperforms the other two and gives an ac-
curacy of 94%. Among VGG19_128, VGG19_512, and VGG19_1024, VGG19_128 outper-
forms the other two and gives an accuracy of 93.9%. Similarly, among ResNet56_128,
ResNet56_512, and ResNet56_1024, ResNet56_128 outperforms the other two and gives an
accuracy of 94.14%.
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Table 4. Hyper-parameters for the models.

Hyper-Parameters Value

Epochs 300

Learning Rate 0.1

Learning Rate Decay 0.1

Optimizer SGD

Momentum 0.9

Weight Decay 0.0005

Batch-Sizes 128, 512, 1024

Loss-function Cross-Entropy loss
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Figure 6a–c present the number of samples with dissimilar outputs in the case of similar
models with different batch-sizes. Figure 6a presents the number of samples with dissimilar
outputs in the cases of VGG16_128 and VGG16_512, VGG16_512 and VGG16_1024, and
VGG16_128 and VGG16_1024. There are 594 samples with dissimilar outputs between
VGG16_128 and VGG16_512, 614 samples with dissimilar outputs between VGG16_512
and VGG16_1024, and 646 samples with dissimilar outputs between VGG16_128 and
VGG16_1024. Figure 6b presents the number of samples with dissimilar outputs in the
cases of VGG19_128 and VGG19_512, VGG19_512 and VGG19_1024, and VGG19_128 and
VGG19_1024. There are 596 samples with dissimilar outputs between VGG19_128 and
VGG19_512, 598 samples with dissimilar outputs between VGG16_512 and VGG16_1024,
and 639 samples with dissimilar outputs between VGG16_128 and VGG16_1024. Figure 6c
presents the number of samples with dissimilar outputs in the cases of ResNet56_128 and
ResNet56_512, ResNet56_512 and ResNet56_1024, and ResNet56_128 and ResNet56_1024.
There are 577 samples with dissimilar outputs between ResNet56_128 and ResNet56_512,
661 samples with dissimilar outputs between ResNet56_512 and ResNet56_1024, and 651
samples with dissimilar outputs between ResNet56_128 and ResNet56_1024.
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Figure 6d–f present the number of samples with dissimilar outputs in the case of
dissimilar models. Figure 6d presents the number of samples with dissimilar outputs in
cases of VGG16_128 and VGG19_128, VGG19_128 and ResNet56_128, and VGG16_128 and
ResNet56_128. There are 582 samples with dissimilar outputs between VGG16_128 and
VGG19_128, 645 samples with dissimilar outputs between VGG19_128 and ResNet56_128,
and 625 samples with dissimilar outputs between VGG16_128 and ResNet56_128. Figure 6e
presents the number of samples with dissimilar outputs in the cases of VGG16_512 and
VGG19_512, VGG19_512 and ResNet56_512, and VGG16_512 and ResNet56_512. There are
583 samples with dissimilar outputs between VGG16_128 and VGG19_128, 661 samples
with dissimilar outputs between VGG19_512 and ResNet56_512, and 671 samples with dis-
similar outputs between VGG16_512 and ResNet56_512. Figure 6f presents the number of
samples with dissimilar outputs in the case of VGG16_1024 and VGG19_1024, VGG19_1024
and ResNet56_1024, and VGG16_1024 and ResNet56_1024. There are 573 samples with
dissimilar outputs between VGG16_128 and VGG19_128, 727 samples with dissimilar out-
puts between VGG19_1024 and ResNet56_1024, and 728 samples with dissimilar outputs
between VGG16_1024 and ResNet56_1024.

As already discussed, the requirement for the decision-fusion to produce better results
is that the models that are to be fused should make dissimilar predictions on a number of test
samples. In addition, from the above graphs, it is clear that there is a dissimilarity between
the predictions of the aforementioned models. Figure 7a–c present the accuracy of the fused
models in the case of fusion of similar models with different batch-sizes using different
fusion strategies. Figure 7a presents the accuracy of the fused model obtained by the fusion
of VGG16_128, VGG16_512, and VGG16_1024 using fusion strategies; ‘majority-voting’,
‘maximum’, ‘sum’, ‘product’ and ‘minimum’. It is clear from the graph that the fusion
obtained by summing the logits of the three models for all the classes and then choosing
the class with the maximum logit value as the output class (‘Sum’ fusion) outperforms all
the other fusion strategies discussed in this paper. Figure 7b presents the accuracy of the
fused model obtained by the fusion of VGG19_128, VGG19_512, and VGG19_1024 using
the aforementioned fusion strategies. The graph shows that the fusion obtained by taking
the maximum logit value among the logit values of the three models for all the classes
and then choosing the class with the maximum logit value as the output class (‘Maximum’
fusion) outperforms all the other fusion strategies. The accuracy given by the ‘sum’ fusion
technique is slightly smaller than the accuracy given by the ‘maximum’ fusion technique.
Figure 7c presents the accuracy of the fused model obtained by the fusion of ResNet56_128,
ResNet56_512, and ResNet56_1024 using the aforementioned fusion strategies. The graph
shows that the ‘Sum’ fusion technique outperforms all the other fusion techniques.

Figure 8a–c present the accuracy of the fused models in the case of the fusion of
dissimilar models using different fusion strategies. Figure 8a presents the accuracy of the
fused model obtained by the fusion of VGG16_128 and VGG19_128 with ResNet56_128
using different fusion strategies. It is clear from the graph that the fusion obtained by ‘Sum’
fusion technique performs better than all the other fusion strategies. Figure 8b presents
the accuracy of the fused model obtained by the fusion of VGG16_512, VGG19_512, and
ResNet56_512 using different fusion strategies. It is clear from the graph that the fusion
obtained by ‘Sum’ fusion technique performs better than all the other fusion strategies.
Figure 8c presents the accuracy of the fused model obtained by the fusion of VGG16_1024,
VGG19_1024, and ResNet56_10124 using the aforementioned fusion strategies. The graph
shows that the ‘Sum’ fusion technique outperforms all the other fusion techniques.

Figure 9a–e present the accuracy of the fused models with different model combina-
tions for each fusion strategy. These model combinations include; (a) combining similar
models with different batch sizes. These include the following combinations; VGG16_128 +
VGG16_512, + VGG16_1024, VGG19_128 + VGG19_512 + VGG19_1024, and ResNet56_128
+ ResNet56_512 + ResNet56_1024, (b) Combining dissimilar models. These include the fol-
lowing combinations; VGG16_128 + VGG19_128 + ResNet56_128, VGG16_512+ VGG19_512
+ ResNet56_512, and VGG16_1024 + VGG19_1024 + ResNet56_1024. Figure 9a presents
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the accuracy of different model combinations using ‘Maximum Voting’ fusion. It is clear
from the graph that the fusion obtained by the following model combination: VGG16_128
+ VGG19_128 + ResNet56_128 performs better than all the other model combinations using
Majority Voting. Figure 9b presents the accuracy of different model combinations using
‘Maximum’ fusion. It is clear from the graph that the fusion obtained by the following
model combination: VGG16_128 + VGG19_128 + ResNet56_128 performs better than all
the other model combinations using ‘maximum’ fusion. Figure 9c presents the accuracy of
different model combinations using ‘Sum’ fusion. It is clear from the graph that the fusion
obtained by the following model combination: VGG16_128 + VGG19_128 + ResNet56_128
performs better than all the other model combinations using ‘Sum’ fusion. Figure 9d
presents the accuracy of different model combinations using ‘Product’ fusion. It is clear
from the graph that the fusion obtained by the following model combination: VGG16_128
+ VGG19_128 + ResNet56_128 performs better than all the other model combinations using
‘product’ fusion. Figure 9e presents the accuracy of different model combinations using
‘minimum’ fusion. It is clear from the graph that the fusion obtained by the following
model combination: VGG16_128 + VGG19_128 + ResNet56_128 performs better than all
the other model combinations using ‘minimum’ fusion.
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From the above discussion, we can summarize that among the different model combi-
nations, VGG16_128 + VGG19_128 + ResNet56_128 performs better than the others, and
among the different fusion strategies, ‘Sum’ produces better results than the other fusion
strategies. Table 5 presents the comparison of VGG16_128 + VGG19_128 + ResNet56_128
with the baseline models.
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Table 5. Comparison with the baseline models.

Model Accuracy (%)

VGG16_128 94

VGG19_128 93.9

ResNet56_128 94.14

VGG16_128 + VGG19_128 + ResNet56_128 95.46

In considering the individual models in the aforementioned combination, VGG16_128
gives an accuracy of 94%, VGG19_128 gives an accuracy of 93.9%, and ResNet56_128
gives an accuracy of 94.14%. The best of the three is ResNet56_128 with an accuracy of
94.14%. The decision fusion with the model combination VGG16_128 + VGG19_128 +
ResNet56_128 gives an accuracy of 95.46%, which means an improvement of 1.32% over the
best individual model in the combination. However, if we look at the number of dissimilar
cases, the number of dissimilar cases is highest in the case of VGG16_1024 + VGG19_1024
+ ResNet56_1024, which means that accuracy increase does not correlate well with the
number of dissimilar cases. Hence, investigating the dissimilarity measure that correlates
well with the accuracy increase is crucial.

6. Conclusions

The paper proposed and evaluated two approaches for attaining dissimilar outputs
between the classifiers, which is a pre-requisite for achieving better results with decision
fusion. These two approaches are; decision-fusion of dissimilar classifiers with different
architectures, and decision-fusion of classifiers with similar architectures but trained using
different batch-sizes. The VGG16, VGG19, and ResNet56 were trained on the Cifar-10
dataset with three different batch sizes: 128, 512, and 1024, and the decisions of the models
were fused. The model combinations that were obtained are: VGG16_128 + VGG19_128 +
ResNet56_128, VGG16_512 + VGG19_512 + ResNet56_512, VGG16_1024 + VGG19_1024 +
ResNet56_1024, VGG16_128 + VGG16_512 + VGG16_1024, VGG19_128 + VGG19_512 +
VGG19_1024, and ResNet56_128 + ResNet56_512 + ResNet56_1024. These models were
fused with a number of fusion strategies. These included ‘Majority-Voting’, ‘Maximum’,
‘Sum’, ‘Product’ and ‘Minimum’. Among the fusion strategies, the ‘Sum’ strategy outper-
formed the others. In addition, among the different model combinations, VGG16_128 +
VGG19_128 + ResNet56_128 performed better. For every model combination, the number
of samples with dissimilar outputs was calculated. However, the number of dissimilar
outputs did not correlate well with the accuracy increase because of decision fusion. The
future work would be to investigate the dissimilarity measure that correlates well with
the accuracy increase. Furthermore, the utilization of decision fusion for getting better
classification accuracy is computationally expensive, and there might be scenarios in smart
city applications where the resources are constrained in terms of computation and stor-
age. Hence, investigating the computationally efficient methods for achieving higher
classification accuracy in such scenarios is crucial.
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