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Abstract

Convolutional neural networks (CNNs) have demonstrated remarkable suc-
cess in image classification, driving their widespread adoption in research
and industry. While deeper networks introduce through more complex
computations to achieve higher accuracy, they also incur longer inference
times. This creates a fundamental trade-off between accuracy and inference
latency, as increased model complexity slows down individual classifications
and, consequently, the overall performance of vision-based systems. This
thesis presents a novel cascaded CNN architecture designed to achieve an
optimal balance between classification accuracy, inference speed, and com-
putational efficiency for real-time operation on edge devices. The proposed
two stage design integrates a lightweight main CNN for rapid initial classifi-
cation and a secondary CNN that is selectively invoked to refine predictions
from the main network. The architecture incorporates several optimiza-
tion strategies, including efficient layer design, layer fusion, pruning, and
hardware aware design, enabling the model to operate effectively within
the limited memory and processing capabilities of embedded systems. The
model was developed and trained using the MATLAB Deep Learning Tool-
box, with performance evaluated across 200 object classes relevant to au-
tonomous guidance and service robotics in the intended application of an

airport environment.

The proposed CNN model was trained on a dataset derived from the Ima-
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geNet ILSVRC-2012 dataset, using 70% of the data for training and 30%
for validation. The test dataset comprised randomly selected images from
the internet, as well as real-time images captured by a camera connected to
the computer. The performance of the proposed cascaded neural network
model was evaluated based on classification accuracy and execution time.
Experimental assessments were conducted on both a GPU enabled worksta-
tion and a Raspberry Pi 4B to evaluate real-world performance. For a wide
range of test data presented, the proposed network architecture enhanced
the inference speed by 6.43% compared to the AlexNet while maintain-
ing a 95% Top-1 classification accuracy for tests conducted on 200 object
classes and proved to be within the expected performance criteria. Ad-
ditional benchmarking across multiple state-of-the-art CNN models shows
that the proposed system offers superior efficiency in terms of accuracy and
inference, underscoring its suitability for real-time robotic guidance and
other embedded vision applications. Furthermore, the proposed network
model was tested on standard computer systems and Raspberry Pi models,
demonstrating deployability and compatibility on edge devices where the
test data suggest that the proposed fast executing network model is best
suited for edge devices with a minimum computational resources environ-

ment.
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1.1. BACKGROUND

1.1 Background

With the evolution of technology, machines have been extensively used for
various domestic and industrial applications. The machines were then de-
veloped with the perspective of improved work efficiency and ensured safety
to comply or exceed human labor capacity. However, machines were fur-
ther developed to make their own decisions instead of human controllers.
Detection and identification of objects is one of the most challenging tasks
for machines without prior knowledge of the application of computers. Lin-
ear classifiers, fundamental concept in the field of machine learning used
to classify data out of given set of samples. Perceptron, the first linear
classifier inspired by the biological neuron was a giant leap in modern deep
neural networks and machine learning. With the very basic constituents,
input weights and activation function producing a classification has later
been inspired by researchers and proposed modifications. LeNet-5 [1] One
of the success stories developed by Le Cun et al, a simple convolutional
neural network, where the first time of introduction of the Convolution op-
eration to the classification model. Referring to the Lenet-5 architecture,
various new models were developed and presented by researchers such as
AlexNet [2] and ZFNet [7] with slightly more convolution operation and
dense connectivity included compared to Lenet-5 architecture. Research-
ing the advantages and disadvantages of the existing networks researchers
designed new architectures such as ResNet [8] and GoogLeNet [3]. Though
Lenet-5 was trained on fewer dataset for classification of handwritten digits,
AlexNet trained on a large dataset of 1000 classes with large variety in the
dataset due to its generalization capacity. Architectural developments such
as micro neural network [9] has been inspiration for higher accuracy models

such as ResNet-50 and VGG16 which included more convolutional opera-
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tions and dense connectivity expecting higher accuracy. When applying
these neural network models into the industry [10-14], accuracy is one of
the major concerns. However, applications such as automobile pedestrian
detections [15] on active safety systems required detection and identifica-
tion of an object to be completed within minimum time as possible. Thus,
research was focused on execution time of the neural network which con-
tributes to the inference of the model. As the convolutional operations are
increased, with the intention of obtaining higher accuracy which results in-
crease in complex computations where the Central processing unit (CPU)
should elapse more time on computations resulting more inference time
or execution time delay which determines how fast the process can pro-
duce an output. The number of computations can be reduced in different
ways either by model architectural changes or hardware resource modifi-
cations. This has been addressed by many different network models such
as ZFNet [7]. Improved network architectures can generate accurate re-
sults. However, the consistency of the results can be improved by adapting
the cascaded architecture [16-24]. Stacking multiple Convolutional Neu-
ral Networks (CNN)s in such manner to produce more refined predictions
from the prior stages resulting a concise prediction essentially in various
applications such as biomedical [18], human detection [21], face recognition
[20] etc. importance of convergence of the cascaded CNNs were highlighted
in [10] while addressing a practical issue of smaller samples [24]. In this
research the main concern is to reduce the inference time by network ar-
chitectural modifications. It is presented here the importance of reduced
number of computations, cascaded network architecture and overall effec-

tiveness of cascaded convolutional neural network.



1.2. PROBLEM STATEMENT

1.2 Problem Statement

Cascading convolutional neural network model with minimum complex
computations involved, produces accurate classification output for a given
object with least execution time for the network model. Convolutional
neural networks are useful for classification of objects efficiently in ma-
chine learning applications. Extensive convolutional operations and dense
connections lead to higher accuracies but also results in longer inference
time. According to the general trade-off where the higher accuracy leads
to more complex models and the faster inference tends to simpler opti-
mized models. Hence, the acceptable balance between accuracy and in-
ference time in CNN models depends on the application domain and the
deployment environment. For most industrial and domestic applications,
it is expected to produce object classification with adequate accuracy and
minimum latency. The proposed model is intended for use in an airport
guidance service robot, utilizing an edge device like the Raspberry Pi. It
aims to achieve a classification accuracy of approximately 70-85%, with an
inference time of less than 200 milliseconds per classification. Since the
application is not time-critical, it prioritizes moderate accuracy and low la-
tency while maintaining efficiency on low-power hardware. When address-
ing the issue of unnecessary inference time offered by the network model, it
can be reduced by two approaches as hardware resource modification and
architectural modifications. However, to provide a versatile solution for the
issue of inference latency, network model architectural modifications are es-
sential. This research work introduces, extensively discuss, evaluates and
presents the best solutions for the architectural modifications of cascaded

convolutional neural networks.



1.3. HYPOTHESIS

1.3 Hypothesis

Based on the data presented in sections 3.1 and 2.2, it is clear that the
number of layers of a convolutional neural network is increased with the
intension of enhancing the classification accuracy, of the model which di-
rectly increases the number of complex computations involved and thus the
overall execution time of the network also increases. From the literature
presented in section 2.3 to achieve higher classification accuracy, a tendency
of adapting more computational layers had been a common practice. Inter-
est in feedforward neural networks has shown that classification accuracy
can be improved by incorporating more convolutional layers and denser
connections. However, this enhancement depends on several factors, includ-
ing the training dataset, the distribution of weights and biases, stochastic
dropouts, and the characteristics of the input data. It is important to note
that adding more convolutions leads to increased computations, resulting in
longer inference times. This research hypothesizes that cascading multiple
lightweight Convolutional Neural Networks (CNNs) with reduced numbers
of learnable parameters can significantly minimize overall execution time
while maintaining competitive classification accuracy, compared to single

deep CNN architectures with higher computational complexity.

1.4 Proposed solution

The primary objective of this research is to design, optimize, and deploy
a convolutional neural network (CNN) model that achieves high classifica-
tion accuracy while ensuring low inference latency on resource-constrained

hardware, specifically a Raspberry Pi-based guidance service robot.



1.4. PROPOSED SOLUTION

The proposed solution is organized into four main stages: designing the
model architecture, optimizing the model, preparing and training the dataset,
and deploying the model for real-world testing. High-accuracy convolu-
tional neural network (CNN) architectures, such as ResNet, DenseNet, and
EfficientNet, achieve impressive classification performance. However, they
require significant computational resources, making them impractical for
real-time deployment on embedded systems. However, older lightweight
models such as SqueezeNet and AlexNet offer faster inference times, but
sacrifice some accuracy. A novel architecture is proposed to address exist-
ing gaps in the design process. This architecture features a main network
and a sub-network model that incorporates elements from modern efficient
models, such as depthwise separable convolutions from MobileNet and bot-
tleneck layers from ResNet, to reduce computational complexity. Using
fewer parameters and a shallower layer depth to accommodate the process-
ing capabilities and memory limits of the Raspberry Pi. Furthermore, the
design balances accuracy and speed through architectural tuning, which
includes selecting the appropriate kernel size, reducing feature maps, and

optimizing activation functions.

The proposed architecture consists of two cascaded lightweight models,
referred to as the main network and the sub network. Both networks are
computationally optimized to minimize unnecessary computations, thereby
reducing inference time. Pruning the model architecture from both con-
volutional and dense layers is expected to simplify complex mathematical
operations. The main network has a smaller number of learnable parame-
ters, which leads to fewer mathematical computations. Similarly, the sub
network also has a comparatively smaller number of parameters, result-
ing in fewer computations as well. Both network models were individually

trained on different datasets, and their performances were evaluated sep-
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arately. The cascaded arrangement of the main and sub-networks was
tested, and overall performance was measured across various combinations
of datasets for both networks. The main network provides broader clas-
sifications, while the sub network refines the predictions from the main
network, leading to a more precise generalization that is not typically of-

fered by conventional CNN architectures.

The proposed solution employs a dataset with 200 object classifications
that represents indoor navigation and service environments. The dataset

preparation process includes:

I. Collecting and curating object images relevant to guidance and nav-

igation tasks.

II. Performing image augmentation (rotation, scaling, brightness adjust-

ment) to improve model robustness to environmental variations.

ITI. Splitting the dataset into training, validation, and test sets to ensure

reliable performance evaluation.

The training of the CNN model is conducted on a Windows operating
system using a GPU enabled environment within MATLAB software. This
setup helps to expedite convergence through hyperparameter tuning, which

includes adjusting the learning rate, batch size, and selecting the optimizer.

The final stage involves testing the novel architecture on Windows-based
computer systems using both a test dataset and real-time data. Prior to
remote deployment, remote debugging will be conducted on the edge de-
vice to serve as a preliminary feasibility test. Upon successful testing, the
model will be deployed on the target edge device, such as a Raspberry

Pi, for compatibility testing. Real-time images will be obtained from a
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USB camera connected to both the test computers and the Raspberry Pi
units. The performance of the proposed model will be analyzed by measur-
ing inference time, classification accuracy, and system responsiveness under
operational conditions. To validate the improvements of the proposed so-
lution, we will compare its performance against the baselines of AlexNet
and MobileNet. A successful outcome will demonstrate that the proposed

approach achieves the following:

. Inference times of less than 200 milliseconds per image.
II. An accuracy improvement of at least 6% over AlexNet.

ITI. Stable and responsive classification, making it suitable for live robotic

guidance in indoor environments.

This proposed solution is expected to make significant contributions in
several key areas. Firstly, it will introduce a lightweight CNN architecture
specifically designed for embedded robotic vision, enabling more efficient
and effective visual processing on resource-constrained devices. Secondly,
the solution will provide an optimization framework that can be applied
to other low-power Al systems, thereby enhancing their performance and
scalability. Lastly, it will establish a reproducible evaluation protocol for
service robot vision models, ensuring consistency and reliability in assessing

and comparing different approaches within this domain.

1.5 Aim and Objectives

This research aims to design and implement a cascaded Convolutional Neu-
ral Network (CNN) framework that optimizes the trade-off between clas-

sification accuracy and computational efficiency, by reducing model com-
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plexity and execution time while maintaining robust performance for real

time object recognition in resource constrained computing environments.

The objectives of this research include:

1. To design and develop a lightweight primary Convolutional Neural
Network (MainNet) that achieves high classification accuracy while
minimizing computational complexity in terms of model parameters,

memory requirement, and inference latency.

2. To design and develop a secondary Convolutional Neural Network
(SubNet) with enhanced generalization capability for resolving am-
biguous classifications while maintaining low computational overhead

suitable for real-time deployment.

3. To integrate the MainNet and SubNet into a cascaded CNN archi-
tecture that dynamically invokes the subsequent CNN based on the
confidence thresholds from the primary stage and evaluate its per-
formance using a domain specific dataset derived from the ImageNet

database.

4. To conduct a comprehensive performance analysis of the proposed
cascaded model, assessing classification accuracy, confidence, and in-
ference time across multiple object categories, and validating its real-

time applicability on edge computing platforms.

1.6 Research Scope

This research focuses on the development and optimization of convolu-
tional neural network (CNN) architectures for real-time image classification

on edge devices. The goal is to reduce inference time while maintaining

10
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high classification accuracy. The study includes a thorough review of the
evolution of CNNs, from early models like LeNet to modern architectures
such as EfficientNet and ConvNeXt. The light weight two stage cascaded
network was developed using MATLAB on a standard PC and tested on
PC environment, followed by a deployment on edge devices. Experiments
were conducted using a curated dataset containing 200 object classes in-
tended for application in the airport environment, focusing on a limited
number of objects. Comparisons are made against benchmark models such
as AlexNet. This study does not cover object tracking, segmentation, or
human-machine interaction. The findings aim to support the development

of efficient deep learning models suitable for mobile and embedded systems.

1.7 Summary of contribution

This thesis addresses the challenge of developing a lightweight and fast
inference convolutional neural network (CNN) model for real-time object
classification applications in resource constrained environments, specifically
focusing on guidance service robots powered by edge devices like Raspberry
Pi. While deep CNN architectures achieve superior accuracy, their high
computational demands often result in unacceptable inference delays on
low-power devices. This research aims to minimize inference time while
maintaining a classification accuracy above 65%, thereby surpassing the
performance of baseline models such as AlexNet. The main contributions

of this research are:

1 . Comprehensive Review of CNN Evolution — Conducted an exten-
sive survey tracing the development of CNN architectures from early

designs like LeNet to modern high performance models, including Ef-

11
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ficientNet and ConvNeXt. The review emphasizes trends in compu-

tational efficiency and the suitability of these models for edge devices.

. Design of a Lightweight CNN Model - The proposed CNN archi-
tecture is optimized to achieve a 6% improvement in Top-1 accuracy
over AlexNet across 200 object classes while significantly reducing
inference latency. The pruning strategies have resulted in a 40%
reduction in model size without a significant decrease in accuracy,

enabling faster, more accurate, and memory efficient execution.

. Development of a benchmark dataset for the vision of Service robots
— Compiled and curated a dataset that accurately represents indoor
navigation and object classification tasks faced by guidance service
robots. This dataset facilitates reproducible evaluations of Convolu-
tional Neural Network (CNN) models in this application area. The

image data was extracted from the ImageNet ILSVRC dataset.

Performance Evaluation of the Novel Model - The performance
evaluation of the novel network model was conducted on both a PC
system and an edge device using a test dataset to assess classification
accuracy and inference speed. The model was also tested with real-
time data from a camera attached to the systems. Furthermore, the
optimized CNN model was deployed on the edge device, specifically a
Raspberry Pi, conducting real-world trials that demonstrated respon-
sive object classification with inference times under 200 milliseconds.
This performance met the operational requirements for live service

scenarios.

12



1.8. THESIS OVERVIEW

1.7.1 List of Publications

1 Journal papers Isuru Samarakoon, H. Abbas Almurib and S. Anan-
dan Shanmugam “Performance Evaluation of Two Stage Cascaded
Convolutional Neural Network Architecture in Image Classification”,
Springer Nature Journal of Neural Computing and Applications (NCAA)

[Accepted for Publication)].

2 Poster presentation Samarakoon, I., Haider, A., Shanmugam, A.
(2019) Human Detection and Tracking System for Passenger Guide
Mobile Service Robot Platform. Presented in Post Graduate Re-

search showcase, University of Nottingham, Malaysia.

1.8 Thesis Overview

This thesis is divided into five chapters. Chapter 1 introduces the aim of the
research, related background, basics of convolutional neural networks, the
problem statement, what led for this research, objectives to be achieved to
succeed the aim, brief summary of the chapter. Chapter 2 outlines the liter-
ature review carried out for convolutional neural networks. Evolution of the
convolutional neural networks, introduction to the deep neural networks.
What factors affect the accuracy and processing speed, different approaches
to speed up the neural network model, impact on network architectural
modifications and hardware resource modifications, different approaches
to speed up the inference are discussed under this chapter. Chapter 3 de-
scribes the methodology of the overall network design. In detail description
of main network design, sub network model design, mathematical relation

to the number of computations involved. Chapter 4 describes the results
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and analysis of the new network model. Individual network’s performances,
presented. Cascaded model’s performances were presented, and the results
were compared with one of the most cited convolutional neural network
models, AlexNet. Lastly, chapter 5 concludes the thesis by summarizing

the key points.
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2.1. INTRODUCTION TO THE CHAPTER

2.1 Introduction to the chapter

Accuracy and inference speed are prime aspects of object classification ap-
plications.Convolutional Neural Networks (CNNs) have emerged as one of
the most influential deep learning architectures for solving a wide range
of tasks in computer vision. Inspired by the visual cortex of animals with
biological perception the perceptron, have evolved from shallow architec-
tures such as LeNet-5 to highly complex deep models such as ResNet and
EfficientNet. Learning complex features from raw data has made CNNs

essential in modern artificial intelligence.

This chapter reviews the evolution, innovations, and challenges in CNN
research. The review begins by introducing the foundational concepts of
CNNs with traces the historical development of CNN architectures, high-
lighting key milestones such as AlexNet, VGG, EfficientNet, ResNet, and
recent lightweight and transformer-integrated models. It then discusses
various factors affecting the inference speed and various options and at-
tempts to enhance the execution speed. This chapter also includes shifts
in CNN development, attention mechanism and presents the lightweight
architectures for edge devices. Furthermore, this chapter discusses the ar-

chitectural optimizations depth wise separable convolutions

The goal of this literature review is to provide a comprehensive understand-
ing of the current landscape of CNN research; limitations associated with
them and establish the rationale for the proposed cascaded network in this
thesis. The insights drawn from this chapter will guide the development
of proposed cascaded convolutional neural network model addressed in the

subsequent chapters.

17



2.2. GENERAL INTRODUCTION OF CONVOLUTIONAL NEURAL
NETWORKS

2.2 General introduction of Convolutional

Neural Networks

With the industrial revolution it became common practice to develop so-
phisticated machines to carry out industrial activities in order to ensure
productivity efficiency and safety thus replacing manpower. As such sys-
tems had to take actions on time with minimum or zero supervision, it was
necessary to take essential decisions by the system itself. The detection and
identification of different objects in a dynamic environment [25] being an
easy task for humankind while the most complicated for a machine [26] [15].
This was inspired by the researchers thus developing classical linear clas-
sifiers. Due to the complex computations involved and straight forward
results, linear classifiers were limited for practical applications. For certain
applications such as mobile robots [25], service robots, medical robots etc.
with limited power and resource availability application of classical clas-
sifiers was one of great challenge. Perceptron [1] [27] being the simplest
artificial neural network developed by Rosenblatt in 1957 inspired by bi-
ological neurons formulating the very first linear classifier for supervised
tasks. With the rigorous research involved over the time with development
of technologies and devices, more flexible classification model based on con-
volutional neural network, the Lenet-5 [1] was developed by LeCun et al in

late 90s. Lenet-5 visualized in Figure 2.1.

LeNet-5 is a simple network architecture consisting of five convolutional
layers. Originally designed for detecting handwritten numbers where the
network had trained on MNIST dataset [1] inspired by Krizhevsky et al
in 2012. Non normalized data example of handwritten data depicted in

Figure 2.2. Being a turning point of machine learning, AlexNet [2] had
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Figure 2.1: CNN architecture of LeNet-5 network model [1]
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Figure 2.2: Non-normalized data used in LeNet-5 from MNIST dataset [1]

implemented more dense layers in the network architecture compared to

the grand origin of LeNet-5 with only five layers.

Figure 2.3 presents the AlexNet network architecture. The winner of
ILSVRC-2012 challenge, the AlexNet has been trained on ImageNet dataset
with large number of data and variety in classes has motivated researchers
to use more dense networks for better classification which could be seen in

models such as ResNet [8] where more sparse connectivity is present.

Although there was a trend to classify more objects with higher accuracy
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Figure 2.3: AlexNet network architecture [2]

using more complex computations involved, another pragmatic approach
was to speed up the process [8] has been adapted in [28] [29]. However, the
main intention of reducing the filter size and strides as it was accomplished
in [7] was more generalized in [2]. Another novel approach of better clas-
sification with faster processing was single shot detectors [28] and reduced
filter sizes has been adapted in YOLO [9] by Redmon et al. Filter sizes
strides and output sizes of the Darknet-19 which was based on YOLO are

presented in Table 2.1.
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Table 2.1: CNN architecture with convolution, pooling, and classification
layers

Type Filters | Size/Stride | Output
Convolutional 32 3 x3 224 x 224
Maxpool 2x2/2 |112 x 112
Convolutional 64 3 x3 112 x 112
Maxpool 2x2/2 56 x 56
Convolutional 128 3 x3 56 x 56
Convolutional 64 1x1 56 x 56
Convolutional 128 3 x 3 56 x 56
Maxpool 2x2/2 28 x 28
Convolutional 256 3 x 3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3 %3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3 x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3 x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3 x3 14 x 14
Maxpool 2x2/2 7TxT
Convolutional | 1024 3 %3 TxT
Convolutional 512 1x1 7T X7
Convolutional | 1024 3 x3 7T
Convolutional 512 1x1 Tx 7
Convolutional | 1024 3 %3 TxXT
Convolutional | 1000 1x1 7Tx T
Avgpool Global 1x1
Softmax 1000
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Impressive results of [28] and [7] had motivated researchers to apply the
models in [29] for the automated detection of melanoma. Region proposal
network model [30] was adapted in Faster-Region based convolutional neu-
ral network (R-CNN) which also proposes faster execution compared to pre-
vious network models. Successful detection method of pedestrians [31] has
been proposed by Wenbo Lan et al, by adapting the above methods. Also,
a deep learning method as the name suggests, more deep or dense layers
are present in their network architectures. Despite improving detection ac-
curacy, the processing speed has been enhanced up to 25 frames per second
with modified YOLO architecture, producing a new model YOLO-R. Vari-
ous architectural modifications [32-39] developed by researchers presenting
individual generalization capabilities and speed of operation compared with
existing models. Novel convolutional technique of fast algorithm [32] which
improves response speed and reduced computational complexity. Transfer
learning of various CNN models and adaptation for applications [33-35]
gives a better overview of performances of various CNN models. J.Y. Ahn
and N.I. Cho [36] have presented neural architecture search for multi-scale
feature capturing. One of the drawbacks of faster R-CNN architecture, the
negative samples [38] highlighted by Y Liu proposing novel algorithm with
improved detection accuracy. Comparison of CNN models for classification
of communication signals by D. Seo et al where computational complexity
and detection performance is compared. Similarly real time people count-
ing applications [40] has been proposed by Peiming et al, of which counting
people in real-time dynamic environments. The need of fast execution of
network identified by the research community proposing novel approaches
such as detection of workers without safety helmet in construction site

real-time video achieving a fast processing as fast as 35 frames per second.

22



2.3. STUDY OF OTHER NETWORK MODELS

2.3 Study of other network models

LeNet-5 It is essential to choose a neural network model that provides high
classification accuracy while maintaining minimal execution time, ideally
with low latency. LeNet, one of the earliest convolutional neural network
architectures, was originally developed for handwriting digit recognition by
LeCun et al. LeNet-5 features a straightforward architecture, consisting of
two convolutional layers and three fully connected layers, which contributes

to its effectiveness in classification tasks.

Mugesh et al. [41], who compared a multi-layer perceptron and a simple
CNN with LeNet-5, presented a comparative analysis of various models for
handwritten digit recognition. Soni et al. [42] proposed a modified version
of the LeNet-5 model for identifying strawberry leaf diseases, achieving a
classification accuracy of 95% on the validation dataset. Additionally, Tan
et al. [43] enhanced the LeNet-5 architecture by removing its 1x1 convolu-
tional layer, resulting in improved classification accuracy for handwritten

digits.

Further improvements were made by Devi et al. [44], who introduced an
additional dense layer to the existing LeNet-5 architecture, incorporating
batch normalization with ReLLU activation and a dropout layer. This modi-
fication achieved an impressive accuracy of 98.68% for mushroom classifica-
tion. While much of the research has focused on improving accuracy, Chu
et al. [45] adapted pipeline processing for LeNet-5 to increase processing

speed.

It is important to note that the aforementioned studies primarily focus
on the classification of a limited number of classes. However, in an air-

port environment, a system is needed to handle a medium to high number
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of classes, ranging from 200 to 300 categories. Consequently, the LeNet

architecture was not selected for the network model in this context.

ResNet Among various models, ResNet, developed by He et al. [8], was
the first to achieve top performance in the ILSVRC 2015 challenge by
introducing residual blocks stacked to create deeper networks for improved
classification accuracy. ResNet offers two versions: ResNet-50 and ResNet-
101, consisting of 50 and 101 layers, respectively. These deeper residual
blocks help minimize error rates and enhance generalization performance,

effectively addressing the vanishing gradient problem [46].

Varun et al. [47] modified ResNet for real-time analysis, achieving higher
accuracy while tackling data imbalances and improving model interpretabil-
ity. The transfer learning capabilities of the ResNet architecture were
emphasized in [48], where both ResNet-50 and ResNet-101 models were
adapted and reached an impressive accuracy of 98.8%. Duan et al. [49] im-
proved the ResNet architecture by integrating multi-parameter and squeeze

excitation techniques, resulting in better generalization performance.

However, the presence of deeper residual blocks makes the ResNet archi-
tecture computationally expensive [50], leading to higher latency [51]. Ex-
tensive computations require sophisticated resources, which makes ResNet
unsuitable for low-end mobile computing platforms due to its significant
demand for computational power and memory storage [52]. Additionally,
ResNet performs best with large datasets, which can lead to overfitting
when working with smaller datasets [53]. Given these limitations, we have

decided not to pursue ResNet for the proposed architecture.

VGGNet Another CNN architecture VGGNet was developed by Simonyan
et al, is known for its use of small 3x3 convolutional kernels. This archi-

tecture gained prominence due to its performance in the ImageNet Large
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Scale Visual Recognition Challenge in 2014. The simplicity and uniformity
of the architecture, characterized by stacked 3x3 convolutions, make it easy

to understand and modify [54].

Xu et al [55]. demonstrated the adaptability of the VGG-16 architecture,
achieving a high accuracy of 97.7% in target image recognition for under-
water search and rescue. Spoorthy et al [56]. compared the generalization
capabilities of VGG-16 with other network models, highlighting the benefits
of deep architectures for classifying bone fractures in X-ray images, with
an accuracy of 95%. Xiangyu et al [57]. emphasized the importance of the
transfer learning capabilities of the VGG-16 model, which is particularly

useful for modifying existing CNN models.

Despite these advantages, the VGG-16 model has drawbacks, including a
large model size [58] and a tendency to overfit on small datasets [59] due

to the significant number of learnable parameters.

EfficientNet EfficientNet, developed by Tan et al. [60], is a family of convo-
lutional neural networks (CNNs) known for their accuracy and efficiency,
achieved through the use of compound scaling parameters. The advan-
tages of compound scaling have been highlighted by Jagamohan et al. [61],

showcasing its effectiveness in image classification tasks.

EfficientNet is particularly suitable for transfer learning; for instance, Gur-
jot et al. [62] adapted this model for the early detection of pneumothorax,
achieving an accuracy rate of 83%. Ziyang et al. [63] successfully utilized
EfficientNet for recognizing ischemia and infections in diabetic foot ulcers,

outperforming other models such as ResNet, DenseNet, and VGG-16.

The remarkable accuracy of EfficientNet, which reached 98% with a top-1

error rate of 84.4%, is largely attributed to its compound scaling method
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that uniformly adjusts the depth, width, and resolution of the neural net-

work. However, it requires a significantly large training dataset.

Another application of EfficientNet in biomedical research was presented
by Amreen et al. [64], who focused on classifying leukemia white blood cell
images. The performance of EfficientNet-B3, a lightweight model within
the EfficientNet family, has been improved with a reduced number of train-
able parameters. Preetha et al. [65] adapted a variant of EfficientNet for
detecting brain tumors from magnetic resonance images, achieving an F1

score of 0.9934 and an overall accuracy of 99.33%.

Testing all eight variants of EfficientNet, from EfficientNet B0 to Efficient-
Net B7, revealed that a modified version of EfficientNet B4 offered the
best performance on the 2020 Kaggle dataset. Scalability is a key factor
in selecting the network model; higher versions are particularly well-suited
for larger datasets like ImageNet, enabling them to learn complex patterns,
although they are also prone to overfitting and require more computational

resources.

Compound scaling effectively adjusts the model architecture based on the
input image resolution, which has been a key factor in enhancing the ef-
ficiency of the EfficientNet model. However, the EfficientNet architecture
also has drawbacks, including a complex design and the computational
intensity of its large-scale versions, making them difficult to train from
scratch. Additionally, there is a potential for overfitting, especially when
working with smaller datasets. While compound scaling is effective for some
applications by dynamically changing the network model parameters, it is
not always the best solution for every task and dataset. Given these pros
and cons, it was decided to proceed with the AlexNet architecture as the

foundation.
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2.4 Shifts in CNN development

The development of Convolutional Neural Networks (CNNs) has undergone
significant changes since their inception. These changes have been driven by
advancements in computational resources, the availability of large datasets,
and innovative architectural designs. As a result, the performance, scal-
ability, and applicability of CNNs across various domains have improved

considerably.

The foundation for these developments can be traced back to the mathe-
matical model of neurons established by Hebbian Learning Rules, proposed
by Donald O. Hebb in 1949. This was further reinforced by the introduc-
tion of the Perceptron by Frank Rosenblatt in 1958. In 1980, K. Fukushima
introduced the Neocognitron, a bio-inspired model that set the stage for the
evolution of CNNs, eventually leading to the emergence of dense networks.
The Universal Approximation Theorem, proposed by George Cybenko in
1989, highlights the potential of shallow neural networks, particularly when
a large number of neurons are present in the layers of a multi-layer per-
ceptron. The foundational work on convolutional neural networks (CNNs)
can be traced back to LeNet-5, developed by Yann LeCun et al. in the late
1990s. This model successfully applied convolutional architectures to the

recognition of handwritten digits.

Despite its conceptual strength, early CNNs were limited by the available
computational resources and the lack of sufficient data and hardware for
deeper models. As a result, their adoption was primarily restricted to
tasks of low complexity. The vanishing gradient problem, which hinders
the training of models and was present in LeNet-5, has been addressed ef-

fectively by support vector machines proposed by Corinna Cortes in 1995.
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This development temporarily stalled further advancements in CNNs. A
significant turning point in deep learning occurred in 2012 with the success
of AlexNet, presented by Krizhevsky et al. in the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC). AlexNet utilized GPU accelera-
tion, the ReLLU activation function, and dropout regularization, enabling
it to greatly exceed the performance of traditional methods. This achieve-
ment marked the resurgence of convolutional neural networks (CNNs) and

established them as a leading approach in computer vision research.

Following AlexNet, subsequent models such as GoogleNet and VGGNet
further improved efficiency by strategically deepening the network and en-
hancing gradient flow. The evolution of convolutional neural networks has
shifted from simpler architectures to a greater emphasis on network depth.
A major breakthrough in this area was the development of ResNet by He
et al., which introduced residual blocks that facilitated the creation of even

deeper network models.

With the evolution of the processor technology, as CNNs began to be
deployed on mobile and embedded platforms, a shift toward efficiency
emerged. Lightweight architectures such as MobileNet, SqueezeNet, and
ShuffleNet introduced techniques like depthwise separable convolutions,
grouped convolutions, and pruning to reduce computational complexity and
memory usage. These models facilitated real-time inference on resource-
constrained devices, broadening the practical applicability of CNNs. Mo-
bileNet developed by Howard et al [66] highlighting small size and low
latency model which can easily be matched to edge devices and embed-
ded vision applications. MobileNet’s core layers are concentrated on depth
wise separable convolutions. The depthwise separable method factorize a
standard convolution into a depthwise convolution and a pointwise con-

volution. The depthwise separable convolution applies a single kernel per
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input channel which captures spatial information independently from each
channel. The following pointwise convolution is 1x1 convolution applies
across the input channels, which combines the depthwise convolution out-
put form number of discrete channels. Compared to the standard convo-
lution, depthwise separable convolution is beneficial due to lesser learnable
parameters which results in less computation. The significant reduction
in number of computations has brought the attention of model prioritiz-
ing the speed and light weight inference which is best suitable for edge
devices to perform real-time application. ShuffleNet developed by Zhang
et al. [67] has adapted pointwise group convolution with channel shuffle
which significantly reduces computational cost. ShuffleNet prioritize the
computational efficiency while maintaining competitive classification accu-
racy. SqueezeNet developed by Iandola et al. [68] is a deep neural network
trained on ImageNet dataset over 1000 classes, known for its small size
and classification accuracy with significantly lesser number of learnable
parameters compared to the other CNN architectures. The computation
efficiency has been achieved by replacing most of 3x3 kernels with 1x1 ker-
nels, reduction of number of input channels to the large kernel layers by
decreasing the quantity of parameters. Down sampling late in the network
has contributed to maximizing the classification accuracy. The importance
of Depthwise separable convolution has been highlighted in [69] where re-
duction of computation time by 19.1% with a remarkable reduction of on
chip memory requirement it has also been implemented on FPGA prov-
ing the suitability of edge devices. Ruiheng et al. [70] has proposed novel
method based on FPGAs for accelerating depthwise separable convolution
network which offers Energy efficiency, reduction of on chip memory re-
quirement and edge device deploy ability. Shaowei et al. [71] has adapted
the depthwise separable convolution for classification of petrographic thin

section images. Application of DSC has resulted in classification accuracy
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99.84%

2.5 Factors affecting the execution speed of

a CNN model

As discussed in the previous chapter, the most important operation of any
convolutional neural network happens at the sparse connectivity populated
by the convolutional units and dense layers where the neurons converge.
Inference speeds up methods of the CNN models [25,26, 72-79] have been
extensively discussed in many literatures since the inference time should be
minimized for most industrial applications [25,26]. Mathematically com-
plex computations are being taken at these two stages which contributes
significant amount of time consumption by the network model. In general,
the factors affecting the processing speed of a CNN can be classified into

two broad categories such that,

1. Hardware resource-oriented factors.

II. Model architecture related factors.

The model architecture related factors can be explained as follows.

e Model architecture depth: For a given network if a greater number
of sparse connections [80] and dense connections are present such
model is known as a deep network. The Deep Convolutional net-
works introduced by Fukushima [27] where the “neocognitron” con-
sists of cascaded interconnection of layers in the network model. The

architecture has been improved in [4] and further simplified in [81]
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Figure 2.4: Inception module [3]

and [82]. Due to the presence of more convolutional layers and dense
layers in a network, more complex computations must be executed,
which generally requires more time for the computation [26] and thus
longer inference time. Reducing the depth of the network thus leads

to fast inference while maintaining fair accuracy.

e Convolutional layer type: Within the convolutional layer, a large
number of computations are performed. The kernel size [83] and
strides determine the number of complex computations [7] involved
in the network. Kernel size is one of the factors that contribute to the
number of computations. Thus, the inference depends on the number
of convolutional layers present in the network. Importance of kernel
size extensively discussed in GoogLeNet [2] architecture where the

inception module presented in Figure 2.4 is a remarkable contribution.

e Pooling layers in network architecture: The pooling layers are used
after the convolutional layers, essentially after the activations to re-
duce spatial dimensions before propagating to the next layer thus
reducing the computations. Pooling layers must be carefully selected

as it leads to loss of information if excessively applied.
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e Model weight pruning: reducing unimportant weights results in re-
duction of computations involved during the network execution and
thereby reducing the inference. However, it is also possible to remove
less important filters which further reduces model size. As it may

lead to the accuracy of the network it has to be carefully conducted.

Hardware resource-oriented factors which affect the speed can be further

explained in the following.

e Hardware acceleration devices: Using specialized hardware tools the
process of execution can be accelerated. Graphical Processing Units
(Graphical processing unit (GPU)) [81] [73] [74] or Tensor Process-
ing Units (Tensor processing unit (TPU)) are the latest accelera-
tors widely used to speed up convolutional neural networks inference.
Also, these devices facilitate parallel computation where the work-

load is distributed among the cores.

e Batch sizing: When processing in parallel it is required to arrange the
data in batches [84]. Batch size has better advantage over inference
since processing is speed up with more batch size. However, there is
a disadvantage with increasing batch size since it requires large mem-
ory [85] which is expensive. Hence the is a tradeoff between batch

size and computation efficiency.

e Input size and format: Since the image input is the only source of in-

formation, alteration of the input results in classification accuracy [36]
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as it may lead to distortion of the original data. Reducing the input
image size speeds up the execution of the network while resulting in

loss of information.

e Caching and memorization: the intermediate results should be stored,
which reduces redundant computations. This leads to speeding up the
execution process. However, cache memory is an expensive option as
the resources should be changed. Therefore, selection of cache must

be optimum in terms of performance.

2.6 Trade-offs between speed and memory

in batch processing

Batch processing in Convolutional Neural Networks (CNNs) involves divid-
ing the training dataset into smaller groups called batches. These batches
are processed one at a time during training, as opposed to using the en-
tire dataset or a single sample at once. This approach strikes a balance
between computational efficiency and training stability, making it essen-
tial for training deep learning models on a large scale. In deep learning,
especially with CNNs, the batch size is a crucial hyperparameter that di-
rectly affects various aspects of the training process. GPU memory usage

(memory constraint)

[. Training speed (throughput and convergence)

I1. Generalization and stability

Memory bandwidth is one of the bottlenecks in GPUs, even when com-
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pute units are underutilized. GPUs can be heavy on arithmetic but often
starve for memory because the memory subsystem struggles to provide data
quickly enough. Larger batch sizes require storing more activations [86],
gradients, and immediate feature maps in GPU memory during both for-
ward and backward passes. As a result, memory loading gradually increases
with larger batch [87]. Therefore, dynamic batching is implemented based

on memory and latency conditions.

Training speed and batch size are factors that depend on hardware. Gener-
ally, larger batch sizes lead to higher throughput but also increase latency
per sample. This can significantly impact training efficiency. As a rule of
thumb, throughput is proportional to batch size. In their study, wieduo et
al. [88] demonstrated that increasing batch size enhances training through-
put. However, larger batches also contribute to increased latency. Since
GPU memory is limited, larger batches require more memory to store ac-
tivations, feature maps, and gradients. Additionally, using larger batches
can increase the risk of poor generalization [89]. A method for selecting the
appropriate batch size is proposed in [90], which balances the performance

gains associated with larger batches.

The relationship between generalization and stability can be examined con-
cerning batch size, as both factors significantly influence a model’s overall
performance. Generalization refers to how well a model performs on test
data, while stability pertains to whether the training process converges

smoothly without divergence or oscillations.

Smaller batch sizes tend to enhance generalization because they introduce
gradient noise, which helps the optimizer navigate away from sharp min-
ima [89]. In contrast, larger batch sizes yield more accurate gradient esti-

mates, leading to smoother training that often converges to sharp minima,
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which can result in poor generalization on test data. This impact of smaller
batches has been highlighted in research by Sunwoo et al [91] which demon-

strated improvements in accuracy when using smaller batch sizes.

From a stability perspective, smaller batches may improve generalization
but compromise stability [92]. Conversely, larger batches enhance stabil-
ity while potentially degrading generalization. Therefore, using smaller to

medium batch sizes is advisable for edge devices due to memory constraints.

Additionally, the stability of model training can be improved by fine-tuning
the learning rate [93]. Studies suggest that using an adaptive learning

rate [94] can be particularly beneficial in achieving better stability.

2.7 CNN architectural optimizations

Architectural optimizations refer to techniques aimed at enhancing the
speed, accuracy, efficiency, and deployability of convolutional neural net-
work (CNN) models while focusing on specific design constraints, such as
those found in edge devices and embedded systems. Various CNN architec-
tural optimization techniques exist, including kernel optimizations, efficient
layer design, architectural scaling, attention mechanisms, hybrid designs,
and hardware-oriented design. The techniques contributing to lightweight

and fast inference model design selected for this research are detailed below.

1. Efficient layer design: The efficient layer design emphasizes optimiza-
tions in the kernel convolution of the network model. As discussed in
the previous chapter, depth-wise separable convolutions break stan-
dard convolutions into two parts: depth-wise and point-wise convolu-

tions. This approach significantly reduces the number of parameters
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and computations required. Depth-wise convolutions have been suc-
cessfully integrated into various network models, such as MobileNet
and EfficientNet. Grouped convolution is an efficiency enhancement
technique used in network layers. It involves dividing the input chan-
nels into groups and convolving each group separately. This approach
allows for parallel processing and reduces computational demands

while preserving the model’s representational capacity.

Saining et al. [95] developed the ResNeXt model, which incorporates
grouped convolution to optimize computations and achieved a top-
1 error rate of 20.7% across 1,000 classes. Similarly, Mozafari et
al. [96] applied single-dimensional grouped convolution to the BERT
language model for its fully connected layers, resulting in a 42% re-
duction in fine-tuning time, demonstrating its effectiveness for edge

devices.

Additionally, Tinghuan et al. [97] showed that their method utilizing
grouped convolution reduced computational parameters by 64.17%

compared to ResNet, while also improving top-1 accuracy by 78.86%.

. Inverted residual block: Inverted residual blocks are an architectural
optimization technique for convolutional neural networks (CNNs),
first introduced in MobileNetV2 to create lightweight and efficient
models for edge devices. Unlike the residual blocks used in ResNet,
an inverted residual block initially expands the input channels, ap-
plies depthwise convolution, and then compresses the output, with
a residual connection added at the end. The term "inverted” refers
to this sequence of operations. Sandler et al [98] proposed the in-
verted residuals and implemented them in the MobileNetV2 model,
achieving memory-efficient inference with good accuracy. Addition-

ally, Yongli et al [99] adapted the inverted residuals to mitigate the
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interference from the batch normalization layer in their underwater
image enhancement work, resulting in significant accuracy improve-
ments.Biaohua et al [100] demonstrated the effectiveness of inverted
residuals in enhancing accuracy for their infrared small target de-
tection model, which highlights their role in reducing interference.
Similarly, Ruitao et al [101] adapted inverted residuals for lightweight
modulation classification, emphasizing improvements in classification

accuracy and reductions in computational costs.

. Hardware oriented design: Hardware-aware design is a crucial as-
pect of optimizing convolutional neural network (CNN) architectures.
This approach involves creating neural network models that take into
account hardware constraints such as memory, computational power,
and energy consumption to enhance real-world performance. Stan-
dard neural network models that are designed solely for accuracy may
not be suitable for resource-constrained environments, as they often
have high memory usage, long inference times, and excessive power

consumption.

In hardware-aware design, it is essential to match the compute bud-
get, ensuring that the model operates within the peak floating-point
operations per second (FLOPs) or multiply-accumulate (MAC) capa-
bilities of the target device. For instance, a study highlighted in [102]
demonstrates that the proposed architecture aligns with the peak
FLOPs of a Raspberry Pi device, achieving a mean average preci-
sion (mAP) of 96.66% while reducing the model size by 50% through
hardware-aware design. Optimization of the memory hierarchy is a
crucial aspect of hardware-aware design. It is important to minimize
activation and weight storage while maximizing the use of on-chip

cache memory, as this significantly impacts energy costs in addition
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to memory expenses. Seonwoo et al [103], in their proposed model,
highlighted the effects of memory overhead in hardware-aware design,

which resulted in a 1.5 times acceleration in inference speed.

Latency and energy-aware neural architecture search (NAS) plays
a vital role in hardware-oriented architectural optimizations. This
search process is guided by feedback from the hardware. Cai et al
[104] proposed a method that involves training a model once and then

searching for sub-networks optimized for edge devices.

. Layer fusion and pruning: Layer fusion and pruning are important
techniques for optimizing convolutional neural networks (CNNs). These
strategies work together to enhance model performance and facil-
itate efficient deployment on edge devices. Pruning refers to the
process of removing redundant components of the neural network,
which helps reduce the model’s size and the complexity of compu-
tations. This reduction in parameters leads to fewer floating-point
operations (FLOPs) and a smaller memory footprint. As a result,
lower inference times and reduced memory requirements create ideal
conditions for resource-constrained edge devices. Li et al [105] intro-
duced structured filter pruning, demonstrating substantial reductions
in FLOPs with minimal loss in accuracy. Their approach achieved
a 50% reduction in parameters, resulting in a speed increase of 1.5
times. Radu et al [106] emphasized the importance of performance-
aware pruning, showing that naive channel pruning can paradoxically
slow down inference on embedded GPUs unless the pruning patterns
align with the hardware kernel implementations. More recently, Hao
et al [107] proposed the TECO framework, which extends pruning
to multiple dimensions of convolutional neural networks (CNNs), in-

cluding depth, width, and resolution for embedded hardware. This

38



2.7. CNN ARCHITECTURAL OPTIMIZATIONS

method achieved a twofold increase in inference speed with less than
a 3% improvement in top-1 accuracy, tested on edge devices such as
the AGX Xavier and Jetson Nano. Layer fusion is the process of
combining multiple consecutive layers of a neural network into a sin-
gle computational unit, which helps to avoid intermediate activations
and reduces writing to main memory. This approach contributes to
decreased memory traffic and, consequently, lower energy consump-
tion. Additionally, it reduces latency while improving throughput,
which is particularly important for embedded CPUs and System on

Chips (SoCs) that have limited memory bandwidth.

Graph level fusions, such as Conv-BN-ReLLU, have been widely adopted
in inference compilers, as noted by Xuyi et al [108]. Recent research
has highlighted architecture-aware fusion scheduling, as demonstrated
by Minyong and Jungwook [109], which shows latency-optimal fusion
strategies on embedded accelerators. This has resulted in significant
speedups of 24.1% for the ResNet18 model and 53.1% for the Mo-
bileNet V2 model.

In the context of the Internet of Things (IoT), Mestre et al [110].
validated the fusion of Conv2D, ReLU, and BN into a unified layer
called FConv2D. This combination, when integrated with quantiza-
tion, achieved a measurable speedup, reducing inference execution
time by 1.53 times on resource-constrained ARM Cortex Microcon-
troller Unit (MCU) devices. Pruning and fusion work in tandem to
create an efficient pipeline. Pruning eliminates unnecessary compu-
tations, while fusion helps to reduce runtime overhead. When these
techniques are combined with quantization, they significantly improve
latency, memory usage, and energy efficiency. This combination is

particularly advantageous for edge devices, such as the Raspberry Pi.
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The CNN architectural optimization techniques discussed above are crucial
for real-time object classification tasks on edge devices, as they help achieve
a balance between accuracy and efficiency. This research integrates several
state-of-the-art CNN optimization methods into the proposed model, re-
sulting in a lightweight and accurate system that is suitable for deployment

on resource-constrained edge devices for real-time inference applications.

2.8 Different options to enhance the infer-

ence speed.

As we discussed in section 2.5 the factors contribute to the longest execution
time, few options can be highlighted to improve the speed of execution of a
CNN model such as executing resource changes, minimizing the learnable
layers, minimizing kernel sizes etc. Out of these possible methods the most
suitable and optimum solution is the reduction of complex computations
involved [26]. Although other options affect the speed of execution, due
to the feasibility of implementation and overall performance enhancement,
other methods are not the best options. Improvement of the computational
resources can be achieved through switching to higher processors [31] with
higher clock rates and large cache memory. However, it is not an overall
feasible option as there could be systems with mobile computation plat-
forms with low computation power such as Raspberry pi [28]. It is thus
highly expected a versatile solution valid for any system irrespective of the
resource availability. Application of hardware accelerators [111] are suitable
for devices with peripheral connectivity. The use of GPU devices [73] [74]
offer faster computations involved in convolutional as well as dense layers.

However, the power consumption [112] being a limiting factor for mobile
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devices such as service robots, UAVs etc. In terms of architectural modi-
fications or optimizations, which are related to the model parameters and
directly related to the inference. Most relevant modifications are discussed

below.

1. Architectural modifications of the Model: the execution time can
be reduced significantly by reducing the number of layers [26] and
parameters involved during the complex computation steps. Ideally
the convolutional layers and hidden layers contribute to the largest
inference. However unnecessary reduction of layers may lead to the
accuracy of model and thus the selection should be wisely made with
trial and error as there’s no rule to be followed. Choosing an efficient
architecture with guaranteed performance is a wise selection before

any convolutional neural network related activity.

2. Model filter pruning: reducing filter parameters such as weights re-
sults in reduction of computation burden. If unnecessary filters are
present, removal of such filters reduces the model size and thus the

overall computations.

3. Kernel optimizations: using optimum kernels compatible with deep
learning libraries and hardware specific libraries results in speeding
up the process as the optimum computations are selected by the

libraries.

The hardware resources can also be changed to enhance the processing
speed [31] [76] of a convolutional neural network. Due to the physical com-
ponent changes it is an expensive option for speed enhancement. However

most relevant hardware resource related modifications are presented below.

41



2.8. DIFFERENT OPTIONS TO ENHANCE THE INFERENCE
SPEED.

1. Application of hardware acceleration: rather standalone central pro-
cessing unit, a graphical processing unit GPU [80] [31] or a tensor
processing unit TPU which offers more computation power remark-
ably reduces the time consumed for processing complex computations
involved. The presence of such devices not only speeds up the execu-
tion of the CNN but also reduces the time taken during training of

the neural network model.

2. Batch processing: During the execution of the network model, pro-
cessing the data in larger batches reduces the time consumption
significantly. It is advantageous in parallel execution on hardware
through techniques such as multi-threading and multi-core process-
ing. However, batch processing requires adequate memory allocation

which is another expensive option.

3. Dedicated inference engines and hardware: certain hardware plat-
forms are blended with sophisticated inference engines such as NVIDIA
[31]. Use of such inference engines which are optimized can acceler-
ate the computations and thereby reduce inference time. Upgrading
the computation hardware is also an expensive option where overall

performance can be enhanced.

4. Parallelism: Presence of multiple computation devices or multiple
CPUs [77] can offer two types of parallelism. Model parallelism,
where a large network model can be split into multiple processors and
process different sections of the network model concurrently. Data
parallelism on the other hand, divides the input data across mul-
tiple devices or processor units and processes them simultaneously.
Thereby the overall process will be enhanced and thus reduce infer-
ence time. However, it is necessary for multiple devices or processors

to be available.
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2.9 Scientific approaches to enhance the pro-

cessing speed of CNNs.

There are various attempts made by researchers to enhance the execu-
tion speed of a CNN [84] [85] [111] [113-118]. As explained in previous
section 2.5 and section 2.8 the root causes for the network model’s exe-
cution time and how they can be mitigated by model architectural and
hardware changes [113] [111] [119]. In this section various attempts made
by researchers are discussed, which supports the explanation in previous
chapters. Even though hardware resource related modifications are effi-
cient, due to the cost of operation architectural modification has been a
major research trend. Dimensional reduction leads to fast processing as
there were deduction of computations involved which we described in sec-
tion 2.8. L.F. Brillet et al [72] demonstrated the effect on dimensional
reduction of CNN. Comparison of novel CNN architectures such as YOLO
with performance matrices presented in [28-30] [40] [80] [83] [31] [120-122].
In addition to quantization and model parameter pruning techniques to
reduce computation complexity, principal component analysis has been
adapted. Replacing filters in multiple layer network, allowing reduced
weights and thus computations needed less storage resulting overall en-
hancement on inference time. With respect to the architectural modifi-
cations [30] [40] [123] [124], essentially convolutional and fully connected
layer modifications, a novel approach of speeding up CNN by image pre-
processing and post-processing [73] developed by T. Fukagai et al. Speeding
up of the classification process by reducing the exploration of the CNN [75]
was developed by J. Pasquet et al where a support vector machine com-
bined to feature maps of the CNN and thereby reducing unnecessary time

taken by the CNN. Speed up of CNN used for object detection in real-
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time video application [26] by combining region proposal algorithm with
sophisticated network model, Faster R-CNN [122] demonstrated by T.M.
Phuong and N.N. Diep. A novel approach for fast inference has been pro-
posed by S. Durvasula et al for the application of event cameras. Reduction
of computations by looking into consecutive input tensors [25] where only
small difference present for input camera and thus reducing large number of
floating-point computations. Reducing unnecessary computations had led
them to speed up inference up to 1.5 times. Another network model archi-
tectural change has been presented by J Pang et al for the fast detection of
tiny objects in large scale remote sensing images [78]. It is important to ac-
curately measure the inference latency of a deep neural network. L.Y Zhang
et al presented a novel approach for determination of inference by dividing
to kernel level [79]. The importance of hardware resources to reduce the
inference time has been highlighted by Y. Yue et al for the work in speed
up neural network training using supercomputer [76] where the data paral-
lelism performed on multiple processing units. Their results comparatively
demonstrate the effect on speed up of the performance as the processing
units changed. A. Lavin and S. Gray have extensively discussed the im-
portance of Graphical Processing Unit and optimized libraries developed
novel fast algorithm for the convolutional neural networks [30]. A similar
approach can be seen in fast convolutional network evaluation [31] by N.
Vasilache et al for their comparison of performance profile of convolutional
neural networks. Their optimized library cuFFT [31] has demonstrated 1.4
— 14.5 times speed up in CNNs. With the presence of more convolutional
layers and dense layers neural networks termed as deep neural networks
which offers better generalization capabilities [125]. Comparison of Deep
neural network (DNN)s with their performances and proposals for accelera-
tion are presented in [123-127]. Mathematical optimizations and enhance-

ments for deep neural networks are discussed in [81,82,112,128] presenting
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shift and accumulation unit which is efficient compared to multiply and
accumulate unit. One of the possible methods to speed up the execution
of CNN models is optimization of computations involved [112]. Reduc-
tion of unnecessary Multiply and accumulate (MAC) operations [129-132]
being one of the major research areas in CNN optimization. Efficient fea-
ture activation and extraction methods [133-135] and normalization func-
tions [136] [137] are important factors in optimized neural network. Every
CNN architecture’s common structural element and underlying mathemat-
ical explanations are extensively discussed in I. Goodfellow [4]. Another
aspect of enhancing classification accuracy by optimizing nodes in dense
propagation [138] [6] [139] which overcomes the overfitting. Optimizations
in fully connected layers and activations also enhance generalization capac-
ity [140-142] which results in reduction in complex computations. Perfor-
mance of convolutional neural networks can be improved with optimization
of computations as presented by A. Hazarika et al where the computations
involved considered as multiply and accumulate (MAC) operations which
repeatedly appears across the different layers. Due to the presence of high
precision floating point computations on training as well as inference deep
neural networks are computationally expensive [128] [143]. A novel ap-
proach to reduce computations viewed as multiply and accumulations by
reducing large models into smaller models and optimizing weights [128].
Reduction in MAC operations in convolutional layers presented by J Chang
et al for speedup deep neural networks resulting in 28% Increase in inference
speed [132] within accelerator environment. Table 2.2 presents comparison
of different convolutional neural network models along with their learnable
parameters and MAC operations for the convolutional and fully connected

layers.
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Table 2.2: Comparison of CNN Models: Parameters and Operations

Model Parameters| CONV | FC Operations| CONV | FC
(%) (%) (%) (%)
AlexNet 61.0M 3.8 96.2 | 725M 91.9 8.1
VGG-16 138.0M 10.6 89.4 | 15,484M 99.2 0.8
GoogLeNet | 6.9M 85.1 14.9 | 1,566M 99.9 0.1
ResNet-50 | 25.6M - - 3,900M - -

The drawback in convolution operation as a dot product of two vectors at
the convolution layers [144] [145] was highlighted and the solutions pre-
sented for this issue was broadly on two streams software optimizations
and hardware optimizations [146]. In terms of hardware speedup of the
CNNs inference various approaches have been suggested such as Field pro-
grammable gate array (FPGA) based MAC unit designs [145] for higher
degree of parallelism. Another approach to speed up inference by reduc-
ing off chip memory access [144] while achieving minimal resource utiliza-
tion. Design of Approximate MAC unit had been presented by Hang Xiao
et al for the purpose of CNN acceleration ensuring fast and accurate re-
sults. The design was taken into consideration of distribution probabilities
of weights and activations and developed on 4:2 compressor and Dadda
multiplier [143]. Even though the FPGA based CNN speedup approaches
are hardware based and are not relevant for proposed network model de-
sign, the weaknesses associated with convolutional neural network were
highlighted. One of the approaches for speed up CNNs inference through
the model architecture enhancements. Various research focused on par-
allel implementation on deep networks to reduce the inference time as
multiple processors can compute concurrently. Most of the cascaded ap-

proaches [147-149] are best suitable for extraction of features concurrently
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and thereby reduce the total time for inference. K Wang et al proposed
a human face detection based on fast region based convolutional neural
network (Fast R-CNN) adapting pRectified linear unit (ReLU) [149] for
multistage detectors achieving impressive results. Similar application of
cascaded feed forward network can be found in [150] for the application of
plant species identification using flower images. R Raid et al have adapted
model parallelism as well as data parallelism for biometric identification
purposes [151] which presents attempt on adapting cascaded architectures
for enhanced performance of CNNs. Another adaptation of Fast R-CNN
for cascaded operation by Yu Li et al for the defect detection on fabrics in
textile industry [152] with impressive accuracy in defect detection. Cascade
R-CNN [153] presented by Z Cai et al have made a significant impact on
multi-object detection in real time as compared with other two stage de-
tectors and thus adapted in various research [152] [154] [147]. Both model
parallelism and data parallelism are important concepts in CNN training
on large datasets. Parallelism leads to effective utilization of computational
resources and producing classifications with improved accuracies. However,

it does not propose improvement in speed up of inference.

2.10 Lightweight CNN architectures

Lightweight CNN architectures are designed to offer benefits such as re-
duced computational costs, low power consumption, and a smaller memory
footprint, while maintaining competitive accuracy. These features make
them ideal for deployment on resource-constrained devices, such as edge

devices.

Common design techniques used in the development of lightweight CNN
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models include depthwise separable convolutions, inverted residual blocks,
and compound scaling. The key principle guiding these designs is to mini-
mize the number of arithmetic operations and memory usage, both of which
are critical factors for inference time and energy consumption, especially

in embedded environments.

Reducing inference time is one of the key advantages of lightweight de-
signs, which can be attributed to several factors. Depthwise convolution
minimizes the number of mathematical multiplications and additions, lead-
ing to a decreased computation time. In their work, Sandler et al [98]
introduced inverted residuals and linear bottlenecks in MobileNetV2 to en-
hance feature reuse, resulting in fewer floating-point operations (FLOPs)
and reduced memory access. The following version, MobileNetV3, devel-
oped by Howard et al [155] utilized neural architecture search (NAS) and
lightweight attention modules to further optimize the balance between la-
tency and accuracy for mobile CPUs. EfficientNet, created by Tan and
Le [156] demonstrated that careful compound scaling of depth, width, and
resolution can produce more accurate models that are computationally ef-
ficient compared to standard scaling methods. A smaller model with fewer
parameters leads to reduced memory traffic, which in turn shortens infer-

ence time.

Considering energy consumption, lightweight designs often contribute to
greater energy savings due to their reduced computational needs, mini-
mized memory movement, and compatibility with low-power hardware. Yi
et al [157]. demonstrated that depthwise accelerators can lower energy
consumption, achieving an energy efficiency of 11.13 TOPS/W. They also

noted that reduced intermediate data access leads to decreased latency.

Nagel et al [158] illustrated how quantization enhances energy efficiency,
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showing that INTS8 quantization significantly lowers inference power con-
sumption while causing minimal accuracy degradation, making it suitable
for embedded environments. Husom et al [159] emphasized the importance
of quantization, which notably reduces energy consumption in large lan-

guage models tested on Raspberry Pi.

Rossi et al [160] adapted depthwise convolution with early downsampling,
resulting in a lightweight model with reduced complexity while preserv-
ing high accuracy, tested on low power edge devices such as the Jetson
Nano and Raspberry Pi. This showcases the effectiveness of lightweight
CNN models in energy constrained environments. These results show that
lightweight CNNs reduce inference latency and energy consumption, en-
abling real-time use in power constrained applications like service robots,

[oT devices, and mobile systems.

2.11 Energy efficient CNN architectures

Energy efficient Convolutional Neural Networks (CNNs) are a significant
advancement in deep learning, making it possible to deploy intelligent vi-
sion systems on battery powered and resource constrained edge devices.
These devices include smartphones, microcontrollers, drones, wearables,
and Internet-of-Things (IoT) sensors. As demand for on device artificial
intelligence increases driven by the need for low latency, privacy, and of-
fline operation the energy cost of inference has become a primary design
constraint. Recent studies emphasize optimization techniques such as prun-
ing, quantization, lightweight architectures, and hardware-aware design as

essential components of modern optimization strategies.

Numerous studies have demonstrated the effectiveness of various methods
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in reducing computational costs, inference latency, and power consumption
on constrained devices. For example, Salar et al [161] showed a significant
energy enhancement of 72% with a novel MAC layer in their proposed ar-
chitecture for edge devices, all without sacrificing accuracy. Meanwhile, Ju
et al [162] introduced TripleNet, a lightweight CNN architecture tested on
the CIFAR-10 and Street View House Numbers (SVHN) datasets. This
architecture achieved a 15-30% reduction in latency compared to standard
networks like MobileNet and EfficientNet when tested on a Raspberry Pi
device. Similarly, Sui et al [163] proposed a hardware friendly pruning
and quantization framework that resulted in substantial energy savings
on FPGA platforms, highlighting the cross platform relevance of such opti-
mizations. Naveen and Kounte [164] emphasized that their proposed three-
stage pipeline, which incorporates pruning and quantization, has led to a
22.7% improvement in latency and a 29.4% increase in energy efficiency
when applied to the YOLO V3 model. This approach is also suitable for
deployment on IoT edge devices. Liu et al [165] introduced a lightweight
model for feature extraction in visual simultaneous localization and map-
ping systems, achieving an impressive 88.3% reduction in model size, which
resulted in a 22% increase in energy efficiency compared to state-of-the-art

models.

Additionally, while discussing the advantages of model compression, Jayasimhan
and Pabitha [166] pointed out a significant drawback of current pruning
strategies: the permanent loss of weights due to filter pruning. They ad-
dressed this issue through a two-phase pruning technique, which achieved a
57% reduction in FLOPs with only a 0.08% degradation in accuracy. Weight
quantization is a technique that aims to the computational complexity of
convolutional neural networks (CNNs) while maintaining accuracy. How-

ever, the value locality of quantized filter weights can lead to computational
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redundancy. Ghanbadri and Modarressi [167] proposed a novel architec-
ture that eliminates this redundancy. Their approach has achieved energy
efficiency improvements of 10.5% to 20.9% and latency reductions of 13.4%

to 41.6% compared to standard CNN models.

In addition to the benefits of energy efficient CNNs mentioned above, there
are challenges and trade-offs that must be addressed, such as accuracy loss,
design complexity, and deployment issues. These challenges require rigor-
ous experimental analysis. By designing a model that aligns with the target
hardware constraints such as memory bandwidth, precision support, and
compute capacity, energy-efficient CNNs can achieve real-time performance
with minimal power consumption. This often results in lower energy usage

per inference, enabling sustainable operation on edge devices.

2.12 Benchmarking and evaluation matrices

of CNNs

Convolutional Neural Network (CNN) benchmarking is a systematic pro-
cess for evaluating and comparing deep learning models. The entities con-
sidered in these evaluations are the assessment metrics. Benchmarking
and evaluating CNNs require a comprehensive approach that takes into ac-
count both algorithmic accuracy and system-level efficiency, especially for

real-time applications on edge and embedded platforms.

Standard accuracy metrics, such as Top-1 and Top-5 classification accuracy,
are fundamental indicators of predictive performance. In tasks involving
imbalanced datasets or detection, metrics like precision, recall, and F1-score

are often used to better capture error sensitivity [168]. However, accuracy
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alone does not suffice for practical implementations. Latency, defined as
the inference time per sample, is critical in time-sensitive applications like
robotics and autonomous driving, where delays of just a few milliseconds

can negatively impact system responsiveness [169].

Throughput, commonly measured in frames per second (FPS), evaluates
the system’s capacity under continuous load and supports latency assess-
ment, particularly in high-volume scenarios like video analytics. Energy
consumption and memory footprint are also crucial on edge devices, where
battery limitations and restricted RAM /storage impose significant con-
straints. Research has shown that optimized CNNs can achieve up to 45%
lower energy consumption on devices like the Raspberry Pi and Jetson

Nano without a substantial loss in accuracy [170].

Further metrics, such as model size (parameter count), computational com-
plexity (FLOPs or MACs), and quantization levels (FP32, FP16, INTS),
are often reported as proxies for deployment costs. However, these metrics
do not always correlate directly with real-world latency due to interactions

between hardware and software [171].

Therefore, comprehensive benchmarking requires multi-dimensional evalu-
ation: accuracy for effectiveness, latency and throughput for responsive-
ness, and energy and memory considerations for sustainability, along with
trade-off analyzes across these dimensions. Recent studies highlight the
importance of reporting device specifications, batch sizes, and optimiza-
tion strategies (e.g. pruning, quantization, cascaded inference) alongside
metrics to ensure reproducibility and fair comparisons [172]. In addition
to these evaluation measures, percentile tail latency, first introduced by
Theodoros et al [173] measures the worst delays experienced by a fraction

of inputs, as stated in [174]. Software overhead is another important met-
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ric, as the overhead from frameworks, libraries, drivers, and data transfer
can significantly impact inference time and energy consumption. As men-
tioned in [175], benchmarks often compare different frameworks. The char-
acteristics of the platform are also crucial, as they affect all metrics. This
includes factors such as CPUs, GPUs, Neural Processing Units (NPUs),
clock speeds, and memory bandwidth. The selection of these evaluation
metrics ultimately depends on the specific requirements of the application

and any design constraints.

2.13 Cascaded CNN architectures

Cascaded convolutional neural network is an architecture which stacks
more than one CNN in a sequential manner. Each CNN in the stack
refines the predictions of the previous network model. Cascaded CNN
architectures are particularly useful in hierarchical processing and refine-
ment which produces more concise results as an artificial neural network.
Cascade CNNs have been used in various applications such as object de-
tection [147] [150] [153] [154] facial landmark detection [149] [151] [176],
medical imaging [177] [178], pedestrian detection [179]. Feature pyramid
network has been adapted in improved cascade R-CNN [152] by Y. Li and
Z.W Wang for defect detection in textile industry. Considering the ear-
lier attempts for the cascaded CNN architectures, M.W Hirsch [20] has
described extensively the importance of the convergence of the cascaded
neural networks with supported mathematical elaboration to the concept
of cascading of the network. J. Huang et al [16] has presented adaptation of
cascaded CNN for automatic modulation identification in communication
systems with an impressive classification accuracy. Application of recur-

rent neural networks in cascaded architecture presented in [17] and [1§]
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highlighting the efficiency and robustness. Cascaded feature extraction on
Bi-LSTM architecture [17] for the purpose of emotion identification based
on EEG signals conducted by Y. Luo et al highlighting the accuracy of the
results. S-Y. Sun et al [19] have successfully demonstrated the applicabil-
ity of memristor based neuromorphic computation units in cascaded form.
Y. Ren and B. Wang [21] have presented 3-layer CNN as a weak classi-
fier assisted with Adaboost algorithm where cascade in stages producing
better performance compared with linear SVM classifiers in terms of ac-
curacy and detection speed. T. Shen and D. Zhu [22] have demonstrated
the effectiveness of layered cascade in constructive neural networks. A.J.
Dhanaseely et al [23] have adapted cascaded feed forward neural network
for face recognition system where its performance analysis clearly stating
improved detection accuracy compared with standard feed forward neural
network models. Research work conducted by Z. Lu and C. Tang [24] high-
lighted the importance of training samples in cascaded back propagation
networks. The generalization capacity enhancement from the cascading
architectures further explained by Z. Cai and N. Vasconcelos [153] work on
RNNs where cascaded architecture has overcome the problem of overfit-
ting. It also highlighted the applicability of cascaded architecture to many
object detection models. Impressive generalization accuracies [16], fast in-
ference [21] and applicability to object detection architectures [153] [180]
influenced this research work to apply two stage cascaded architecture for

further analysis.
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2.14 Advantages, Challenges and Applica-

tions of Cascaded CNN architectures

Cascaded Convolutional Neural Networks (CNNs) provide notable advan-
tages over traditional CNN architectures, especially in real-time or resource-
limited environments like embedded systems and edge devices. The key
idea behind a cascaded architecture is to process inputs through multiple
stages, enabling the system to make early and confident predictions. This
staged approach offers several significant benefits, which are discussed be-

low.

1. Reduced inference time: One of the most significant advantages of
cascaded CNNs is their ability to reduce average inference time. A

)

large portion of real-world data comprises ”easy” inputs, which can
be accurately classified by the initial lightweight stages of the net-
work without engaging the deeper layers. As a result, the system
can process the majority of inputs quickly, with only a small sub-
set requiring full network evaluation. According to the results pre-
sented in [181], the adaptive computation mechanism can increase

throughput by over 50% in some cases compared to single deep CNN

baselines, all without a significant loss in classification accuracy.

2. Resource efficiency: By avoiding redundant computations for simple
inputs, cascaded CNNs significantly lower the number of multiply
accumulate operations and the associated memory traffic. This re-
duction leads to decreased energy consumption, which is especially
beneficial for edge devices and mobile systems that operate under
strict power constraints. Studies have shown that cascaded architec-

tures can reduce energy usage by 30-40% compared to single stage
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networks while maintaining similar accuracy levels. This makes them
an attractive option for deployment in battery-powered devices, such

as guidance robots and [oT cameras.

. Improved accuracy latency trade-off: One significant advantage of
cascaded CNNs is their ability to establish tunable confidence thresh-
olds, allowing for a balance between accuracy and latency. These
confidence thresholds can be adjusted at each stage to determine
whether a sample should exit early or continue to the next stage.
In scenarios that require high responsiveness, the thresholds can be
tightened to maximize speed, which may result in a slight decrease
in accuracy. However, in tasks where accuracy is critical, the thresh-
olds can be relaxed to ensure that more samples progress to deeper
stages. Alexandros et al. [73] emphasized that this runtime adapt-
ability gives system designers the flexibility to dynamically optimize
performance according to application requirements or hardware con-
straints. Additionally, Alexandros et al [182] pointed out the value
of variable operating points, noting that they make cascaded sys-
tems particularly useful for changing requirements, such as switching
between battery-saving modes and high accuracy modes. Such adap-
tive policies can be employed to meet service level objectives in a
dynamic manner. Zhaowei and Nuno [183], [184] presented a two-
stage cascaded recurrent model that significantly improved detection
quality while minimizing overfitting and the mismatch between in-
ference time and quality.Sun et al. [185] reported that their cascaded
faster recurrent CNN model outperforms the state-of-the-art faster

R-CNN model in classification accuracy.

. Suitability for edge environment deployment: Cascaded CNNs are

particularly effective in heterogeneous environments where compu-
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tational tasks are distributed across various hardware units. The
lightweight initial stages can be executed on a CPU or a low-power ac-
celerator, utilizing parallel processing elements that can handle mul-
tiple threads. This setup speeds up the overall inference process since
the cascaded layers can be executed across separate CPU cores. De-
pending on the load and energy budget, thresholds can be adjusted to
enable early exits with greater confidence while maintaining accuracy.
Nicholas et al. [186] demonstrated a similar approach in distributed
inference using Raspberry Pi, highlighting the edge compatibility of

the cascaded architecture.

While the benefits of the cascaded CNN architecture are evident, it also
presents challenges that need to be addressed. These challenges range from
algorithmic design to considerations for systems operating in real-time and

resource-constrained environments.

1. Confidence threshold and error propagation: A significant challenge
in cascaded CNNs is determining the appropriate confidence thresh-
olds for early exits. If these thresholds are set too aggressively, the
system may misclassify inputs by exiting too soon, leading to errors
that later stages cannot correct. However, if the thresholds are set
too conservatively, the advantages of cascading are diminished, as un-
necessary inputs are sent to deeper and more costly stages. Achieving
a balance between accuracy and efficiency through threshold calibra-
tion is a complex task that requires careful tuning and validation on

representative datasets.

2. Increased training and complexity: Unlike single CNN models, cas-
caded architectures require careful design across multiple stages, in-

cluding consideration of their structure, depth, and precision. Each
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stage can be trained either independently or jointly; however, achiev-
ing complementary learning among them presents challenges. Joint
optimization may lead to instability during convergence, whereas in-
dependent training could result in redundancy or performance im-
balances between the stages. Additionally, training cascaded models
often requires extra labeled data to calibrate exit policies, which in-

creases the development overhead.

3. Challenges in Hardware Implementation: While cascades are concep-
tually efficient, their irregular execution flow characterized by con-
ditional early exits creates challenges for hardware accelerators like
GPUs and FPGAs, which are optimized for batch-parallel workloads.
Divergent execution paths resulting from confidence-based branching
lead to reduced efficiency in hardware utilization. For instance, on
FPGAs, implementing multiple stages with varying precision levels

complicates resource allocation and pipeline scheduling.

Cascaded CNN architectures are well-suited for a variety of real-world ap-
plications because of their benefits, which include efficiency, accuracy, and
scalability. Their staged structure enables early exits for simpler cases
while allowing deeper processing for more complex inputs. This makes
them particularly effective for tasks that require real-time performance on
resource-constrained devices. Below are some notable applications of cas-

caded CNN architectures.

1. Real-time robotic and guidance systems: are one of the most impor-
tant applications of cascaded CNN architecture. One of the earli-
est and most impactful applications of cascaded CNNs is in object
detection. Cascade based approaches such as Cascade R-CNN pro-

gressively refine region proposals using multiple stages with increasing
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Intersection over Union (IoU) thresholds, resulting in significantly im-
proved detection accuracy compared to single-stage detectors [187].
Similarly, cascaded face detection models, including the Multi-task
Cascaded CNN (MTCNN), achieve robust detection under challeng-
ing conditions such as occlusion and varying illumination by filter-
ing easy negatives in early stages and refining detections in later

ones [188].

. Face recognition and biometrics: Cascaded Convolutional Neural Net-
works (CNNs) are commonly used for tasks such as face alignment,
recognition, and liveness detection. The cascaded design enables
early rejection of non-face regions through lightweight classifiers [188],
while deeper models manage more detailed recognition tasks. This
strategy enhances efficiency in large scale biometric systems [189], in-
cluding surveillance and access control, where rapid and reliable face

identification is essential.

. Medical Imaging and Diagnosis: In healthcare, cascaded Convolu-
tional Neural Networks (CNNs) are utilized for various tasks, includ-
ing tumor detection, lesion segmentation, and disease classification.
The initial stages of these networks quickly filter out normal cases
or those that are easy to classify, while the later stages focus on
providing a more detailed analysis of suspected abnormalities. This
method not only accelerates the diagnostic process but also light-
ens the workload on resource intensive imaging systems. Remarkable
accuracy and performance have been demonstrated in applications

across dermatology [190], ophthalmology [191], and radiology [192].

. Surveillance Systems: In large-scale video analytics, cascaded Con-
volutional Neural Networks (CNNs) facilitate efficient processing by

filtering out easy background frames in the initial stages. This allows
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only suspicious or ambiguous regions to be forwarded for deeper anal-
ysis. This hierarchical filtering mechanism helps surveillance systems
maintain real-time performance by directing resources toward rele-
vant events. Notable applications of cascaded CNNs include object
detection in surveillance [193] and anomaly detection in surveillance

video [194].

Cascaded CNN architectures are utilized in various fields, including com-
puter vision, speech processing, healthcare, and edge computing. Their
capacity to balance accuracy, latency, and energy efficiency makes them
especially suitable for real-time applications that require resource manage-
ment and high throughput. These qualities contribute to their increasing

adoption in both industry and research settings.

2.15 Chapter Summary

This chapter provided a comprehensive review of the existing literature
related to the world of convolutional neural networks with a particular
focus on the CNN’s execution, layers, mathematical operations. It be-
gan with basics of convolutional neural networks architectures, evolution
efficiency, limitations and various types factors affecting inference speed.
subsequently the chapter examined the inference time enhancement meth-
ods, their applications, and performances. Various researches focusing on
inference speed improvements have been discussed with the mathematical
operations involved in CNN architectures and their optimizations. The
literature review identified the gaps in current research including compu-
tation complexity over the increasing depth of the network model. The

chapter concluded by justifying the need of computational optimizations
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to enhance the inference speed of a CNN model. light weight CNNs involved
lesser number of complex computations to produce its generalization com-
pared to lengthy dense networks offering similar accuracy. These findings

formed the foundation for the methodology proposed in chapter 3.

61



CHAPTER 3

Methodology

Contents
3.1 Introduction to the Chapter . . .. ... ... .... 64
3.2 Motivation to the novel approach . . . ... ... .. 65
3.3 AlexNet overview . . .. .. ... ... ........ 67
3.4 Proposed Cascaded CNN architecture . . . . . .. .. 70
3.5 Main network architecture . . . . ... ... .. ... 74
3.6 Secondary network architecture . . .. ... .. ... 76
3.7  Major CNN layers and operational principles . . . . . 77
3.7.1  Convolutional Layer . . ... ... ... .... 77
3.7.2  Activation function . . . .. ... ... L. 86
3.7.3 Normalization of the intermediate results . . . . 91
3.74 Pooling layers . . . . .. ... ... ... ... 93
3.7.5 Dropout layer . . . ... ... ... ... .... 95
3.7.6  Fully connected layer . . . . .. ... ... ... 101
3.77 SoftMax layer . . . ... ... ... ... ... 103
3.7.8  Depth concatenation layer . . . .. ... .. .. 105

62



3.8 Methodology . . . . . . ... ... ... ... ... 106

3.8.1 Computations involved in Convolutional layer . 107
3.8.2  Determination of complex computations in Con-
volution layer . . . . . .. ... ... ... ... 109
3.8.3 Importance of analysis of feature maps . . . . . 112
3.8.4 Computations in secondary network . . . . . . . 112
3.8.5 Computations from the ReLLU activations . . . 115
3.8.6 Computations from Maxpool layer . . ... .. 115
3.8.7 Computations from Fully connect layer . . . . . 117
3.9 Implementation . ... ... ... ... ... ..., 118
3.9.1 MATLAB implementation and deployment . . . 121
3.9.2 Testing methods. . . . . ... ... ... .... 126
3.9.3 Inference time measurement . . . . . ... ... 126
3.9.4  Execution speed measurement using profiler tools128
3.9.5 Hardware testing . . .. ... ... ... ... 130
3.10 Proof of the concept . . . . . . .. ... ... ... .. 134
3.10.1 Determination of computations involved in AlexNet
convolutional layers . . . . . .. ... ... ... 135
3.10.2 Determination of computations in AlexNet ReLU
layers . . . . . . . 140
3.10.3 Determination of computations in AlexNet Max-
poollayers . . . . . .. .. .. .. 141
3.10.4 Determination of computations in AlexNet Fully
connected layers . . . . . ... ... ... .... 143
3.10.5 Execution time measurement . ... ... ... 146
3.11 Chapter Summary . . . . . . . . .. ... ... ... 150

63



3.1. INTRODUCTION TO THE CHAPTER

3.1 Introduction to the Chapter

This chapter outlines the research methodology and system design frame-
work used to develop the proposed cascaded convolutional neural net-
work (CNN) model for real-time image classification on edge devices. The
methodology aims to achieve an optimal balance between classification ac-
curacy and inference speed, while addressing the computational limitations
of embedded platforms like the Raspberry Pi. The research process inte-
grates algorithmic design, architectural optimization, and empirical eval-
uation to create a lightweight yet high performing model that is suitable
for mobile and robotic applications. The proposed approach’s overall work-
flow, illustrated in Figure 3.2, outlines the sequential research stages of this
study. The process begins with data acquisition and preprocessing, fol-
lowed by the design and implementation of the main Convolutional Neural
Network (CNN), which conducts initial classification using a multi-branch
convolutional architecture. A confidence threshold mechanism is employed
to determine whether the prediction is reliable enough or if it requires fur-
ther refinement by a secondary CNN subnetwork. This cascaded structure
optimizes computational resource use by activating deeper layers only for
uncertain predictions. Finally, the system’s output is sent to a controller
module for downstream decision making, allowing for real-time integra-
tion with intelligent robotic or embedded systems. The methodology used
in this research is primarily experimental and includes both simulation
based testing and hardware level validation. The Convolutional Neural
Network (CNN) model was trained and tested using standard benchmark
datasets. It was then deployed on an edge computing platform to assess
its real-world performance regarding accuracy, inference time, and energy

efficiency. To improve model compactness and responsiveness, several op-
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timization techniques were systematically applied, including efficient layer

design, hardware aware design, layer fusion, and pruning.

3.2 Motivation to the novel approach

Before explaining the new network model in detail, it is important to dis-
cuss the necessity of a new network model which outperforms the standard
feed forward neural network. Considering the number of computations in-
volved during the execution of the network model, which is directly related
to the execution time consumption, thus execution speed. Therefore, it is
necessary to study the computations involved in standard feedforward neu-
ral networks. As explained in chapter 2, the new network model contrasts
with AlexNet [2]. Referring to the explanations in chapter 3.6, the number

of learnable parameters can be listed as shown in Table 3.1 below.

Table 3.1: Learnable parameters of Alexnet

Layer Learnable parameter
Convolution 1 34944
Convolution 2 307456
Convolution 3 885120
Convolution 4 663936
Convolution 5 442624
Fully connect 1 37752832
Fully connect 2 16781312
Fully connect 3 4097000

Total 60961128

Based on the learnable parameters and the number of computations in-

volved, the complete execution time was calculated. The practical value of

65



3.2. MOTIVATION TO THE NOVEL APPROACH

Learnable parameters vs Execution time
160 4
140 3.5

-
o N
o O

w

No.parameters in millions
[ee]
o
N

Execution time in seconds

60 1.5 |
40 1
20 . . 0.5
0 _— 0
VGG16 AlexNet Resnet50  Inception V3 Googlenet

mmmm [ carnable parameters === Execution time

Figure 3.1: Comparison of Learnable parameters with execution time

AlexNet execution was also determined using inference time measurement,
one of the testing methods explained in chapter 3.6, and the values are

presented in Table 3.2 below.

Table 3.2: Comparison of Network Models: Parameters and Execution
Time

No. of Learnable
Network Model Execution Time (seconds)
Parameters (in millions)
VGG16 138 3.804877
AlexNet 61 1.919307
ResNet-50 25.5 2.026292
Inception-v3 23.8 2.818361
GoogLeNet 6.9 0.788366

With the information gathered for the neural network’s complex compu-
tations involved and number of learnable parameters present it was then
considered to determine the available network models and contrast their

performances over the specifications as presented in the Figure 3.1.
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To make a comparison on learnable parameters verses execution time, sev-
eral neural network models which were widely used were selected such as
GoogLeNet, AlexNet, Resnet50, Inception v3 and VGG16. From Figure 3.1
it is much clearer that the time consumed during the execution of the neu-
ral network model was reduced as the learnable parameters were reduced.
The model VGG16 offered the longest time to execute the network and
produce classification output while GoogLeNet offered the least execution
time with least number of learnable parameters. Although the inception v3
model offered slightly more time compared to AlexNet and resnetb0, the
tendency of reduced execution time over deduction of learnable parameters
can be seen. It was highlighted that Google net offered the least execu-
tion time as compared with AlexNet. Inception module architecture has
led the GoogLeNet with variable kernel sizes for the reduction of learnable
parameters and thus complex computation which indirectly results in fast
execution. This result motivated this research to develop a cascaded neural

network model with minimum number of learnable parameters.

3.3 AlexNet overview

With the inspiration from the shallow network architectures, AlexNet is
one of the earliest convolutional neural network models which introduced
the concept of deep network design while achieving significant recogni-
tion from the scientific community over its performances. Ability to clas-
sify large number of object classes over millions of datasets from which it
was trained presented fair enough accuracy compared to the other mod-
els. AlexNet [1] developed by Alex Krizhevsky et al. originally consists
of eight computation layers where five convolutional layers and three fully

connected layers which contribute to the computation parameters. In ad-
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dition to the computational layers, there are image input layers for pre-
processing of the input samples, activation functions, batch normalizations
and dropout layers present which doesn’t contribute for the computation
parameters. AlexNet adapted intermediate activations such as Rectified
and linear unit (ReLU) proposing better solutions for vanishing gradient
problem. Demonstration of the effectiveness of image classification appli-
cations have brought the attention of the researchers and thus popularizing
the new era of deep neural networks. It has motivated the development
of more efficient, sophisticated, and robust neural network architectures
revolutionizing deep neural networks. The massive success of AlexNet can
be elaborated on the following perspectives as explained further below.
Simple yet efficient architecture AlexNet is explained as an eight layer con-
volutional neural network since it consists of eight computational layers.
Instead of a single convolutional layer, a greater number of computational
layers are present allowing the network model to learn more features from
the dataset on which it has been trained thus producing more reliable out-
put. Application of ReLU activation functions, one of the great issues asso-
ciated with shallow networks with many layers was the vanishing gradient
problem associated with traditional activation functions such as sigmoid
where the gradients of the loss function approach zero resulting the net-
work model too difficult in training. Shallow networks with lesser number
of convolutional layers doesn’t encounter with such difficulty but with a
greater number of layers involved such as in AlexNet, training becomes
much more difficult. However, with the use of rectified and linear units,
a clear solution to the vanishing gradient problem allowing more efficient
training on deep neural networks has been successfully produced. Local
Response Normalization (Local response normalization (LRN)) in AlexNet
architecture batch normalizations have been adapted in between consecu-

tive hidden layers to normalize the responses from neighboring channels.
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This has resulted in enhanced generalization and thus robustness into the
network model. Parallel processing and availability of data, AlexNet has
been designed to train on multi-GPU environment thus enabling parallel
processing. Therefore, reducing the network training time significantly and
producing more efficient network model. Since the network’s architecture
with model parameters such as weights and biases along with the layer
details publicly available, motivated more research to further experiment
on this architecture and apply them on without any limits and restrictions.
This has led to the success of later network models inspired by the AlexNet
model. Since the aforementioned advantages have led to the key success
of the network model and inspiration to the later efficient and optimized
network models it is also good to know the limitations associated with
this network. Even though it offers more benefits the limitations have led
us to develop the proposed network model. Some of the key limitations
are discussed below which motivated the proposed network. Computa-
tional complexity, AlexNet architecture consists of five convolutional layers
and three fully connected layers. Each of these layers involved in complex
mathematical computations which resulted in a larger number of learnable
parameters. The massive number of complex computations require large
computation power essentially a Graphical Processing Units (GPU) rather
central processing units (CPU) and more sophisticated memory to store
the results including the intermediate results. Therefore, Alexnet required
sophisticated computer resources to conduct experiments and thus limited
researchers could work on further improvements. Large number of learn-
able parameters, as explained earlier, the AlexNet model has a large number
of learnable parameters from each convolutional layer and fully connected
layer. Especially a significantly large number of learnable parameters were
introduced by the three fully connected layers. This resulted in overfitting

over training of the network model with lesser number of training data.
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Therefore, direct proportion could be observed over number of parame-
ters and number of training dataset to produce more generalized result.
Overfitting, as mentioned earlier, AlexNet model computes large number
of learnable parameters which require sufficiently large number of training
datasets and thus susceptible to overfitting when limited dataset used for
training. When overfitting occurs as the network trained over lesser number
of data, the model tends to learn too well on the fewer data, including the
noise and certain parts such as outliers which reduces the generalization as
the new data is fed for the purpose of classification. Focusing on the above-
mentioned limitations associated with AlexNet motivated this research to
overcome these issues and produce better results out of an efficient network

model.

3.4 Proposed Cascaded CNN architecture

The proposed CNN architecture comprises two stages: the main network
and the subnetwork. To clarify the architecture, a flowchart is provided in
Figure 3.2. This flowchart illustrates the complete operational pipeline of
the proposed cascaded convolutional neural network (CNN) model, which
is designed to achieve real-time and efficient image classification on embed-
ded or edge-based systems. The model operates within a two stage frame-
work, with each stage specifically optimized to balance inference speed,
memory usage, and classification accuracy. Input Data Acquisition and
Pre-processing: The process starts with image acquisition, during which
raw image data is captured from an input source, such as a camera or
sensor system integrated into a mobile or robotic platform. In the input
pre-processing stage, essential operations are performed, including image

resizing, normalization, and noise reduction. These steps ensure a consis-
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tent data representation for the CNN model. The preprocessed image is
then sent to the feature extraction pipeline. main CNN Network (primary
feature extraction and classification stage): The pre-processed input under-
goes initial processing by the main CNN, which extracts hierarchical spa-
tial features through multiple convolutional layers. Conv1 to Conv5: These
layers progressively extract features from low-level to high-level within the
input data. Each layer enhances the depth of feature representation while
reducing the spatial resolution. Convl and Conv2 primarily capture basic
edge and texture information. Conv3 to Convbh focus on more complex
patterns at the object level and semantic structures. After Conv), the ar-
chitecture splits into parallel convolutional branches to represent features
at multiple scales. Conv6, Conv7, Conv8, and Conv10: These four layers
operate concurrently on different receptive field sizes, enabling the extrac-

tion of features at multiple abstraction levels.

Conv8 to Conv9 and Convl0 to Convll: Two sub-branches extend ver-
tically downward to enhance deeper feature learning from the outputs of

Conv8 and Conv10, respectively.

The outputs from all parallel branches (Conv6, Conv7, Conv8, Conv9,
Conv10, Convll) are merged through depth concatenation to produce a

unified feature map that integrates multi-level and multi-scale information.

Fully Connected Layer and Confidence Threshold Evaluation: The con-
catenated feature map is input into a fully connected (FC) layer, which
transforms the high dimensional spatial features into a vector represent-
ing classification probabilities. A confidence threshold mechanism is then
applied to evaluate the reliability of the predictions. If the classification
confidence exceeds the defined threshold, the output is accepted and for-

warded directly to the Final Output Interpreter. However, if the confidence
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falls below the threshold—indicating uncertainty or a potential misclassi-
fication the image is redirected to a secondary CNN network for further
refinement. Secondary CNN Network (Refinement Stage): The secondary
CNN (snConvl — snConvb) serves as a fine-grained classifier aimed at im-
proving prediction accuracy for complex or ambiguous samples. This stage
employs a similar convolutional structure but with fewer layers and opti-
mized filters to reduce computational costs. The outputs from snConvl
through snConvb are processed by a fully connected layer, which generates
the final class scores. This design ensures that only challenging cases re-
quire additional computation, thus decreasing the average inference time
while still maintaining high classification performance. Output Interpreta-
tion and Control Integration: The Final Output Interpreter merges results
from both the main and secondary networks to generate the final classifica-
tion decision. This output is then sent to the next controller module, which
could be linked to a decision-making or actuator control unit in an embed-
ded or robotic application. This integration allows for real-time system
responses, making the proposed architecture highly suitable for guidance

service robots and other intelligent edge devices.

In summary, the proposed cascaded CNN flowchart describes an adaptive
two stage image classification pipeline. The main network enables rapid and
efficient processing for the majority of inputs, while the secondary network
is activated selectively to address uncertain or challenging cases. This
cascaded design significantly reduces computational redundancy, optimizes
inference time, and enhances overall accuracy, providing an ideal balance

for embedded Al systems.

72



3.4. PROPOSED CASCADED CNN ARCHITECTURE

capture image
Input pre-

v ¥ ¥ ¥

Input data-
g

convi0 | | convd | | convy | | convl |
convll | | convd |
¥
Depth

concatenation

Fully connect

Confidence
threshold

Fully connect

| Final outputinterpreter |

‘

To the subsequent
controller
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Figure 3.3: Main network architecture

3.5 Main network architecture

The proposed architecture is explained in the form of two distinct mod-
els. Main network model is explained in new network architecture 1 and
the sub network in new network architecture 2. The main network model
acts as the primary classification source, where the object of interest is
broadly classified into a group of classes from its extracted features. Main
network model is based on feedforward neural network architecture which
offers significant accuracy for trained dataset. The main network essentially
consists of both sparse and dense connectivity to ensure feature maps ex-
tracted from given input image passed through every layer and successfully
connected to last fully connected node having all the other intermediate

operations such as activations and linearization etc.

The main network consists of 35 layers and its arrangement is presented
in Figure 3.3 It consists of twelve learnable layers where 11 convolutional
and one fully connected layer. Starting with a preprocessing layer which
accepts three channel RGB image of size 224 x 224 will be passed down to

the network. There are 11 Convolutional layers of different kernel sizes are
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used in this network where the first convolutional layer with considerably
large kernel size of 11 x 11 with stride of 4 producing 96 feature maps
which are activated by rectification and linearization unit ReLLU where the
activated feature map will be used in next stage of the neural network.
The kernel size for the initial convolutional layer was selected to be large
in order to accommodate more information as the feature maps passed
down through the layers of the network, the kernel sizes are reduced. The
main network architecture’s specifications are listed in Table 3.3 below. To
understand the importance of processing time it is necessary to analyze

the learnable parameters, and their specifications while focusing on their

outputs.
Table 3.3: Main network model specifications
Layer | Kernel | Filters | Strides Output Learnable
Parameters
Convl | 11 x 11 96 4 55 X 55 x 96 34,944
Conv?2 5 X D 256 1 27 x 27 x 256 307,456
Conv3 3% 3 384 1 13 x 13 x 384 885,120
Conv4 3 x3 384 1 13 x 13 x 384 663,936
Convb 3 %3 256 1 13 x 13 x 256 442,624
Conv6 1 x1 32 1 6 X 6 x 32 8,224
Conv7 1 x1 64 1 6 X 6 x 64 16,448
Conv8 1 x1 96 1 6 X 6 x 96 24,672
Conv9 3 x3 128 1 6 x 6 x 128 110,720
Conv10 1 x1 16 1 6 x 6 x 128 4,112
Convll 5 X D 32 1 6 X 6 x 32 12,832
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Figure 3.4: Secondary convolutional neural network architecture

3.6 Secondary network architecture

The proposed architecture consists of two sections as described in chapter
3.2. The secondary network model designed was based on the feed forward
neural network architecture. Inspired by shallow network architecture [1]
2] the sub network model was developed where it consists of 20 layers
with minimum learnable parameters. The six learnable layers where five
convolutional layers and one fully connect layer contribute for the reduction
of computations for the identification of the same object. Neural network’s

layer arrangement is presented in Figure 3.4.

As shown in Figure 3.4 the image input of size 227 x 227 x 3 is applied
to the input data layer which preprocesses the input and generate feature
map as specified to be used in the 2D convolutional layer. With a kernel
of size 11 x 11 applied over the image thus producing feature map of size
55 x 55 of depth 96. Since this intermediate feature map is being used
by the subsequent layers, it is necessary to apply an activation function
to determine which features are to be taken and dropped by the others.
The rectification and linearization unit was used for the activation function
throughout the implementation as it offers linear relationship. Kernel size

of 5 x 5 and 3x3 were applied for the subsequent convolutional layers to
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generate the intermediate feature maps. Even though the kernel sizes were
reduced, the depth was maintained in following convolutional layers to
retain the object information without loss. The subnetwork’s specifications

are listed in Table 3.4.

Table 3.4: Specifications of secondary network model

Layer | Kernel | Filters | Strides Output Parameters
Convl | 11 x 11 96 4 55 X 55 x 96 34,944
Conv2 | 5 x5 256 1 27 x 27 x 256 307,456
Conv3d | 3 x3 384 1 13 x 13 x 384 885,120
Convd | 3 x 3 384 1 13 x 13 x 384 663,936
Convb | 3 x 3 256 1 13 x 13 x 256 442,624

3.7 Major CNN layers and operational prin-

ciples

An overview of the network architecture was presented on chapter 3.4 and
3.5 respectively for a better understanding of the cascaded network model.
However, it is important to present the building blocks of the network and
working principles of each of them. In this chapter important layers from
which the network consists of are explained in detail with their mathemat-

ical explanation of operation.

3.7.1 Convolutional Layer

Convolutional neural networks also known as convnets [5] [8] is neural net-
work type specialized in processing of two dimensional data such as images

demonstrating an astounding success in practical applications. Although
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designed to work with two dimensional data, convolutional neural networks
can be used with one dimensional data such as audio signal which varies
with time are effectively capturing temporal patterns and three dimensional
data such as volumetric images or video in medical imaging analysis [86]
impressively capturing spatial features across the three dimensions. The
convolution layer is one of the fundamental building blocks of any convo-
lutional neural network where most of the significant computations take
place. Convolutional layer involved mathematical operation, convolution
over the input image producing an output for following consecutive layers.
Convolution operation is application of matrix multiplication of input with
a filter, also known as kernel which produces map of activations referred to
as a feature map highlighting the features detected from the input image.
Figure 3.5 refers to the operation principle of convolution where the kernel,
a two dimensional array of weights is moved across the input image which
is an array of two-dimensional data producing convolved feature map from
the corresponding pixels of the input image. Multiplication performed be-
tween input data and weight kernel is a dot product with element-wise

multiplication where the products are summed resulting in one value.

As shown in Figure 3.5 the kernel is moved across the input image with
predefined steps known as strides ideally from left to right and top to
bottom. The parameters associated with the kernel are generated by the
algorithm decided on the loss function which include various steps such
as initialization, training, back propagation, gradient decent optimization
etc. most of the libraries implement the convolution operation by means
of cross-correlation avoiding kernel flipping to maintain commutative prop-
erty associated with convolution. The weight kernel operation results in
intermediate output as shown in Figure 3.6 from LeCun et al [5] clearly

presents the product of input pixels multiplied with kernel resulting in
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Figure 3.5: Convolution operation on input image with a kernel producing
output feature map [4]
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Figure 3.6: Output feature map generation from input image with weighted
kernel [5]

feature map.

Figure 3.6 presents an input image essentially a color image is applied to
the network model as the input. At the input data layer, which serves as an
entry point of the network model performs preliminary tasks before passing
through the rest of the layers of the network. At the image input layer, the
pixel intensities read into multi-dimensional arrays typically 3-dimensional
representing height, width, and color channel. The extracted arrays of data
are then normalized using techniques such as zero center, zscore, etc. to

perform on channel wise or element wise.

Figure 3.7 presents an input image to the network model which is a color
image of any size (image shown is 509x360 pixels) of 3 channels. The
first output from the image input layer for the given input is presented in
Figure 3.8 which consists of 4 tiles where each tile represents the resized
input image to the size (224x224) after initial normalizations from 3 color
channels. The first tile at (1,1) represents the red channel output and tile
at (1,2) represents the green channel output. The bottom left tile at (2,1)
represents the blue channel output. fourth tile at (2,2) was kept blank since

we considered processing only 3 color channels from the input. This can be
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Output of image input layer

Input image

Figure 3.7: Input image to the net-

work(left).
(left) Figure 3.8: Output of the image in-

put layer (Right)

further extended to full occupancy in case adaptation to 4 channel inputs
such as CMYK used in the printing industry. For a better understanding of
color channel separation, Figure 3.9 represents a color cube image applied
to the image input layer. Corresponding output form layerl is presented

with label for each channel output.

The normalized input from the image input layer is then applied to the
first convolutional layer. Convolution operation was performed for the
input image of size (224x224) received from the image input layer with
a kernel of size (11x11). The convolution operation resulted in generation
of output feature map of size (55x55). Since there are 96 such filters applied
to the input image, the output feature map consists of 96 output feature
maps accordingly. Figure 3.8 represents the output feature map of the 1st

convolution layer of the network.

The output feature map shown in Figure 3.10 consists of 100 tiles (10x10)
where the last four tiles are blank since there only 96 feature maps. Since
the layer convl which is the first convolution operation over the input

image, the features extracted can be clearly seen in each output feature
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Input image

Output of image input layer

Figure 3.9: color cube input image(left), corresponding output from the
image input layer(right)

Convolutional layer output

Figure 3.10: Output feature map of 1st convolution layer
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Convolution layer 2 output

Figure 3.11: Feature map of 2nd convolution layer

map. Since convl layer uses 96 filter kernels to be operated over the input
image, each filter is different from the other. Hence in the output feature
maps, a clear distinction can be observed. The parameters used within
the filter kernel are determined by the algorithm used during the training
process. Therefore 96 output feature maps are different from each other.

Figure 3.11 represents the output of the 2nd convolution layer.

Input to the conv2 layer is of size (55x55) which is the feature map gener-
ated from convl layer. The filter kernel used at conv2 layer of size (5x5)
where the filter kernels were divided in to two groups of size 128 each, re-
sulting in total of 256 filters. Those 256 filter kernels were moved across the
input feature maps generated at convl layer finally producing 256 output
feature maps. Those 256 feature maps were presented in output feature

map of size (16x16) as shown in Figure 3.11.

With the fundamental definitions of convolution of two functions w(x), g(z)
abiding the properties of Fourier transforms can be mathematically repre-

sented in Equation 3.1.
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(w + g)(z) = /_oo w(t) gz — 1) dt (3.1)

[e.9]

Since convolution is commutative which is represented with asterisk the

result is written as denoted in Equation 3.2.

s(x) = (w* g)(x) (3.2)

In computer convolutional neural networks, the first argument of convolu-
tion referred to as input (g), second argument is kernel (w) produces the
third argument output (s) which is also referred as feature map. Since
convolutional neural networks are implemented in digital computer envi-
ronment, discretized inputs and outputs only considered. Therefore, dis-

cretized convolution can be denoted in Equation 3.3.

o0

s(x) = (wxg)(@) = Y w(n)glz—n) (3.3)
n=—o0

Practically all the neural networks used in computer applications must
work with more than one dimensional data. Therefore, the input for image
classification based CNNs is a multidimensional array, and the kernel is
multidimensional array of parameters which are adapted by the algorithm
used for training of the network. The infinite summation was implemented
over a finite number of array elements since the inputs and kernel param-
eters stored infinite number of elements held zero otherwise. Considering
the input image (I)as a two dimensional array of data where each array
element represents corresponding pixel value convolved with a filter ker-
nel (k) equation 2 above can be written in general form of convolution in

Equation 3.4.
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s(pq) = (kxD)(p,q) = > > I(p—m,qg—n)k(m,n)  (34)

In practical implementation, the libraries implemented the convolution op-
eration as cross correlation, without flip the kernel to obtain the commu-

tative property and thus the resultant is presented in Equation 3.5.

M N

s(pq) = (k*D)(p,g) = > D> I(p+m,q+n)k(m,n) (3.5)
m=—M n=—N

For a given input size of (H;,, W;,) with input channels (C;,) and batch size

of (), performed convolution operation resulting output feature map of

size (Hyyi, Wout) for output channels of (C,,¢). The output value associated

with weight and bias can be represented in Equation 3.6.

Cin—1
out (N, Couy;) = bias(Coye) + Z weight(Cous; , k) * input(N;, k) (3.6)
k=0

This process can be simplified as follows. If the input image (I) performed
convolution operation with filter kernel (k) by sliding the filter across the
input image with specified step size known as stride (S). The output feature
map (O) generated as a result which can be decomposed as elementary map
of individual products from each stride constitutes the input image. It can

be mathematically represented in Equation 3.7.

Oi,j = [Ua’U X vay (37)

It is a common practice in convolutional neural networks to maintain an
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inputs, feature maps and output with equal size. For example, in AlexNet
the most common filter kernel sizes were 3x3, 5x5, 11x11 etc. Therefore,
limits of equation 2 can also be summarized to p,m as presented in Equation

3.8.

Oiﬂ' = i i Iuﬂ, X Km,y (38)

u,v=1z,y=1

Where: O(i, j) is the elementary value at position (¢, j) of the output feature
map. [(u,v) is the instantaneous value at position (u, v) of the input feature
map. K,y) is the value at the position (z,y) of the filter kernel. The
output feature map size (w) can be determined based on image input size
(p), filter size (m), number of strides (S) and zero paddings. This can be

represented in Equation 3.9.

p —m + 2 - padding
w = 5

+1 (3.9)

The output value at i, jpositionOi, j) is presented with a bias term b. The
importance of addition of the bias term is to provide an offset to the output

presented in Equation 3.10.

Om‘ = Om‘ +b (310)

3.7.2 Activation function

The convolutional neural network tends to behave as a linear model since
each convolutional activity introduces more linearity to its output. Since

most of the CNNs consists of more than one convolutional layer in their

86



3.7. MAJOR CNN LAYERS AND OPERATIONAL PRINCIPLES

Sigmoid activation response

output
=]
&

input

Figure 3.12: Sigmoid activation response

architecture, this introduces more linearity in their output [68] resulting
in similarity to the linear regression model. This phenomenon limits the
ability to learn complex patterns and relationships. Therefore, it is im-
portant to introduce nonlinearity to the network model to learn complex
relationships of the input data and thereby develop a better representation
of data. With the introduction of activation functions, CNNs can represent
complex output features at different perspectives based on its methodol-
ogy. It is also important to note that the activation functions play a vital
role in maintaining the gradients during the training process of the model.
However, the adaptation of a nonlinear activation function also contributes
to the overall performance of the model [128] as it may introduce additional
computation cost and thereby inference time. Sigmoid Activation function

is represented in Equation 3.11.

(3.11)

87



3.7. MAJOR CNN LAYERS AND OPERATIONAL PRINCIPLES

Figure 3.12 represents the activation response of a sigmoid function for a
range of input values. The sigmoid activation function restricts the input
values to 0 and 1 and thus it is useful for binarized classification problems.
Also, it includes floating point calculations and thus more computational
cost introduces. The gradient of the sigmoid function does not propagate,
and it tends to zero for large number of inputs and very small number of
inputs. Sigmoid activations do not involve sparse activations which leads
to additional computations. Since the output of the sigmoid function is
not centered, the optimization is inappropriate and the inputs tend to
saturate either to 0 or 1. Hence considering these anomalies related to
sigmoid functions, it was not chosen for activation function of the proposed
network model. Exponential Linear Unit (Exponential linear unit
(ELU)) is another type of activation function used in CNNs for feature
map activations. Mathematically described as in Equation 3.12 where all
the positive inputs are kept unchanged [133]. Characteristics of ELU can

be presented in Equation 3.12 for hyperparameter o where 0 < a.

x, ifx>0
O'ELU(.I) == (312)
ale® —1), ifx<0

The hyperparameter « is used as a control value for the saturation of
the ELU for its negative input values. The derivative as represented in
Equation 3.13 presented for positive input values-maintained unity since
derivative is identity function and for the negative inputs, shifts the mean
of the activation values towards zero. However, as the argument of the
negative values get smaller, the tendency of ELU to become saturate could

be observed with faster learning [75].
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Figure 3.14: ELU activation re-
sponses for variable hyperparameter
values

Figure 3.13: ELU activation re-
sponses for a =1

, 1, if x>0
opLy(T) = (3.13)
O'ELU(I'), if x S 0

Figure 3.13 depicts the response of ELU activation function for range of
input values. For positive integer input values, the output follows the input
unchanged and for the negative inputs the output is product of hyperpa-
rameter with exponential component, which controls the values for which
the ELU saturate. Figure 3.14 depicts the ELU activation response for

range of inputs with different hyperparameter values where 0 < o < 1.

Rectified and Linear Unit (ReLU) is one of the most popular activation
functions used in neural network models. Introduced in 1969 by Kunihiko
Fukushima [134] for visual feature extraction in hierarchical neural net-
works, ReLLU has been adapted for many applications and has still secured
its popularity due to the simple computation and other benefits such as
sparsity. Mathematically representing in 3.14, the output of ReLLU activa-
tion follows the input unchanged for positive values of input whereas zero

for negative values.
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ReLU activation response

output
.

input

Figure 3.15: ReLLU activation function response

r, ifz>0
OReLU(Z) = (3.14)
0, ifz<0

ReLU activation function output responses for various input values ranging
from negative to positive values are presented on Figure 3.15 From the
graph, for positive input values the output follows the input and zero output

for the negative input values.

Since the derivative is one and non-contractive the ReLLU addresses the
vanishing gradient problem for the positive inputs. For the negative inputs
the gradient is zero which makes all the inputs null. Since the activations
become zero for negative inputs which indirectly making the system to op-
erate faster which also leads to another problem known as dead neuron [135]
where the neuron might completely inactivate due to the negative values of
the input. However, considering the advantages such as sparsity suppres-
sion of vanishing gradient problem, efficient computation etc. ReLU was
adapted for the proposed network model for output feature map activation

as it further contributes for faster inference due to the absence of exponent

90



3.7. MAJOR CNN LAYERS AND OPERATIONAL PRINCIPLES

computation for negative input values of the counter activation function

ELU.

3.7.3 Normalization of the intermediate results

Training a convolutional neural network with many different layers which
are meant for various purposes is a tremendous task as they are susceptible
to the changes of weights and configurations. Since the learning process
is conducted in batches, as the inputs are passed down through the net-
work layers, weights and parameters are updated every mini batch training
session [136]. This results in slowdown the training process and extremely
difficult to train network models a phenomenon known as internal covariate
shift [136] [137]. Therefore, normalization techniques are used to standard-
ize the activations within the layer and thereby stability is improved which
allusively enhances the efficiency of the training process. There are differ-
ent normalization techniques used in CNNs such as batch normalization,
layer normalization, instance normalization, group normalization etc.

Batch Normalization

One of the most widely used normalization techniques, The Batch Nor-
malization, standardizes the inputs to a layer for every mini batch. Nor-
malization is performed by subtracting mean from each input and dividing
by standard deviation. Considering an input I added with bias b result-
ing in composite input * = I + b which constitutes training set where
x = x(1...m) is asset of values of x. The average of the input activations

given by Equation 3.15.

Elz] = —=> = (3.15)
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Normalizing input features independently for mean of zero and unity vari-

ance, for an input feature map of d- dimension presented in Equation 3.16.

d) _ Bl
s 2 [z'9]

Var|[z(@)] (3.16)

To scale and shift the normalized value, parameters to be learned , § were
added for each activation of the input feature to overcome the representa-

tional constraints and thus output can be denoted in Equation 3.17.

y@ = A D7D 4 5@ (3.17)

Finally batch normalization of input feature map over mini batches with

learnable parameters v, 5 can be represented in Equation 3.18.

@ _ @@ = B[z'9]

= (@) 3.18
Y ) +8 (3.18)

The momentum refers to the update mechanism used in batch normaliza-
tion during the training process of the network model. Batch normalization
layer keeps working on estimates of the calculated mean and variance val-
ues during the training. The values change over time for every mini batch
and hence running estimates were kept in a specified value determined by
momentum with a default value of 0.1. Mathematically the momentum

can be described in Equation 3.19.

Tnew = momentum X z; + (1 — momentum) X Zeg (3.19)

Where, 2,0 is the running statistic,
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Test 18 the estimated statistic,

x; 18 the observed value.

Modifying equation for the mean (u) and variance (o) the momentum up-

dates can be derived presenting in Equation 3.20 and 3.21 respectively.

finew = momentum X g + (1 — momentum) X fleg (3.20)

Onew = momentum X o; + (1 — momentum) X Geg (3.21)

Where, finew, Tnew 1S the running momentum update for mean and varience,
flest, Oest 1S the estimated mean and variance.

i, 0y is observed values from previous mean and variance.

3.7.4 Pooling layers

For a given input image to a convolution neural network, features of the
input are recapitulated by the convolutional layers. Depending on the filter
kernel sizes, strides and zero padding the output of the generated feature
map may vary. In deep neural networks where more convolutional layers
are present, as the information is passed through the convolutional layers,
the original features altered and thus affected the final classification. To
address this issue, the feature map generated by the convolutional layer is
down sampled prior to application of the next convolutional layer which is
also known as local translation invariance. The pooling layer is placed after
the feature activation layer from the convolutional operation to reduce the
spatial dimensions of the input while retaining the original information.

The pooling layer consists of a moving kernel which is moved across the
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input feature map for the generation of new feature map without losing
the original data. The kernel size is essentially less than the input size and
moved it specific steps known as strides. The stride and the kernel size
determine the spatial dimension reduction for example input feature map
of size (4x4) is applied with a pooling kernel of size (2x2) with stride of 2
results in output feature map of size (2x2) which is spatial reduction by
factor of 4. However, for the same feature map applied with same pooling
kernel size with stride of 1 resulting output feature map of size (3x3) which
is spatial reduction by factor of 1.7. Common pooling schemes are Aver-
age pooling, Max pooling, and Global average pooling. The Max pooling
produces the maximum value of each pooling region from the input fea-
ture map. It results in an output feature map which represents the most
activated feature within the pooling region while down sampling the in-
put feature map. The average pooling calculates the average of the input
feature map under the sliding kernel and produces output feature map re-
spectively. Since the average is calculated rather maximum, the Average
pooling offers fair representation of activated features while spatial reduc-
tion is achieved. Due to the extra calculation associated with the average
pooling method which leads to additional inference time, for the proposed

network Max pooling has been adapted as the pooling layer.

Mathematically the max pooling method can be explained in Equation

3.22.

P j= max max  I(jx5m),(jxS+n) (3.22)
m=0,...,kp_1 n=0,....kyw_1

Where, P, ; is the value at position (i, j) of the output feature map,
kp, k., are the pooling kernel sizes,

L(ix S+m),(jxS+n) 15 the value at the input feature map at position (¢ x S +
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m), (j x S +n).

3.7.5 Dropout layer

Dropout is a regularization technique commonly used in convolutional neu-
ral networks. Using dropout technique, randomly selected neurons were
dropped off by setting them to zero and thus avoiding them to further
populating during the network training process. This technique has suc-
cessfully prevented the network model from overfitting [6]. Since some of
the neurons were forcefully set to zero, the links from those neurons were
removed from the forward pass while no weight updates were applied on
those neurons on its backward pass. Since some neurons were dropped
off randomly, the remaining neighboring neurons take the representation
workload for the final generation of classification in absence of dropped
neurons. This results in multiple internal representations. If the neurons
were not dropped, during the training process of the network the weight
of the neurons settle on specific features causing a degree of specialization
at some features which is known as complex co-adaptation [6]. Therefore,
dropping of the neurons results in less sensitive to specific weights which

causes a better generalization and thus reduced overfitting.

Figure 3.16 illustrates the process of dropout layer where Figure 3.16 a).
represents the neurons linked with each other in the hidden layer of the
network model. Figure 3.16 b). represents the introduction of the dropout
by which certain neurons are terminated leaving some links to be elimi-
nated. The net effect of dropout can be practically presented as shown in

Figure 3.17 below.

Output feature map shown in Figure 3.17 a) represents the features learned
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3

(b)

(@)

Figure 3.16: a). standard neural network b). after application of dropout

6]

Figure 3.17: output feature map a) Without dropout. b). with dropout

p=0.5 (right) [6]
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from MNIST dataset with one hidden layer. The features learned by the
autoencoder represented on layer of 256 rectified linear units without ap-
plication of dropout using 16x16 tiles as shown in the figure. Figure 3.17
b) represents the feature map learned by the auto encoder with dropout
probability of p=0.5, which is identical to the autoencoder used without
dropout feature in the hidden layer. Comparing the feature maps with and
without of the dropout, it can be clearly stated that features learned in
Figure 3.17 a) is less meaningful compared to Figure 3.17 b) which high-
lights the edges detected and spots them in different tiles of the output
feature map image. The feature map without dropout of which the hidden
layer where neurons are connected to each other, even though expected to
produce significant features, has not detected explicit features. This can
be seen on the bottom part of the feature map shown in Figure 3.17 a).
where the co-adaptation does not extract the important features. The term
co-adaptation refers to the phenomenon where the network is trained with
multiple epochs iteratively, the strong connections learn more whereas the
weak connections learned less or ignored. This results in some connec-
tions of neurons offering more predictive capabilities compared to others.
Therefore, the importance of dropout layer in CNN model was highlighted
with a practical example. As mentioned earlier, during the training of the
neural network model with large dataset the model is more susceptible to
overfitting which causes low error rate on training data and more error
on test data. Therefore, regularization is essential to achieve a balanced
performance on both training and test data. In convolutional neural net-
works, better learning can be achieved by finetuning weight parameters to
minimize the loss. Figure 3.18 represents neural network node with and

without dropouts.

Figure 3.18 a) represents vector of outputs from layer [ is transformed into
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Figure 3.18: inter connection of nodes a). standard network b). dropout
network [6]

vector of output of layer [ + 1 with an activation function, z during the
forward propagation. Figure 3.18 b) represents the application of dropout
to terminate the propagation of connections. During the forward propaga-
tion, before application of the activation function, z the inputs at the layer
[ are multiplied with Bernoulli variables denoted by r in element wise. The
random variable, r has probability of occurrence p. The resulting outputs
g are considered as thinned outputs which can be used as inputs in the
next hidden layer. Considering a network model with (N) hidden layers,
where 2™ be the input vectors into the layer n, the output vector from
layer n denoted by y™ based on y° being the input z. The weights and
biases at layern are denoted by w", b" respectively. During the feed forward

operation without dropout can be expressed as in Equation 3.23.

Zi(n+1) _ w§n+1)yn 4 b§n+1) (323)

Resulting the output feature denoted in Equation 3.24.

gt = ) (3.24)

(2
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Where function f is an activation function. During the feed forward op-
eration with dropout, the independent variable multiplied with the input

vector can be expressed with probability p as presented in Equation 3.25.

rj(-n) ~ Bernoulli(p) (3.25)

Thus, the output vector can be denoted in Equation 3.26as elementwise

product.

Where * denotes the elementwise product. Therefore, the output at layer
(n + 1) can be written in Equation 3.27 and output after the activation

function is denoted in Equation 3.28 respectively.

L) wl(n—i-l)g(l) + bZ(n—irl) (3.27)

(2

g = p) (3.28)

From the derivation it was observed that the neuron r at any layer n can be
propagated with input 1 with a probability of p or can be turned off with
input 0 with probability of 1 — p. In order to further explore the possible
values of the probability p the loss functions associated with the CNN model
is investigated. Referring to the common loss function Mean Squared Error
(Mean squared error (MSE)) [138], the error function without dropout can

be presented in Equation 3.29.
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2
1 -~
Eens = 5 <t — ; wz[’L> (329)

With dropout mean squared error is denoted in Equation 3.30

N | —

Edrop =

Where, 0 is the dropout rate, § ~ Bernoulli(p)

Considering the gradient decent approach, taking the gradients for both

error functions can be represented in Equation 3.31.

aE drop

) =1

Let w' = p*w in equation and taking the partial derivative the error can be

denoted in Equation 3.32 and the gradient in Equation 3.33 respectively.

2
1 n
Eens = 5 <t - ;pzwz]z> (332)

aEenS i
w; —tpil; + wip I} + Z w;pip;Lil; (3.33)

J=1

Considering the expectation for the network with dropout represented by

Equation 3.34 and 3.35 simplified to expectation denoted in Equation 3.36.
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OB g n
E [_8212- p} = —tpil; +wipl I+ wipypi i1+ wiVar(6,) 17 (3.34)

J=1

T = 4 w;Var(;) 12 (3.35)

E |:aEdrop:| _ a-E'ens
ow;

i1 —pi)I7 3.36
i w1 - p) (3.6

B |:8Edrop:| _ aEens
ow;

Therefore, the expectation of the gradient of network with dropout is same

as the regularized network denoted in Equation 3.37.

2
1 n n
ERegular - 5 (t - szwzj'L) + sz(]- - pz)wflf (337)
=1 =1

Carefully examined the regularization parameter p(1 — p), which is max-
imum for p = 0.5 and minimum for other values. However, dropout can
be changed for different regularization parameters avoiding model satura-
tion. For the proposed cascaded network, the regularization parameter was

maintained at its maximum value of 0.5.

3.7.6 Fully connected layer

The whole process of a convolutional neural network can be assumed to two
stages as feature extraction and classification. Convolutional layers with
their sparse connectivity extract the features of given image input while the
extracted features should then be utilized for classification purposes. The

objective of the fully connected layer is to provide the classification through
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the trained features which are flattened into specific classes. The operation
performed in a fully connected layer is connecting the neurons into specific
neurons and thus the name of the layer. Within the fully connected layers
sparse connections which were densely populated and restricted to limited
number of neurons according to the number of output classes. Since the
fully connected layer involves weights and biases which are learned during
the training process it is also known as a learnable layer or a layer with
learnable parameters. Multi-dimensional feature maps generated in earlier
stages such as convolutional layers are flattened into single dimensional
arrays during one or more fully connected layers. Generally, within the
fully connected layer, neurons are connected to neurons in the previous
layer. There are two operations performed in fully connected layer, linear
transformation, and nonlinear activation. The linear transformation in-
volves calculation of weighted sum of inputs with bias term. The weighted
neurons were then activated by using an appropriate activation function.
Limitation of the number of neurons propagated towards the final layer,
dropouts are also involved. Mathematically, the linear transformation of

the input vector [140] can be represented in Equation 3.38.

zj = Z T; W -+ bj (338)
1=0

Where, z input vector of size (1 xn) W is the weight matrix of size (m x n)
Bias vector b of size(m x 1) z is the output vector of size(m x 1) m,n is

the number of neurons in present and previous layers respectively.

For the given input vector x of size (1 x n) is multiplied with the weight
matrix w of size (m x n) which represents the learned parameters of the
network followed by addition of the bias vector b. therefore the output

of the fully connected layer is flattened into 1 dimensional array of size
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specified by the weight matrix. The weighted input is then applied to
activation function to introduce nonlinearity to the output. The activation
function f is then applied to the output z elementally. The activation
function can be chosen from various options such as tanh, ReLLU, sigmoid,
log sigmoid, exponential linear unit (ELU), Leaky ReLU etc. However,
for the proposed network ReLU was adapted as the activation function
since it operates element wise and no additional calculations needed such
as exponents. The output vector y is subjected to activation function f
from the fully connected layer is then represented in Equation 3.39 and

3.40 respectively.

y; = f(z) (3.39)

=0

Where, y is the output vector of size (m x 1) after application of the
activation function. It is important to note that SoftMax activation is
preferred towards the end of the fully connected layers. However, if more
than one fully connected layer is involved, ReLLU activations are used after

the early stages of fully connecting layers.

3.7.7 SoftMax layer

SoftMax function is primarily used in convolutional neural networks as
an output activation function towards the last layers for which the tasks
involved multi-class classification problem. SoftMax represents the proba-

bility distribution over different classes. Since the probability distribution
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of SoftMax is over discrete variables rather binary variables in sigmoid
function, it can also be considered as a generalization of sigmoid function
to represent discrete variables. As mentioned earlier, there are different
activation functions available for classification prediction. Classification
involves prediction of a class label for a given input. Different probability
distributions are used depending on classification problems such as binomial
probability distribution for binary classification and multinomial probabil-
ity distribution for multi-class classification. Linear activation function for
predicting class membership is one of the approaches where the activation
function is sum of weighted input to the node of output array. Which
doesn’t perform additional transformations. The likelihood is therefore
between 0 and 1. Since there’s no transformation is performed; linear
activation could result in any output value between 0 and 1 which is in-
appropriate for classification either binomial or multinomial problems. For
this reason, the last fully connected layer is not activated using linear acti-
vation functions. Sigmoid activation is another activation function for class
membership prediction which is also known as logistic function. Irrespec-
tive of the input, the sigmoid activation function output is between 0 and
1. Weighted sum of inputs with large values to be mapped onto output as 1
and the small and negative values to zero. Therefore, sigmoidal function is
best suitable for binary classifications where the output is interpreted as a
binomial distribution. Considering output vector of k real numbers which
represents output classes, the SoftMax function normalize into probability
distribution consisting of k probabilities proportional to the exponents of
the inputs. Softmax function applied to the input vector z is represented

in Equation 3.41.

olz) = =0 — 3.41
(%) S (3.41)
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Where, z; is the raw score to the class j, k is the total number of classes.
Softmax function exponentiate each raw score of the input vector from the
fully connected layer and divides by the sum of exponentiated raw scores for
all classes. Normalization performed ensures that the resulting probabilities
sum up to one. Since it preserves the rank order of its input values while

selecting the maximum value from the generalization it is referred to as

SoftMax [141].

3.7.8 Depth concatenation layer

The depth concatenation layer has been adapted to the main network of
the proposed cascaded network model to enhance the generalization capa-
bilities. Referring to the main network architecture, the inception module
has been adapted towards the end of the convolutional layers. The mul-
tiple branches performed convolution operation with different kernel sizes
concurrently and thus multiple activation layers have been placed to acti-
vate the neurons which are connected to the dense layer. The importance of
mixed pooling has been highlighted in [195] where multi branch convolution
operation is performed. However, the most important fact is to extract the
feature maps generated by the convolutional layers of the branched network
since the feature map is proportionate to the representational capacity of
a CNN. The depth concatenation layer used in CNNs to combine those
feature maps generated by each branch after the convolutional operation
along the depth dimension. Depth concatenation can only be applied when
a multi-branch network is present within the architecture. The objective of
application of the depth concatenation layer in any CNN is to merge feature
maps form different branches into a single output vector. Depth concate-

nation layer performs concatenation operation along the depth dimension
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without subjecting to any transformation. The feature maps are stacked
one after the other and this operation is used to extract information from
multiple levels of abstraction in a network model. Mathematically if the
feature maps are represented by Fi, Fy, F3, ..., F, from different layers of
the network where each feature map F; has dimensions height (H), width
(W), input channels (C;n ) the depth concatenation layer produces a single
output tensor with same dimensions (H, W, C;n ) The depth concatenation
layer is therefore an efficient way to combine feature maps from multi-
branch network. It allows the network to leverage the information from
multiple abstraction levels and improves the representational ability of the
network model by capturing multiple information. Depth concatenation
has been successfully adapted in identity shortcut connection of ResNet [§]
by combining feature maps from different layers. Depth concatenation in
DenseNet [196] where concatenation performed on feature maps from all
previous layers facilitating reuse of features and feature propagation. Dual
Path Networks [197] the depth concatenation performed on multi paths to
concatenate features which facilitate information flow and enhanced repre-

sentation abilities.

3.8 Methodology

The main intention of this research is to address one of the practical issues
related to convolutional neural networks, the execution time for the model
to develop a classification with high confidence. The exploration began with
a deep dive into theoretical explanations of the neural networks and what
operations are performed in the neural network model and which layers of
the network account for the complex calculations. The explanation began

with convolutional layer in which most of the complex computations are
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performed.

3.8.1 Computations involved in Convolutional layer

Essentially the input data fed from the input layer, after subjected to pre-
processing should be passed through a convolutional layer of given specifi-
cations. The feature map generated will be used by the subsequent layers.
The feature map generated in the input layer will be processed within the
sparse connectivity which consists convolutional operations, max pooling,
batch processing and activations. In the convolutional layer, convolutional
operation will be performed over the input feature map. The input im-
age will be converted into feature map by performing the convolution with
given filter with its coefficient values. Mathematically this operation can
be resolved into basic operations such as complex multiplication and addi-
tion. In general, the filter coefficients are multiplied with the pixel values
underneath and added together. This generates one feature for the given
input image. The kernel will then be shifted by the specified stride value
over the input feature map and perform the operation again and produce
another single feature. Similarly, the kernel will be moved across the input
image and thus produces the feature map of the specific size. Adapting
the mathematical notations in [130], Mathematical representations can be

rendered as expressed below.

For an image input of size (H;,, W;,) where input image height and width
respectively, convolutional operation performed with kernel of size (F,,, F},)
producing an output feature map of (H,ys, Woyi) with zero padding (P) over
the stride of (S) in combination of dilation of (D). The output feature
map’s height and width can be determined from Equation 3.42 and 3.43

respectively.
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Hi, + 2 - padding[0] — dilation[0] - (kernelsize[0] — 1) — 1
How = . +1
stride0]
(3.42)
Win + 2 - padding[1] — dilation[1] - (kernelsize[1] — 1) — 1
Wouw = . +1
stride[1]

(3.43)

In our application, we maintained unity dilation and thus its value is set
to 1. Since the kernel size is not changed throughout the process and
its height and width are same while it’s quantitative value may change
from one layer to the other as a design specification. Therefore, the height
and width of filter kernel (£}, F},) assumed to (F). Referring to Equation
3.42 and 3.43 derived above rearranging the parameters with the known
information of input size and kernel size, assuming zero padding and unity
stride the output feature map size can be presented in Equation 3.44 and

3.45 respectively.

Output feature map size = Input size - Filter kernel size + 1

Hyi=Hy, — F+1 (3.44)

Wous = Win — F +1 (3.45)
Considering the Filter kernel with stride of (S) units, the generalized equa-

tion for the output feature map height and width can be derived as pre-

sented in Equation 3.46 and 3.47 respectively.
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Input size—Filter kernel size + 1

Output feature map size = S

Hypy = ———+1 (3.46)

Wy — F
Wost = ————— +1 (3.47)
S
To preserve information at certain occasions it is needed to append ze-
ros to the input. For such situations the output feature map with above
specifications with stride of (S) and padding (P) can be presented by rear-

ranging the previous set of equations, output height and width is denoted

in Equation 3.48 and 3.49 respectively.

Input size+(2xpadding)—filter kernel size +1

Output feature map size = i

Hy, +2P —F
H, = R (3.48)
S
Wi, +2P — F
Wiy = o - +1 (3.49)

3.8.2 Determination of complex computations in Con-

volution layer

It is necessary to understand the number of complex computations per-
formed in the convolutional layers in the network model. The generalized
representation of mathematical multiplications and additions are derived as
follows. An input image of size (w x h) and a kernel of size (m x n) produce

an output feature map of size (Wy x Hs) producing the coefficients. The
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feature map generated consists of summed products of coefficients from
kernel and input image as given in the Equation 3.50. Number of multipli-
cations and additions per single output can be determined using Equation

3.51 and 3.52 respectively.

w,h  m,n
Z Z Qi j X bp,q (350)
4,j=1p,q=1
Number of multiplications per single output = M x N (3.51)
Number of additions per single output = M x N — 1 (3.52)

if the output feature map size is wo, Ho Total number of multiplications

and additions can be determined by using Equations 3.53 and 3.54.

Total number of multiplications = M x N x W, x H, (3.53)

Total number of additions = M x (N — 1) x Wy x Hy (3.54)

Since the input image can be in different format, such as RGB, CMYK,
sRGB etc., the input channels may depend on the format. The number
of computations depends on the number of channels in the image is con-
structed on. Thus, the number of color channels should be considered for
computations involved. In general, for an input image of (P) number of
color channels, total number of computations can be derived as presented

in Equations 3.56 and 3.55 respectively.
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Total number of multiplications = P x M x N X Wy x H, (3.55)

Total number of additions = P x M x (N — 1) x Wy x Hy (3.56)

Since each filter in convolutional layer produces a single feature map, if
there are ‘K’ such filters present the total number of computations also
change in accordance with the depth parameter. The computations can be
represented with the depth parameter ‘K’ as follows. Therefore, the total
number of multiplications and additions can be derived from Equation 3.58

and 3.57.

Total number of multiplications = P x M x N X Wy x Hy x K (3.57)

Total number of additions = P x M x (N — 1) x Wy x Hy x K (3.58)

Therefore, the total number of computations given in the Equation 3.59.

Total number of computations = P x M x (2N —1) x Wy x Hy x K (3.59)
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3.8.3 Importance of analysis of feature maps

It is known that in any neural network model, at a certain layer of the net-
work within the sparse connectivity, the output is a feature map of a specific
volume. From the earlier feed forward neural networks such as Lenet it had
been a practice to use specific kernel sizes, strides as well as arrangement
of intermediate layers and activations such as maxpooling layer, ReLLU etc.
Application of filters in convolutional layer were either one type of such as
1x1 convolution, 3x3 convolution, 5x5 convolution etc. The key ideology
behind the successful neural network models such as GoogleNet was appli-
cation of multiple such layers within the network model rather depending

on single operation at a time.

3.8.4 Computations in secondary network

The computation of learnable parameters and mathematical multiplications
and additions were conducted in two sections separately for both main and
sub network. In sub network there are 5 convolution layers, 3 max pooling
layers and one fully connected layer. Learnable parameters are present only
in convolutional layers and fully connected layers. Number of learnable
parameters were calculated for each convolution layer and presented in

Table 3.5 below.

Therefore, a total of 2.6M learnable parameters are present in sub network.
However, it is important to determine the exact number of mathematical
multiplications and additions present in the network. With the application
of the derived equations above, the number of computations was calculated

in each convolutional layer and the values were presented in Table 3.6 below.
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Table 3.5: Learnable parameters in convolution layers of secondary network

Layer Weighted parameters Bias Total parameters
Convolution 1 11 x 11 x 3 x 96 1x1x96 34944
Convolution 2 5XHx48 x 2 x 128 1 x1x2x128 307456
Convolution 3 3 X 3 x 384 x 256 1x1x384 885120
Convolution 4 3x3x192x2x192 | 1x1x2x192 663936
Convolution 5 3x3x192x2x128 | 1x1x2x128 663808
Fully connected 5 x 9216 1x5 46085
Total 2601349

Table 3.6: Computations of secondary network

Layer

Multiplications

Additions

Convolution 1
Convolution 2
Convolution 3
Convolution 4

Convolution 5

3x 11 x 11 x 55 %55 %96
2X5HXHxX27Tx27Tx2x128
2X3IX3IXTxXTx384
2X3IX3IXTXTx384
2X3X3XTXTxX2506

3 x 11 x 10 x 55 X 55 x 96
2X5HXHxX27Tx27Tx2x128
2X3IX3IXTxXTx384
2X3IX2XTXTx384
2X3X2XTXTx256

Total 115,649,568 105,878,208

As explained in previous chapter, the main network has adapted different
configurations of convolutions, maxpooling and activations to construct its
classification output. There are 11 convolution layers, 4 maxpooling layers
and a fully connected layer in the main network model. The learnable pa-
rameters are present only in convolution and fully connected layers, which

are calculated and presented in Table 3.7 below.

Similarly, the mathematical computations are also calculated and presented

in Table 3.8 below.

In addition to the convolutional layers there are other layers which perform
mathematical operations which contribute to the overall execution time
such as ReLU activations, Maxpooling, and Fully connect layers. However,

these layers don’t contribute to the learning process and hence are termed
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Table 3.7: Learnable parameters of main network

Layer Weighted parameters Bias Total parameters
Convolution 1 11 x 11 x 3 x 96 1x1x96 34944
Convolution 2 5xb5x48 x 2 x 128 1x1x2x128 307456
Convolution 3 3 X 3 x 256 x 384 1x1x384 885120
Convolution 4 3X3x2x192x192 | 1x1x2x192 663936
Convolution 5 3Xx3x2x192x128 | 1x1x2x128 442624
Convolution 6 1 x1x32x 256 1x1x32 8224
Convolution 7 1 x1x64x 256 1x1x64 16448
Convolution 8 1 x1x 256 x 96 1 x1x96 24672
Convolution 9 3x3x96 x 128 1 x1x128 110720
Convolution 10 1x1x16x 256 1x1x16 4112
Convolution 11 5x5x16 x 32 1x1x32 12832
Total 2,511,088
Table 3.8: Computations in main network model
Layer Multiplications Additions

Convolution 1
Convolution 2
Convolution 3
Convolution 4
Convolution 5
Convolution 6
Convolution 7
Convolution 8
Convolution 9
Convolution 10

Convolution 11

3 x 11 x 11 x 55 x 55 x 96
2XHXHX27TX27T x2x 128
2x3x3x13x13 x 384
2x3x3x13x13x2x192
2x3x3Ix13x13x2x128

2X1Xx1x6x06x232
2X1X1x6x6x64
2X1IX1XxX6x6x96
2Xx3x3x6x6x128
2X1x1x6x6x16
2XHXxHxX6x6x32

3 x 11 x 10 x 55 x 55 x 96
2 X5 X4x27Tx27Tx2x128
2x3x3x13x13 x 384
2x3x3x13x13x2x192
2x3x3x13x13x2x128
2X1Xx1x6x06x232
2X1X1x6x6x64
2X1IX1X6x6x96
2X3XxX2x6x6x128
2X1x1x6x6x16
2X 95 X4xX6x6x32

Total

118,016,928

105,489,984

non-learnable layers. This section focuses on the computations from those

layers and their effect on total execution time.
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3.8.5 Computations from the ReLU activations

A feature map generated by convolutional layer is invalid unless passed
through activation function. There are different activations used in neu-
ral networks such as ReLLU, Sigmoid, tanh etc. However, ReLLU is mostly
used activation type among most network models. ReLU compares in-
put value from every single neuron and replaces negative values with zero
and positive values unchanged. For a single neuron it requires one com-
parison and single multiplication to produce output to the next stage.
If ReLLU has (V) neurons, then total number of multiplications = N X
computation for single neuron. The mathematical operations involved are
comparison and thresholding. Number of comparisons equivalent to the
number of neurons (V). Thresholding operations don’t involve additional
calculations other than setting to zero. Therefore, the total number of cal-
culations is equivalent to the number of neurons in the layer of interest.
If the feature map is generated in a particular layer of size H x W x K
(height, width, and depth of feature map) the total number of computations

involved in ReLLU layer is given by Equation 3.60.

Computations in ReLU layer = Wy x Hy x K (3.60)

3.8.6 Computations from Maxpool layer

When the feature map is generated from the convolutional layer, with ev-
ery stride of the filter over input data, the maximum value must be chosen
from the feature map. Hence this process is known as maxpooling. For an
input feature map of size (W3 x Hy X P) where width, height, and number

of channels over a pooling filter of size (U x V') width and height respec-
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tively with stride of (S) and depth of (K) the number of computations is
determined by the number of pooling regions and number of comparisons
within each pooling region. Number of pooling regions are determined by
the product of horizontal and vertical regions as presented in Equation

3.61.

Hy—U Wy -V
Number of regions = ( 25 + 1> X ( 25 + 1) (3.61)
The number of comparisons made within the pooling region is determined
by the number of elements in the pooling filter. Therefore, the number of

comparisons required for pooling region is given by Equation 3.62

Number of comparisons within the pooling region = U x V (3.62)

Total number of comparisons in pooling layer is the product of number
of comparisons within the pooling region and number of pooling regions.
Therefore, the total number of computations involved in pooling layer can

be denoted in Equation 3.63.

Hy — Wy =V
Numberofcomputations:( 2SU—|—1)><( QS —1—1)><U><V><K

(3.63)
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3.8.7 Computations from Fully connect layer

Referring to any convolutional neural network, as the input image is passed
through the layers starting with input layer producing initial feature map,
followed by sparse connections of convolutional layers should converge to
specific neuron which ultimately represents one of the classes it is desig-
nated. Within the dense layer, each neuron is connected to every element
of the input vector. Dot product is calculated between input vector and
weights followed by addition of bias value. For input vector of size (J) with
bias (b), the computations can be derived as the following equations. Since
each neuron in the fully connected layer is connected to every element in
the input, dot product requires (J)multiplications and (J — 1) additions.
Therefore, the number of computations is approximately (2.J). If bias of ()
present, the total number of computations per neuron is given in Equation

3.65.
Number of multiplications per neuron = J

Number of additions per neuron = J — 1

Number of computations per neuron = (2J — 1) +b (3.64)

If (I) number of neurons are present at the fully connect layer, total number

of computations involved in the fully connect layer is given in equation 3.65.

Total number of computations = I ((2J — 1) + b) (3.65)

117



3.9. IMPLEMENTATION

3.9 Implementation

The proposed system was implemented using MATLAB. The Deep Learn-
ing Toolbox of the MATLAB is a powerful tool that offers a wide range of
capabilities including creation of a new network model from scratch, ana-
lytical tools, execution tools, profiling tools and deployment tools. Unlike
other sophisticated software tools which require expertise in TensorFlow,
Keras etc. MATLAB doesn’t require specialized training for the user. In
terms of user friendliness and flexibility Deep Learning toolbox offers the
best option where anybody can easily configure, analyze and conduct train-
ing and verification and finally testing of a model can be completed using
the same software tool whereas many other software needs special tools
for configuration, training, testing and verification, GPU programming for
training and execution which can be cumbersome to the user to develop
a trained network model. MATLAB deep network designer together with
another tool which is linked within the Deep Learning Toolbox is used to
create a brand-new network or to modify an existing network model. The
proposed neural network model where both main network and secondary
network were solely constructed and analyzed using this software tool. The
Deep Network Designer consists of a single network component which can
be re-configured. Therefore, every single layer of a network can be cre-
ated, and their parameters can be modified by changing the values in the
properties box. An illustration of the deep network designer is presented
in Figure 3.20 which shows the essential components of neural network on

the left, workspace at the center and parameter edit boxes on the right.

Once the network layers are completed with required specifications, the
next stage is to analyze the created network model. With the built-in

analyzer tool, as shown in Figure 3.20 the network model’s preliminary
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Figure 3.19: Deep network designer interface

specifications are cross checked, if any mismatch presents, an error will be
shown. Kernel sizes and strides must be carefully selected after manual
calculations. Arbitrary usage of filter parameters results in drop off the
information to be carried on to the next stages and may violate design
rules. In the case of property mismatch a warning will be issued and it

must be cleared up before the training process starts.

With no errors or warnings present from the Deep Network Designer, the
designed new network must be trained with pre-processed dataset. Selec-
tion of the dataset is therefore the next step to take. Navigating to the data
tab in the deep network designer, the data set can be selected and certain
modifications such as separating the training and validation data, scaling
the data, rotation of the data as a ratio can be done. Once the training
dataset is loaded the next step is to define the training parameters. These
parameters as shown in Figure 3.21, must be carefully selected to make sure
efficient and better training of the neural network. The hardware resources

allocation and feasibility of training with available resources are completely
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Figure 3.20: Deep Network Designer analysis report for the network model

dependent upon these parameters. Some important parameters are men-
tioned below. Epochs refers to the number of times the neural network is
trained with the dataset. For larger datasets the epochs should be at least
30 or higher for better classification accuracy and for smaller datasets it
should be kept below the default value. The validation frequency refers to
how often the network is being validated during each epoch. Max epochs
and validation frequency together determine how long the training process
would take to complete. Mini batch size refers to the number of train-
ing samples used in each iteration. Mini batch size should be the ratio
of Total number of observations to the validation frequency to ensure the
whole dataset is occupied during the training of each epoch. Based on the
available Graphical Processing Units and memory these options should be
placed. Most important parameters of concern are initial learning rate,
mini batch size, max epochs, validation frequency, execution environment
etc. increase of the mini batch size reduces the training time but also re-
quires more graphical memory which is a limiting constraint. Reduction

of batch epochs and validation frequency reduces training time but also
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Figure 3.21: deep network designer training options

accuracy. Hence the selection of these parameters was done by trial and

error.

Once the training process is successfully completed with no errors, the Deep
Network Designer visualizes the training progress in a graph as shown in
Figure 3.22. The progress is presented in two plots as accuracy and loss in
each iteration which can further be analyzed to comment on performance

of the network model.

3.9.1 MATLAB implementation and deployment

The proposed cascaded convolutional neural network (CNN) model was im-

plemented and tested using MATLAB R2023a’s Deep Learning Toolbox.
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Training Progress (28-Feb-2024 10:57:29)

Resuits

Validation accuracy 2283%

Training finished: Max epochs compieted
Training Time

Start time: 28-Feb-2024 10:57:29
Elapsed time: 52 min 18 sec
Training Cyele

Epoch 30 030

Iteration: 30390 of 30390
Iterations per epoch 1013

Maximum iterations: 30390
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Frequency 50 terations

‘Other Information
Hardware resource: Single GPU
Leamning rate schedule: ~ Constant

Learning rate 0.0001
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Training (smeothed)
Training
= 4@ — \alidation

Figure 3.22: Training progress graph

This toolbox offers a comprehensive framework for designing, training, and
deploying deep learning models on both CPUs and GPUs. MATLAB’s in-
tegration with GPU Coder and Deep Network Designer facilitated efficient
experimentation and allowed for the deployment of the lightweight CNN
model on embedded platforms, such as the Raspberry Pi 4B. Development
Environment and Configuration: All implementations and simulations were
conducted on a workstation equipped with an Intel Core i5 processor, 16
GB of RAM, and an NVIDIA RTX 3050 GPU, with CUDA acceleration en-
abled. MATLAB'’s Parallel Computing Toolbox was used to parallelize the
training processes and enhance convolutional computations. The trained
model was subsequently deployed and evaluated on the Raspberry Pi plat-
form to assess inference latency and power efficiency. Dataset Preparation

and Preprocessing;:

The dataset used for training and evaluation consisted of 200 object cat-
egories, representing common environmental objects relevant to service
robot guidance. All images were resized to a uniform resolution of 227
x 227 x 3 pixels to meet the input requirements of the designed Convolu-

tional Neural Network (CNN).
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To enhance generalization and robustness, various data augmentation tech-

niques were applied, including:

Random rotation (£15°)

Horizontal flipping

Random cropping

Intensity normalization

MATLAB’s ‘imageDataAugmenter’ and ‘augmentedlmageDatastore® func-
tions were utilized to dynamically augment the dataset during training.
This approach helped prevent overfitting and improved the stability of con-

vergernce.

Network Architecture Implementation: The cascaded CNN model was im-

plemented in two stages:

(a) Main CNN Network: The primary feature extraction network was con-
structed using the layerGraph function, which creates a sequence of convo-
lutional layers, ReLLU activations, and max-pooling layers. The architecture

included:

e Convl-Convb: Sequential convolutional layers that extract progres-

sively complex features.

e Conv6—Convl1l: Multiple parallel convolutional branches were added
using addLayers and connectLayers to perform multi-scale feature

extraction.

A depth concatenation layer merged the outputs from all parallel branches,

which were then passed to a fully connected layer. The first stage of the
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inference pipeline was completed with a softmax layer and a classification

output layer.

(b) Secondary CNN Network: The secondary CNN was designed as a
lightweight refinement network consisting of five convolutional layers

(snConvl-snConvh) and one fully connected layer. This network was se-
lectively activated based on a confidence threshold determined from the

output probabilities of the first stage.

Training Procedure: Both Convolutional Neural Networks (CNNs) were
trained using stochastic gradient descent with momentum (SGDM) opti-
mization. The following hyperparameters were empirically determined to

achieve optimal convergence:

Initial Learning Rate: 0.001

Momentum: 0.9

Mini-Batch Size: 32

e Maximum Epochs: 30

Training and validation accuracy were monitored using MATLAB’s 'train-
ingOptions’ and 'trainNetwork’ functions. The secondary CNN was specif-
ically trained on misclassified and low-confidence samples from the main

network, allowing it to specialize in more complex image categories.

Confidence Threshold and Cascaded Inference: After training, a confidence
threshold of 0.75 was empirically determined. During the inference process,
the primary convolutional neural network (CNN) conducted the initial clas-
sification and generated a confidence score from the softmax output. If the

highest probability was below 0.75, the image was automatically redirected
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to a secondary CNN for reclassification. Early exits with higher classi-
fication confidence were passed onto the output interpreter for the final
classification result, which informed the decision-making of subsequent sys-
tems. This cascaded process was implemented using MATLAB’s classify
function along with a custom conditional script to manage both networks

sequentially.

Performance Evaluation and Deployment: The initial testing and evalua-
tion of the network model were conducted on a standard computer run-
ning a Windows operating system. The trained model’s performance was
assessed using MATLAB’s ’evaluateDetectionPrecision‘ function, and the
test dataset was used for evaluating both network models. Additionally,
live images captured from a camera connected to the computer were utilized

to assess the real-time performance of the proposed cascaded model.

Metrics such as classification accuracy, inference time, and memory uti-
lization were recorded on both the workstation and the Raspberry Pi. For
each test image, the evaluation was performed five times with an interval

of three seconds between tests, and the results were then averaged.

Embedded Deployment: The final trained model was converted for em-
bedded deployment using MATLAB GPU Coder along with the MATLAB
Support Package for Raspberry Pi Hardware. The workflow involved the

following steps:
e Exporting the trained model using the ’exportONNXNetwork’ func-
tion

e Generating optimized C/C++ code for inference using the ’codegen’

function.

e Deploying the generated code onto the Raspberry Pi board, which
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supports ARM NEON acceleration.

Prior to the final deployment of the network model, remote debugging
was performed. This implementation enabled real-time image classification
with an attached image capturing device. On the Raspberry Pi 4, both USB
and CSI interfaces are available; however, testing was limited to the USB

interface for a better comparison of results.

3.9.2 Testing methods

In this research, the speed of execution of the neural network, which is
one of the performance parameters, is being evaluated. It is important to
understand what the performance evaluation methods for a convolutional
neural network are. Generally, the performance of any convolutional neu-
ral network is described in two ways classification accuracy and speed of
execution. To assess the accuracy of the model, there are various testing
methods such as Hold-out validation, cross validation, k fold cross vali-
dation, confusion matrix, Precision recall and F'1 score evaluation, mean
average precision map etc. Whereas the speed of execution is measured
using methods such as Inference time measurement, Batch inference time
measurement, profiler tools, hardware specific tools, batch size variation,
model parallelism, model pruning, Latency measurement, Profiling on real

data etc. However, this research focuses on the speed of execution.

3.9.3 Inference time measurement

For a given convolutional neural network model, inference time refers to

the amount of time taken by the neural network to produce a classification
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output when an acceptable input is fed to it. The network model is pre-
trained with an accurate dataset of sufficient quantities. This quantifies
how fast the neural network model can make predictions for new data which
is not used during the training process. The inference time measurement
is essential in time critical real-world applications such as active safety
systems in automobiles, product sorting in high-speed process control etc.
For applications which require low latency, it is necessary that the network
model produces accurate predictions in a limited time. Hence the inference
time can also be considered as a feasibility assessment for deployment of
convolutional neural network in real world applications. The inference time
measurement involves calculations of the execution time during a complete
forward pass where the input data is passed through all the layers of the
convolutional neural network until the classification output is produced.
The time measurement can be achieved using various tools such as timing
libraries, profiling tools etc. This entire process can be explained in five

steps.

1. Select the input: The input data sample or batch of samples to be
classified. It is necessary that the input samples were not used during

the network model training process, and it should be real world data.

2. Start timing: record the start time before feeding the input sample

to the pre-trained neural network.

3. Execute forward pass: pass the input data through the neural net-
work’s all the layers starting the image input layer up to classification

output layer where the classification prediction is obtained.

4. Stop timing: record the end time once the forward pass is completed

and classification output is produced.
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5. Calculate the inference time: The time elapsed or difference between

stop time and start time gives the inference time.

The inference time can vary depending upon hardware resources, input
data size and neural network architecture. Availability of the hardware
resources such as GPU rather than CPU only accelerates the computa-
tions and addition of external hardware accelerators should also reduce the
execution time. A comparison is presented in the Results Comparison sec-
tion in chapter 4. The number of learnable layers, essentially the dense
layers, contributes significantly to the execution time. A neural network
model with more dense layers thus learnable parameters takes more time
to execute for a given input data. The size of the input data also plays
a vital role in inference time as the input data should be pre-processed
prior to applying through the neural network which includes application of
algorithms such as resizing and compression. The large input data com-
pression or resizing could also result in a loss or distortion of information
which is undesired as it affects the accuracy. Hence input data size is also

an important factor which decides the inference time.

3.9.4 Execution speed measurement using profiler tools

Profiler tools can be used to measure the execution performance of any con-
volutional neural network. Since the profiler tool can exaggerate the timing
by individual layers, it is essential to identify if any bottlenecks are present
in the network, any kind of inefficiencies associated with the network, or
perform optimizations by observations. For this research MATLAB based
profiler was used. The profiler should be configured prior to invoking it
by setting up the target hardware. The profiling data is in the form of

layer-wise timing, memory usage, data transfer etc. During the inference,
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(a) Profiler flame graph for main network model.
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(b) Profiler flame graph for secondary network model

Figure 3.23: Profiler output for a single execution of the main network and
the sub network

as the profiler was invoked, it collects data from timing, memory usage and
performance matrices. The profiler output for a single execution of the
main network and the sub network is presented in the Figures 3.23a and

3.23b.

The flame graph is a visual representation of time taken by the MATLAB to
execute each function while running the code. Each function which was run
is represented by the bars in the flame graph and represented in two color
schemes where blue color represents user defined functions, and the gray
color represents the MATLAB functions. They are placed in hierarchical
order where the parent functions are placed in lower section and child,
or sub functions are placed in higher sections. The width represents the

percentage of the total time.
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3.9.5 Hardware testing

This research was carried out using a standard computer with GPU with
specifications outlined in Table 3.9. Both the training and verification
were done on the same computer. For comparison of the data the trained

network was imported for different computers and data was acquired.

Table 3.9: Hardware specifications of the computer

Peripheral Specifications
Random Access Mem- | 16 GB
ory (RAM)

Central Processing Unit | Core i5-9400 — 6 cores, 9MB cache, 4.10
(CPU) GHz

Graphical ~ Processing | NVIDIA RTX 3060 — 12GB, 3584 CUDA

Unit 1 (GPU) cores, 1.78 GHz
Graphical  Processing | NVIDIA GTX 1050 Ti — 4GB, 768 CUDA
Unit 2 (GPU) cores, 1290 MHz
Graphical ~ Processing | NVIDIA GTX 1050 — 2GB, 640 CUDA
Unit 3 (GPU) cores, 1354 MHz

NVMe Solid State Drive | 250GB — 3500 MB/s, 375,000 IOPS
(SSD)

Hardware testing evaluates the performance of CNN model and its com-
patibility on hardware platforms. The assessment describes how better the
network performance on specific hardware and further analysis suggests op-
timizations for performance enhancement. Major aspects of the hardware

testing are hardware compatibility assessment and model deployment.

The proposed cascaded CNN model was tested on a hardware-based mobile
robot platform. The figure 3.24 shows a fully integrated mobile service
robot prototype designed for human detection and navigation in structured
environments, such as airports. The system is modularly constructed with
two main subsystems: a vision unit mounted vertically on a lightweight

aluminum frame, and a mobile robotic platform that serves as the base for
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locomotion.
Vision Unit:

The vision unit, mounted on top of the chassis, consists of the following

components:

e A USB camera positioned at the top for wide-angle environmental

perception.

e A Raspberry Pi 4 Model B, housed in a protective enclosure, serving
as the central processing unit for real-time image acquisition and

convolutional neural network (CNN) inference.

e A Raspberry Pi Camera Module v2.1, directly connected to the Rasp-
berry Pi 4 via the dedicated Camera Serial Interface (CSI) port, en-

abling high-resolution, low-latency image capture.

e A T7-inch touch display mounted below the cameras, providing an
interactive interface for system monitoring, manual control, and real-

time visualization of detection results.

This unit is responsible for continuously capturing video streams from both
cameras, preprocessing the frames, and executing a proposed deep learn-
ing model, along with comparative state-of-the-art CNN architectures, to

detect and localize humans within the airport environment.
Mobile Robotic Platform:

The lower section of the platform contains the locomotion and control hard-

ware, including:

e A 4-wheel drive (4WD) differential-drive chassis, designed with rugged

rubber tires to ensure stable movement across indoor surfaces.
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e An Atmega2560 microcontroller that serves as the low-level motion
controller. This microcontroller receives high-level navigation com-
mands from the Raspberry Pi and converts them into precise motor

PWM signals for accurate directional control.

e The entire platform is powered by a rechargeable battery pack, with

wiring neatly routed through the frame for safety and maintainability.

System Integration and Functionality: The robot operates autonomously,
utilizing a vision unit that processes visual input to identify human presence
through the proposed CNN model. This model has been benchmarked
against other state-of-the-art architectures, such as AlexNet, GoogLeNet,
EfficientNet, and MobileNetV3, under the real-world lighting conditions
typical of airport terminals. Once humans are detected, their coordinates
are communicated to the Atmega2560 controller to initiate appropriate
navigation behaviors such as approaching, avoiding, or queueing allowing

the robot to serve passengers safely and efficiently.

The hardware tests were conducted in real-time under real-world condi-
tions to evaluate the system’s performance. The image shown in Figure
3.25 depicts a field test of the proposed service robot operating outdoors.
During the tests, the robot encountered various real-world scenarios, in-
cluding ambient daylight, moving vehicles like city buses and motorcycles,
and pedestrian infrastructure. This demonstrates the robot’s robustness

beyond controlled indoor environments.

The vision unit is continuously active, processing visual input to detect
humans and obstacles while the four-wheel-drive (4WD) platform safely
maneuvers along the terrain. This testing validates the system’s adapt-
ability to dynamic and unstructured environments, such as those found at

airport perimeters and transit zones.
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Figure 3.24: Mobile robot platform equipped with a vision unit. (a) The
vision unit is mounted on the mobile robot structure. (b) Vision Unit
Components: USB Camera, Touch Display Unit, Raspberry Pi 4, and Pi
Camera v2.1

Figure 3.25: Real-time results from dynamic outdoor environment.
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3.10 Proof of the concept

Mathematical modeling for the proposed network was presented in the pre-
vious chapter with the extensive interpretation of each layer’s computations
involved. Mathematical interpretation of AlexNet architecture and com-
parison of the computations involved should be contrasted with proposed
network model in order to prove the concept. Considering the network ar-
chitecture of AlexNet, the major contribution to the complex computations
involved are from convolutional layers and fully connected layers apart from
the other layers which contribute to the learnable parameters. For an im-
age input to the AlexNet of size (w x h), convolutional operation performed
with a kernel of size (m x n) producing an output feature map of (W5 x Hs)
with no zero padding over stride of one. By applying Equation 3.48 and
3.49 derived previously, the output feature map size for the AlexNet can
be derived. The number of computations involved in convolutional layers
can be derived from Equation 3.59 by adapting Equation 3.57and 3.58 for
AlexNet. Since the AlexNet uses the rectification and linearization unit
(ReLU) as the activation function for the output feature maps generated
from the convolutional layers, which also involves in mathematical compu-
tations the number of computations involved in ReLLU layer can be derived
by applying Equation 3.60for the AlexNet. Similarly, the computations
involved in AlexNet from the maxpool layer can also be calculated by ap-
plying Equation 3.63 derived above. AlexNet architecture consists of three
fully connected layers which also contribute for significantly large learnable
parameters and hence large number of computations. The computations
involved in AlexNet fully connect layers can be obtained by applying the

Equation 3.65.
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3.10.1 Determination of computations involved in AlexNet

convolutional layers

In any type of neural network architecture, the mathematical computa-
tions involved can be explained as computations in convolutional layers,
computations in fully connected layers and computations involved in non-
learnable layers such as ReLLU, Maxpool etc. In this section, the com-
putations taken place are described into its deepest level as number of
multiplications and additions beginning with an example. An input image
of size (w x h) produces an output feature map of (Wy x Hy) with a kernel
or filter of size (m x n) as shown in the Figure. The filter will be moved
across the input pixels with given steps known as strides denoted by (S).
Based on the requirement, sometimes zeroes will be appended to the output
feature map to comply with the feature map size constraints. By applying
this generalized equation 3.57, 3.58 and 3.59 to the convolutional layers
on transfer learned AlexNet and proposed cascaded network the numerical
results were obtained and presented in following tables. The total number
of computations involved in transfer learned AlexNet is presented in Table

3.10.
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Table 3.10: computations involved in convolutional layers of Alex net.

Layer Multiplications Additions Total Computations (Expr.) Total
Conv 1 | 11% x 552 x 3 x 96 (112 — 1) x 55% x 3 x 96 (2 x 112 —1) x 552 x 3 x 96 209,959,200
Conv 2 | 5% X 27 x 48 x 256 | (5% — 1) x 27 x 48 x 256 | (2 x 5% —1) x 27% x 48 x 256 438,939,648
Conv 3 | 3% x 13% x 256 x 384 | (32 — 1) x 132 x 256 x 384 | (2 x 3% —1) x 13? x 256 x 384 282,427,392
Conv4 |32 x132x192x384 | (32 —1)x 132 x 192 x 384 | (2 x 3% —1) x 13% x 192 x 384 211,820,544
Conv 5 | 32 x 132 x 192 x 256 | (32 — 1) x 132 x 192 x 256 | (2 x 3% — 1) x 13% x 192 x 256 141,213,696
Total 651,767,328 618,575,616 1,270,342,944
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Similarly, by applying the equation 3.57, 3.58 and 3.59 to the cascaded net-
work the corresponding multiplications, additions and computations were
calculated and tabulated. Computations conducted separately for main
network and sub network results are presented in Table 3.11 and 3.12 re-

spectively.

137



8¢€T

Table 3.11: computations involved in convolutional layers of main network

Layer | Multiplications Additions Total Computations (Expr.) Total
Conv 1 11%-55% - 3- 96 (112 = 1) - 552 - 3- 96 (2-112—=1)-55%-3-96 209,959,200
Conv 2 | 52-27%-48-256 | (5% —1)-27%-48-256 (2-5%—1)-27%-48 - 256 438,939,648
Conv 3 | 3%-132-256-384 | (32 —1)-13%-256- 384 (2-32—1)-13%-256 - 384 282,427,392
Conv 4 |[3%-132-192-384 | (32 —1)-13%-192- 384 (2-32—1)-13%-192- 384 211,820,544
Conv 5 | 3%-132-192-256 | (32 —1)-13%-192- 256 (2-32—1)-13%-192- 256 141,213,696
Conv6 | 1-1-6%-256-96 1-6%-256 - 96 2-1-6%-256-96 1,769,472
Conv7 |1-1-6%-256-64 1-6%-256 - 64 2-1-6%-256- 64 1,179,648
Conv8 | 1-1-62-256-32 1-6%-256- 32 2-1-62- 25632 589,824
Conv9 |1-1-62-256-16 1-62-256-16 2-1-6%-256-16 294,912
Conv 10 | 5%-6%-16-32 246216 - 32 (2-52—1)-6%-16-32 903,168
Conv 11 | 3%-62-96-128 8-62-96-128 (2-32—1)-6%-96-128 7,520,256
Total 658,126,368 624,473,856 1,282,600,224 1,282,600,224
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Table 3.12: computations involved in convolutional layers of sub network

Layer

Multiplications

Additions

Total Computations

Convl
Conv2
Conv3

11 x 11 x 55 x 55 x 3 x 96
5 X5 X 27 x 27 x 48 x 256
3 x3x13x13x 256 x 384

(11 x 11 —1) x 55 x 55 x 3 x 96
(5x5—1)x27 x 27 x 48 x 256
(3x3—1)x 13 x 13 x 256 x 384

(2x 11 x11—1) x 55 x 55 % 3 x 96
(2x5x5—1)x 27 x 27 x 48 x 256
(2x3x3—1)x13x 13 x 256 x 384

Convd [3x3x13x13x192x384 | (3x3—1)x13x13x192x384| (2x3x3—1)x 13 x 13 x 192 x 384
Convs |3 x3x13x13x192x256 | (3 x3—1)x 13 x 13 x 192 x 256 | (2 x 3 x 3 —1) x 13 x 13 x 192 x 256
Total 651,767,328 618,575,616 1,270,342,944
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3.10.2 Determination of computations in AlexNet ReLU

layers

The rectification and linearization unit there are no mathematical multi-
plications or additions involved. The ReLU is an activation function that
applies simple thresholding operation, replacing negative values with zeros
and positive values unchanged. In the ReLU layer, its activation function
will be applied to each neuron input and compares the value. Once the
input neuron is compared and if the input value is positive the input value
is unchanged. If the input value is negative, then it is multiplied by zero
resulting in a zero value which is discarded. Since the net effect of the
multiplication by zero has no change in the output it is considered as if no
multiplication is involved. Therefore, the computations involved in ReLLU
layer of a CNN expressed in Equation 3.60 for an input feature map of size
Wy and Hsy with depth K, By applying the Equation 3.60 to the transfer
learned AlexNet the computations from the ReLLU layers were obtained and

presented in Table 3.13.

Table 3.13: computations from ReLU layers of AlexNet

Layer Computations (Expression) Total
ReLU1 55 X 5H X 96 290,400
ReLU2 27 x 27 x 256 186,624
ReLU3 13 x 13 x 384 64,896
ReLU4 13 x 13 x 384 64,896
ReLUb 13 x 13 x 256 43,264
Total 650,080

Similarly, by applying Equation 3.60 to the cascaded network, computa-
tions from the ReLU layers were determined. They were separately pre-
sented for main network and sub network in Table 3.14 and Table 3.15

respectively.
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Table 3.14: computations from ReLU layers of Main network

Layer Computations (Expression) Total
ReLU1 95 X Hd x 96 290,400
ReL U2 27 x 27 x 256 186,624
ReLU3 13 x 13 x 384 64,896
ReLLU4 13 x 13 x 384 64,896
ReL U5 13 x 13 x 256 43,264
ReL U6 6 X 6 x 96 3,456
ReLU7 6 % 6 x 32 1,152
ReLUS 6 X 6 x 64 2,304
ReLU9 6 x6x16 276
ReLU10 6 x 6 x 128 4,608
ReLU11 6 x 6 x 32 1,152
Total 663,328

Table 3.15: computations from ReLU layers of sub network

Layer Computations (Expression) Total
ReLU1 55 X 55 x 96 290,400
ReLU2 27 x 27 x 256 186,624
ReLU3 13 x 13 x 384 64,896
ReLU4 13 x 13 x 384 64,896
ReLU5 13 x 13 x 256 43,264
Total 650,080

3.10.3 Determination of computations in AlexNet Max-

pool layers

The purpose of using a maxpool layer in a CNN architecture is to down
sample the input feature map prior to applying it to the next immediate
layer. In involves sliding a fixed size kernel over the input feature map and
selecting the maximum value within each window. The kernel is moved
over the input feature map with a specific step known as stride. Thus,
the number of output regions are calculated using equation 8. With ev-

ery stride of the kernel, the maximum value of the corresponding region
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becomes the output value of the feature map. By choosing the maximum
value within the feature map, it reduces the spatial dimension and thereby
sparce connections of the neurons. However, since the maxpool operation
involves selection of maximum value within the region, it doesn’t involve
multiplications. Also, there are no additions directly involved within the
pooling operation since there are no modifications to the output feature
map values propagated from the input feature map. During the determi-
nation of the maximum value, indirect memory related additions are taken
place to store the maximum value. Assuming an input feature map of size
Wy x Hy with a depth of K is to be applied with kernel of size U x V' is moved
across the input feature map with stride S. Number of pooling regions can
be determined by applying Equation 3.63. By applying the Equation 3.63
to the transfer learned AlexNet, total number of computations from each

Maxpool layer was calculated and tabulated in Table 3.16.

Table 3.16: computations from Maxpool layers of Alexnet

Layer Computations (Expression) Total
MaxPool 1 27 x 27 x 3 x 3 x 96 629,856
MaxPool 2 13 x 13 x 3 x 3 x 256 389,376
MaxPool 3 6 X6 x3x3x 256 82,944
Total 1,102,176

Similarly, by applying Equation 3.63 to the cascaded network, computa-
tions from the Maxpool layers were determined. They were separately
presented for main network and sub network in Table 3.17 and Table 3.18

respectively.
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Table 3.17: computations from Maxpool layers of Main network

Layer Computations (Expression) Total
MaxPool 1 27 x 27 x 3 x 3 x 96 629,856
MaxPool 2 13 x 13 x 3 x 3 x 256 389,376
MaxPool 3 6 x6x3x3x256 82,944
MaxPool 4 6 x6x3x3x256 82,944
Total 1,185,120

Table 3.18: computations from Maxpool layers of sub network

Layer Computations (Expression) Total
MaxPool 1 27 x 27 x 3 x 3 X 96 629,856
MaxPool 2 13 x 13 x 3 x 3 x 256 389,376
MaxPool 3 6 X6 x3x3x 256 82,944
Total 1,102,176

3.10.4 Determination of computations in AlexNet Fully

connected layers

A fully connected layer is an essential part of convolutional neural network
also known as dense connections where neurons form sparse connections
are connected to the neurons in the dense layer. At the fully connected
layers, outputs from the preceding convolutional layers are taken for re-
gression tasks to perform classification by learning patterns. There are
two important tasks performed at the fully connect layer termed flattening
and weighted sum activation. In flattening stage, the outputs from the
preceding layer essentially 3-dimensional feature map, are flattened into
a 1-dimensional vector. Each neuron is then appended with weight and
bias is added. For input vector of size (J) with bias (b), the computations
can be derived as described in previous Equations. Since each neuron in
the fully connected layer is connected to every element in the input, dot
product requires (J) multiplications and (J — 1) additions. Therefore, the

number of computations is approximately 2.J. If bias of b present, the total
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number of computations per neuron is given in Equation 3.65. By applying
Equation 3.65 to the transfer learned AlexNet, total number of multipli-
cations additions and hence computations were determined and tabulated
in Table 3.19. By applying Equation 3.65 to the subnetwork, the number
of computations were calculated and presented in Table 3.20. Similarly
for the main network computations were calculated and tabulated in Table

3.21 respectively.
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Table 3.19: computations from Fully connected layers of Alex net

Layer Multiplications Additions Total Computations
Fully Connected 1 9216 x 4096 (9216 — 1 4+ 1) x 4096 75,497,472

Fully Connected 2 4096 x 4096 (4096 — 1 4 1) x 4096 33,554,432

Fully Connected 3 4096 x 36 (4096 — 14 1) x 36 294,912

Total 54,673,408 54,673,408 109,346,816

Table 3.20: Fully Connected Layer Computations

Layer Multiplications Additions Total Computations
Fully Connected 256 x 4 (256 —1+4+1) x4 2,048
Total 1,024 1,024

Table 3.21: computations from Fully connected layers of main network

Layer Multiplications Additions Total Computations
Fully Connected 256 x 6 (256 —1+4+1) x 6 3,072
Total 1,536 1,536
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By considering all the computations stated above, a summary of the num-
ber of computations is presented in Table 3.22.

Table 3.22: comparison of computations

Layer Cascaded Network AlexNet
Convolutional 2,552,943,168 1,270,342,944
ReLU 1,313,408 650,080
Maxpool 2,287,296 1,102,176
Fully Connect 5,120 109,346,816
Total 2,556,548,992 1,381,442,016

3.10.5 Execution time measurement

Since broader elaboration presented on previous chapters in theoretically
but also need to present them in practical. As stated above, deep neural
networks involve a larger number of mathematical computations in var-
ious layers of their architecture. The time taken by the neural network
model to make a classification can be estimated with the computer in-
volved for the classification process. It is noted that the execution time
is a rough estimate but not a precise time measurement since the time is
dependent on factors such as CPU clock frequency, CPU cores, Memory
Bandwidth [128]. In convolutional layers of a network model, large num-
ber of multiplications and additions are repeated, which contribute to high
latency as well as more power consumption [112]. Resource constraints
in mobile computational platforms thus a significant challenge during the
implementation of CNN models as computational complexity and energy
efficiency should be critically considered. In addition to these challenges,
since the CNN models involve a larger number of learnable parameters asso-
ciated with as mentioned in section 3.6, it is required large memory to store
the instantaneous data [112] [129]. Overseeing these constraints execution

time estimation was conducted for the proposed cascaded network model
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and standard AlexNet. The AlexNet model was re-trained using transfer
learning with the same dataset used for the cascaded network. For differ-
ent object classes both the networks were trained using high performance
computers and stored with respective class names for later experimental
purposes. Time measurement was conducted on different computers to ob-
serve the characteristics of each CNN model. A set of images were used
for both network models to test the execution time taken by each network
respectively. Each test image was taken as an input image to the network
and executed the model to pass through all the layers until finally construct
the class output. This process was repeated five times with an interval of
2 seconds and those five results were recorded and average was taken as
the execution time for the corresponding image input. Similarly, the ex-
ecution time measurement was conducted for all the test images created
at the beginning. Part of the execution time results for cascaded network
and transfer learned AlexNet are presented in Table 3.23 and Table 3.24

respectively.
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Table 3.23: cascaded network execution time for different classes

Test Object 15 classes | 25 classes | 40 classes | 50 classes | 100 classes | 200 classes
cleaning machine2.jpg | 0.056511 0.056850 0.058375 0.057876 0.058957 0.060531
scanning machinel.jpg | 0.059168 0.059370 0.059931 0.060483 0.062034 0.063023
scanning machine3.jpg | 0.056495 0.056957 0.057696 0.058866 0.059594 0.060255
buggy cart 4.png 0.058392 0.058510 0.058583 0.059250 0.061399 0.061164
catl.jpg 0.055661 0.055704 0.056601 0.058093 0.058458 0.059062
bird1.jpg 0.054368 0.055072 0.055469 0.055898 0.056488 0.058256
butterfly 3.jpg 0.058137 0.058461 0.058952 0.059811 0.060274 0.061036
dog31.jpg 0.061599 0.061649 0.061896 0.062368 0.063129 0.062002
pigh.jpg 0.059788 0.060251 0.060735 0.062368 0.062767 0.063893
pigl.jpg 0.059762 0.060034 0.060610 0.061130 0.061818 0.062713
pigld.jpg 0.055840 0.056087 0.056715 0.056966 0.057578 0.061265
buggy44.jpg 0.056159 0.056337 0.056727 0.056996 0.057801 0.059063
buggy36.jpg 0.064847 0.065471 0.065912 0.066590 0.067532 0.068970
stroller2.jpg 0.057536 0.057799 0.058371 0.058878 0.059553 0.062583
stroller3.jpg 0.058304 0.058654 0.059345 0.060833 0.061402 0.062253
trolley14.jpg 0.058017 0.058377 0.058664 0.059369 0.060260 0.061096
trolley20.jpg 0.055750 0.061071 0.061620 0.062176 0.062567 0.064581
Average time 0.058020 0.058627 0.059188 0.059879 0.060683 0.061867
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Table 3.24: transfer learned AlexNet execution time for different classes.

Test Object 15 classes | 25 classes | 40 classes | 50 classes | 100 classes | 200 classes
Cleaning machine2.jpg | 0.046271 0.046727 0.046825 0.048862 0.059822 0.067615
scanning machinel.jpg | 0.044271 0.045267 0.047858 0.047858 0.058538 0.068017
scanning machine3.jpg | 0.044641 0.045971 0.047769 0.048769 0.055598 0.066799
buggy cart 4.png 0.044491 0.046691 0.045232 0.046232 0.058611 0.067828
catl.jpg 0.047282 0.045688 0.046283 0.049283 0.057879 0.067842
bird1.jpg 0.043623 0.045672 0.047216 0.049216 0.056779 0.065379
butterfly3.jpg 0.043896 0.046077 0.047461 0.047461 0.058692 0.068572
dog31.jpg 0.046203 0.047541 0.048672 0.049662 0.056286 0.067015
pigh.jpg 0.046957 0.045911 0.047535 0.047975 0.058925 0.069996
pigld.jpg 0.045608 0.046628 0.047942 0.049342 0.055205 0.065876
buggy44.jpg 0.045366 0.046832 0.047954 0.048688 0.057669 0.066504
buggy36.jpg 0.045687 0.046793 0.045854 0.047863 0.055624 0.066221
stroller2.jpg 0.045441 0.045911 0.047165 0.048261 0.055941 0.065783
strroller3.jpg 0.046524 0.046631 0.047547 0.049547 0.058215 0.067976
trolley14.jpg 0.046633 0.047438 0.047137 0.047911 0.059405 0.068392
trolley20.jpg 0.045842 0.046164 0.046915 0.048527 0.057822 0.067615
Average time 0.045546 0.046371 0.047210 0.048466 0.057563 0.067339
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Considering the average execution times from both network models, a com-

parison was presented in Figure 3.4 with respective the number of classes.

Referring to the execution time comparison presented in Figure 3.26, it was
observed that as the number of classes were increased the execution time
for the AlexNet increased gradually with lesser rate of increment at initially
for lower output classes which then increased over the number of classes.
Cascaded network on the other hand recorded comparatively higher exe-
cution time of 58ms at the beginning for low output classes which is 13ms
higher than AlexNet. It was observed that cascaded network execution
time increases over the number of output classes. However, the rate at
which it increases is less compared to AlexNet. It was also observed that
the execution time of both networks becomes equal to approximately 135
classes. The computer on which we conducted the test has a base fre-
quency of 2.4GHz. If runs at the base frequency the single machine cycle
time is 4.1666 x 107! seconds. Since a single instruction execution requires
4 machine cycles, the time to execute one computation is 1.041666 x 10~°
seconds. Since there are 4 cores in the processor, the execution time is
2.60416668 x 107! seconds. To execute cascaded network with 25 classes,
there are 2556548992 computations to be performed. Hence the maximum
possible time required to execute is 0.066576797 seconds. This is within
the practical execution time observed during the execution of the network

model.

3.11 Chapter Summary

This chapter outlines the comprehensive methodological framework and

system design used to meet the research objectives of developing a lightweight

150



3.11. CHAPTER SUMMARY

o Comparison of model execution times
(LR T T T T T T T T
Alaxnat
CascadadMat
- o~

0.063
w
=
= - B —
% R _'?-": r—T"
2 0.06 —
= -
1
E S
= I
= _ r
= 0035 v
— e
z il
= i
Lk

///
//
P
LR Iy
//
~
.-'/
.-"'----
i n__;l .l 1 | |
- M Ay &Iy Sn 2 M EaTi 1 A 1 60 Sn ~ N
0 20 40 60 0 100 120 140 160 130 200

mumber of classes

Figure 3.26: comparison of CNN execution times

cascaded convolutional neural network (CNN) for real-time image classifica-
tion on edge devices. The research methodology was structured to combine
theoretical design with experimental validation, ensuring that the proposed
model achieves both computational efficiency and high classification accu-

racy.

The chapter started by outlining the overall research workflow, which guided
the logical progression from defining the problem to implementing and eval-
uating the model. A system flow chart illustrated the two-stage cascaded
CNN architecture, consisting of a main network for primary classification
and a secondary network for confidence-based refinement. This design
allows for the selective activation of deeper layers only when necessary,
thereby minimizing inference time while maintaining robust accuracy. The
chapter also provided a detailed explanation of various methods and opti-
mization strategies, including efficient layer design, inverted residual blocks,
quantization-aware computation, layer fusion, and pruning. These archi-

tectural enhancements collectively contribute to reducing model complex-
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ity, improving memory utilization, and achieving faster inference, making
it suitable for embedded and mobile platforms, such as the Raspberry Pi.
Furthermore, the chapter described the experimental methodology, which
included model training, dataset preparation, and hardware deployment.
To ensure an objective assessment of the proposed model’s performance
against existing CNN architectures, benchmarking and performance eval-
uation metrics—such as accuracy, inference time, and energy consump-

tion—were clearly defined.

The methodology chapter provides a thorough foundation for the experi-
mental investigations described in the following chapter. The systematic
approach used in this section ensures that the proposed cascaded CNN de-
sign is both theoretically sound and practically validated. This forms the
basis for the subsequent results and analysis, which demonstrate the de-

sign’s efficiency, scalability, and applicability to real-time edge Al systems.
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4.1. INTRODUCTION TO THE CHAPTER

4.1 Introduction to the Chapter

This chapter presents the results of the implementation, training, and eval-
uation of the proposed cascaded convolutional neural network (CNN) model
developed using MATLAB. The primary goal of this analysis is to assess the
performance of the proposed architecture in terms of classification accuracy,
inference time, and computational efficiency when deployed on embedded
and edge computing platforms. The results of both the main CNN and the
secondary refinement network were analyzed to validate the effectiveness of
the cascaded design. Additionally, a comparative assessment is conducted
against baseline models, including AlexNet and other conventional CNN
architectures, to demonstrate the improvements achieved through the op-
timized multi-stage approach. Furthermore, the chapter discusses how vari-
ous optimization strategies—such as efficient layer design, inverted residual
blocks, pruning, and hardware-aware computation contribute to the overall
performance gains. The results are interpreted in relation to the research
objectives and hypotheses, emphasizing the model’s suitability for real-time

robotic guidance and edge-based image classification tasks.

The remainder of this chapter is organized as follows: section 4.2 presents
the results of the cascaded model, focusing on the number of computa-
tions and the impact on the number of classes for the overall performance
of the proposed cascaded CNN, highlighting accuracy trends and conver-
gence behavior. Section 4.3 analyzes the performance of the subnetwork
model. Section 4.4 discusses the combined network performance and com-
pares the proposed model’s results with those of baseline networks such as
AlexNet and MobileNet. Section 4.5 addresses the classification accuracies
of both the main network and the sub network, as well as the impact of

architectural optimizations including efficient layer design, pruning, and
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4.2. RESULTS OF THE CASCADED NETWORK MODEL

hardware-aware design on the final outcomes. Finally, section 4.6 sum-
marizes the key findings and evaluates them in relation to the research

objectives and hypotheses established earlier in the thesis.

4.2 Results of the cascaded network model

The results of the proposed cascaded network model are described in two
sections, section 4.4 for the main network’s performance and section 4.5 for
the sub network. In this section the results are presented as performance
results and analysis and the computation related to the main network. The
computations involved in every layer of the main network were manually

calculated.

4.2.1 Computations in main network

In the main convolutional neural network, there are eleven convolutional
layers, four max pooling layers and one fully connected layer present. Since
the above-mentioned layers involve complex computations, we focus only
on those layers that directly contribute to the execution time. The max
pooling operation involves sliding windows operations, but does not con-
tribute to the learning process. Hence, the max pooling layer is considered
as a non-learnable layer. The parameter calculation involves the convolu-
tional and fully connected layers. The detailed methodology is explained

in section 3.6. The total learnable parameters are presented in Table 4.1.

The formula for the mathematical multiplications and additions is ex-
plained in section 3.6. By using the formula, the total number of mathe-

matical additions are 105489984 and 118016928 multiplications are to be
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Table 4.1: Learnable Parameters of Main Network

Layer | Learnable Parameters
Convl 34,944
Conv2 307,456
Conv3 885,120
Conv4 663,936
Convb 442,624
Conv6 8,824
Conv7 16,448
Conv8 24,672
Conv9 110,720
Conv10 4,112
Convll 12,832

performed in single execution cycle of the main network model. The theo-
retical data associated with the convolutional layer are presented in Table
4.2.

Table 4.2: Summary of Measurable Quantities

Measurable Quantity
Total learnable parameters 2,511,688
Total number of multiplications 118,016,928
Total number of additions 105,489,984
Execution time for multiplications (s) | 0.07376058
Execution time for additions (s) 0.065936865
Practical execution time (s) 0.207778
Practical time difference (s) 0.06

Referring to the time values in Table 4.2, it is observed that the difference
in the practical timing value of 0.06 seconds. This time difference is due
to the operations involved in ReLU, Maxpool and fully connected layers.
The computations involved in these layers are presented in section 3.6.
However, the execution time consumptions of the Rel.u, Maxpool and Fully

connected layers are presented in Table 4.3.

Referring to the quantities in Table 4.3, the time difference of 0.06 seconds
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Table 4.3: Execution Time for Different Layers

Execution Layer Time (seconds)
Rectified Linear Unit (ReLU) 0.0029864
Maxpool Unit 0.005447645
Fully Connected 0.0530841
Total Time 0.061

is introduced by the ReLLU, Maxpool and Fully connected layers which is
the time difference in the practical values of time difference of the complete
execution of the network model. However, referring to the values in both
Table 4.1. and 4.2, it is observed that there exists a time difference of 0.06

seconds as presented in Table 4.3.

As explained in section 4.4 the time difference between the practical execu-
tion and theoretical execution time was 0.016 seconds. This was observed
in the very first layer of the network, the image input layer. Therefore, the
time differences are balanced, and thus theoretical values are in agreement

with the practical values as mentioned in Table 4.4.

Table 4.4: Comparison of theoretical and practical execution time for main
network

Measurable Main Network (sec)
Practical execution time 0.207778
Theoretical (convolutions) 0.139697445
Theoretical (ReLU + Maxpool + FC) 0.0549706
Image input layer execution time 0.016

4.2.2 Impact on number of classes

It is worth analyzing that the networks’ performances change as the number
of classes are changed. This research was conducted using different number
of classes beginning with 4 classes. The main network was trained for 4

classes initially and the number was increased substantially in stages, the
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Figure 4.1: Main network performance for number of classes up to 100

performances were recorded and plotted in Figure 3.23. Similarly, the sub
network was initially trained for 5 classes and consequently increased up to
100 with groups of five in the first stage which is presented in Figure 4.3.
During the second stage, it was required to compare the results for 1000
classes, by which the standard AlexNet network had been trained for 1000
object classes using CIFAR dataset from MNIST challenge. Therefore,
both the network models and the subnetwork were also trained for 1000
object classes in groups of 100. These results are presented in Figure 4.4

and for the main network model’s results are presented in Figure 4.5.

Referring to Figure 4.1 which represents the relationship between learnable
parameters vs number of classes in the main network. A smaller number
of classes ranging from four up to one hundred with a group of four were
tested, and the number of learnable parameters calculated for each class
were represented by each dot in the figure. A linear relationship can be

observed over the increasing number of classes.

Figure 4.2 depicts the main network architecture’s performance for a larger

number of classes ranging from 100 to 1000. The tests were carried out in
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Figure 4.2: Main network performance for number of classes from 100 to
1000

steps of 100 where the maximum number of classes was limited to 1000
to compare for analysis with standard AlexNet network which was also
trained for same number of classes. Learnable parameters increased with

the increasing number of classes exhibiting a linear relationship.

Table 4.5 presents the total number of learnable parameters in AlexNet
and the proposed cascaded network as the number of output classes in-
creases from 25 to 1000. The results demonstrate a significant difference
in model scalability between the two architectures. The state-of-the-art
AlexNet shows a consistent increase in the parameter count with increas-
ing class complexity. Starting with 56,970,649 parameters for 25 classes,
AlexNet reaches 60,965,224 for 1000 classes, resulting in an increase of ap-
proximately 4 million parameters (7.0%). This growth is primarily due to
the architecture’s fully connected classification layers, which scale linearly

with the number of target classes.

In contrast, the cascaded network maintains a nearly constant parame-
ter count across all configurations, ranging from 4,892,538 to 4,916,953

parameters, an increase of only 24,415 parameters (0.5%). This minimal
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dependence on the class count indicates that the majority of the network’s
parameters reside in shared, class-independent feature extraction modules,

while the classification head is designed to scale efficiently.

In particular, the cascaded network operates with approximately 92% fewer
parameters than the state-of-the-art AlexNet, even at the highest class
count of 1000 object classes, without compromising architectural expres-
siveness. These findings highlight the proposed model’s superior parame-
ter efficiency, making it suitable for large scale classification tasks where
model compactness and scalability are critical. In addition, it demonstrates
suitability for resource constrained environments, such as edge devices, en-
abling efficient utilization of computational resources while producing ac-

curate classification results.
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Table 4.5: Classes combination and parameters for Alexnet and cascaded

network
Number of Classes | AlexNet | Cascaded Network
25 56,970,649 4,892,538
50 57,073,074 4,893,823
75 57,175,499 4,895,108
100 57,277,924 4,896,393
150 57,482,774 4,898,963
200 57,687,624 4,901,533
250 57,892,474 4,904,103
300 58,097,324 4,906,673
350 58,302,174 4,909,243
400 58,507,024 4,911,813
450 58,711,874 4,948,903
500 58,916,724 4,950,188
550 59,121,574 4,951,473
600 59,326,424 4,952,758
650 59,531,274 4,954,043
700 59,736,124 4,955,328
750 59,940,974 4,956,613
800 60,145,824 4,957,898
850 60,350,674 4,959,183
900 60,555,524 4,960,468
950 60,760,374 4,961,753
1000 60,965,224 4,916,953

4.3 Performance analysis of sub network

This section presents results for the sub network model. The computations
involved in every layer in the sub network are manually calculated and the
results from the practical implementation are compared with the theoretical

values. In the sub network model, there are five convolutional layers, three
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max pooling layers and a fully connected layer are present. Total number of
learnable parameters, complex multiplications and additions are calculated

and presented in Table 4.6.

Table 4.6: Computations and learnable parameters in sub network

Learnable Num. Num.
Parameters | Additions | Multiplications

Convl 34,944 95,832,000 105,415,200

Layer

Conv2 | 307,456 7,464,960 9,331,200
Conv3 | 885,120 225,792 338,688
Convd | 663,936 225,792 338,688
Convs | 442,624 150,528 225,792

Using the mathematical model explained in section 3.6, it was found that
a total of 115649568 number of complex multiplications and 103899072
additions are to be performed in single execution cycle. The time taken
for these operations are measured in real time and compared with the

theoretical values. Table 4.7 presents the computed values.

Table 4.7: Secondary network parameters

Measurable Quantity
Total learnable parameters 2,334,080
Total number of multiplications 115,649,568
Total number of additions 103,899,072
Execution time for multiplications 0.07228
seconds
Execution time for additions 0.06494
seconds
Practical execution time 0.20236
seconds
Practical time difference 0.06
seconds

Referring to the timing values mentioned in Table 4.8, it is noted that
there is a time difference between the practical time value and the theo-
retical value of 0.06 seconds. This is the same time difference as in the

case of section 4.2. The time difference is due to the processing of the
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intermediate layers such as ReLU, Maxpool and fully connected. However,
when we consider the time difference between practical implementation vs
theoretical it is noted that there is a small difference in theorical time.
Thus, it was required to further analyze the time profile. It was clearly
seen that a considerable amount of time is taken by the image input layer
as it must perform preprocessing of the input data so that the information
can be passed through the sub sequent layers of the network. The image
input layer, which involves two mathematical operations such as normal-
ization and resizing, thus significantly contributes to the execution time
of the network model. Since the image input sizes remain the same and
equal dimensional for both network models, the time value remains same

for both the networks.

Table 4.8: Comparison of main and secondary network

Measurement Main network | Sub network
Practical execution time 0.207778 0.202361
Theoretical (convolutions) 0.1397 0.1372
Theoretical (ReLU 4+ Maxpool + Fully connect) 0.05497 0.05406
Image input layer execution time 0.016 0.016

Performance of the sub network model was tested in two stages by dividing
the complete dataset into groups of 5 and 100 respectively. The network
model trained all datasets ranging from 5 to 100 classes in the first stage
and 100 to 1000 classes in the second stage. The results were tabulated,

and the graphs were plotted in Figure 4.3 and 4.9.

The sub network performance should also be considered to make a bet-
ter comment on the novel network architecture’s performance. Figure 4.3
presents the variation of learnable parameters as the number of classes
were increased. It was observed that a linear relationship between number
of classes and the learnable parameters. The number of classes in the sub

network was changed from five to hundred in steps of five and the learnable
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parameters calculated were depicted in Figure 4.3.

1000

Figure 4.4 represents the relationship between learnable parameters and

number of classes.

The number of classes were increased from one hun-

dred to thousand in steps of hundred to compare the performance against

the standard AlexNet. A linear relationship was observed as the number

of classes were increased gradually in steps as like the previous observa-

tions. From the results plotted it can also be stated that there exists a

linear relationship between the number of classes and learnable parame-
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ters. Mathematically, as the number of classes were increased the complex

computations involved are also increased and thus linearity observed.

4.4 Combined network’s performance

The individual performance of the main and sub network models was ex-
plained and presented in sections 4.1 and 4.2, respectively. Since this
research was intended to produce a single network model, both network
models were combined with the combination logic unit through which the
flow of direction is controlled. The overall performance of the network
model is presented in this chapter. As discussed in the previous chapter,
the network model has two sections main network and sub network. Durn-
ing the full network execution the test was conducted in such a way that
execution time for each network was recorded over the number of classes
considering both networks. Ideally, the number of classes for the main
network was recorded simultaneously for the sub network resulting in a
two-dimensional matrix of data. From the data recorded, the number of
classes was offering different options for the same number. As an example,
for 100 object classes, a combination of main and sub network proposes as
10 main classes and 10 sub classes, 20 main classes and 5 sub classes, 5
main classes and 20 sub classes etc. equivalent execution time matrix also
created matching with the number of classes in both network models. For
a selected class of interest, all possible combinations were recorded, and
their corresponding execution time values were also recorded. Out of the
possible combinations, the minimum execution time was determined, and
the combination was selected. The minimum execution time recorded was
plotted against the number of classes to present the performance of the

new network model. The results were compared with standard AlexNet.

165



4.4. COMBINED NETWORK’S PERFORMANCE

The selection of the number of classes from the main and sub networks is

presented in Table 4.9.

Table 4.9: Main network and sub network classes combination

main network
5 10 15 20 25 30 35 40 45 50
5 25 50 75 100 125 150 175 200 225 250
10 50 100 150 200 250 300 350 400 450 500
15 75 150 225 300 375 430 525 600 675 750
20 100 200 300 400 500 600 700 800 900 1000
25 125 250 375 500 625 730 875 1000 1125 1250
30 150 300 450 200 730 900 1050 1200 1330 1500
35 175 330 525 700 875 1050 1225 1400 1575 1750
40 200 400 600 800 1000 1200 1400 1600 1800 2000
45 225 450 675 500 1125 1350 1575 1800 2025 2250
50 250 500 750 1000 1250 1500 1750 2000 2250 2500
55 275 550 825 1100 1375 1650 1525 2200 2475 2750
60 300 600 9500 1200 1500 1800 2100 2400 2700 3000
65 325 650 975 1300 1625 1950 2275 2600 2925 3250
70 350 700 1050 1400 1750 2100 2450 2800 3150 3500
75 375 750 1125 1500 1875 2230 2625 3000 3375 3750
B0 400 800 1200 1600 2000 2400 2800 3200 3600 4000
85 425 830 1275 1700 2125 2550 2975 3400 3825 4250
90 450 500 1350 1300 2250 2700 3150 3600 4050 4500
95 a75 950 1425 1500 2375 2850 3325 3800 4275 4750
100 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

(a) Part A

main network
55 60 65 70 75 20 85 90 95 100
5 275 300 325 350 375 400 425 450 475 500
10 550 600 @50 700 750 800 850 500 950 1000
15 825 500 975 1050 1125 1200 1275 1350 1425 1500
20 1100 1200 1300 1400 1500 1600 1700 1800 1500 2000
25 1375 1500 1625 1750 1875 2000 21325 2250 2375 2500
30 1650 1800 1550 2100 2250 2400 2550 2700 2850 3000
35 1925 2100 2275 2450 2625 2800 2975 3150 3325 3500
40 2200 2400 2600 2800 3000 3200 3400 3600 3800 4000
45 2475 2700 2925 3150 3375 3600 3825 4050 4275 4500
50 2750 3000 3250 3500 3750 4000 4250 4500 4750 5000
55 3025 3300 3575 3850 4125 4400 4675 4950 5225 5500
a0 3300 36000 3900 4200 4500 4800 5100 5400 5700 /000
65 3575 3900 42325 4550 4875 5200 5525 5850 6175 6500
70 3850 4200 4550 4500 5250 5600 5950 6300 6650 7000
75 4135 4500 4875 5250 5625 6000 6375 6750 71325 7500
B0 4400 4800 5200 5600 6000 6400 6300 7200 7600 8000
85 4675 5100 5525 5950 6375 6800 7225 7650 8075 8500
90 4350 5400 5850 6300 6750 7200 7650 8100 8550 9000

95 5225 5700 6175 6650 7125 7600 8075 8550 9025 9500
100 5500 6000 6500 7000 7500 8000 8500 9000 9500 10000

(b) Part B

The corresponding execution time values are presented in Table 4.10 where

the minimum value for a specific combination is highlighted.

The overall performance of the proposed network model is presented in the

graph given in Figure 4.5.
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Table 4.10: Learnable parameter selection for main and sub network classes

main network learnable parameters
5 10 15 20 25 30 35 40 45 50
2512373 2513658 2514943 2516228 2517513 2518798 2520083 2521368 2522653 2523933
5 2380165 4892538 4893823 4895108 4896393 4357673 4900245 4501533 4502313 4504103
10 2426250 4938623 4939903 4942478 4543763 4945048 4946333 4547618 4550188
15 2472335 4984708 4987275 4988563 49535343 4992418 4993703 4994988 4996273
20 2518420 5030793 5032078 5033363 5034648 5035933 5037218 5039788 5041073 5042358
25 2564505 5076878 5078163 5079443 5080733 5082018 5083303 5084588 5085873 5087158 5083443
30 2610590 5124248 T 5] 03 5129388 5130673 5131958 5133243 5134528
2656675 5169048 5170333 5171618 5174188 5175473 5176758 5178043 5179328 5180613
2702760, 5215133 5216418 5217703 5218988 5220273 5221558 5222843 5224128 5225413 5226698
2748845 5261218 5263788 5265073 5266358 5267643 5268928 5270213 5271498 5272783
2794930 5307303 5308588 5309873 5311158 5312443 5313728 5315013 5316298 5317583 5318368
2841015 5353388 5354673 5355958 5357243 5358528 5359813 5361098 5362383 5363668 5364953
2887100 5399473 5400753 5402043 5403328 5404613 5405898 5407183 5408468 5409753 5411038
2933185 5445558 5448128 5445413 5450698 5451983 5453268 5454553 5455838 5457123
2979270 5491643 5494213 5495498 5496783 5498068 5459353 5500638 5501923 5503208
3025355 5527728 5535013 5540298 5541583 5542868 5544153 5545438 5546723 5548008 5549293
3071440 5583813 5585098 5586383 5587668 5588953 5590238 5591523 5592808 5594093 5595378
3117525 5632468 5633753 5635038 5636323 5637608 5638893 5640178 5641463
3163610 5677268 5678553 5679838 5681123 5682408 5683693 5684978 5686263 5687548
95 3209695 5723353 5724638 5723923 5727208 5728493 5729773 5731063 5732343 5733633
100 3255780 5768153 5769433 5770723 5772008 5773293 5774578 5775863 5777148 5773433 5779718

(a) Part A

A A

sub network learnable parameters
gd 38

g &

main network learnable parameters

33 60 65 70 75 80 85 90 95 100

2525223 2526508 2527793 2529073 2530363 2531648 2532933 2534218 2535503 2536788

5 2380165 4905388 4906673 4 8 4909243 4 5 4911813 4516953
10 2426250 4951473 4952758 4957898 4960468 496 3 4963038
15 2472335 4997558 4998843 5000128 5001413 5003983 5005268 5006553 5007838 5009123
20 2518420 5043643 5044528 5046213 5047498 5048783 5050068 5051353 5052638 5053923 5055208
25 2564505 5089728 5091013 5092298 5093583 5094868 5096153 5097438 5098723 5100008 5101293
30 2610590 5135813 5137098 5138383 5139668 5140953 5142238 5143523 5144808 5146093 5147378
2656675 5181898 5183183 5184468 5185753 5187038 5188323 51896028 5190893 5192178 5193463
2702760 5227983 5229268 5230553 5231838 5233123 5234408 5235693 5236978 5238263 5239548
2748845 5274068 5275353 5276638 5277/923 5279208 5280493 5281773 5283063 5284348 5285633
2794930 5320153 5321438 5322723 5324008 5325293 5326578 5327863 5329148 5330433 5331718
2841015 5366238 5367523 5368808 5370093 5371378 5372663 5373948 5375233 5376518 5377803
2887100 5412323 5413608 5414893 5416178 5417463 5418748 5420033 5421318 5422603 5423388
2933185 5458408 5459693 5460978 5462263 5463548 5464833 5466118 5467403 5468683 5469973
2979270 5504493 5505773 5507063 5508348 5509633 5510918 5512203 5513488 5514773 5516058
3025355 5550578 5551863 5553148 5554433 5555718 5557003 5558288 5559573 5560858 5562143
3071440 5596663 5597943 5599233 5600518 5601803 5603088 5604373 5605658 5006943 5608228
3117525 5642748 5644033 5645318 5646603 5647333 50649173 5650458 5651743 5653028 5654313
3163610 5688833 5690113 5691403 5692688 5693973 5695258 5696543 5697328 5699113 5700358
95 3209695 5734918 5736203 5737488 5738773 5740058 5741343 5742628 5743913 5745198 5746483
100 3255780 5781003 5782288 5783573 5784858 5786143 5787428 5788713 5789998 5791283 5792568

(b) Part B

A

sub network learnableparameters
g 38

g &

Cascaded network performance for 1000 classes is presented in Figure 4.6.
The performance was tested in two stages where lesser number of classes
ranging from 5 to 100 in the first stage as presented in Figure 4.5 and 100
to 100 in the second stage as presented in Figure 4.6. From the results a

linear relationship observed over the increasing number of classes.

The cascaded network model was compared with one of the conventional

neural network models, AlexNet. To balance the test conditions, AlexNet

167



4.4. COMBINED NETWORK’S PERFORMANCE

leamable parameters

leamable parameters

w 10° Cascaded network performance for 100 classes
|\§ T T T T T T T T T T T T T T T T T T T Fa
x
*
b4
b o ks 1
®
- 4
A4r - E
x
. ®
> 1 r x T
X
. X
5r » 1
x
x
4 I\; i i i i i i i i i i i i i i i i i i i i
DARED R R D @R PP @
mumber of classes
Figure 4.5: Cascaded network performance
15 w107 Cascaded network performance for 1000 classes
o T T T T T T T T T T
b 4
*
1.25F x E
b 4
®
1F w R
b 4
075 * 1
b 4
X
{:l & i i i i i i i i i i
0 100 200 300 400 300 600 T00 200 Q00 1000

mumber of classes

Figure 4.6: Cascaded network performance for 1000 classes
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Figure 4.7: AlexNet network performance for number of classes from 5 to
100

was re-trained with the dataset with classes ranging from 5 to 100 in the
first stage and 100 to 1000 in second stage. For every number of classes,
the learnable parameters were calculated manually. The performance of

AlexNet network is presented in Figure 4.7 and 4.8 respectively.

Figure 4.7 depicts the characteristics of standard AlexNet network the
learnable parameters variation in accordance with the number of classes.
As explained earlier, a linear relationship can be observed between the
learnable parameters and number of classes given as in the graph. The test
was conducted for different number of classes ranging from five to hundred
in steps of five. The corresponding learnable parameters were calculated

and plotted against the number of classes to obtain the graph.

The number of classes were increased from hundred to thousand in steps
of hundred while observing the learnable parameters. Similar linear rela-
tionship was observed for learnable parameters as the number of classes
increased. Since the standard AlexNet trained for a thousand classes, the

number of classes were limited only to thousand to match its performances.
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Figure 4.8: AlexNet network performance for number of classes from 100
to 1000

Since the combination of classes for both main and secondary networks
are selected, out of all possible value combinations, the minimum value
is selected. Those values are tabulated in appendix A along with equiv-
alent data for the re-trained AlexNet network. Comparing the learnable
parameters calculated for the AlexNet network and cascaded neural net-
work model, based on the plots presented above, it can be stated that
proposed cascaded convolutional neural network is 6 times faster than the
conventional AlexNet network. Therefore, it can be proved that cascad-
ing convolutional neural network with minimum computation involved can
produce faster inferences compared to deep convolutional neural network

models.

4.5 Classification accuracies

It is equally important to present the classification accuracies of the pro-
posed cascaded neural network model in addition to its execution speed

performances, as it provides more reliability measurement to the output.
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The classification accuracy of any convolutional neural network is a great
measure of how accurately the network model can predict class label of
the given input object of interest out of all the objects which is learned to
identify. Classification accuracy can be denoted as a mathematical formula

in Equation 4.1 below.

Number of correct predictions

) x 100 (4.1)

Classification Accuracy =
Y < Total number of predictions

The proposed network model was evaluated for its classification accuracy
to determine its performance as compared to other existing network mod-
els. Commonly used error matrices were employed for the accuracy analy-
sis. Error distance (ED;) is the quantitative measure which represents the

arithmetic difference between the approximated result (R;) and the actual

result (R;) mathematically represented in Equation 4.2.

ED, — ‘Ri—Ri

(4.2)

Mean Error Distance (Mean error distance (MED)) is the average error
distance for N number of test trials can be mathematically represented in

Equation 4.3.

N
1
MED = — S ED; 43
¥ ; (4.3)

Considering the relative error distance (RED);), which is a measure of
error distance (ED) with respect to the actual result (R) how much devi-

ated from the actual result. Relative error distance can be mathematically
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denoted in Equation 4.4.

R, — R
R;

RED; = (4.4)

Mean Relative Error Distance (Meanrelativeerrordistance(MRED)) is
the average relative error distance for N number of test trials which can be

mathematically represented in Equation 4.5.

N
1
MRED = — ED; 4.
R NZR ; (4.5)

Mean Square Error (M SE) is the average of the squared error distances,

which can be mathematically denoted in Equation 4.6.

N
1 2
MSE = — ED; 4.
SE = 7 2 ED! (16)

To ensure a rigorous and scientifically valid comparison between the pro-
posed cascaded CNN and other state-of-the-art models, it is essential to
quantify the uncertainty in the measured accuracy and inference time. Ma-
chine learning results are affected by sampling variation, and the reported
performance metrics reflect only a single realization of an underlying prob-
ability distribution. This section discusses the confidence intervals for clas-
sification accuracies and inference times. Classification accuracy is defined
as the proportion of correctly classified samples in a test set. Let k de-
note the number of correct predictions among N total test samples. The

observed accuracy is denoted in Equation 4.7.

p= (4.7)

k
N
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Since accuracy is a proportion which follows binomial distribution, for suf-
ficiently large samples, the accuracy p is the sample mean represented in

the Equation 4.8.

1

P = N 22_1: Xi (4-8)
According to the central limit theory for a reasonably large samples N, the
distribution of sample mean will become equal to standard error. Since each
prediction corresponds to a Bernoulli trial (correct or incorrect),accuracy

follows a binomial distribution. Considering Bernoulli variable, mean and

variance is represented in Equation 4.9 and 4.10.

EXi]=p (4.9)

Var(X;) =p(1 —p) (4.10)

Therefore, adapting central limit theory for large samples N the standard

error of a binomial proportion is denoted in Equation 4.11.

51—5)

E:
o N

(4.11)

For a normal approximation, a 95% Wald confidence interval for the true

accuracy p is denoted by Equation 4.12.

Clyald = p+1.96 (4.12)

Substituting into the standard error equation, the Wald confidence interval

for 95% accuracy is represented by Equation 4.13.
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Ep
Clyataossn = b+ 1.961/ ]w. (4.13)

The Wald classification confidence interval is most effective with large sam-

ples. However, it tends to perform poorly with small samples, as its accu-
racy is often close to 0 or 1. This overconfidence can be particularly evident
in CNN tests. Therefore, for small samples, the Wilson confidence interval
is recommended. Let z be the standard normal critical value (z = 1.96 for
95%confidence). The adjusted proportion in the Wilson method is indi-

cated in Equation 4.14.

N

b+
1+

[\
Sl

ﬁWilson = (414)

zZ|%

The corresponding Wilson margin of error is represented in Equation 4.15.

= [pd—=p)  2°
MEwiison = . 4.15
i 1+§\/ N v (4.15)

Therefore, Wilson confidence interval is denoted in the Equation 4.16.

C[Wilson = ﬁW + MEwllSOTL (416)

By substituting Wilson center and margin, the Wilson confidence interval

can be expressed using the following Equation 4.17.

" 2
Ptow = \/13(1 - A
C’]vvison = 5 - ) + . 4.17

1 1+2 142 N AN? (4.17)

Additionally, two-proportion Z test can be used to compare the accuracies

of two models.Let p1, ps represent the observed accuracies of two models
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which can be denoted by the Equation 4.18.

k1 k2
hl = — ) — — 4.18
=y 2=y (4.18)
Two proportion Z-test is represented by Equation 4.19.
7 = D P (4.19)

3= (% + %)

Similarly, the confidence interval for the inference time can be tested over
multiple runs.A confidence interval (CI) provides a range within which the

true mean inference latency lies with a specified level of confidence.

Let t1,ts,...,t, be n measured inference times (in milliseconds) of a CNN

model. The average inference time ¢ is denoted by Equation 4.20.

— >t (4.20)

The standard deviation across n runs can be obtained from Equation 4.21.

n

5 = ! > (1) (4.21)

n—14%
=1

The margin of Error can be derived from the t-distribution represented in

Equation 4.22.
s

ME =t4/2,n-1" %

(4.22)

Therefore, Confidence interval for inference time is represented in the Equa-
tion 4.23.
Cl=1t+ ME. (4.23)
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Figure 4.9: Cascaded network classification accuracies

Since the classification performance of the cascaded network should be
compared with an existing network model, the pre-trained Alex net net-
work was chosen. The Alex net network model trained over one thousand
object classes was re-trained with the dataset created for the cascaded
neural network model using transfer learning. The dataset created for the
cascaded network model consists of a large number of sample images for
pre-configured object classes. The experiment was conducted on the same
computer used for the previous performance analysis. For each category,
the sample images were fed through both cascaded network as well as the
re-trained Alex net. The results were tabulated and presented in Figure

4.9.

Figure 4.9 presents the classification accuracies achieved by the cascaded
network model on different inputs of images. The error bars indicate the
range of accuracy values (maximum and minimum) recorded for each class.
As shown, the model achieves an overall classification accuracy of 95%, with
the lowest class accuracy at 75%. Although the model generally delivers
strong performance, one class exhibited a lower average accuracy of 93%

and the lowest confidence score of 54% among all test classes. Similarly,
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Figure 4.10: Alex net re-trained network classification accuracy

the re-trained AlexNet from the transfer learning was tested on the same
object categories using the same test images prepared to be tested over

the proposed network model. The results were tabulated and presented in

Figure 4.10.

As shown in Figure 4.10, the proposed cascaded network model achieved
an average classification accuracy of 97%, with the lowest accuracy across
object classes at 83%. Notably, even the least accurate class (75%) still
outperformed most baseline models. Compared to the AlexNet model, the
proposed model’s accuracy is only 2% lower, yet it delivers predictions
in the shortest inference time. Overall, the model demonstrates satisfac-
tory accuracy with superior computational efficiency. For testing purposes,
this research focused on classification accuracy and inference time. How-
ever, confusion matrices were not adapted, as they are more suitable for
evaluating class-wise discrimination in large labeled datasets, particularly
when compared to fully supervised models. The proposed architecture em-
phasizes real-time operational behavior rather than static classification on
large datasets. Manual testing allowed for precise control over test condi-

tions, such as object placement, lighting, and viewpoint, which are often
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difficult to standardize in static benchmark datasets. This approach more

accurately reflects realistic deployment scenarios than offline test datasets.

Misclassification cases, where the cascaded CNN under-performs compared
to AlexNet, are both expected and acceptable. This is because the proposed
architecture is optimized for real-time, edge-based operation with a focus
on robustness and efficiency rather than achieving peak accuracy alone.
Misclassifications may occur due to the shallower and pruned first stage
of the cascaded network, which is designed for speed. While AlexNet may
correctly classify a misclassified image from the cascaded network, it does
so with low confidence. If Monte Carlo dropout was applied during the
inference stage, these poor classification cases could be clearly identified.
However, it is important to note that this under-performance is not an
indication of failure; rather, it highlights areas that can be refined in the

secondary stage.

The proposed cascaded architecture is designed to enhance generalization
reliability by distinguishing between confident predictions and uncertain
cases through a multi-stage decision mechanism. Unlike state-of-the-art
single-stage networks like AlexNet, which must provide a classification for
every input regardless of confidence, the cascaded model selectively ad-
vances uncertain samples to a deeper refinement stage. For noisy or pre-
viously unseen inputs, the first-stage network is expected to show reduced
confidence or increased predictive entropy, which triggers the escalation to
the second-stage network for further processing. This approach reduces the
likelihood of confident misclassification and improves the decision reliabil-
ity in the presence of domain shifts, occlusion, blur, illumination variation,
and sensor noise. In contrast, AlexNet lacks an uncertainty-aware fallback
mechanism; therefore, it cannot adapt its computational depth based on

the difficulty of the input, making it more susceptible to misclassification
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ey

Figure 4.11: Classification results for real-time images of test objects

under degraded conditions.

In addition to the test dataset used for model evaluation, real-time images
were utilized to assess the classification capabilities of both the proposed
models and state-of-the-art models. A USB camera connected to the com-
puter captured real-time images, which were then used as input for the
CNN model. Sample results from various CNN models tested on randomly

selected objects are presented in Figure 4.11.

The MATLAB remote debugging tool was used to test various convo-
lutional neural network (CNN) models, including the proposed cascaded
network, on a Raspberry Pi computer. A USB camera connected to the
Raspberry Pi captured real-time images of test objects and executed CNN
models on board. The sample results are presented in Figure 4.12. The
MATLAB code generation tool was used to construct equivalent C++ code

from the scripts written to run on the Raspberry Pi.

The proposed cascaded network was executed on a Raspberry Pi A400
computer. To perform real-time image classification, a USB camera was
attached to the A400 for capturing images for model evaluation. The main
network and the sub-network were executed sequentially. Sample test re-

sults are presented in Figure 4.13 . The classification results clearly indi-
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Figure 4.12: Classification results for real-time images of test objects exe-
cuted on Raspberry Pi
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Figure 4.13: Cascaded network classification results for real-time images of
test objects executed on a Raspberry Pi A400 computer.

cate that the sub-network refines the output of the main network. This
also highlights the potential for early exits, which can provide improved
classification confidence while saving execution time and increasing accu-

racy.
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4.6 CNN Model Benchmarking

This section presents the benchmarking results of various Convolutional
Neural Network (CNN) architectures used for image classification of target
objects commonly found in an airport environment. Real-time test images
were captured using a USB camera connected to a computer. The exper-
iment aims to evaluate and compare the performance of nine pre-trained
CNN models: AlexNet, GoogLeNet, ResNet50, ResNet101, VGG16, VGG19,
DenseNet201, and EfficientNetB0, alongside two custom-developed archi-
tectures called MainNet and SubNet. The benchmarking focuses on three

main performance indicators:

1. Classification Confidence (%): This measures the likelihood that a model

correctly assigns an object to its predicted class.

2. Inference Time (seconds): This refers to the amount of computational

time required to process a single image.

3. Prediction Accuracy: This indicates how closely the predicted class label

aligns with the actual object.

All experiments were conducted in two computing environments: a stan-
dard computer equipped with an NVIDIA RTX 3050 GPU and a Raspberry
Pi A400. The dataset consisted of real-world images of various test objects,
such as bags and furniture, all captured under consistent lighting and back-
ground conditions. Each CNN model was tested on various object classes
to assess its ability to generalize and accurately classify visually similar
categories, such as handbags, luggage, and furniture. The average results

across all test cases are summarized in Table 4.11.

181



4.6. CNN MODEL BENCHMARKING

Table 4.11: Model Evaluation Summary of CNN Architectures using
real-time data

Model Average Average Overall
Confi- Inference | Accuracy
dence (%) | Time (s)
AlexNet 39.5 0.27 Low
GoogLeNet 47.1 0.43 Medium
ResNetb0 47.7 1.34 Medium
ResNet101 56.7 2.33 Medium
VGG16 47.4 0.37 Medium
VGG19 43.2 0.41 Medium
DenseNet201 61.5 2.07 High
EfficientNetB0 | 34.4 0.68 Medium
MainNet 96.9 0.25 High
SubNet 83.9 0.21 High

(Classification confidence:

The classification confidence and inference time of each state-of-the-art
model are presented in a bar chart in Figure 4.14. As illustrated in this
figure, the custom models significantly outperform standard CNN archi-
tectures in terms of classification confidence. The MainNet achieved the
highest mean confidence of 96.9%, followed by SubNet at 83.9%. Among
the standard networks, DenseNet201 demonstrated the strongest perfor-
mance with a confidence level of 61.5%, while EfficientNetB0 recorded the

lowest at 34.4%.

State-of-the-art architectures like AlexNet and Googl.eNet exhibited lower
confidence due to their shallow layer structures and limited feature extrac-
tion capabilities. Meanwhile, modern deep networks such as ResNet and

VGG achieved moderate confidence but were computationally slower.
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These results suggest that the MainNet’s deeper yet optimized structure
facilitates more robust feature extraction, allowing for better generalization

across visually similar categories, such as handbags and laptop bags.
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Figure 4.14: Average Confidence by CNN Model

Inference results:

The inference time analysis (Figure 4.15) shows that SubNet achieved the
fastest average inference time of 0.21 seconds per image, closely followed by
MainNet at 0.25 seconds. In contrast, ResNet101 and DenseNet201 were
the slowest models, averaging 2.33 seconds and 2.07 seconds per image,
respectively. This highlights the computational trade-off between deeper

architectures and efficiency.

The results indicate that MainNet and SubNet strike a favorable balance
between speed and accuracy, making them suitable for real-time applica-
tions such as embedded vision systems, smart surveillance, and autonomous

inspection.
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Figure 4.15: Average Inference Time by CNN Model

Comparative performance:
Figure 4.16 presents a combined comparison of model confidence and in-
ference time. The chart clearly distinguishes the performance between

standard CNNs and the custom architectures.

While pre-trained state-of-the-art models struggled with high intra-class
similarity such as misclassify handbags as backpacks or wallets as purses—the
MainNet and SubNet networks displayed superior adaptability. This im-
provement suggests that their training included more discriminative feature

representations specific to the object domain.

Additionally, MainNet achieved a higher classification accuracy compared
to its counterparts, demonstrating a strong generalization capability across
a broader range of classes by extracting features with minimal inference de-
lay. This indicates the potential for early exits in the classification process
when a higher confidence score is reached. Although SubNet was slightly
less accurate, it remained the fastest model overall. It can be viewed as

a further refinement of the earlier stages, suggesting a more concise and
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human-like approach to artificial intelligence.
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Figure 4.16: Combined comparison of Average Confidence and Inference
Time across CNN models, showing dual y-axes with unified legend below
the plot.

The experimental findings confirm that custom CNN architectures designed
specifically for the dataset significantly outperform general-purpose, pre-

trained models.
Several key observations emerge:

1. Performance-Accuracy Trade-off: Traditional models (e.g., ResNet,
VGG, DenseNet) require considerably higher inference times to achieve
moderate accuracy. In contrast, MainNet achieves superior results with
lower computational costs due to its architectural optimization and pa-

rameter efficiency.

2. Feature Specialization: MainNet and SubNet have effectively adapted
to the dataset, allowing for accurate differentiation among similar-looking
objects. This specialization is a result of fine-tuning and possibly enhanced

attention mechanisms within their convolutional layers.
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3. Scalability and Real-Time Application: With their high confidence and
low inference time, MainNet and SubNet are well-suited for deployment
in real-time image recognition environments, such as embedded camera

systems or mobile platforms.

4. Misclassifications Trends: Standard CNNs often confuse semantically
similar categories (e.g., handbags versus laptop bags). Custom networks
significantly reduce these errors, demonstrating improved feature abstrac-

tion for texture and shape-based classification.

In conclusion, the benchmarking study shows that MainNet and SubNet
outperform standard state-of-the-art CNN architectures in both classifica-

tion confidence and inference efficiency.

The real-time experiment revealed that MainNet achieved an overall ac-
curacy of 96.9% with an inference time of 0.25 seconds, while SubNet
reached a confidence level of 83.9% with an inference time of 0.21 seconds.
These findings underscore the effectiveness of customized architectures for
domain-specific image recognition tasks and highlight their suitability for
real-time applications that demand both precision and computational effi-

ciency.

4.7 Chapter Summary

This chapter provides a thorough analysis of the experimental results de-
rived from the implementation and evaluation of the proposed cascaded
convolutional neural network (CNN) architecture. The findings confirmed
that the cascaded design effectively balances accuracy and computational

efficiency, addressing the trade-off challenges typically encountered in deep
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learning applications on embedded and edge platforms. The primary CNN
delivered rapid inference for most input images, while the secondary CNN
successfully refined low confidence predictions, resulting in a consistent im-
provement in overall classification accuracy. Comparative evaluations with
baseline models like AlexNet and MobileNet showed a significant improve-
ment in performance, achieving speeds approximately six times faster than
state-of-the-art models while maintaining the same classification accuracy
during execution. These enhancements validate the effectiveness of the ar-
chitectural optimizations implemented, which include efficient layer design,
pruning, hardware-aware computation, and layer fusion techniques. Addi-
tionally, the experimental results support the research hypothesis that a
cascaded CNN structure can deliver real-time classification performance
while maintaining high accuracy in constrained computational environ-
ments. This chapter also demonstrated the scalability of the proposed
model, confirming its suitability for real-world applications such as au-
tonomous guidance systems and service robots that operate on low power
edge devices. The following chapter will present the conclusions and future
research directions, summarizing the key findings of this work and out-
lining potential improvements to further optimize CNN performance for

energy-efficient, real-time embedded intelligence.
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CONCLUSIONS AND FUTURE
WORK
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5.1 Main contributions

This section presents an overview of the contribution of the work and its

achievements. The research work is focused on enhancement of inference
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speed of a neural network by proposing a novel network architecture. The
proposed design consists of two convolutional neural network models with
the least number of computational parameters. The architectural design
was inspired by the most successful neural network models after a deep
analysis of signature characteristics. The cascaded network model was
tested on a large dataset. Enhanced performances were observed from the
cascaded network architecture. The development of main network archi-
tecture was concerned on reduction of unnecessary computations involved
in learnable layers such as convolutional and fully connected layers and
thereby minimize the inference time. Filter kernels used in convolutional
stages were selected for optimized operation ensuring minimum losses dur-
ing the learning period. Inspired by the inception module a branch connec-
tion of convolutional layers with small kernel sizes were adapted towards
the end of the main network architecture to enhance the generalization
capability. Since the branch was executed concurrently reduced the exe-
cution time. Main network model was trained for fewer number of classes
with more data samples compared to the subnetwork which was trained
over broader classes. The subnetwork was designed to meet the criteria of
minimum computations involved to ensure that minimum execution time
offered from the cascaded network model. The subnetwork architecture was
trained over a greater number of classes which offered more specific clas-
sification ability of individual classes in less time as compared with other
network architectures. From the results achieved, the cascaded network
offered reduced execution time as compared with Alex Net over the in-
creasing number of output classes. The proposed cascaded network model
is 6.43% faster than the standard AlexNet model with the same number
of output classes. Comparing classification accuracies, the cascaded net-
work model is 2% less confident to the equivalent of standard AlexNet.

However, the accuracy of the cascaded model can be further improved
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with the suggestions presented in subsection 5.3.1 and 5.3.2. Another im-
portant finding was presented where the relationship between number of
output classes and the learnable parameters where lesser number of classes
in main network and a greater number of classes in subnetwork results in
optimum combination offering least execution time. This result could be
linked to achieving an efficient learning model which represents how effec-
tively the knowledge must be separated for a fast and accurate response
to achieve. As an example, identification of a physical object should be
first explained with geometric appearance following a color, contour, and
textural estimation. Identification of geometric appearance is equivalent to
categorization in main network and subsequent classification equivalent to
sub network. The experiments were initially conducted on one computer
to acquire results. The network models were trained with dataset created
from the CIFAR-10 dataset originally used by Krizhevsky et al in AlexNet.
The testing of the trained models was conducted on various computers with
different CPU configurations and additional computations such as GPUs.
It was observed that the execution time measured depends on various fac-
tors which are linked to the computation process such as CPU type, cache
memory, availability of additional computational resources such as GPU
etc. The test was conducted on different computers with hardware config-
urations such as different processor types, cache memories, random access
memories (RAM)s with variable bus speeds. However, the execution time
of the network model was dependent on the computational configurations,
the classification accuracy remained unchanged irrespective of the hardware
resources. Although cascaded architectures initially used for fast and accu-
rate semantic segmentation of multiclass object detection, its proven results
on fast execution motivated to adapt cascaded architecture to the computa-
tionally optimized CNN models for image classification in more pragmatic

way with better generalization capacity and fast processing. The classifi-
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cation demonstrated was more realistic rather straight forward segregation
into classes based on convergence of neurons. The primary contribution of
this research was to reduce the complex computations involved in convo-
lutional neural networks. Modifications introduced to the neural network
architecture in terms of layer wise changes have been a significant factor for
reduction of unnecessary computations as compared with standard neural
models. As a result of the modifications introduced to the network model,
a considerably large reduction of learnable parameters was observed which
reflects the effective computation optimizations compared with other net-
work models such as GoogLeNet. Architectural modifications introduced
with this research is the second contribution which includes convolution
with varying kernel sizes from, batch normalizations, concurrent feature
extractions etc. Due to the modifications introduced to the architecture
resulted in minimalizing of computations and comparisons in both sparse
and dense layers. Since the number of complex computations are reduced,
the time taken to execute the network also reduced and thus the inference
time. Parallel feature extraction towards the last convolutional layers has
significantly reduced the execution time of the network model and thereby
speeding up the classification process. Adaptation of computationally ef-
ficient functions such as rectified and linear units for the feature activa-
tion instead of parametric rectified linear unit, tanh, or exponential linear
units. It not only overcomes unnecessary computations but also minimizes
the time to compute exponents. The third contribution of the work is
the proposed network model maintains better classification accuracy while
optimizing the computations and reducing inference time. Normalization
techniques introduced after every feature activation has resulted in better
classification capability of the proposed network model. The contributions
mentioned above successfully fulfill the objectives mentioned in section 1.3

and extensions of the work are presented in section 5.3.

191



5.2. MODEL EFFECTIVENESS

5.2 Model effectiveness

This research conducted a comprehensive benchmarking study to evalu-
ate the performance of the proposed cascaded CNN architectures against
widely adopted state-of-the-art deep learning models, including AlexNet,
GooglLeNet, ResNet50, ResNet101, VGG16, VGG19, DenseNet201, and
EfficientNetB0. The evaluation utilized real-time image data captured
from a camera module attached to a computer, focusing on objects in an
airport-like environment. Three core performance indicators were assessed:
classification confidence, inference latency, and overall prediction accuracy.
The experimental results demonstrate that the proposed two stage cas-
caded architecture, named MainNet and SubNet, consistently outperforms
generic pre-trained models across all evaluated metrics. Specifically, Main-
Net achieved the highest overall classification confidence of 96.9% while
maintaining a low inference time of just 0.25 seconds, offering an excellent
balance between accuracy and computational efficiency. SubNet further
enhanced real-time performance by achieving the lowest average inference
time of 0.21 seconds while still maintaining a high confidence level of 83.9%.
In contrast, deeper and more complex architectures such as ResNet101
and DenseNet201 required significantly longer inference times, exceeding
two seconds per image, without providing comparable improvements in
classification confidence. This highlights the significance of the architec-
tural depth when applied to domain specific real-time classification tasks,
where excessive model complexity introduces computational overhead with-
out proportional performance gains. It also highlighted the possibility for
early exits for satisfactory performance from the prime stage. Saving fur-
ther computation resources further improving the effectiveness of the pro-

posed architecture. A key observation from the benchmarking analysis is
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the advantage of feature specialization in the proposed cascaded networks.
While standard CNN models frequently misclassified semantically simi-
lar objects, such as handbags and laptop bags, the custom architectures
demonstrated a markedly improved ability to discriminate between visu-
ally similar categories. This suggests that the architectural design enabled
for more discriminative and task relevant feature representations. Overall,
the benchmarking results validate the central hypothesis of this research,
that the lightweight domain specific CNN architectures offer higher prac-
tical performance than general purpose deep learning models in real-time
edge environments such as Raspberry pi. The proposed cascaded approach
effectively balances accuracy, latency, and model complexity, making it
particularly suitable for embedded vision based systems, where both re-

sponsiveness and reliability are critical.

5.3 Research challenges and dataset limita-

tions

The proposed cascaded CNN framework showed strong performance in var-
ious experimental scenarios. However, several practical challenges and lim-
itations were encountered during this research. We acknowledge these fac-
tors to provide a transparent and balanced interpretation of the results and

to highlight opportunities for future improvement.

One of the main challenges we faced was the availability and representative-
ness of the dataset. The experimental dataset was created using real-time
images captured under controlled environmental conditions, along with se-
lected samples from the ImageNet ILSVRC dataset. While this approach

allowed for reproducible benchmarking and consistent evaluation across
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various CNN architectures, the resulting dataset does not fully represent
the variability found in real-world situations. This includes issues such as
extreme lighting changes, motion blur, heavy occlusions, and diverse cam-
era viewpoints. As a result, although the proposed models demonstrated
strong generalization within the evaluated domain, their performance in
highly dynamic or adversarial conditions remains an area that requires
further investigation. One limitation of the study is related to the scale
and diversity of the dataset. Although it incorporates multiple object cat-
egories relevant to service robots and surveillance applications, the size
of the dataset was limited by practical factors such as data collection, the
effort required for annotation, and available computational resources. Con-
sequently, some object classes were underrepresented, which may lead to
class imbalance and reduce the system’s robustness in rare or edge case
scenarios. Additionally, hardware limitations restricted large scale exper-
imentation. While testing was performed on a workstation with a GPU
and on an edge device, more extensive cross platform evaluations across
different types of hardware, such as mobile GPUs or specialized accelera-
tors, were not included in this study. Conducting such evaluations could

yield valuable insights into scalability and deployment feasibility.

Despite these limitations, the research successfully met its primary objec-
tives by demonstrating that well designed, lightweight convolutional neural
network (CNN) architectures can outperform general purpose deep learning
models in domain specific real-time environments. The challenges identi-
fied highlight the practical constraints encountered in applied deep learning
research and provide valuable guidance for future work. This is particu-
larly relevant in areas such as dataset expansion, robustness evaluation
under noisy conditions, and the development of uncertainty aware decision

making mechanisms.
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5.4 Summary of chapters

Chapterl presented an overview of the research, with a preliminary back-
ground related to artificial neural networks. A brief explanation on con-
volutional neural networks, their current state, and the limitations pre-
sented, followed by the motivation to conduct this research. The research
presents a clear problem statement, outlining the objectives and milestones
achieved.A summary of the original research contribution was included at
the end of the section. Chapter 2 introduced a background study with
convolutional neural networks. Beginning with the very first perceptron
model, up to the modern deep neural network models were explained with
the key features which had led to its success. The key constraints upon
which one decides the performance of a convolutional neural network are
described in this section. This proposes a tangible solution for improving
the convolutional neural network model. Chapter 3 the prior knowledge
gathered with a clear road map, the proposed neural network model, the
cascaded convolutional neural network thus presented in stages with nec-
essary mathematical support. The theoretical explanation of the novel
network model was built and tested on a computer where the networks
trained on large dataset. Chapter 4 the results obtained from the proposed
network model were carefully analyzed. The performance of the proposed
network model was compared with one of the most cited network archi-
tectures. The results obtained were used to support the argument that
inference time of a convolutional neural network can be minimized by cas-
cading neural network model with minimum learnable parameters. The
results obtained were contrasted with the performance of existing network

architecture.
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5.5 Future work

The potential future research can also be presented based on the devel-
opments of the research work. Further analysis of the results obtained in
section 4, a tendency of minimum learnable parameters can be observed
for the selection of number of classes to the main and sub network. The
potential combinations for the classes were centered to minimum values
possible. Thus, cascading of third and higher order convolutional neural
networks are a potential feature where the present two stages can further
be extended. Development of hierarchical dataset is essential to facilitate
more meaningful and human-like classification. Further development of
this cascaded approach has the potential to deploy on mobile robotic sys-
tems with standalone computer platforms which work offline and function
efficiently. However, a deep analysis of the network is essentially supported

with mathematical representation.

5.5.1 Multistage cascaded network

The proposed model consists of two stage cascaded network for classifica-
tion applications with lesser number of classes. This concept can be further
expanded by cascading a greater number of optimized networks together
for a large number of classes. The optimum number of cascades can be
determined by conducting practical execution time measurement over the
number of classes. Future work is required to investigate the performance

of multi stage cascaded neural network.
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5.5.2 Multi-feature extraction architecture

The neural network model presented with this research work consists of
modified Alex net architecture. Convolution operation of an intermediate
layer depends on feature map developed from the previous layer convolved
with input feature map followed by an activation function. Therefore,
convolution operation towards the dense layers is dependent on the features
extracted from prior layers. Instead of single feature extraction, if multiple
features could be extracted concurrently and concatenate them at the last
convolutional layers possibly improve classification accuracy in considerably
less time. Further investigation of the architectural modification with deep
training and analysis of results can result in more accurate and efficient

models which can be cascaded.
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Performance Evaluation of a Proposed Two Stage
Cascaded Convolutional Neural Network
Architecture

Abstract

Convolutional neural network models have been developed over the past few
decades demonstrating remarkable performance in image classification tasks for
various applications in industries. The potential to produce higher accuracy has
resulted in deep convolutional neural networks widely used in research where
the presence of complex computations is the secret of success. Larger complex
computations cause an increased inference time for a single classification, which
eventually leads to overall latency of vision-based systems. This research work
focuses on minimizing the inference time of a convolutional neural network while
achieving better classification accuracy by cascading modified convolutional neu-
ral network models. Learnable layers of a CNN, such as convolutional and fully
connected layers, are involved in heavy complex computations that account for
most of the inference time. Modified architecture with optimized computations
while maintaining generalization capability leads to minimizing latency. The cas-
caded neural network model trained on a lesser number of output classes offered
better classification accuracies and reduced inference time compared to standard
convolutional neural network models such as Alex net. The performance of the
cascaded neural network model was tested for classification accuracy and execu-
tion time for a wide range of test data presented, that proposed cascaded network
inference speed was enhanced by 6% while maintaining the classification accuracy
as the AlexNet for tests conducted on 200 object classes.

Keywords: CNNs, Cascaded CNN, Complex computations, Inference time,
Classification accuracy

1 Introduction

During the Industrial Revolution, the development of sophisticated machines became
common practice to carry out industrial activities, ensuring productivity, efficiency,
and safety while replacing manual labor. As these systems needed to take timely
actions with minimal or no supervision, it was essential for the system to make criti-
cal decisions independently. The detection and identification of different objects in a
dynamic environment [1] is an easy task for humans, while the most complicated is



for a machine [2] [3]. This challenge inspired researchers to develop classical object
classifiers. Due to the complex computations involved and straightforward results, lin-
ear classifiers were limited for practical applications. For certain applications such as
mobile robots [1], service robots, medical robots, etc., with limited power and resource
availability, the application of classical classifiers was a great challenge. The percep-
tron [4] [5] being the simplest artificial neural network developed by Rosenblatt in 1957
inspired by biological neurons, formulated the very first linear classifier for supervised
tasks. With the rigorous research involved over the years with the development of tech-
nologies and devices, a more flexible classification model based on the convolutional
neural network, LeNet-5 [5] was developed by LeCun et al. in the late 1990s.

LeNet-5 is a simple network architecture that consists of five convolutional layers.
Originally designed for the detection of handwritten numbers, the network had trained
on the MNIST data set [6] inspired AlexNet by Krizhevsky et al. in 2012. The data set
for LeNet-5 was an unnormalized data example of handwritten data.AlexNet Being a
turning point in machine learning,[7]had implemented more dense layers in the network
architecture compared to the original LeNet-5 with just five layers. The winner of
the ILSVRC-2012 challenge, AlexNet, has been trained on ImageNet data set with a
wide variety of data over 1000 object classes, motivated researchers to use more dense
networks for better generalization, which could be seen in models such as ResNet [5]
where there is a lack of connectivity. Alexnet’s impressive classification performance
on ImageNet dataset was well explained in [8] proposing the de convolution method
citing the Alexnet compatibility on small training sets. Although there was a trend to
classify more objects with higher accuracy using more complex computations involved,
another pragmatic approach was to speed up the process with reduced filter size, which
has been adapted in [9][10].However, the main intention of reducing filter size and
strides was achieved in [8], and was further generalized in GoogLeNet. Another novel
approach to achieve better classification with faster processing was the use of single-
shot detectors, where Redmon et al. adapted reduced filter sizes in YOLO [9]. Filter
size strides and Darknet-19 output sizes, which was based on YOLO are presented in
Table 1. The impressive results of [9] and [5] motivated researchers to apply the models
in [10] for the automated detection of melanoma. A region proposal network model
[11] was adapted in Faster-RCNN which also proposes faster execution compared to
previous network models. The successful detection method of pedestrians [12] has
been proposed by Wenbo Lan et al., by adapting the above methods. A deep learning
method has been adapted, as the name suggests, in which more deep or dense layers
are present in their network architectures. It is important to know that the dense
and sparse connectivity present within a CNN model has a significant impact on the
classification speed and accuracy. Although the detection accuracy has been improved,
interestingly, the processing speed has been enhanced to 25 frames per second with the
modified YOLO architecture, producing a new model YOLO-R. Similarly, a real-time
people counting application [13]proposed by Peiming et al., which involves counting
people in real-time dynamic environments. The need of fast execution of the network
identified by the research community proposes novel approaches such as detection of
workers without safety helmet in construction site real-time video achieving a fast
processing as fast as 35 frames per second.



Table 1: DarkNet specifications

Type Filters | Size/stride Output
Convolutional 32 3x3 224 x 224
Maxpool 2x2/2 112 x 112
Convolutional 64 3x3 112 x 112
Maxpool 2x2/2 56 x 56
Convolutional 128 3x3 56 x 56
Convolutional 64 1x1 56 x 56
Convolutional 128 3x3 56 x 56
Maxpool 2x2/2 28 x 28
Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Maxpool 2x2/2 Tx7
Convolutional 1024 3x3 7Tx 7
Convolutional 512 1x1 7Tx7
Convolutional 1024 3x3 Tx 7
Convolutional 512 1x1 7Tx7
Convolutional 1024 3x3 Tx 7
Convolutional 1000 1x1 Tx 7
Avgpool 1 Global 1000
Softmax

2 Related Work

2.1 Factors affecting the CNN execution speed

Execution speed of a CNN model can be improved by various different methods that
have been carried out in various researches. A general survey on CNN optimization
in [14] describes common optimizations. As discussed in the Introduction, the most
important operation of any convolutional neural network occurs in the sparse con-
nectivity populated by the convolutional units and dense layers where the neurons
converge. In sparse connectivity, neurons of CNN layer are connected to the subset of
neurons from the previous layer. Sparsity in CNNs is achieved through the use of con-
volutional operations, where kernels slide over the input to extract features. Reduction
in the number of parameters and local receptive fields of sparse connectivity leads to
computational efficiency. Adaptation of the Inception module with small kernel sizes
executed in parallel has further enhanced the performance of the CNN model. It is
important to know the limitations associated with the standard convolutional neu-
ral networks. The most significant challenge associated with CNN’s is computational
complexity. CNNs are computationally intensive due to the large number of learn-
able parameters. Deeper architectures with more convolutional layers are involved
in large number of mathematical computations, require dedicated hardware such as



graphical processing units (GPU), tensor processing units (TPU) or neural process-
ing units(NPU) to perform extensive computations. Training of deeper CNN models
requires a large amount of electrical power, which results in more energy consumption.
Another challenge associated with CNN is overfitting. Convolutional neural networks
are more prone to overfitting for training on small datasets. Mathematically com-
plex computations are being taken at these two stages, which contributes a significant
amount of time consumption by the network model. In general,factors that affect the
processing speed of a CNN can be classified into two broad categories such that

1. Hardware resource oriented factors.
2. Model architecture related factors.

The factors related to the model architecture can be explained as follows. Model archi-
tecture depth: For a given network, if there are more sparse connections [15] and
dense connections, this model is known as a deep network. Deep convolutional net-
works introduced by Fukushima [4], where the “neocognitron” consists of a cascaded
interconnection of layers in the network model. The architecture has been improved in
[7] and further simplified in [16] and [17]. Due to the presence of more convolutional
layers and dense layers in a network, more complex computations are to be executed,
which generally requires more time for the computation and thus longer inference
time. Reducing the depth of the network thus leads to fast inference while maintaining
fair accuracy. Convolutional layer type: Within the convolutional layer, a large num-
ber of computations are performed. Size of the Kernel[18] and strides determine the
number of complex computations involved in the network.The kernel size is one of the
factors that contributes to the number of computations. Thus,inference depends on
the number of convolutional layers present in the network. The importance of kernel
size extensively discussed in GoogLeNet [19] architecture, where the inception module
presented in Fig. 1 is a remarkable contribution. Pooling layers in network architec-
ture: The pooling layers are used after the convolutional layers, essentially after the
activations to reduce spatial dimensions before propagating to the next layer thus
reducing the computations. Pooling layers must be carefully selected as it leads to
loss of information if excessively applied. Model weight pruning: reducing unimportant
weights results in reduction of computations involved during the network execution
and thereby reducing the inference. However, it is also possible to remove less impor-
tant filters which further reduces model size. As it may lead to the accuracy of the
network it has to be carefully conducted. Hardware resource-oriented factors which
affect the speed can be further explained as bellows. Hardware acceleration devices:
Using specialized hardware tools the process of execution can be accelerated. Graph-
ical Processing Units (GPU) [16] or Tensor Processing Units (TPU) are the latest
accelerators widely used to speed up convolutional neural networks inference. Also,
these devices facilitate parallel computation where the workload is distributed among
the cores. Batch sizing: When processing in parallel it is required to arrange the data
in batches [20]. Batch size has better advantage over inference since processing is speed
up with more batch size. However, there is a disadvantage with increasing batch size
since it requires large memory [21] which is expensive. Hence the is a trade-off between
batch size and computation efficiency. Input size and format: Since the image input is
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Fig. 1: Implementation of inception Module
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the only source of information, alteration of the input results in classification accuracy
[22] as it may lead to distortion of the original data. Reducing the input image size
speeds up the execution of the network while resulting in loss of information. Caching
and memorization: the intermediate results should be stored which reduces redundant
computations. This leads to speeding up the execution process. However, cache mem-
ory is an expensive option as the resources should be changed. Therefore, selection of
cache must be optimum in terms of performance.

2.2 Options for the reduction of the inference time

Considering the factors contribute to the longest execution time, few options can be
highlighted to improve the speed of execution of a CNN model such as executing
resource changes, minimizing the learnable layers, minimizing kernel sizes etc. Out of
these possible methods the most suitable and optimum solution is the reduction of
complex computations involved [2]. Though other options affect the speed of execu-
tion, due to the feasibility of implementation and overall performance enhancement,
other methods are not the best options. Improvement of the computational resources
can be achieved through switching to higher processors [12] with higher clock rates
and large cache memory. However, it is not an overall feasible option as there could
be systems with mobile computation platforms with low computation power such as
Raspberry pi [9]. Model architectural modifications: the execution time can be reduced
significantly by reducing the number of layers [2] and parameters involved during the
complex computation steps. Ideally the convolutional layers and hidden layers con-
tribute to the largest inference. However unnecessary reduction of layers may lead to
the degradation of the accuracy of the model and thus the selection should be wisely
made with trial and error as there’s no rule to be followed. Choosing an efficient



architecture with guaranteed performance is a wise selection before any convolutional
neural network related activity. Model filter pruning: reducing filter parameters such as
weights results in reduction of computation burden. If unnecessary filters are present,
removal of such filters reduces the model size and thus the overall computations. Ker-
nel optimizations: using optimum kernels compatible with deep learning libraries and
hardware specific libraries results in speeding up the process as the optimum compu-
tations are selected by the libraries. The hardware resources can also be changed to
enhance the processing speed [12][23] of a convolutional neural network. Due to the
physical component changes it is an expensive option for speed enhancement. However
most relevant hardware resource related modifications are presented below. Applica-
tion of hardware acceleration: rather standalone central processing unit, a graphical
processing unit GPU [12][15] or a tensor processing unit TPU which offers more
computation power remarkably reduces the time consumed for processing complex
computations involved. The presence of such devices not only speeds up the execution
of the CNN but also reduces the time taken during training of the neural network
model. Batch processing: During the execution of the network model, processing the
data in larger batches reduces the time consumption significantly. It is advantageous in
parallel execution on hardware through techniques such as multi-threading and multi-
core processing. However, batch processing requires adequate memory allocation which
is another expensive option. Dedicated inference engines and hardware: certain hard-
ware platforms are blended with sophisticated inference engines such as NVIDIA [12].
Use of such inference engines which are optimized can accelerate the computations
and thereby reduce inference time. Upgrading the computation hardware is also an
expensive option where overall performance can be enhanced. Parallelism: Presence of
multiple computation devices or multiple CPUs [3] can offer two types of parallelism.
Model parallelism, where a large network model can be split into multiple processors
and process different sections of the network model concurrently. Data parallelism on
the other hand, divides the input data across multiple devices or processor units and
processes them simultaneously. Thereby the overall process will be enhanced and thus
reduce inference time. However, it is necessary for multiple devices or processors to be
available.

2.3 Scientific approaches for enhancing processing speed of
CNNs

The root causes for the network model’s execution time can be mitigated by model
architectural and hardware changes. In this chapter various attempts made by
researchers are discussed which supports the explanation in previous chapters. Even
though hardware resource related modifications are efficient, due to the cost of opera-
tion architectural modification has been a major research trend. Dimensional reduction
leads to fast processing as there were deduction of computations involved are described
in [24] demonstrated the effect on dimensional reduction of CNN. In addition to quan-
tization and model parameter pruning techniques to reduce computation complexity,
principal component analysis has been adapted. Replacing filters in multiple layer net-
work, allowing reduced weights and thus computations needed lesser storage resulting



overall enhancement on inference time. With respect to the architectural modifica-
tions [11][13][25][26], essentially convolutional and fully connected layer modifications,
a novel approach of speeding up CNN by image pre-processing and post-processing
[27] were developed by T. Fukagai et al. Speeding up of the classification process by
reducing the exploration of the CNN [28] was developed by J. Pasquet et al where
a support vector machine combined to feature maps of the CNN and thereby reduc-
ing unnecessary time taken by the CNN. Speed up of CNN used for object detection
in real-time video application by combining region proposal algorithm with sophis-
ticated network model, Faster R-CNN [29] demonstrated by T.M. Phuong and N.N.
Diep. A novel approach for fast inference has been proposed by S. Durvasula et al
for the application of event cameras. Reduction of computations by looking into con-
secutive input tensors where only small difference present for input camera and thus
reducing large number of floating-point computations. Reducing unnecessary compu-
tations had led them to speed up inference up to 1.5 times. Another network model
architectural change has been presented by J Pang et al for the fast detection of tiny
objects in large scale remote sensing images [30]. It is important to accurately mea-
sure the inference latency of a deep neural network. L.Y Zhang et al presented a novel
approach for determination of inference by dividing to kernel level [31]. The impor-
tance of hardware resources to reduce the inference time has been highlighted by Y.
Yue et al for the work in speed up neural network training using supercomputer [23]
where the data parallelism performed on multiple processing units. Their results com-
paratively demonstrate the effect on speed up of the performance as the processing
units changed. A. Lavin and S. Gray have extensively discussed the importance of
Graphical Processing Unit and optimized libraries developed novel fast algorithm [11]
for the convolutional neural networks . A similar approach can be seen on fast con-
volutional network evaluation in [12] by N. Vasilache et al for their comparison of
performance profile of convolutional neural networks. Their optimized library cuFFT
has demonstrated 1.4 — 14.5 times speed up in CNNs. One of the possible methods to
speed up the execution of CNN models is optimization of computations involved [32].
The performance of convolutional neural networks can be improved with optimization
of computations as presented by A. Hazarika et al where the computations involved
considered as multiply and accumulate (MAC) operations which repeatedly appears
across the different layers. Due to the presence of high precision floating point com-
putations on training as well as inference deep neural networks are computationally
expensive [33]. A novel approach to reduce computations viewed as multiply and accu-
mulations by reducing large models into smaller models and optimizing weights [33].
Reduction in MAC operations in convolutional layers presented by J Chang et al for
speedup deep neural networks resulting in 28% increase in inference speed [34] within
accelerator environment. Table 2 presents comparison of different convolutional neu-
ral network models along with their learnable parameters and MAC operations for the
convolutional and fully connected layers. The drawback in convolution operation as a
dot product of two vectors at the convolution layers [35][36] was highlighted and the
solutions presented for this issue was broadly on two streams software optimizations
and hardware optimizations[37]. In terms of hardware speedup of the CNNs inference
various approaches have been suggested such as FPGA based MAC unit designs [36]



Table 2: Comparison of convolutional layer (CONV) and fully connect (FC) layer

computations
Model Parameters(million) | CONV (%) | FC(%) | Operations(millions) | CONV (%) | FC(%)
AlexNet 61.0 3.8 96.2 725 91.9 8.1
VGG-16 138.0 10.6 89.4 15484 99.2 0.8
GoogLeNet 6.9 85.1 14.9 1566 99.9 0.1
ResNet 25.6 - - 3900 - -

for higher degree of parallelism. Another approach to speed up inference by reducing
off chip memory access [35] while achieving minimal resource utilization. Design of
Approximate MAC unit had been presented by Hang Xiao et al for the purpose of
CNN acceleration ensuring fast and accurate results. The design was taken into con-
sideration of distribution probabilities of weights and activations and developed on
4:2 compressor and Dadda multiplier [38]. Impact on regularization techniques have
been presented by Anbananthen et al by integrating L1 and L2 regularization on
YOLOVS5 [39]. Surono et al have presented accuracy enhancement method combining
CNN model MobileNetv2 with Bayesian optimizer [40] Even though the FPGA based
CNN speedup approaches are hardware based and are not relevant for proposed net-
work model design, the weaknesses associated with convolutional neural network were
highlighted. Various research focused on parallel implementation on deep networks to
reduce the inference time as multiple processors can compute concurrently. Most of
the cascaded approaches [41][42][43] are best suitable for extraction of features con-
currently and thereby reduce the total time for inference. K Wang et al proposed a
human face detection based on fast region based convolutional neural network (Fast
R-CNN) adapting PReLU [44] for multistage detectors achieving impressive results.
Zhao et al have presented the impact on activation function adapting Leaky ReLU
[45] on YOLOv4 algorithm. A similar application of the cascaded feed forward net-
work can be found in [46] for the application of plant species identification using flower
images. R Raid et al have adapted model parallelism as well as data parallelism for bio
metric identification purposes [47] which presents attempt on adapting cascaded archi-
tectures for enhanced performance of CNNs. Another adaptation of Fast R-CNN for
cascaded operation by Yu Li et al for the defect detection on fabrics in textile industry
[48] with impressive accuracy in defect detection. Cascade R-CNN [49] presented by
7 Cai et al has made a significant impact on multi-object detection in real time com-
pared to other two-stage detectors and was adapted in various research [37][48][50].
Both model parallelism and data parallelism are important concepts in CNN training
on large datasets. Parallelism leads to effective utilization of computational resources
and producing classifications with improved accuracy. However, it does not propose
an improvement in the speed up of inference. Another cascaded architecture based on
ResNet presented in [51] highlighting the accuracy enhancement compared to conven-
tional architectures. Cascaded feature extraction in [52] demonstrates the Refinement
of results as a characteristic of cascaded model. However inference speed improvement
is yet a challenge to achieve.




Table 3: Learnable Parameters of

AlexNet
Layer Learnable Parameters
Convolution 1 34944
Convolution 2 307456
Convolution 3 885120
Convolution 4 663936
Convolution 5 442624
Fully Connect 1 37752832
Fully Connect 2 16781312
Fully Connect 3 4097000
[ Total [ 60961128 ]

Table 4: Learnable Parameters and execution time of CNN models

CNN model | Learnable Parameters(in millions) | Execution time (in seconds)
VGG16 138 3.804877
AlexNet 361 1.919307
ResNet-50 25.5 2.026292
Inception-V3 23.8 2.818361
GoogleNet 6.9 0.788366

3 Proposed Method

In this section we propose the cascaded convolutional neural network architecture
which offers enhanced execution speed while maintaining better accuracy for object
classification. The learnable parameters associated with AlexNet was presented in
Table 3. Learnable Parameters for other network models such as VGG 16, ResNet50,
InceptionV3 and GoogLeNet was calculated along with their average execution times
which are presented in Table 4. The practical execution time of any CNN model
depends on various factors such as CPU type, hardware accelerators, memory band-
width, etc. However, as an approximate comparison, different CNN models and their
execution times were tested and presented in Table 4. From the tabulated data given
above, the graph in Fig. 2 was plotted. Referring to the graph, it was clearer that
the time consumed during the execution of the neural network model was reduced as
the learnable parameters were reduced and thus the total number of computations
involved during the execution of CNN model.
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Fig. 2: Comparison of learnable parameters with execution time

To address the limitations associated with CNNs, the proposed cascaded neural
network architectures are presented. The cascaded neural network model shown in
Fig. 3 consists of two stages, main network and sub network. The main network con-
sists of five consecutive convolutional layers followed by an inception module executed
concurrently. The depth concatenation layer merges the feature maps to construct
the input to the fully connected layer. The sub network consists of five consecutive
convolutional layers, which serves as a further refinement of the main network’s out-
put. Each individual CNN model in the sub network will be selected based on the
classification confidence value of the main network. The design concept was intended
to be used in an airport environment for a passenger guidance service robot. Since
the intended application environment has a very limited number of object classes and
they can be broadly categorized into few major classes where The number of sub
networks can further be increased upon requirement. The proposed design includes
five sub networks, where each sub network will be activated based on the output of
the main network.The network activation controller is a probabilistic mathematical
function which activates the sub network based on the inference result of the main
network. The mathematical functions were written in MATLAB while transfer learn-
ing was performed, and the cascaded network was executed using the deep learning
toolbox. The final output interpreter is a simple mathematical function that interprets
inferences from both the main network and sub network. For a given input image, the
main network produces the primary classification that drives the cascaded sub net-
work for the refinement of the classification. The main network and the sub network
are computationally optimized, offering better generalization and fast inference for a
given input.
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Fig. 3: Cascaded Architecture

3.1 Problem Formulation: CNN execution time reduction

In this section, the mathematical formulation of the problem statement is presented.
Based on the data presented in Table 1, 2 and 3, it is clear that the number of lay-
ers of a convolutional neural network is increased with the intention of enhancing
the classification accuracy of the model, which directly increases the number of com-
plex computations involved and thus the overall execution time of the network also
increases. From the literature presented, to achieve higher classification accuracy, a
tendency of adapting more computational layers had been a common practice. How-
ever, it was interest in feed forward neural network that the classification accuracy
be enhanced by incorporating more convolutions and more dense connections, even
though it depends on various other factors such as training dataset, weights and bias
distribution, stochastic drop-offs, information on the input data, etc. However, the
presence of more convolutions results in more computations and thus in more inference
time. We hypothesize that, by cascading convolutional neural networks with compar-
atively lesser learnable parameters, the overall execution time of the network model
can be minimized.

3.2 Computations involved in CNN model

The layers of a CNN model can be broadly classified into two types, learnable lay-
ers and non-learnable layers. The learnable layers contain parameters (weights and
biases) that are adjusted during the training process to minimize the loss function.
Convolutional layers, fully connected layers, batch normalization layers, and activa-
tion layers are examples of learnable layers. However, pooling and dropout layers also
involve simple mathematical operations, such as comparison. Considering the input
image (I) as a two-dimensional data set where each element of the array represents
the corresponding pixel value convoluted with a filter kernel (k) producing an output
feature map (s) written in the general form of convolution.

s(p,q) = (kxI)(p ZZI}) m,q —n)k(m,n). (1)
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To calculate the number of computations involved in the convolutional layer, the size
of the output feature map needed to be determined from a known input image. For an
image input of size (H;y,, Wiy, ) where the input image height and width, respectively.
Convolutional operation performed with the kernel of size (F,,, F,) producing an
output feature map of (Hyyt, Woue) with zero padding (P) over the stride of (S) in
combination with dilation of (D). The height and width of the output feature map
can be determined from following Eq.(2) and Eq.(3).

Hipn + 2 % padding|0] — dilation[0] * kernelsize[0] — 1
Hour = [ 1 stride[0] 1 @)
W — Win + 2 x padding|[1] — dilation[1] * kernelsize[l] — 1 +1 3)
out = stride[l] '

For an input image of size (W, H;,) with (P) color channels convoluted with a
kernel of size (M, N) producing an output feature map of size (W, Hout) with depth
of (K) require total computations denoted in the equation below.

No.of computations = P x M * (2N — 1) x Wyt * Hoye x K. (4)

A feature map generated by convolutional layer is invalid unless passed through activa-
tion function. There are different activation functions used in neural networks such as
ReLU, Sigmoid, tanh etc. However, ReLLU is mostly used activation type among most
network models. ReLU compares input value from every single neuron and replaces
negative values with zero and positive values unchanged For a single neuron it requires
one comparison and single multiplication to produce output to the next stage. If ReLU
has (N) neurons, then

Total number of multiplications = N x Computation for single neuron. (5)

The mathematical operations involved are comparison and thresholding. Number of
comparisons equivalent to the number of neurons (N). Thresholding operations don’t
involve additional calculations other than setting to zero. Therefore, the total number
of calculations is equivalent to the number of neurons in the layer of interest. If the
feature map is generated in a particular layer of size H x W x K (height, width, and
depth of feature map) the total number of computations involved in ReLU layer is
given by

No.of computations from ReLU = Wy * Hoyy x K. (6)
To reduce the spatial dimension pooling functions are adapted in CNN models. The
Max pooling was adapted For this research which selects the maximum value of the
feature map generated per stride of the sliding window.For an input feature map of
size (Wout Hout P)where width, height, and number of channels over a pooling filter
of size(UV) width and height respectively with stride of (S) and depth of (K) the
number of computations is determined by the number of pooling regions and number of
comparisons within each pooling region. Number of pooling regions can be determined

by
No.of regions = {(HMS_U) + 1] * [%S_V) + 1] . (7)
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The number of comparisons made within the pooling region is determined by the
number of elements in the pooling filter as given in

No.of comparisons within the pooling region = U * V. (8)
Therefore total number of computations in pooling layer can be derived from

(HW_U)H}*[(WOM_V)

No. tats =
o.of computations [ 5 5

+1}*U*V*K. (9)

In convolutional neural network, as the input image is passed through the layers
starting with input layer producing initial feature map, followed by sparse connections
of convolutional layers should converge to specific neurons which ultimately represents
one of the classes it is designated. Within the dense layer, each neuron is connected
to every element of the input vector. Dot product is calculated between input vector
and weights followed by addition of bias value. For input vector of size (J) with bias
(b), the computations can be derived as the following equations

No.of computations per neuron = ((2J — 1) +b). (10)

if I number of neurons are present at the fully connected layer, total number of
computations from the fully connected layer can be obtained from

No.of computations from fully connected layer = I((2J — 1) +b). (11)

3.3 Execution time measurement

As stated above, deep neural networks involve a larger number of mathematical com-
putations in various layers of their architecture. The time taken by the neural network
model to make a classification can be estimated with the computer involved for the
classification process. It is noted that the execution time is a rough estimate but
not a precise time measurement since the time is dependent on factors such as CPU
clock frequency, CPU cores and Memory Bandwidth [33]. In convolutional layers of a
network model, large number of multiplications and additions are repeated, which con-
tribute to high latency as well as more power consumption [32]. Resource constraints
in mobile computational platforms thus a significant challenge during the implemen-
tation of CNN models as computational complexity and energy efficiency should be
critically considered. In addition to these challenges, since the CNN models involve a
larger number of learnable parameters associated which requires large memory to store
the instantaneous data [32][53]. Overseeing these constraints execution time estima-
tion was conducted for the proposed cascaded network model and standard AlexNet.
The AlexNet model was re-trained using transfer learning with the same dataset used
for the cascaded network. For different object classes both the networks were trained
using high performance computers and stored with respective class names for later
experimental purposes. Time measurement was conducted on different computers to
observe the characteristics of each CNN model. Test dataset consists of images used to
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evaluate cascaded network and transfer learned AlexNet models to test the execution
time taken by each network respectively. Each test image was taken as an input image
to the network and executed the model to pass through all the layers until finally con-
struct the class output. The execution time measurement was conducted for all the
test images created in test dataset. Proposed cascaded network and AlexNet model
were trained for different number of classes and stored individually to evaluated per-
formances. Part of the execution time results for cascaded network are presented in
Table 5. Each column represents the trained network model for different number of
classes.

Table 5: Cascaded network’s execution time for different classes

test object 15classes | 25classes | 40classes | 50classes | 100classes | 200classes
cleaning machine 0.056511 0.05685 0.058375 | 0.057876 0.058957 0.060531
scanning machinel | 0.059168 0.05937 0.059931 | 0.060483 0.062034 0.063023
scanning machine2 | 0.056495 | 0.056957 | 0.057696 | 0.058866 0.059594 0.060255
buggy cart 0.058392 0.05851 0.058583 0.05925 0.061399 0.061164
catl 0.055661 0.055704 | 0.056601 | 0.058093 0.058458 0.059062
bird1 0.054368 | 0.055072 | 0.055469 | 0.055898 0.056488 0.058256
butterfly 3 0.058137 | 0.058461 | 0.058952 | 0.059811 0.060274 0.061036
dog31 0.061599 | 0.061649 | 0.061896 | 0.062368 0.063129 0.062002
pigh 0.059788 | 0.060251 | 0.060735 | 0.062368 0.062767 0.063893
pigl 0.059762 0.060034 0.06061 0.06113 0.061818 0.062713
pigld 0.05584 0.056087 | 0.056715 | 0.056966 0.057578 0.061265
buggy44 0.056159 | 0.056337 | 0.056727 | 0.056996 0.057801 0.059063
buggy36 0.064847 | 0.065471 | 0.065912 0.06659 0.067532 0.06897
stroller2 0.057536 | 0.057799 | 0.058371 | 0.058878 0.059553 0.062583
stroller3 0.058304 | 0.058654 | 0.059345 | 0.060833 0.061402 0.062253
trolley14 0.058017 | 0.058377 | 0.058664 | 0.059369 0.06026 0.061096
trolley20 0.05575 0.061071 0.06162 0.062176 0.062567 0.064581
Average time 0.0580196 | 0.058627 | 0.059188 | 0.059879 0.060683 0.061867

The same test data set was used to evaluate the re-trained AlexNet model. The
AlexNet model trained on different number of output classes was represented in each
column of Table 6 with execution time results.

3.3.1 Loss function

The classification accuracy of any convolutional neural network is a measure of how
accurately the network model can predict the class label of a given input object of
interest out of all objects that are learned to identify. Classification accuracy can be
denoted as a mathematical formula.

Number of correct predictions

Classification accuracy = * 100. (12)

Total number of predictions

The proposed network model was evaluated for its classification accuracy to determine
its performance as compared to other existing network models. Commonly used error
matrices were employed for the accuracy analysis. Error distance (ED;) is the quanti-
tative measure which represents the arithmetic difference between the approximated
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Table 6: Transfer learned AlexNet execution time for different classes

test object 15classes | 25classes | 40classes | 50classes | 100classes | 200classes
cleaning machine 0.046271 | 0.046727 | 0.046825 | 0.048862 0.059822 0.067615
scanning machinel | 0.044271 | 0.045267 | 0.047858 | 0.047858 0.058538 0.068017
scanning machine2 | 0.044641 | 0.045971 | 0.047769 | 0.048769 0.055598 0.066799
buggy cart 0.044491 | 0.046691 | 0.045232 | 0.046232 0.058611 0.067828
catl 0.047282 | 0.045688 | 0.046283 | 0.049283 0.057879 0.067842

bird1 0.043623 | 0.045672 | 0.047216 | 0.049216 0.056779 0.065379
butterfly 3 0.043896 | 0.046077 | 0.047461 | 0.047461 0.058692 0.068572
dog31 0.046203 | 0.047541 | 0.048672 | 0.049662 0.056286 0.067015

pigh 0.046957 | 0.045911 | 0.047535 | 0.047975 0.058925 0.069996

pigld 0.045608 | 0.046628 | 0.047942 | 0.049342 0.055205 0.065876
buggy44 0.045366 | 0.046832 | 0.047954 | 0.048688 0.057669 0.066504
buggy36 0.045687 | 0.046793 | 0.045854 | 0.047863 0.055624 0.066221
stroller2 0.045441 | 0.045911 | 0.047165 | 0.048261 0.055941 0.065783
stroller3 0.046524 | 0.046631 | 0.047547 | 0.049547 0.058215 0.067976
trolley14 0.046633 | 0.047438 | 0.047137 | 0.047911 0.059405 0.068392
trolley14 0.045842 | 0.046164 | 0.046915 | 0.048527 0.057822 0.067615
average time 0.045546 | 0.046371 0.04721 0.048466 0.057563 0.067339

result (R} ) and the actual result(R; ) mathematically represented in
ED; = |R; — Ril. (13)

Mean Error Distance (MED) is the average error distance for N number of test trials
can be mathematically represented in

N
1
MED = — Zl ED;. (14)

Considering the relative error distance (RED;), which is a measure of error distance
(ED) with respect to the actual result (R) how much deviated from the actual result.
Relative error distance can be mathematically denoted in

(R — Ri)

- (15)

RED,; = ‘

Mean Relative Error Distance (MRED) is the average relative error distance for N
number of test trials which can be mathematically represented in

N

1
MRED = NZ

i=1

(R — Ry)

7 (16)
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Mean Square Error (MSE) is the average of the squared error distances, which can be
mathematically denoted in

N
_ i /o 12
MSE = N;mi Ri|?. (17)

3.4 Inference process

Trained cascaded network and transfer-learned AlexNet model was tested on test
dataset derived from original ImageNet dataset, which was not used for either training
or validation process. During the inference stage, an image from the test dataset was
passed through the network model as an input image. Main network block compute
the object class confidence and estimator decides the second stage network to be
invoked. Second stage uses the primary feature map generated for its final prediction
of the output class. Once both output classes determined returns the predicted output.
Inference time is measured at the beginning of the execution of the cascaded network
is used to determine the total inference time upon successful completion of final class
estimation. Algorithm 1 presents the classification process involved in cascaded neural
network model.

Algorithm 1 Test for the cascaded network

Input: z - test dataset, pre-trained model, N - iterations

Output: classification accuracy, average execution time
1: Import required libraries

Load pre-trained AlexNet model

Pre-process:

resize the input data to image size of 227 x 227 pixels with 3 channels

input_data = resize(z, [227 227])

Classification confidence:

probabilities = model.softmax(output)

top_confidence = max(probabilities)

Measure average execution time:

Initialize cumulative_time = 0

© @ >R e

-
=

11: fori=1: N do

12: Start_time = current_time()

13: Perform forward pass: model(input_data)

14: End_time = current_time()

15: update cumulative_time += (end_time - start_time)
16: end for

17: Average time = cumulative_time / N

18: Output: print top_confidence, average_time

19: END
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4 Experiment

4.1 Implementation details

The Proposed system was implemented on MATLAB using Deep Learning Toolbox.
The network architecture was analyzed with the built-in analyzing tool.The proposed
cascaded network was designed to be implemented on a passenger guidance service
robot in an airport environment. The mobile service robot equipped with limited com-
putational resources and power constraints should work independently as an EDGE
device. These design constraints led us to research energy efficient, accurate convo-
lutional neural network design which could efficiently work on mobile computation
platform. Since a very limited number of objects are available within an airport envi-
ronment, the proposed cascaded network was trained only for a maximum of 200
object classes. The data set extracted from ImageNet ILSVRC 2012 was used for
training and validation in 7:3 ratio over 200 classes. For the bench marking purpose
standard AlexNet was transfer learned with the same dataset used for the cascaded
network architecture. Test dataset was created from the same ImageNet dataset. The
inference time measurement is essential in time critical real-world applications such
as active safety systems in automobiles, product sorting in high speed process con-
trol etc. For applications which requires low latency, it is necessary that the network
model produces accurate predictions in a limited time. Inference time was measured in
two methods such as computer timing library and MATLAB profiler tool. This entire
process can be explained in five steps.

1. Select the input: The input data sample or batch of samples to be classified. It is
necessary that the input samples were not used during the network model training
process, and it should be real world data.

2. Start timing: record the start time before feeding the input sample to the pre-
trained neural network.

3. Execute forward pass: pass the input data through the neural network’s all the
layers starting the image input layer up to classification output layer where the
classification prediction is obtained.

4. Stop timing: record the end time once the forward pass is completed and the
classification output is produced.

5. Calculate the inference time and accuracy: The time elapsed or the difference
between stop time and start time gives the inference time.

4.2 Results for cascaded network

Referring to the execution time comparison presented in Fig. 4, it was observed that
as the number of classes were increased, the execution time for the Alexnet increased
gradually with a lower rate of increment initially for lower output classes, which then
increased over the number of classes. Cascaded network on the other hand recorded
comparatively higher execution time of 58ms at the beginning for low output classes
which is 13ms higher than Alexnet. It was observed that cascaded network execu-
tion time increases over the number of output classes. However, the rate at which it
increases is less as compared to Alexnet. It was also observed that the execution time
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of both networks was equal to approximately 135 classes. Similar approach presented
in [54] that highlights the effectiveness of accuracy and cascading architecture. The
computer on which we conducted the test has a base frequency of 2.4 GHz. If the pro-
cess runs at the base frequency, the single machine cycle time is 4.1666210~ 10 seconds.
Since a single instruction execution requires 4 machine cycles, the time to execute one
computation is 1.041666x10~ 10 seconds. Since there are 4 cores in the processor, the
execution time is 2.60416668x107 11 seconds. To execute the cascaded network with
25 classes, there are 2556548992 computations to be performed. Hence, the maximum
possible time required to execute is 0.066576797 seconds. This is within the practical
execution time observed during the execution of the network model

4.3 Qualitative results

The performance of the proposed cascaded network model was tested using a test
dataset derived from the original ImageNet ILSVRC dataset, ensuring that the images
used for the test dataset were not included in the training or validation process. The
same test data was applied to AlexNet, and execution time and classification accuracy
were recorded for further analysis. The graph in Fig. 4 illustrates how the execution
time varies with the number of output classes.
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Fig. 4: Comparison of model execution time
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Since the research was focused on limited object environment (airport application),
it was tested only for a maximum of 200 object classes due to it’s intended applica-
tion constraints. However, a general observation of this research was as the number
of output classes increases, the execution time also increases. The rate at which the
execution time increases is less in the cascaded approach as compared to the existing
standard CNN model. The performance of the other network models was also con-
sidered. The datasets used for the proposed network were used to retrain the other
network models such as ResNet-50, GoogleNet, DenseNet-201 and EfficientNet. The
graph plotted in Fig 5 presents the execution time variation over the increment of
number of classes. Training individual network models was a time-consuming task,
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Fig. 5: Comparison of other CNN models execution time

particularly for complex architectures such as DenseNet and EfficientNet. After the
models were transfer-learned, they were individually evaluated on a test dataset con-
sisting of approximately 1000 sample images. Referring to the classification accuracy
of the cascaded network, presented in Fig. 6 for different image inputs. The error bar
chart represents the percentage classification accuracy along with highest and lowest
recorded values. From the data presented in Fig. 6 it was observed that the cascaded
network model offers 95% classification accuracy with an average lowest classifica-
tion of 75%. While the cascaded network offers better classification results, the lowest
recorded average value of 93% with the lowest confidence value of 54% was observed
from one of the classes out of the test data input. Similarly, the transfer-learned
Alexnet from the transfer learning was tested on the same object categories using
the same test images prepared to be tested over the proposed network model. The
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results were tabulated and presented on Fig. 7. an average classification accuracy of
97% was observed with an average lowest classification accuracy of 83%. The recorded
least accuracy of 75% for one object class could be observed while outperforming the
most cases. On comparison it can be observed that the proposed cascaded network
model’s classification accuracy is slightly low as 2% compared with Alexnet network
model. All in all, the proposed cascaded network model is satisfactorily accurate while
producing its prediction in the shortest time. The proposed cascaded network uses
convolutional layers to extract the features from input data. These features are passed
through the fully connected layer to predict the label of input data. Regarding the
unseen data, the performance of the cascaded network model may vary due to several
reasons. If the unseen data is in domain similar to the trained dataset, the cascaded
network perform well. However, if the unseen data is from a different domain such as
thermal image, satellite image or medical image the performance of the cascaded net-
work drops unless transfer learning is applied. Since the proposed cascaded network
model is simple architecture as compared to the other models such as Dense net, the
performance may be degraded for highly complex unseen data

5 Future work

The potential future research can also be presented based on the developments of
the research work. Further analysis of the results obtained, a tendency of minimum
learnable parameters can be observed for the selection of number of classes to the
main and sub network. The potential combinations for the classes were centered to
minimum values possible. Thus, cascading of third and higher order convolutional
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neural networks are a potential feature where the present two stages can further be
extended. Development of hierarchical dataset is essential to facilitate more meaningful
and human-like classification. The proposed model consists of two stage cascaded
network for classification applications with lesser number of classes. This concept can
be further expanded by cascading a greater number of optimized networks together
for a large number of classes. The optimum number of cascades can be determined by
conducting practical execution time measurement over the number of classes. Future
work is required to investigate the performance of multi-stage cascaded neural network.
The neural network model presented with this research work consists of modified Alex
net architecture. Convolution operation of an intermediate layer depends on feature
map developed from the previous layer convoluted with input feature map followed
by an activation function. Therefore, convolution operation towards the dense layers
is dependent on the features extracted from prior layers. Instead of single feature
extraction, if multiple features could be extracted concurrently and concatenate them
at the last convolutional layers possibly improve classification accuracy in considerably
less time. Further investigation of the architectural modification with deep training
and analysis of results can result in more accurate and efficient models which can be
cascaded Further development of this cascaded approach has the potential to deploy
on mobile robotic systems with standalone computer platforms which work offline,
function efficiently. However, a deep analysis of the network is essentially supported
with mathematical representation.

6 Conclusion

From the results achieved, the cascaded network offered reduced execution time as
compared with Alex Net over the increasing number of output classes. The proposed
cascaded network model is 6.43% faster than the standard AlexNet model with the
same number of output classes. Comparing classification accuracies, the cascaded net-
work model is 2% less confident to the equivalent of standard AlexNet.The accuracy
reduction is a result of several factors. The classification accuracy depends on the
information of the input image, classification model, quantity and quality of training
data, distribution of training data etc. For this research work 30% of the dataset was
allocated for validation purposes while collection of test data consists of 1000 sample
images were taken for cascaded network model evaluation. To further improve classi-
fication accuracy, training the network model with more data, dataset with balanced
information content, training the model with slow learning rate are suggested. How-
ever, the accuracy of the cascaded model can be further improved with the suggestions
presented in future work. The primary contribution of this research was to reduce the
complex computations involved in convolutional neural networks. Modifications intro-
duced to the neural network architecture in terms of layer-wise changes have been a
significant factor for reduction of unnecessary computations as compared with stan-
dard neural models. As a result of the modifications introduced to the network model,
a considerably large reduction of learnable parameters was observed which reflects
the effective computation optimizations compared with other network models such as
GoogleNet. Architectural modifications introduced with this research is the second
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contribution which includes convolution with varying kernel sizes from, batch nor-
malization, concurrent feature extractions etc. Due to the modifications introduced
to the architecture resulted in minimizing of computations and comparisons in both
sparse and dense layers. Since the number of complex computations are reduced, the
time taken to execute the network also reduced and thus the inference time. Paral-
lel feature extraction towards the last convolutional layers has significantly reduced
the execution time of the network model and thereby speeding up the classification
process. Adaptation of computationally efficient functions such as rectified and lin-
ear units for the feature activation instead of parametric rectified linear unit, tanh,
or exponential linear units. It not only overcomes unnecessary computations but also
minimizes the time to compute exponents. The third contribution of this work is the
proposed network model that maintains better classification accuracy while optimizing
the computations and reducing inference time. Normalization techniques introduced
after every feature activation has resulted in better classification capability of the
proposed network model.
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