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Kurzfassung 
 

Energieeffizienz und hohe Erkennungsgenauigkeit sind entscheidende und 

wesentliche Herausforderungen für kognitive Funksensornetzwerke (CRSNs), 

um die Lebensdauer drahtloser Sensornetzwerke zu verlängern und den 

Hauptbenutzer durch kooperative Spektrums Erfassung vor den 

ausgeschlossenen Störungen zu schützen. Es gibt mehrere effektive Methoden 

zur Erzielung von Energieeffizienz in CRSN, die auf der Optimierung der CSS-

Stufen basieren. Der EESS-Algorithmus (Energy Effizient Sensor Selektion) 

ist eine solche Methode, einschließlich der lokalen CSS-Erfassungsphase, und 

konzentriert sich auf die Auswahl der Sensorknoten, die eine gute 

Erkennungsleistung erfüllen, um die Energie des Netzwerks zu sparen. Obwohl 

es nicht konvex und NP-vollständig ist, wurde es unter Verwendung einer 

konvexen Optimierungsmethode nach einer akzeptablen Transformation 

während einer bestimmten Erfassungszeit gelöst. In dieser Arbeit wird es als 

EESSC-Algorithmus bezeichnet. Daher besteht die Notwendigkeit, das 

Hauptproblem mit unterschiedlichen Erfassungszeiten zu untersuchen und mit 

unterschiedlichen Optimierungsmethoden zu lösen, um die Zuverlässigkeit des 

EESSC-Algorithmus zu vergleichen und zu bestätigen. In ähnlicher Weise 

muss der EESS-Algorithmus in einer modernen Computerarchitektur 

ausgeführt werden, die durch die Fähigkeit der Parallelität und Heterogenität 

beschrieben wird, die Implementierungskosten in Bezug auf die Leistung und 

den Stromverbrauch bereitzustellen. Schließlich ist zu bestimmen, welche 

Hardware für die Implementierung des EESS für CSS mit hoher Leistung 

geeignet ist. 

Diese Arbeit untersucht die Lösung des SS-Problems für verschiedene Fälle 

unter Verwendung metaheuristischer Methoden als weitere 

Optimierungsmethode, einschließlich des adaptiven genetischen Algorithmus, 

der Partikelschwarmoptimierung und einer künstlichen Bienenkolonie in 

Software, und betrachtet sie als Vergleichsbasis. Dementsprechend werden 

EESSC-, EESSG-, EESSP- und EESSB-Algorithmen erreicht. Anschließend 

werden diese Algorithmen parallelisiert, um die Laufzeit zu verkürzen und die 

Leistung auf heterogenen Systemen zu verbessern. Als nächstes werden das 

zentralisierte CSS und die parallelisierten Algorithmen einzeln auf Zynq SoC 
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mit dem Vivado-Tool und auf GPU mit OpenCL für zwei Fälle implementiert 

und ausgewertet (N = 7 und 14). Danach wurde das gesamte System, 

einschließlich des jeweils beschleunigten CSS und eines der vier 

beschleunigten EESS-Algorithmen, auf GPU und Zynq SoC implementiert und 

evaluiert. Schließlich wird eine CPU corei7-3770, eine schnelle und typische 

CPU, als Basis verwendet, um das gesamte System bei der Implementierung 

auf GPU oder Zynq SoC zu vergleichen, um unsere Ergebnisse zu verstärken 

und zu demonstrieren, dass heterogene Computerarchitektur eine 

vielversprechende Zukunftstechnologie ist. 

Diese Arbeit zeigt, dass das CSS von 50 Sensorknoten bei N = 7, die GPU-

Beschleunigung im Vergleich zu corei5-4590T und ARM Cortex A9 63,39x 

bzw. 1100,84x beträgt, was besser ist als beim Zynq SoC. Im Gegensatz dazu 

beträgt für N = 14 die Beschleunigung des HW-Designs auf Zynq SoC im 

Vergleich zu corei5-4590T und ARM Cortex A9 59,32x und entsprechend 

1570x, was den anderen Implementierungen überlegen ist. In Bezug auf den 

Stromverbrauch bei der Implementierung von CSS übertrifft der HW-

Entwurfsansatz des Zynq SoC die anderen. 

In dieser Dissertation wurden Referenzdaten für N = 7 und 14 auf den 

EESSC-Verantwortlichen und den anderen drei Berechtigungen. Alle Rechte 

erkennen die Rechte, dass drei zentrale Sensorknoten Rechte, um mit 

minimalem Energieverbrauch für N = 7 zu sehen, um nur um Sensor knoten 

ausreicht, um mit minimalem Energieverbrauch für N = 14 zu geben. Somit ist 

der EESSC-zentrale Zugriff und die Lösung der SS-Probleme zur 

Energieeinsparung bei verschiedenen N-Werten. Für N = 7 Parteien sich im 

CRSN eine Energieeinsparung von 94%, für N = 14 eine Energieeinsparung 

von 98%. Bei der Beschleunigung des EESS-Unterschieds wurden 

verschiedene Optimierungsmethoden für die GPU verwendet, und das FPGA 

liegt im Vergleich zum Kern i5-4590T zwischen (1,39 x 11,25 x), aber 

zwischen (8,41 x 134 x) im Vergleich zum ARM Cortex a9. Daher ist das PSO-

Optimierungsverfahren, das SS-Problem auf heterogener zugehöriger zu 

gehören, wenn eine geringere Anzahl und ein gewisser Stromverbrauch 

erforderlich sind. Die konvexe Optimierungsmethode ist sicher, wenn weniger, 

wenn weniger, weniger min_energy und eine hohe Anzahl sind. 

Für das gesamte System ist die CSS-Laufzeit in Bezug auf die gesamte 

Systemlaufzeit auf den heterogenen Systemen am einflussreichsten. Der HW-

Entwurfsansatz ist energieeffizienter als die anderen, da er etwa 3,44- und 1,5-
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mal niedriger ist als der GPU- bzw. der HW / SW-Codesign-Ansatz. Die 

gleichen Ergebnisse aus der optimalen Anzahl der Sensorknoten und dem Min-

Energie-Wert werden in FC erhalten, wenn N = 7 und 14. Darüber hinaus 

werden die Beschleunigung des Gesamtsystems auf GPU, HW / SW-Ansatz 

und HW-Entwurfsansatz auf Zynq SoC verglichen mit i5-4590T liegt ungefähr 

zwischen (58x-97x), (34x-38x) bzw. (65x-115x), während es zwischen (18x-

31x), (9x-12x) und (21x-36) entsprechend verglichen wird mit corei7-3770. 

Darüber hinaus ist der Stromverbrauch des Gesamtsystems beim HW-Design-

Ansatz ungefähr 1,94-mal niedriger als beim Corei7-3770, bei der GPU jedoch 

1,77-mal höher als beim Corei7-3770. 

Diese Arbeit unterstützt die Auffassung, dass heterogene Architektur mit 

FPGA eine vielversprechende Technologie ist, da der HW Entwurfsansatz des 

Zynq SoC im Vergleich zu GPU und CPU eine hervorragende Plattform in 

Bezug auf Geschwindigkeit und Energieeffizienz darstellt. 
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Abstract 
 

Energy efficiency and high detection accuracy are crucial and essential 

challenges for cognitive radio sensor networks (CRSNs) to extend the life of 

wireless sensor networks and save the primary user from the precluded 

interference using cooperative spectrum sensing. There are several effective 

methods for achieving energy efficiency in CRSN, based on optimizing the 

CSS stages. The energy efficient sensor selection (EESS) algorithm is one such 

method, including in the CSS local sensing stage, and focuses on selecting the 

sensor nodes that satisfy a good detection performance to conserve the 

network's energy. Although it is non-convex and NP-complete, it was solved 

using a convex optimization method after an acceptable transformation during 

a specific sensing time. In this thesis, it is mentioned to as the EESSC 

algorithm. Thus, there is a necessity to examine the main problem using 

different sensing times and to solve it using different optimization methods, in 

order to compare and confirm the EESSC algorithm's reliability. Similarly, the 

EESS algorithm needs to be carried out in contemporary computing 

architecture described by the capability of parallelism and heterogeneity to 

provide the implementation cost in terms of the performance and the power 

consumption. Finally, which hardware is suitable for implementing the EESS 

for CSS with high performance shall be determined. 

This work examines solving the SS problem for different cases using 

metaheuristic methods, as another optimization method, including adaptive 

genetic algorithm, particle swarm optimization, and an artificial bee colony in 

software, and considers them as a baseline for comparison. Accordingly, 

EESSC, EESSG, EESSP, and EESSB algorithms are achieved. Then, these 

algorithms are parallelized to reduce the run time and provide enhanced 

performance on heterogeneous systems. Next, the centralized CSS and the 

parallelized algorithms are individually implemented and evaluated on Zynq 

SoC using the Vivado tool and on GPU using OpenCL for two cases (N=7 and 

14). After that, the whole system, including the accelerated CSS and one of the 

four accelerated EESS algorithms each time, was implemented and evaluated 

on GPU and Zynq SoC. Finally, a CPU corei7-3770, a fast and typical CPU, 

will be used as a baseline to compare the whole system when implemented on 
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GPU or Zynq SoC to reinforce our results and demonstrate that heterogeneous 

computing architecture is a promising future technology.  

This thesis shows that the CSS of 50 sensor nodes when N=7, the GPU 

speedup compared to corei5-4590T, and ARM Cortex A9 is 63.39x and 

1100.84x respectively, which are better than for the Zynq SoC. In contrast, for 

N=14, the speedup of the HW design on Zynq SoC compared to corei5-4590T 

and ARM Cortex A9 is 59.32x, and 1570x correspondingly, which are superior 

to the other implementations. In terms of the power consumed in implementing 

CSS, the HW design approach on the Zynq SoC outperforms the others. 

In this dissertation, reference data for N=7 and 14 were applied to the EESSC 

algorithm and the other three algorithms. All the algorithms fulfill the criteria 

that three optimum sensor nodes cooperate in CRSN to attain 𝑄𝑑 > 0.9 with 

94% energy saving for N=7, while only one senor node is enough to achieve 

𝑄𝑑 > 0.9 with 98% energy saving for N=14. Thus, the EESSC algorithm is 

reliable and suitable for solving the SS problem for saving energy at different 

N values. The EESS algorithm's speedup utilized different optimization 

methods on GPU, and FPGA compared with core i5-4590T is between (1.39x-

11.25x) but between (8.41x-134x) compared with the ARM Cortex a9. 

Therefore, the PSO optimization method promises to solve the SS problem on 

heterogeneous systems when minimum run time and efficient power 

consumption are needed. However, the convex optimization method is suitable 

when less utilized resources, lower Min_energy, and high speedup required.  

For the entire system, the CSS run time is the most influential in terms of the 

entire system run time on the heterogeneous systems. The HW design approach 

is more power-efficient than the others because it is about 3.44 and 1.5 times 

lower than the GPU and the HW/SW codesign approach, respectively. The 

same outcomes from the optimum sensor nodes number and the Min-energy 

value are obtained in FC when N=7 and 14. Moreover, the speedup of the 

complete system on GPU, HW/SW approach, and HW design approach on 

Zynq SoC compared with i5-4590T is approximately between (58x-97x), (34x-

38x) and (65x-115x) respectively, while it is between (18x-31x), (9x-12x) and 

(21x-36) correspondingly compared with corei7-3770. Furthermore, the 

complete system's power consumption on the HW design approach is 

approximately 1.94 times lower than the corei7-3770, but on GPU, it is 1.77 

times higher than for corei7-3770. 
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This thesis supports the notion that heterogeneous architecture with FPGA 

is a promising technology because the HW design approach of the Zynq SoC 

is an excellent platform in terms of speed and power consumption, compared 

with the GPU and CPU. 
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Chapter 1 

Introduction 
 

 

1.1 Motivation 

Recently, many researchers' trends show massive interest in the amalgam of 

various technologies such as device-to-device communication, 5G wireless 

systems with the internet of things (IoT), and integrating the cognitive capability 

to the wireless sensor network (WSN)- considered as an essential element in IoT 

technology- to create a cognitive radio sensor network (CRSN). CRSN overcomes 

the limitations that degrade the performance of WSN in the congested industrial 

scientific and medical (ISM) band [1], [2]. One of the fundamental elements in 

cognitive radio technology is spectrum sensing because all the other elements 

depend on it to recognize the availability of primary user (PU) in the spectrum 

band. Centralized cooperative spectrum sensing (CSS) is crucial in cognitive 

radio network (CRN) to alleviate fading and shadowing impacts that degrade the 

detection performance. However, it consumes more energy in local sensing and 

reporting of results compared to the case of single secondary user (SU), 

specifically, in the CRSN, which is characterized by its limited energy. Thus, the 

major challenge for the CRSN is high sensing accuracy and energy efficiency 

(EE) to extend the life of the sensor nodes. There are different criteria for 

performing the EE based on the CSS stages. One of these criteria in the local 

sensing stage, which consumes more energy than the others, is the energy-

efficient sensor selection (EESS) algorithm [3], [4]. The EESS algorithm has been 

performed by solving the sensor selection (SS) problem, a nonconvex and NP-

complete problem, using a convex optimization method. In this dissertation, the 

EESS algorithm realized using the convex optimization method is referred to as 

the EESSC algorithm. 

In recent years, for computing architecture, there is a clear tendency toward 

increasing the parallelism and heterogeneity to keep pace with development of 

big data and IoT and obtain noteworthy performance, energy prospective 

especially to the applications that requires high computations. Such architecture 

is known as heterogeneous computing architecture, and that comprises a central 

processing unit (CPU) with a conventional hardware accelerator, for example, the 

CPU with general-purpose computing on graphic processing unit (GPGPU) in PC, 
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and the system on chip (SoC) based on CPU and field programmable gate array 

(FPGA) in a single chip to solve the communication bottleneck problem, like 

Xilinx Zynq SoC. Numerous research studies have indicated that such 

architectures can speed up the applications by an order of magnitude compared to 

sequential software and obtain efficient power consumption [5], [6], [7].  

The parallel structure characterizes the centralized CSS. Additionally, 

spectrum sensing requires a high speed to be more active in avoiding the PU's 

interference, and the SS problem requires high computational complexity. 

Therefore, it is very appropriate to achieve the CSS and solve the SS problem in 

a computing architecture described by its parallelization ability, like GPU and 

FPGA for accelerating and obtaining efficient power consumption. GPU has fixed 

hardware architecture with many programmable cores, and is easy to program 

using a high-level language. FPGA is a reconfigurable hardware platform 

programmed after manufacturing with low-level hardware description languages 

(HDL). However, high-level synthesis (HLS) tools have recently been used to 

simplify the FPGA design flow complexity.   

1.2 Problem Statement 

Although the SS problem for the centralized CSS in CRSN is a nonconvex and 

NP-complete problem, it has been solved using convex optimization to achieve 

the EESSC algorithm by converting a specific parameter in the problem from 

discrete to continuous, then returning it to discrete after finding the solution [3]. 

Although the EESSC finds the optimum sensor nodes to achieve the CSS with 

minimum energy consumed, it is essential to investigate whether it is reliable at 

precisely solving such a problem when the sensing time is changed. Moreover, no 

work has validated the suitability of the algorithm results for the CSS in hardware 

or accelerated it in either GPU or FPGA. Thus, there is a need to solve the original 

problem in other optimization methods to verify and compare the EESSC 

algorithm, as well as implement it in hardware using floating-point computation 

to fulfill high accuracy and an extensive dynamic range of real numbers. 

Furthermore, it is essential to specify the real elapsed time, the resources utilized, 

and the power consumed. There is also a request for a centralized CSS for a big 

number of sensor nodes to develop a CRSN to effectively assist in the execution 

and evaluation of the EESS algorithm, using different optimization methods, on 

GPU and Zynq SoC. 
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Usually, spectrum sensing is implemented and evaluated in FPGA as a single 

SU or cooperated SUs, but the maximum number of cooperated SUs is between 

seven and twenty [8], [9], [10]. Some works utilized a Matlab with FPGA-in-loop 

testing environment for implementation. However, other works used RF front end 

for receiver and transmitter in addition to the Matlab workspace to generate the 

received signal in the Matlab workspace [11] [12]. Thus, to the best of our 

understanding, a centralized CSS for a significant number of SUs has not been 

implemented and evaluated on a heterogeneous architecture like GPU and Zynq 

SoC. Moreover, no studies have utilized an HLS tool like Vivado HLS to modify 

and improve the implementation of the CSS components on the FPGA at a high 

level. Thus, there are challenges in choosing an appropriate hardware accelerator 

for a specific application and modeling the application to a specific accelerator to 

efficiently execute and exploit the computing power of the designated accelerator. 

 

1.3 Objectives and Contributions 

Our goal is to use the metaheuristic optimization method to solve the NP-

complete SS problem and compare the results with the results obtained using the 

EESSC algorithm to verify its reliability. The EESS algorithm's performance for 

the CSS shall also be studied to see if the observation samples (N) are changed 

when reference data is applied. Also, examined will be the effect of implementing 

a large number of sensor nodes on heterogeneous computing architecture to 

compose centralized CSS for a CRSN to execute and evaluate the EESS algorithm 

on hardware effectively. The EESS algorithm with different optimization methods 

is also demonstrated in hardware to give an overview of the implementation cost. 

Furthermore, the performance and the power consumption, which represent 

fundamental aims in the contemporary parallel design, are considered essential 

metrics for analyzing the implemented designs based on the floating-point 

computations. 

The study also seeks to determine which hardware is suitable for implementing 

the CSS and the EESS algorithm with high performance on GPU or FPGA by 

examining the performance, power consumption, and changing the input data 

size, as well as explaining how heterogeneous architecture is a promising 

technology of the future. To achieve these aims, we make the following 

contributions: 
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1. I design centralized CSS for N=7and 14. I also use two metaheuristic types, 

an adaptive genetic algorithm (AGA) and a swarm intelligence (SI) 

algorithm, to solve the SS problem, and then study their behavior and 

compare it with the EESSC algorithm behavior when (N=7 and 14). These 

are attained in pure software and will be considered as a baseline for 

comparison throughout this work.  

2. I perform a parallel study to the EESS algorithm with different optimization 

methods to get a parallelized algorithm that not only diminishes the run 

time but provided an improved performance on GPU and FPGA. Then, the 

centralized CSS and the parallelized EESS algorithm with different 

optimization methods are designed on GPU using open computing 

language (OpenCL).  The performance of each accelerator on GPU is 

improved by achieving the following developments: 

 The interaction between the host and the GPU is reduced. 

 Access to global memory has coalesced. 

 Access to local memory and private memory is increased. 

 The divergence between the work items is often avoided. 

3. I also design the centralized CSS and the parallelized EESS algorithm with 

different optimization methods in Zynq SoC using the Vivado tool. For 

hardware, different intellectual property (IP) cores are generated in the 

Vivado HLS tool. Specific directives are also included in the C++ code to 

optimize the design. Moreover, a modification is performed in the code to 

make it more suitable to implement on the FPGA fabric.  

4. The centralized CSS is implemented on GPU and with two designs, 

hardware/software (HW/SW) codesign approach and HW design approach, 

on Zynq SoC.  Its performance is studied and analyzed for two different 

data input sizes. Then, the accelerated CSS on GPU and Zynq SoC is 

compared with two baselines to show which is faster. 

5. The EESS algorithm is implemented with different optimization methods 

on GPU and FPGA after applying reference data for N=7 and 14. Then, 

their performance is estimated and compared with baselines. 

6. I execute the whole system (centralized CSS+ EESS algorithm) on GPU 

and study the performance, as well as comparing its performance with 

baselines. Next, the whole system (centralized CSS+ EESS algorithm) is 

implemented on Zynq SoC, analyzed the performance, and compared it 

with baselines in the performance and power consumption to identify 

which is most suitable for implementing the entire system application. A 

demonstration is also carried out to illustrate how heterogeneous 
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architecture is a promising future technology compared with one of the 

prevalent CPU.  

 

 

1.4 Thesis Outline 
 

The remainder of this thesis is structured as follows: 

1. Chapter 2 gives background information about the topics related to this 

thesis, including the fundamental concept and the applications of the 

cognitive radio technology, types of non-cooperative and cooperative 

spectrum sensing technique, integrating cognitive radio to the wireless 

sensor network, a brief overview of conventional hardware accelerators and 

the utilized programming language, and a summarized introduction to exact 

and approximate optimization methods.   

2. Chapter 3 provides an overview of the relevant works and discusses 

research activities to put our work into perspective. 

3. Chapter 4 presents a parallel study of the centralized CSS design and the 

EESS algorithm with the different GPU optimization methods and shows 

how it is utilized to obtain a high performance using OpenCL. 

4. Chapter 5 shows the methodology and the design of all the IP cores utilized 

to implement the whole system on Zynq SoC. 

5. Chapter 6 demonstrates the targeted devices, the utilized performance 

metrics, the results, the evaluation, and the application comparisons in 

different platforms.     

6. Chapter 7 puts forward conclusions and future work
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Chapter 2    

Background 
 
 

2.1 Introduction 
 

This chapter provides background information regarding the key topics for 

this thesis. Firstly, an introduction to fundamental concepts and applications of 

cognitive radio technology is presented. Secondly, different types of non- 

cooperative and cooperative spectrum sensing techniques are shown. Thirdly, 

brief mathematical knowledge concerning some concepts that are used 

throughout this thesis is provided, followed by information on integrating 

cognitive radio technology with the traditional wireless sensor network and the 

available methods of energy efficiency in the cognitive radio sensor network. 

A brief overview of the most common hardware accelerators and their main 

programming languages, as utilized during this thesis is also given. Finally, 

there is an introductory summary for two types of optimization methods, exact 

optimization and approximate optimization. Convex optimization is an 

example of the exact method while metaheuristic algorithms, which can be seen 

in genetic algorithms and swarm intelligence, is an example of the 

approximated method. 

   

2.2 Cognitive Radio Technology 
 

As a result of huge demand for the widespread use of new wireless services 

and applications in both licensed and unlicensed frequency spectrums and the 

requirement for high data rates, poor spectrum usage has emerged. This is 

because of the truth that most channels effectively transfer information 

(utilizing the band) for a short duration only. In contrast, a nominated part of 

the spectrum band (between 80% and 90%) is unoccupied, as illustrated in Fig 

(2.1). These empty parts of bands are called spectrum holes or white spaces, in 

which the licensed users are absent. Consequently, the need for spectrum 

frequency is not a result of spectrum shortage but due to inefficient fixed 

spectrum assignments [13]. There are restrictions on spectrum access resulting 
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from licensed users' ineffective spectrum usage. For example, the type of 

spectrum usage cannot be varied, and the radio spectrum is licensed in big 

chunks by providers who do not grant licenses for a small spectrum band in a 

specific area with a short time duration, and prevent unlicensed users from 

utilizing the licensed spectrum even if it is inactive [14]. Cognitive radio 

(CR)emerges to overcome this issue by supplying the ability to adapt via 

dynamic spectrum access to provide efficient spectrum utilization [15], [16]. 

Mitola and Maguire presented cognitive CR technology in 1999. In dynamic 

spectrum access, an unauthorized user (SU or cognitive user (CU)) uses the 

unutilized licensed spectrum temporally and spatially without interfering with 

the PU [17], [18].  

 

 

 

 

 

 

 

 

 

 

 

 

CR is essentially an evolution of software-defined radio (SDR), which can 

be defined by the following characteristics [19]: 

 Multiband operation: It will support the sending of wireless data over 

various frequency spectrum bands utilized by multiple wireless systems, 

including ISM band, cellular band, TV band. 

 Multistandard support: It will support multiple types of standards, for 

instance, wide band code division multiple access (WCDMA), global 

system for mobile communications (GSM), cdma2000, worldwide 

interoperability for microwave access (WiMAX), and wireless fidelity 

(WiFi).  

 Multiservice support: It will support several kinds of services, e.g., 

broadband wireless internet access or cellular telephony.   

Figure (2. 1) Spectrum diagram [15] 
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 Multichannel support: It will support independent transmission and 

reception on multiple frequency bands simultaneously.  
 

CR is an intelligent wireless communication system that is conscious of its 

surrounding environments. It can also be modified in the middle of a 

communication session with various radio technologies when needed and 

achieves the cognitive cycle in the four steps shown in Fig (2.2) [20]. 

 Spectrum sensing: In the first step in this cycle, SU observes the 

accessible spectrum and discovers the spectrum holes. 

 Spectrum analysis: It uses the provided information from the initial step 

to understanding the temporarily unused spectrum features.  

 Decision: Then, depending on the spectrum features and the user 

requirements, the appropriate spectrum band will be selected.  

 Action: Finally, it permits the radio to be dynamically programmed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The SU exploits the best available unoccupied spectrum, and has two 

features: cognitive capability and reconfigurability. Cognitive capability means 

that the SU can determine the best unused spectrum band by sensing and 

amassing data from the surrounding environment, like data about transmission 

frequency, bandwidth, modulation, power, etc. This feature of cognitive radio 

is illustrated by the first three steps in the cognitive cycle. Reconfigurability 

refers to the quick adjustment of the SU’s operational parameters dependent on 

the sensing result to make the performance better, which is represented by the 

final step in the cognitive cycle [21]. 

  

Figure (2. 2) Cognitive radio cycle [20] 
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 CR technology is applied in various applications. A few of these 

applications are as follows [22]: 

 

 Smart grid networks: There is a trend toward converting the traditional 

power grid into an intelligent grid to promote sustainability and energy 

independence, emergent resilience causes, and tackle global warming. 

Smart grid networks include home/building area networks (HANs), wide 

area networks (WANs), and advanced metering infrastructure (AMI) (or 

named field area networks (FAN)). Different wireline/wireless 

technologies employed in designing AMI/FAN encounter multiple 

problems such as cost, bandwidth, and range. Conversely, CR suggests 

considering the AMI/FAN with larger bandwidth, with more extended 

range, and a low cost. Consequently, the smart utility networks task 

group published different standards to employ the smart grid network in 

TV white space.    

 Cellular networks: The available cellular networks are overloaded due to 

devices, e.g., smartphones and services (such as media sites like 

YouTube) are presented and inserted into the extremely high and 

growing usage of cellular networks. TV white space is utilized by 

cellular operators to overcome this issue through CR technologies.               

 Wireless medical networks: Nowadays, the medical body area network 

(MBAN) is introduced to monitor patients’ key signs (e.g., blood 

pressure, blood oxygen levels, and temperature) and combine numerous 

parameters simultaneously, all while obtaining a dependable result. In 

contrast, accessible spectrum bands that are used in the medical 

application are restricted bandwidth. Hence, CR technology is applied to 

permit MBAN devices as SUs to coexist with aeronautical mobile 

telemetry, which acts as the PU without interference.      

 Public safety networks: The wireless services of the public safety 

networks, that are used to prohibit or respond to incidents are developed 

from voice to email, messaging, database access, web browsing, video 

streaming, picture transfer and other broadband services. As a result, 

delay requirements, data rates, and dependability vary from web 

browsing web browsing service to service. Hence, high overcrowding in 

the public safety services RF bands is produced in many areas (mostly 

urban) and generates a delayed response to citizens. Thus, CR is used to 
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cope with the above problem by utilizing the unauthorized RF spectrum. 

 

2.3 Spectrum Sensing Techniques 

 

Spectrum sensing is an important task that enables the SU to identify the 

spectrum holes in the frequency band. Spectrum sensing gives the cognitive 

radio the ability to measure, learn and have knowledge of the radio's 

environment, such as the interference status and the availability of the 

spectrum. 

It assists the SU in reaching its objective by opportunistically using available 

idle spectrum quickly and reliably. Likewise, it requires the SU to rapidly 

empty the licensed spectrum once the PU returns, in order to diminish harmful 

interference for the authorized user. Furthermore, it is the fundamental step in 

the cognitive radio networks, because all subsequent steps rely on the result of 

this operation [23].  Generally, the spectrum sensing problem is formulated 

based on the binary hypothesis testing problem, as will be described below [24].  

 

Hypothesis testing 

 

A crucial task in spectrum sensing is to determine whether the spectrum is 

idle or active. The spectrum sensing problem is conventionally formulated as a 

binary hypothesis test. Hypothesis Η0 indicates that the PU is absent and the 

channel is inactive, i.e., the received signal contains noise only, whereas the 

hypothesis Η1 means that the PU is present and the channel is active, i.e., the 

received signal consists of the PU signal in addition to the noise [25]. For 

instance, the hypothesis test to detect a PU signal in a fading channel used in 

this work can be expressed as follows: 

                        Η1:        R[k] = h[k]s[k] + 𝑢[k]                             (2.1) 

                        Η0:        R[k] = 𝑢[k]                                                (2.2) 

 

where k = 1,2,3… . N, R[k] is the received signal samples by SU, s[k]is the PU 

signal samples d is supposed as a random process with zero mean and variance 

σs
2. The noise 𝑢[k] is independent and identically distributed (i.i.d) Gaussian 

random (GR) process with zero mean and variance σu
2 , h[k] is the channel gain 
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between the SU and the PU (called sensing channel), it is equal to one in 

additive white Gaussian noise (AWGN) since there is no fading issue, and it is 

modeled as follows [26], [27]: 

                          h[k] = 10
−L

20  . g                                                        (2.3) 

 

where g is a complex GR process with zero mean and unit variance accounting 

for Rayleigh fading and L has two components as illustrated below: 

 

                           L = 20 log (
4𝜋fc𝑑𝑝

𝐶
) + 𝑥                                         (2.4) 

 

where the first component is the path loss component based on a free-space 

path loss (FPL) model that includes fc as the carrier frequency,  𝑑𝑝 as the 

distance of the SU from the PU, and 𝐶 as the light speed. The second 

component is a real Gaussian random variable with zero mean and standard 

deviation of 3 according to large scale lognormal shadowing. 

Indeed, in spectrum sensing, SU collects enough information about PU signals 

from radio frequency environments through an observation period called the 

sensing time (𝜏), which is considered as a multiple of the sampling frequency 

of the PU received signal (𝑓𝑠). The product of 𝜏 and 𝑓𝑠 is defined as the number 

of observation samples used to perform the detection and can be taken as an 

integer value represented by N. The detection process is achieved by SU using 

one of the spectrum sensing techniques to produce an output called a test 

statistic (Ε) (or sometimes named decision statistic). After that, Ε is compared 

to a threshold (𝜆) to produce a decision about the PU signal presence [28]. The 

sensing decision is accomplished as: 

 

                             {
if  Ε ≥  𝜆,       Η1   
if  Ε <  𝜆,       Η0  

                                                (2.5)  

 

The reliability of the spectrum sensing techniques is measured by using two 

metrics, probability of detection (Ρ𝑑), which is defined as the probability of 

determining whether the authorized spectrum is occupied under  Η1, and the 

probability of false alarm (Ρ𝑓), which is realized as the probability of deciding 

if the unoccupied licensed spectrum is active under Η0 [29]. Indeed, Fig (2.3) 

shows the distribution of the observation signal, which is supposed as a normal 
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distribution versus its probability. Additionally, the probability that SU decides 

that the PU is in Η𝑖 case while PU is in Η𝑗 case can be defined as Ρ(Η𝑖|Η𝑗). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Moreover, Ρ𝑑is dependent on the received signal to noise ratio (SNR), which 

is denoted by (𝛾) and represent the instantaneous SNR, since under Η1there is 

a PU signal while Ρ𝑓 is independent of 𝛾 because no PU signal is existent under 

Η0. So, these two probabilities can then be stated as [30]: 

 

                  Ρ𝑑(𝛾, λ) = Ρ(Η1|Η1) = P(Ε > λ|Η1) = ∫ 𝑓𝐸(𝑦)𝑑𝑦
∞

λ
        (2.6) 

                Ρ𝑓(λ)     = Ρ(Η1|Η0) = P(Ε > λ|Η0) = ∫ 𝑓𝐸(𝑦)𝑑𝑦
∞

λ
        (2.7)    

 

Where: 𝑓𝐸(𝑦) is the probability density function (PDF) of test static Ε. 

Usually, the higher value of Ρ𝑑 results in efficient spectrum sensing with high-

level preservation to the PU from the interference with SU. However, the low 

value of Ρ𝑓leads to efficient spectrum usage by the SU. Thus, it is desirable to 

have a low Ρ𝑓 and a high Ρ𝑑 in a cognitive radio network.  

Various spectrum sensing techniques have been offered based on this 

hypothesis test to determine the inactive spectrum and save the PU from 

interference. These spectrum sensing techniques are commonly classified into 

either non-cooperative (also known as transmitter detection) or cooperative to 

determine the presence or absence of the PU’s signal in the monitored 

spectrum. 
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Figure (2. 3) Probability density function of the test statistics [29] 
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2.3.1 Non-Cooperative Spectrum Sensing 
 

The non-cooperative spectrum sensing technique is named local sensing 

because the decision about spectrum sensing is achieved locally by detecting 

the weak signal of the primary transmitter. In this technique, each SU looks for 

its aims without considering the decisions of other SUs that are observing the 

same frequency band. This technique is selected when there is no connection 

between the SUs or when there is only one sensing terminal is obtainable. It is 

uncomplicated and does not need a long processing time or involve hardware 

costs. Nevertheless, it suffers from problems resulting from fading, shadowing, 

and noise uncertainty. Therefore, it is unable to make an accurate decision 

about PU activity in the unused spectrum below a specific SNR level, which is 

defined as the SNR level [31]. This technique can be divided into different 

methods which are illustrated as follows [32]: 

 

Matched Filter Detection 

 

This is an optimal approach for spectrum sensing when the SU knows the 

transmitted PU signal [33]. It is a coherent detection method since the SU 

requires complete information about the PU signals such as bandwidth, the 

pilot, modulation type, and pulse shaping. The main advantage of matched filter 

detection is the short time it takes to establish an excellent detection 

performance. In contrast, it has high computational complexity because the 

cognitive radio needs receivers for different PU signals. Another drawback is 

the tremendous power consumption because of the different receiver 

algorithms required to achieve detection [34]. 

 

Cyclostationary Feature Detection  

This uses the periodicity of the PU signals to detect its presence. Unlike 

matched filter detection, cyclostationary feature detection can recognize the PU 

signal from noise since noise is wide-sense stationery with no correlation. In 

contrast, the signals are cyclostationary with spectral correlation. Another 

advantage of this technique is working at a low SNR value.  In contrast, it has 

higher computational complexity than matched filter detection and needs a long 
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observation time. Moreover, it is unable to work if the PU's signals are 

unknown [35], [36]. 

Energy Detection 

This is a non-coherent detection method since the SU receiver does not 

require any prior information about the PU’s signals. The energy detection 

technique is the most common in cognitive radio among other spectrum sensing 

techniques because it works for any signal form [37]. With it, the received 

signal energy of the PU is collected at the sensing time interval and matched 

with a predefined threshold value to determine whether the PU band is occupied 

or vacant [38]. It has low computational and implementation complexity as 

compared with matched filter detection and cyclostationary feature detection. 

However, its performance relies on the changing of the noise power level. Thus, 

it is unable to distinguish the PU activity from raised noise power [39]. 

Furthermore, it is inefficient at revealing spread spectrum signals since it 

requires more complicated signal processing algorithms to be innovated [40].  

Energy detector (ED) model 

An energy detector is a device used in the energy detection technique to 

detect the PU signal. The detection operation can be achieved in the time 

domain digitally or analogically, as in Fig (2.4), which is a block diagram 

illustrating this model.  

 

 

 

 

 

 

In the analog case, the basic concept of an energy detector is established on 

passing the received signal through a bandpass filter to restrict the bandwidth 

of the noise [41]. Then, the signal is squared and integrated over a certain time 

interval (i.e., sensing time) by a square-law device and an integrator, 

respectively, to get the test static. In comparison, in the digital case, the energy 
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Figure (2. 4) Energy detectors models (a) Analog (b)Digital [41] 
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detector is known as a digital energy detector because the process of estimating 

the test static is performed digitally. Firstly, the bandpass filter filtrates the 

received signal. Secondly, by using the analog to digital converter device, the 

continuous signal is converted to a discrete digital signal. Finally, the discrete 

signal is squared and summed by deploying a square-law device and a summing 

device to evaluate the test statistic [42]. 

Both the preceding models are pursued by a comparator device to make a 

comparison between the test statistic and a specific threshold value. From this 

comparison, one of the previous binary hypothesis is selected to be correct. 

According to the result of the test, the SU determines whether to use the 

spectrum band or not. The process of the digital energy detector scheme can be 

expressed as follows [43]: 

       Ε = ∑ R𝑘
2𝑁

𝑘=1 ≷Η0
Η1  𝜆 ∶ {

D = 0,   if Η0
 D = 1,   if Η1 

                                       (2.8)              

If the receiving sample's energy is smaller than the 𝜆, the channel will be 

inactive (D = 0); if not, it will be active (𝐷 = 1). Ε is a random variable that 

follows the PDF of a central chi-square distribution with 2N degrees of freedom 

under Η0 (PU is idle). Similarly, under Η1, it follows a non-central chi-square 

with a 2N degree of freedom and non-central parameter, 2 𝛾. The PDFs of test 

static Ε under both hypotheses are given by [44]: 

    𝑓𝐸(𝑦) =

{
 

 
1

(2𝜎𝑢
2)
𝑁
Γ(𝑁)
𝑦𝑁−1𝑒

− 𝑦
2𝜎𝑢
2                    ∶  Η0

1

2𝜎𝑢
2 (
𝑦

2𝛾
)
𝑁−1
2
𝑒
−2𝛾+𝑦
2𝜎𝑢
2  𝐼𝑁−1(

√2𝛾𝑦

𝜎𝑢
2 )    ∶  Η1

                           (2.9)    

where Γ(. ) is the gamma function, and Ia (.) is the 𝑎th-order modified Bessel 

function of the first kind. 

Now, over AWGN channel the Ρ𝑓(λ) and Ρ𝑑(𝛾, λ) can be computed by 

substituting eq. (2.9) into eq. (2.7) and eq. (2.6), respectively. The following 

expressions are produced [45]: 

       Ρ𝑓(λ) =
Γ(𝑁, λ
2𝜎𝑢
2)

Γ(N)
                                                                            (2.10) 

          Ρ𝑑(𝛾, λ) = 𝑄𝑁 (√
2𝛾

𝜎𝑢
2 , √
λ

𝜎𝑢
2)                                                       (2.11) 
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where Γ (. , . ) is the upper incomplete gamma function and 𝑄𝑁(. , . ) is the 

generalized Marcum Q-function. 

Usually, the selection of the threshold λ based on the Ρ𝑓that is bounded by 

an objective value, i.e., in spectrum sensing, IEEE 802.22 standard advocates 

Ρ𝑓 < 0.1. As given by eq. (2.10), Ρ𝑓 is dependent on the threshold and time-

bandwidth product. As a result, the selection of threshold is unrelated to SNR 

𝛾. Conversely, Ρ𝑑 is identified by λ value and varying of the channel gain 

caused by the fading/shadowing, which leads to varying SNR 𝛾 [46]. 

In fading surroundings, the channel gain changes, and SNR as well the 

energy of the received signal are location dependent. Accordingly, Ρ𝑓 is deemed 

to be for the situation of noise only without PU signal transmission, and as such, 

it is independent of SNR 𝛾. Thus, it is identical for all types of channels. 

However, Ρ𝑑 changes with SNR 𝛾, and it is fundamentally obtained by 

averaging the Ρ𝑑 in the AWGN case, as shown by eq. (2.12) over the SNR 

fading distribution as follows [47]:  

             Ρ𝑑−𝑓𝑎𝑑(𝛾, λ) = ∫𝑄𝑁 (√
2𝛾

𝜎𝑢
2 , √
λ

𝜎𝑢
2) 𝑓𝛾(𝑥)𝑑𝑥                               (2.12) 

Other spectrum sensing techniques 

Different spectrum sensing methods are available in the literature in addition 

to those mentioned above, such as interference-based detection and wavelet 

detection. In interference based detection, known as the receiver detection 

model, the SU measure the interference environment and regulates its 

transmission so that the intervention does not exceed the interference 

temperature limit, which is the maximum amount of interference that the 

receiver can accept [48], [49]. In [50], the wavelet methods utilized to 

determine edges in the power spectral density of a wideband channel. When 

the edges, which are compatible with the transitions from busy band to vacant 

band or the converse, are measured, the power inside the bands between the 

edges is determined. Based on the data and the edges’ positions, the power 

spectral density can be distinguished as busy or vacant in a binary trend. 

2.3.2 Cooperative Spectrum Sensing 
 

Cooperative spectrum sensing (CSS) was introduced to overcome the 
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degradation in the detection performance resulting from the local SU due to 

multipath fading or shadowing uncertainty. So, it enhances the performance 

and the reliability of spectrum sensing [51]. The essential idea of CSS is 

cooperation among multiple SUs to allay uncertainty in the detection process 

that is produced from individual spectrum sensing by taking advantage of the 

spatial diversity in the notices of the spatially placed SUs [52], [53].  

CSS can be implemented using one of the following methods: centralized 

CSS or distributed CSS, as depicted in Fig (2.5) [54], [55]. 

 Centralized CSS: in centralized CSS, each SU achieves spectrum sensing 

separately using one of the abovementioned signal processing methods to 

obtain a result. Then, these local detecting outcomes are announced to the 

fusion center (FC) to make a final decision about the spectrum occupancy 

in the monitored frequency band and transmit it to the SUs. Hence, CSS can 

be performed using three stages: local sensing stages, the results reporting 

stage, and the decision-making stage. For instance, as displayed in Fig 

2.5(a), CR0 is the FC, and CR1-CR5 are cooperating SUs achieving local 

sensing and broadcasting the results back to FC. For local sensing, every SU 

is adjusted to the chosen licensed spectrum band, where a physical point-to-

point connection between each cooperating SU and the PU transmitter to 

monitor the PU signal is named a sensing channel. For data broadcasting, 

SUs are adjusted to a control channel that physically connects each 

cooperative SU with the FC to report the sensing result, and this channel is 

called a reporting channel. SUs can simultaneously report their findings to 

the FC without waiting for each other. In FC, different fusion strategies are 

used to make the final decision about the status of the PU [56], [57]. These 

strategies are generally classified based on the type of information that SUs 

supply to the FC into two forms: hard decision fusion (which is also called 

decision fusion) and soft decision fusion (which is also called data fusion) 

strategies. In the former, SUs send a one-bit decision (either 1 that intends 

the PU is present or 0 that means the PU is absent) to the FC while in the 

latter, they send their sensing result straight to the FC without making any 

local decisions [58], [59]. 

 

The hard decision fusion method comprises different fusion rules, which are 

the OR rule, AND rule, and majority rule. All these rules can be popularized as 

one rule named the "K-out-of-M."  K is the number of SUs which take part in 
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the final decision, and M represents the total number of cooperating SUs that 

detect the PU’s signal. Admittedly, the “K-out-of-M” performs OR rule, AND 

rule and majority rule when K=1, K=M, and K=[M/2] respectively [60]. If the 

decisions of all the SUs do not depend, the false alarm probability, 𝑄𝑓, and the 

probability of detection, 𝑄𝑑, at the FC for “K-out-of-M” rule are given by [61]: 

                𝑄𝑓 = ∑ ( 𝑀
𝐾+𝑗
) (1 − 𝑃𝑓,𝑗)

𝑀−𝐾−𝑗(𝑃𝑓,𝑗)
𝐾+𝑗𝑀−𝐾

𝑗=0                   (2.13) 

                𝑄𝑑 = ∑ ( 𝑀
𝐾+𝑗
) (1 − 𝑃𝑑,𝑗)

𝑀−𝐾−𝑗(𝑃𝑑,𝑗)
𝐾+𝑗𝑀−𝐾

𝑗=0                   (2.14) 

      where 𝑃𝑓,𝑗 and 𝑃𝑑,𝑗 are, respectively, the probabilities of false alarm and 

detection of the jth SU and  ( 𝑀
𝐾+𝑗
) =

𝑀!

(𝐾+𝑗)!(𝑀−𝐾−𝑗)!
 . 

However, the soft decision method uses one of the traditional combining 

methods, which include the equal gain combining rule (EGC), maximum ratio 

combining rule (MRC), or likelihood ratio rule (LR). These methods add up the 

reported local sensing results to obtain the final decision about the PU spectrum 

occupancy. Then this is compared with a predefined threshold denoted by 𝜆𝑆 

[62]. This soft combining causes channel communication overhead. To 

mitigate this overhead, a quantized form of local sensing results is sent by SUs 

rather than the full accuracy value. Hence, in AWGN sensing channels, the 

probability detection and false alarm probability for the soft decision scheme 

are expressed as follows [63], [64]. 

      𝑃𝑓
𝑆 =
𝛤(𝑁𝑠𝜏𝑓𝑠,𝜆𝑆 2⁄ )

𝛤(𝑁𝑠𝜏𝑓𝑠)
                                                                (2.15) 

      𝑃𝑑
𝑆 = 𝑄(√2𝑁𝑠𝜏𝑓𝑠𝛾, √𝜆𝑆)                                                    (2.16) 

where N is the number of all SU, 𝑓𝑠 is the sampling frequency, 𝛾 is the 

signal to noise ratio, 𝛤(.) is the gamma function, and Q (a, b) is previously 

defined. 

In centralized CSS, the hard decision strategy is better than the soft decision 

strategy, since it can produce a favorable result, specifically in cases with 

stumpy sensing times and /or a large number of SUs, by taking into account 

that the false alarm probability as restriction and the established detection 

probability as the performance metric [65]. 

 Distributed CSS: In this approach, there is no universal receiver (FC) to 
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broadcast the final decision to the cooperative SUs as in the centralized CSS, 

as shown in Fig 2.5(b). Thus, the costs are low compared with the 

centralized CSS. Every SU transmits the local sensing result to other SU 

through the transmission range, adds its information to the received sensing 

information, and determines whether the PU is available or not by using a 

local paradigm [66]. Transmit and relay diversity methods are introduced to 

alleviate the imperfect reporting channels' effect on CSS performance due 

to some heavy shadowing. In relay diversity, the decision of the SU which 

encountered intensive shadowing is sent to other closest SUs that have 

usefulness channel states. In the transmit diversity technique, to enhance the 

CSS performance, some coding methods are employed, such as space-

frequency coding and space-time coding on these distributed antenna arrays 

[67]. Also, a distributed CSS scheme for both fix and random bidirectional 

relationships among SUs is introduced in [68] to show that an average 

consensus with uncertain two-way connections enhances performance in 

terms of false alarm probability and miss detection probability.  

 

 

 

 

 

 

 

 

Cooperative spectrum sensing improves sensing performance, but it raises 

the communications overhead, incurring further sensing and reporting delays 

together with greater energy consumption compared to those SUs not taking 

part in CSS.  These essential challenges are correctly presented in a wide range 

network [69]. To assess the CSS performance, different metrics like detection 

accuracy of the global decision, energy consumption the achievable 

throughput, and energy efficiency are employed as explained below [70]:  

       (a)        (b) 

Figure (2. 5) Cooperative spectrum sensing [16] 
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Detection accuracy of the global decision is achieved by combining (𝑄𝑓)and 

(𝑄𝑑). Also, it can be computed by the probability of error which is determined 

by gathering the (𝑃𝑓 ) and the missed detection probability. 

 Then, energy consumption is represented by the average energy dissipated 

in local sensing, reporting the results, and the information transmission by 

all SUs in CSS. It is affected by the sensing time, the numbers of the SUs, 

and the detection accuracy. 

 The achievable throughput is explained as the average quantity of the 

successfully handed over transferred bits. It is directly affected by the 

probability of detection of the unutilized spectrum and the data transmission 

rate. 

 The final metric in CSS is the energy efficiency metric, which is clarified as 

the average throughput divided by the average dissipated energy. It 

represents an overall performance metric and fundamental indicator to 

perform an excellent cognitive transmission. Also, it can establish a balance 

between the various features of CSS fulfillment [71]. In our work, the 

energy consumption metric used to evaluate the performance of CSS. 

2.4 Cognitive Radio Sensor Network (CRSN) 
 

Due to the technological progress in microelectronics, WSN has recently 

aroused significant interest in different application areas [72]. Its application 

field has expanded beyond the military to the commercial field such as 

healthcare, environment monitoring, smart grid, and in building and home 

automation. Additionally, it is considered a fundamental element in the IoT by 

including the nodes of WSNs dynamically to the internet network and utilizing 

them to cooperate and achieve specific tasks [73]. 

Usually, a WSN consists of a large number of sensor nodes distributed over 

the sensing area, with each node provided with a battery as the main power 

source which is either changed or charged (e.g., using solar power) when it 

declines. It works in the unlicensed spectrum band ISM band, which is shared 

by other beneficial wireless applications such as WiFi and Bluetooth, to name 

just a few. For this reason, the ISM band is becoming congested, resulting in 

damaging interference between different wireless devices [74]. CR technology 

has been integrated into conventional WSN to cope with the limitations that 
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prohibit the evolution of WSN [75]. CRSNs as a vital form of cognitive radio 

networks are WSNs in which each sensor node can dynamically access unused 

licensed spectrum band to transfer data while accomplishing traditional tasks. 

Fig (2.6) illustrates the essential difference between WSN and CRSN, where 

each node of a WSN is either sending, receiving data, or in idle state. Other 

than a CRSN, it contains a spectrum sensing state in addition to the states 

involved in a traditional WSN. 

 

 

  

 

Because a considerable number of smart applications use WSN, the form of 

CRSN can be constituted in the IoT paradigm. Each sensor node represents an 

object that utilizes a cognitive radio capability to produce opportunistic 

spectrum access for particular purposes [76].  The opportunistic spectrum 

access approach requires more energy than the traditional WSN, which is 

characterized by restricted energy, limited processing, and low storage capacity 

[77]. Admittedly, the CRSN has many challenges, such as energy-efficient 

communication to prolong the lifetime of the network, maintaining the PU from 

the prohibited interference, designing a clever HW to perform the essential 

concept of CR at a reduced cost [78].   

2.5 Energy Efficient CSS in CRSN 
 

Usually, the sensing state in CRSN is accomplished either by centralized 

CSS or a distributed CSS strategy. The centralized procedure has priority in 

many applications over the latter due to the characteristics of sensor nodes that 

have low power with limited capacity that results in the infeasibility of 

establishing the full functionality of this strategy in such networks [79]. Also, 

a centralized CSS strategy can be performed in parallel structures to lessen the 

time involved to accomplish the final decision regarding the availability of the 

PU with more reliability than the other form. Each sensor node in centralized 

CSS senses the spectrum using one of the four appropriate spectrum detection 

Figure (2. 6) The different states in WSN and CRSN [79] 
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techniques: matched filter, energy detector, feature detection, or interference 

temperature. CSS in CRSN is dissimilar to CSS in the CRN since the former 

requires a high sensing accuracy and EE to extend the network lifetime. In this 

situation, the EE paradigm is an essential requirement in CRSN [80] [81]. 

To further improve CSS in CRSN, several methods have been presented 

depending on CSS stage, and focusing on optimization. For example, they can 

be classified as follows: EE methods for the local sensing stage, EE methods 

for reporting the results, and EE methods for decision-making stages, as shown 

in Fig (2.7). 

 

 

 

 

 

 

 

 

Firstly, the energy dissipated through the local sensing stage is defined as the 

multiplication of the SU number, the sensing time, and the consumed power. 

Hence, there are two dissimilar methods applied in this stage to decrease the 

consumed energy, either decreasing the number of SUs, which leads to a 

reduction in the dissipated energy in each CSS stages [82], or by reducing the 

sensing time [83]. An algorithm has been proposed for the CRSN, known as 

EESS algorithm. This does not only focus on identifying the number of sensing 

nodes, but also on reducing the consumed energy in the network [3].    

Next, the energy consumption in the CSS second stage, when SUs send their 

local sensing outcomes to the FC, is higher than that consumed in the sensing 

stage [84]. The reduction of energy consumption in this stage is achieved via 

the use of two effective methods: censoring or clustering. In the former, the SU 

Figure (2. 7) Classification of energy-efficient methods for CSS in CRSN [71], [91] 
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does not announce its sensing result except outside a specific region [85], [86]. 

In the latter, SUs are split into groups. Each one is called a cluster, each cluster 

has nodes, and each one has to be in the transmission range of the others. An 

election is carried out to select a cluster-head which is in charge of combining 

the sensing results from the cluster members and notifying a cluster decision to 

the FC [87]. Accordingly, clustering and censoring algorithms are required to 

process a couple of energy and spectrum detection issues [88], [89]. 

Finally, a global decision about spectrum occupation is achieved in the final 

stage of CSS by processing the received local results/decisions using a specific 

decision fusion rule. Despite the formation of the received results, a calculated 

fusion threshold is needed to make the global decision. Hence, choosing a 

particular fusion rule is also important to save energy in the network [90].        

To summarize, EE is performed by reducing the dissipated energy, usually 

associated with constraint (s) in false alarm probability, detection probability, 

and /or other conditions [91]. 

2.6 Energy Efficient Sensor Selection (EESS) Algorithm 

for CSS in CRSN 
 

Fig. (2.8) illustrates the Centralized CSS in CRSN which provides additional 

energy consumption to this network, described by its limited energy status. 

Different algorithms have been proposed to prolong the network lifetime and 

avoid interference with PU concurrently, and the EESS algorithm is one of 

these. In fact, the EESS algorithm essentially focuses on selecting the sensor 

nodes instead of only finding the number of sensor nodes for minimizing the 

energy. It was proposed by considering an on/off scheme in CSS in which some 

sensor nodes switch off their radios while the other nodes sense the spectrum. 

It means these nodes do not achieve sensing of the corresponding channel. This 

algorithm will be achieved at the FC to select the optimal sensing nodes 

required to fulfill the detection performance and help minimize the total energy 

consumption in CRSN. 
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The problem of SS, to attain energy efficiency for spectrum sensing, is linear 

binary integer programming. Thus, it is an NP-complete problem which has 

exponential complexity, and therefore requires a high computational 

complexity. The formulated model of this problem is described by [4] and 

shown as follows: 

                  𝑚𝑖𝑛𝜌𝑖   𝐸𝑇 = ∑ 𝜌𝑖
𝐾
𝑖=1  (𝐸𝑠𝑖  + 𝐸𝑡𝑖)   

                   s.t.     𝑄𝑓 ≤ 𝛼     

                             𝑄𝑑 ≥ 𝛽        

                             𝜌𝑖 ∈ {0,1}                                                        (2.17) 

where 𝐸𝑇  is the total energy consumed for CSS, and it has two main 

components: 𝐸𝑠𝑖 and  𝐸𝑡𝑖, and 𝜌𝑖 ∈ {0,1} is the assignment index, and it 

indicates "1" for sensing and "0" for not sensing the spectrum by the cognitive 

sensor node. The first component is 𝐸𝑠𝑖, which is the energy dissipated for 

signal processing like signal shaping, modulation type, etc., sensing the channel 

and making a decision about the state of the channel. It was supposed as the 

same for all the sensing nodes and denoted with 𝐸𝑠. The second component is 

𝐸𝑡𝑖, which is the energy dissipation for transmitting one efficient decision bit 

to the FC. It is utilized to derive the radio electronics and power amplification. 

It must be considered that the power attenuation relies on the sender and 

receiver, and power amplification is required for a certain receiver sensitivity 

level. The following equation presents this: 

Figure (2. 8) The on/off scheme of the centralized CSS in CRSN [4] 
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                   𝐸𝑡𝑖(𝑑𝑖) = 𝐸𝑡−𝑒𝑙𝑒𝑐 + 𝑒𝑎𝑚𝑝𝑑𝑖
2                                    (2.18) 

where 𝐸𝑡−𝑒𝑙𝑒𝑐 is the transmitter electronics energy, 𝑒𝑎𝑚𝑝 is the needed 

amplification, and 𝑑𝑖 is the distance between the ith sensing node and the FC. 

Because of the short distance between sensor nodes and the FC, the reporting 

channel attains a signal power attenuation of 𝑑2 power loss.  

 Also,  𝑄𝑓, 𝑄𝑑 are the global probability detection and false alarm, previously 

mentioned, respectively. 𝛼 and 𝛽 are constant, which are set to help the network 

to improve detection performance. 

 In this work, for the decision stage, the OR rule used in FC to obtain the 

final decision. In this rule, if at least one sensor node reports that the PU is 

active, the final decision means the channel is occupied. Accordingly, in the 

EESS algorithm, some sensor nodes sense the spectrum; as a result, 𝑄𝑓 and 𝑄𝑑 

can be described as follows: 

              𝑄𝑓 = 1 −∏ (1 − 𝜌𝑖𝑃𝑓𝑖)
𝐾
𝑖=1                                              (2.19)            

              𝑄𝑑 = 1 −∏ (1 − 𝜌𝑖𝑃𝑑𝑖)
𝐾
𝑖=1                                              (2.20)   

where 𝑃𝑓𝑖  is the false alarm probability of the ith cognitive sensor node that is 

dependent on the threshold and time-bandwidth product values. The threshold 

is selected as an optimum detection value obtained using the maximum 

probability of detection algorithm (MPDA) [4].  𝑃𝑑𝑖  is the probability detection 

of the ith cognitive sensor node, as illustrated previously.  

2.7 Heterogeneous Computing Architecture (HCA) 

Recently, many emerging technologies are characterized by their increased 

computational densities, especially in multimedia operations like smartphones. 

Heterogeneous system architectures (HCAs) are evolved to support these 

technologies better. HCAs address the problems encountered by the multi-

homogeneous cores represented by the memory wall and Von Neumann 

bottleneck [92]. HCA includes a collection of multi-core processors and one or 

more hardware accelerators to quicken the implementation of computationally 

intensive tasks. Hardware accelerators can be explained as functional blocks 

based on optimization when it is created. Also, they are modeled to unload 

specific work from the general-purpose processor CPU. They are able to attain 
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consequences more rapidly than the corresponding software executed on CPU, 

which commonly operates on a serial instruction level; this is due to their 

devoted and optimized architecture [93]. So, the processor in HCA is only 

utilized to set up the hardware accelerators to begin their computations and 

obtain their results. Accordingly, the required time for setting up the hardware 

accelerator and obtaining its results must be reduced to fulfill efficient HCA 

performance. Admittedly, the most common hardware accelerators are the 

FPGA and the GPU, which operate in parallel to expedite the computations and 

achieve a plausible performance. 

2.7.1 Field Programmable Gate Array (FPGA) 
 

FPGA is a type of integrated circuit (IC) that can program a function into the 

chip after manufacture. A classical FPGA contains a matrix of configurable 

logic blocks (CLBs) to represent the fundamental function components, 

input/output blocks to interface the chip with the external world, and 

programmable routings or interconnections that permit logic blocks to be 

programmatically interconnected to perform user-defined design units. This 

FPGA architecture is shown in Fig (2.9). Ordinarily, a CLB comprises lookup 

tables (LUT) that are utilized for arithmetic operations and flip flops that are in 

charge of storage [94]. Due to higher requests for arithmetic and storage by 

user applications, current FPGA boards are combined with hard cores to 

achieve these requests, such as digital signal processing (DSP) blocks and 

RAM blocks (BRAM). In addition, DSP blocks are used to simplify some 

operations such as accumulation and multiplication and maintain other FPGA 

resources from achieving this operation without DSP blocks. This is necessary 

because achieving such operations without using DSP blocks may consume 

many resources and take longer implementation time. Moreover, FPGA boards 

may include Ethernet, PCIe, or other interfaces, or memory controller 

interfaces. It can also be combined with a CPU to generate a SoC [95], every 

one of the added blocks is linked via the configurable interconnect. SoC is a 

type of modern heterogeneous computing system utilized to perform the whole 

system functionality in a single chip instead of several various physical chips. 

It is considered the most promising new technology, and can be seen in the 

Xilinx Zynq device. Additionally, SoCs are usually utilized in IoT and 

embedded systems. 
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FPGAs are flexible devices that can be reconfigured to suit user demand, 

making it appropriate for applications that require upgrading. FPGAs are 

inherently different from general-purpose processors. They also prevent the 

overheads of the conventional instruction set architecture (ISA) found in von 

Neumann architecture, and by choosing the suitable parallelism level to fulfill 

an algorithm, they can trade off computing resources and performance. 

Moreover, FPGAs categorize high power efficiency in comparison to multi-

core processor systems with an analogous speed of treatment, such as GPU 

cards [96]. 

However, one of the significant drawbacks of using FPGAs for acceleration 

is the complicated nature of programming. In general, FPGAs have been 

programmed using HDLs, namely Verilog or very high speed integrated circuit 

HDL (VHDL). These languages are time-consuming, which can crucially 

affect the time-to-market, and required a significant effort to achieve specific 

applications caused by the requirement of deep awareness of low-level 

hardware aspects (hardware experts). HDLs focus more on the structural 

representation of the purposed application than on the behavioral features.  

This central challenge in programming FPGA has been tackled by an 

approach named HLS [97]. It is acknowledged as a behavioral synthesis and 

algorithmic synthesis in which functional description is combined with a high-

level language such as C, C++, or System C, which straightly translates into 

HDL. In [98], the authors presented an excellent but uncomplete review of 

presently useable academic and industrial HLS tools. This survey shows 

Programmable 

interconnect 

Figure (2. 9) Classical FPGA architecture [94]  
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contemporary HLS research trends and a comprehensive analysis of HLS tools, 

as well as an elaborated method for assessing various state-of-the-art tools in 

resource utilization and performance. 

HLS is a fundamental step in electronic system-level design, and can be used 

either for architecture exploration or fast prototyping [99], [100]. Utilizing HLs 

in design flow produces several advantages, as follows [101], [102]: 

 It dramatically reduces the amount of code written by the designer. This 

saves time, and reduces the number of errors as compared with manually 

register transfer level (RTL) code.   

 It opens the floodgates to software developers, who need expertise in 

hardware design, to work side by side efficaciously with their hardware 

counterparts. 

 Design space exploration can be easily, quickly, and more realistically 

explored by hardware engineers by creating different designs from the same 

input code to provide a balance between performance, size, and power. 

 Reducing the verification time is currently surpassing the design time by 

generating test benches, and thereby reutilizes test data, which is used to 

verify the source code. 

FPGAs have undergone rapid development in different fields since they are 

utilized in a vast domain of applications (e.g., in aerospace, video/image/audio 

processing, defense, medical electronics, the automotive industry, wireless 

communications, and application-specific integrated circuit (ASIC) 

prototyping). In the last decade, FPGAs have been employed in Baidu and 

Microsoft's data centers, and in Intel and Amazon’s cloud computing, as well 

as by Alibaba and Huawei [103].  

Hence, HLS with FPGA produces a typical productivity enhancement for 

quick modeling and rapid time to market. 

 2.7.2 General Purpose Graphics Processing Unit (GPGPU) 
 

GPUs have conventionally been utilized for graphics rendering. With the 

emergence of programmable shaders, a GPU programmer could modify 

specific issues in terms of graphics primitives. However, the execution of 

shaders requires the usage of graphics API (e.g., OpenGL, DirectX), which 

have been low level and uninteresting to code. The development of GPU 

architectures to increasingly produce Giga-floating point operations per second 
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(GFLOPS) combined with high-level programming languages, including 

Brook, that has supplied an abstraction to the graphics application 

programming interface (API) [104], OpenCL, and compute unified device 

architecture (CUDA) have successfully supported the GPU for general 

purpose. 

Indeed, the fundamental difference in hardware architectural property between 

GPU and CPU is the distribution of transistors for various purposes, and this 

results in the memory hierarchy, which is considered a crucial specialized 

hardware architectural feature. On the one hand, most of the CPU’s transistors 

are assigned to cache and execution control and the residual transistors to the 

arithmetic logic units (ALUs). On the other hand, most of the GPU transistor 

is allocated to ALUs and there is very little to cache and control, as shown in 

Fig (2.10). 

 

 

 

 

 

 

Thus, GPUs are perfect for computation that requires launching a multitude 

of threads in parallel utilizing the same instruction set for multiple input data, 

known as (SIMD). NVIDIA and AMD are the leading GPU industrialists that 

use a different expression for the GPU construction block, which in effect 

describes as SIMD processors: NVIDIA calls it a "streaming multiprocessor," 

whereas AMD entitles it a "compute unit." In this section, the NVIDIA device 

terminology will be used to characterize the GPU device. Accordingly, a GPU 

is mainly an array of streaming multiprocessors (SMs) encircled by several 

memory controllers. Each multiprocessor includes multiple scalar processor 

cores (SP) called CUDA cores. Also, GPU architecture contains other units 

Figure (2. 10) CPU and GPU architecture [105] 
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Figure (2. 11) An overview of an NVIDIA FERMI GPU architecture [106] 

such as a host interface, a gig thread engine, and read/write cache on chip 

shared level 2 (L), to name just a few [106], [107]. 

Fig (2.11) illustrates NVIDIA Fermi architecture as an example of NVIDIA 

GPGPU. In this Fig., each SM consists of scheduler and dispatch units, CUDA 

cores as implementation units, a reconfigurable memory that includes register 

file, shared memory, and a L1 cache. Additionally, it provides load/store 

(LD/ST) components and special function units (SFUs), which are utilized for 

transcendental and other operations, for instance, cosine function, sin function, 

rcp (reciprocal), and an exponential function. Furthermore, each CUDA core 

includes floating-point and integer logic and performs these in parallel utilizing 

thread instructions and operands from the register file and the shared instruction 

issue [108]. 

 

 

 

 

 
 

 

 

 

 

Generally, GPUs enable software programmers to concentrate on designing 

an algorithm instead of how to represent the algorithm in hardware. The design 

of GPU memory contains a hierarchy of manually administrated memories 

together with relaxed coherence semantics.  The most considerable type of 

memory is the global memory that features high latency and bandwidth. 

Furthermore, GPUs have a cache hierarchy where the low-level cache works 

as a software managed scratch space [109]. Correspondingly, based on the GPU 

architecture family, the caches are split among streaming processors/compute 
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units. There are two types of GPUs, either discrete or integrated, which are 

manufactured by the major vendors (NVIDIA, AMD, and Intel). The former is 

employed for any superior application such as video games, 3D displaying, and 

so on. The latter is utilized for everyday tasks such as creating documents or 

browsing the Internet. NVIDIA and AMD supply the two types of GPU while 

Intel mostly provides integrated GPU, especially for laptops. Discrete GPUs 

have their memory and require PCIe bus to connect to the system to convey the 

data between the host CPU and the GPU, while integrated GPUs exist in the 

chipset on the motherboard or the same chip of the CPU, and share a memory 

with CPU. Integrated GPUs are therefore more cost-effective than the other 

type. 

There are two major computing platforms to program and maximize 

parallelism in GPUs without the need to depict them in a graphics API: Open 

CL and CUDA. Although the three leading suppliers support the Open CL 

platform for programming GPUs, NVIDIA GPUs are also able to be 

programmed using CUDA, which is both a programming model and a general-

purpose computing platform, as well as an open-source and expansion of the C 

programming language [110], [111]. The CUDA program contains two parts 

that are fulfilled on the host (CPU) and a device (GPU). The part does not offer 

data parallelism implemented in host code, while the part that shows a 

significant amount of data parallelism is executed in the device code. CUDA 

program utilizes the NVIDIA C compiler (nvcc) that splits the two pieces 

through the compilation process. The host code is ANSI C code, which is 

additionally compiled with the host’s standard C compilers, whereas the device 

code is ANSI C code with expanded keywords called “kernels” [105]. 

Microsoft visual studio uses NVIDIA Nsight to compile the CUDA program 

for windows users, whereas Eclipse integrated development environment (IDE) 

is used for Linux and Mac users. 

The programmer divides computation into grids or thread blocks, which 

represent hardware SMs and threads, which represent hardware SPs based on 

the parallelization level [112]. Threads of a block are associated together in a 

group of 32, acknowledged as a warp. All the threads in a warp implement the 

same instruction at a time in an operation known as single instruction multi 

thread (SIMT) operation. Thus, the GPU resources are correctly used. 

However, performance is adversely affected when the threads of a warp do not 

execute the same instruction when due to data-dependent loops and branching 
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statements, a warp divergence problem appears [113]. Table (2.1) demonstrates 

the mapping between CUDA and Open CL in execution and memory terms 

[114]. 

Table 2. 1 A comparison of general terms for CUDA and OpenCL 

CUDA terminology Open CL terminology 

Thread Work-item 

Thread-block Work-group 

Global memory Global memory 

Constant memory Constant memory 

Shared memory Local memory 

Local memory Private memory 

 

Nowadays, GPUs play a significant role in diverse scientific fields (such as 

signal processing, quantum chemistry, oil and gas exploration, computational 

physics, finances, life sciences, etc.) due to their massive parallel computing 

capability, low cost, and high bandwidth. Thus, GPGPUs have been verified to 

be active in quickening scientific applications [115].  

2.8 Programming Languages for Heterogeneous 

Computing Architectures 
 

In this section, two primary means of parallel programming of heterogeneous 

systems that will be used in this dissertation are introduced. Mainly, Vivado 

HLS is used to program FPGA, and OpenCL is used to program GPU.  

2.8.1 Vivado HLS 

Vivado HLS is a high-level synthesis design tool developed by Xilinx that 

can transform a C-based design (C, C++, or SystemC) into RTL design files, 

which can synthesize into Xilinx FPGA. It is a brand conversation and an 

enhanced model of AutoESL [116]. Additionally, the characteristic part of this 

tool is its designed functionality, and its hardware execution, which is 
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conserved independently. This is due to the fact that the C-based attributive 

does not absolutely set the hardware architecture as is naturally valid in RTL-

level design. Thus, this property gives vast flexibility to the designer to quickly 

generate different models of a specific design to explore the design space and 

choose the most appropriate model. Fig (2.12) presents the entire design flow 

of Vivado HLS. It performs the design analysis on two levels: 

 Interface level: treatment of top-level connection is achieved by 

converting the function arguments into RTL ports with specific time 

protocols, permitting the design to connect with others in the system. 

There are different kinds of synthesized interfaces, including wires, 

register, one-way, and two-way handshakes, memories, buses, and first 

in first out (FIFOs). Interfaces for the synthesized RTL designs are 

created from the top-level function argument. There is a directive known 

as interface detractive which performs a specific interface protocol 

based on the argument type of the targeted function. There are two 

varieties of interface for the targeted function: port level interface and 

block level interface. The former determines how data is sequenced into 

and out of the generated IP core and exerted to a single function 

argument. In contrast, the latter defines how to control the IP core, for 

instance, when to launch the implementation, when it is prepared to 

consent new inputs, and specifies if it has finished the operation or it is 

idle. The block level interfaces are exerted to the top-level function, and 

its protocol works separately from any port level protocols. However, in 

several situations, a merged AXI4-Lite interface can be applied by 

packaging the block level control ports with port level port interfaces, 

as in our work.         

 

 Functionality level: treatment of the implemented algorithm. This 

encompasses three main stages, which happen in the following 

sequence: 

1. Extracting of data path and control; 

2. Scheduling and binding;  

3. Optimizations 

In the first stage, analyzing and interpreting is established to the function 

written in a selected language, including arithmetic and logical operations, 

array operations, loops, conditional statements, and branching. For an 

explanation, “data path” processing deals with operations implemented on the 



2 Background 

34 
 

data samples, while “control” is the interconnection required to organize 

dataflow processing. Correspondingly, a finite state machine (FSM) is achieved 

to sequence the processes in the RTL design [117].  

The second stage contains two methods: scheduling and binding. In the 

former, identifying which operations happen through each clock cycle. The 

decisions are impacted by the target device technology, clock frequency, and 

any directives assigned by the user, whereas binding is the operation of 

connecting the scheduled operations with the hardware resources. 

The final stage in the algorithm synthesis is the applied designer techniques 

to lead the HLS process towards the desired execution goals by utilizing two 

methods: constraints and directives. Each affects the optimization stage. During 

the first method, a restriction on some part of the design is applied by the 

designer. For example, the minimum clock period may be identified, or the use 

of resources restricted, or another criterion applied. In directives, a particular 

effect on parts of RTL implementation can be applied by utilizing diverse types 

of the directive that depicts specific code properties. For instance, function 

pipelining, loop pipelining, loop unrolling, memory optimization, latency, 

resource limitation or sharing, etc. Moreover, Vivado HLS offers several 

configuration settings that alter the default behavior of the synthesis, such as 

config bind, config compile, config RTL and so on [118], [119]. Finally, more 

details about Vivado HLS can be acquired from [119]. 

The fundamental steps required to obtain a hardware accelerator in Vivado 

hls as an IP as follows: 

 

1. Verifying the functionality of the C++ algorithm to guarantee the results 

anticipated after hardware acceleration. 

2. Synthesizing the C++ algorithm into the RTL source files and details of 

each synthesis process, which are provided in a report. The results of the 

synthesized operation rely entirely on the quality design of the C++ code 

and the efficacious utilization of the directives. 

3. Analyzing the design to determine issues including the immoderate loop 

latency, excessive use of resources, and memory bottlenecks to achieve 

the most appropriate solution to the demand. 

4. Performing a co-simulation operation to verify the generated RTL code 

by using the original check program to examine the functionality of the 
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C++ algorithm, so that the same anticipated results are retrieved by the 

generated RTL code. 

5. Packaging the generated RTL as IP and exporting it. 

  

 

 

 

 

 

 

 

 

 

2.8.2 Open computing Language (OpenCL) 

Open CL is a parallel computing framework.  It is designed as a standard to 

unify the software programming model for various devices ranging from 

traditional chip multiprocessors (such as CPU, GPU, FPGA) to the collection 

of heterogeneous cores (CPUs, GPUs, and FPGAs). Additionally, it is 

administered by a profitless technology union Khronos group. Moreover, it is 

developed by embedded vendors that include ARM and Imagination 

Technologies, and HPC vendors such as AMD, Intel, NVIDIA, Xilinx, and 

IBM. Accordingly, it has become an outstanding programming paradigm for 

developers to utilize and learn with the certainty that it will keep on being 

accessible for years [120]. OpenCL depends on a subsection of ISO C99 with 

suitable extensions to provide error management, data transfers between the 

host/device, expression of parallelism, etc. [121].  

Admittedly, fundamental hardware vendors of CPU, GPU, and FPGA offer 

a property in their OpenCL implementation that permits the code written for 

one platform to be (functionally not performance) portable to another. It is one 

of the main advantages of OpenCL, which is called portability [122]. In this 

Figure (2. 12) Vivado HLS design flow [119] 
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work, we will utilize the OpenCL standard version 1.2, the most common 

version of the standard. It needs some level of abstraction in terminology and 

execution. As a result, in a conceptual multilayer pattern, the specification is 

discussed and overviewed. These layers contain four models as follows: 

 Platform model 

 Execution model  

 Memory model 

 Programming model 

 

The OpenCL platform model includes a host processor and several 

computing devices. The computing device can be CPU, GPU, DSP, or any 

other accelerating hardware that supports OpenCL. Each device comprises one 

or more compute units, which are further divided into processing units, as 

shown in Fig (2.13). 

 

An OpenCL application is coordinated as a host code and several kernel 

functions. Such an application can be implemented with minimum data transfer 

between the host and the device (GPU) because the PCI transfer time is added 

to the original execution time. The host part administers the data that initializes 

the OpenCL devices usage, reads/writes data from/into the OpenCL device 

memory, and transmits the codes to the device. Kernel functions include the 

computing part of the application and are carried out on the computing device. 

The job that matches a single instance of an executing kernel on a specific set 

Figure (2. 13) OpenCL platform model [121] 
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of data is called a work-item. Some work-items are arranged into a work-group. 

Each work-group performs an individual compute unit on the device. 

In OpenCL, an instance of a kernel is depicted by an integer index space 

knowing as NDRange. The OpenCL runtime system defines it. NDRange can 

be one dimensional, two dimensional, or three dimensional. It is divided into 

multiple work-groups, and each group contains a number of work-items, as 

shown in Fig (2.14).  

OpenCL uses the SIMT execution model to manage the enormous threads 

number that is simultaneously executed on the device. Inside the work-group, 

the data can be split between the work-items using the local memory that is 

distinguished as fast on-chip memory. Synchronization is achieved between 

work-items utilizing “barriers”. In contrast, sharing the data between various 

work-groups is established by the usage of global memory that is characterized 

as slow off-chip memory. All work items within warp implement the same 

instruction, but work items from distinct warp can run different instructions. 

Usually, a work-item has three separate identifications. First, the identifier 

within the work-group is called the “local index,” and the other in the index 

space is called the “global index.” Finally, the identifier of the work-group of 

the work-item is known as the “workgroup index” [124]. Memory spaces in 

OpenCL have four different memories with various accessing attributes, as 

illustrated in Fig (2.15), and they are clarified as follows: 

Global: This memory space is usually the largest but slowest memory that can 

be obtained on an OpenCL accelerator and established on the device off-chip 

Figure (2. 14) OpenCL execution model [123] 
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(external) memory. All work-items of all work-groups can access it, and the 

host is able to read and write to this memory. 

Constant: It usually resides in a special region of the device’s external 

memory. It is a read-only memory for the work-items, and its allocation and 

initialization are fulfilled by the host part or a preceding execution of kernels. 

Generally, it is cached in on-chip memory to access it quickly.  

Local: It resides on the device on-chip memory and can be utilized to share 

data between the work-items of the same work-group. There is local memory 

space for each work-group, and this space is invisible to other work-groups. 

The host part can specify regions in the local memory but is unable to read or 

write. Work-items should initialize these regions. 

Private: This memory is unique to a singular work-item and resides in the 

device registers. It has a very reduced size (a few hundred Kilobytes/device). 

Accordingly, a significant performance penalty in the application is obtained 

when too many data are stored in this memory, since parts of global memory 

prolong the private memory size. 

The OpenCL programming model supports two programming approaches: 

data-parallel and task-parallel programming approaches. The former can be 

defined as a sequence of instructions issued concurrently to multiple data 

elements. It is a characteristic fit for the OpenCL execution model items. The 

Figure (2. 15) OpenCL memory model [125] 
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model is hierarchical since the work-items may additionally encompass vector 

instructions (SIMD) and be a piece of work-groups. Thus, the preferred device 

for this programming approach is the GPU. While the latter is the execution of 

a single kernel instance that is similar to an NDRange with only a single work-

item. Another version of this model occurs when multiple kernels are executed 

with an out-of-order queue. Therefore, the favored device for implementing a 

task-parallel model is multi-core CPUs or multi CPU systems [121]. 

2.9 Optimization Methods 
 

Any optimization problem can be mathematically depicted by variables, an 

objective function that can be minimized or maximized, as well as constraints 

that can be represented by equalities or inequalities. Different methods are 

employed to locate the superior solution for the optimization problem. 

According to the guarantee for finding the global optimum, there are two basic 

methods to solve the optimization problem: exact methods and approximate 

methods. The former assures the finding of the global optimum for a specific 

issue. In contrast, it is directly unsuitable for most real problems that are 

characterized by the need for the execution time to increase exponentially with 

the problem size. The latter provides high-quality solutions, even global 

optimum, in reasonable computation time [126].  Fig (2.16) illustrates the 

classification of optimization algorithms.  

Figure (2. 16) Optimization algorithm classification [127] 
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Deterministic methods pursue a rigorous procedure. They value and track 

both the function and design variables, which are iterative. Besides, when a 

similar initial point is used, they follow the same path any time that the program 

is executed. Moreover, deterministic methods typically depend on the 

derivatization of the objective function. Accordingly, they are considered exact 

optimization methods. The convex optimization method is an example of a 

deterministic optimization method. Stochastic optimization methods usually 

have some randomness; according to this property, they do not guarantee 

finding a global optimization solution, and they are considered approximate 

optimization methods. Stochastic optimization methods contain two kinds: 

“specific heuristic” and “metaheuristic.” Specific heuristics indicate finding out 

or learning by trial and error and therefore do not assure finding the optimal 

solution. They are customized and designed to resolve a determined instance 

and/or problem (problem-dependent) [127]. A metaheuristic is a general or 

higher level of heuristic. Its performance is better than that of a heuristic 

algorithm depending on its search operation, i.e., randomization instead of local 

search [128]. Randomization supplies an excellent path to move far from the 

local search to discover on a global scale. Thus, nearly all metaheuristic 

algorithms tend to be appropriate for global optimization. 

There are two essential classes of the problem according to the important 

feature of computational theory used to classify problems inside complexity 

classes: P (polynomial time) complexity class and NP (nondeterministic 

polynomial time) complexity class. In the former, all decision problems set 

whose solution can be found are performed by a deterministic algorithm in 

polynomial time. Problems associated with being a member of such class are 

tractable or easy problems. On the other hand, another class performs all 

decision problems set whose solution can be found by a nondeterministic 

algorithm in polynomial time. NP-hard problems entail exponential time to be 

resolved ideally. 

Additionally, NP-hard problems are optimization problems that have a 

relationship with NP-complete decision problems as well; there is a polynomial 

time reduction of all other NP decision problems with this. Any problem can 

be considered as NP-complete if it has a known nondeterministic algorithm 

solving it in polynomial time. Moreover, all other problems can be reduced to 
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it by particular reduction algorithms in polynomial time, e.g., satisfiability 

problem (SAT) [129]. 

Moreover, a metaheuristic is a good candidate for optimization problems 

described by multimodality, high dimensionality, non-differentiability, and 

NP-hard. Furthermore, metaheuristics are regarded as general-purpose 

algorithms that can mostly solve any optimization problems (problem 

independent) at an acceptable computational cost.      

2.9.1 Convex Optimization 

Convex optimization is a subfield of mathematical optimization that 

examines the problems of minimizing convex functions. Generally, the convex 

optimization problem can be described in minimizing form as follows [130]:   

                    minimize 𝑓(x)                                                             (2.21) 

                   subject to  𝑓𝑖(x) ≤  𝑏𝑖 ,    𝑖 = 1, . . . . , 𝑚.    

Where x= (x1, x2,….,xn) is a vector that represents the problem optimization 

variable, 𝑓:ℝ𝑛 → ℝ is the objective function, 𝑓𝑖: ℝ
𝑛 → ℝ ,   𝑖 = 1. . . . , 𝑚, are 

the (inequality) constraint functions, and 𝑏1, … . , bm ∈ ℝ are constants that 

represent the restrictions or bounds for the constraints. 

A function is named convex function if it fulfills the following inequality  

               𝑓(𝛼𝑥 + 𝛽𝑦) ≤ 𝛼𝑓(𝑥) + 𝛽𝑓(𝑦)                                        (2.22) 

for all 𝑥, 𝑦 ∈ ℝ𝑛 and all 𝛼, 𝛽 ∈ ℝ with 𝛼 + 𝛽 = 1, 𝛼 ≥ 0, 𝛽 ≥ 0 [130]. 

The optimization problem is named a convex optimization problem if the 

target function 𝑓 and all the constraint functions 𝑓𝑖  are convex functions, 

Convex optimization is a dominant method in engineering optimization. It is 

used in a vast domain of disciplines such as structural optimization, estimation 

and signal processing, electronic circuit design, control, finance, 

communication, machine learning, and others [131]. It has significant 

properties, including that any local optimal point is also global optimal, and the 

problem has mainly one optimal point if the objective function is strictly 

convex, and the optimal set is convex. Many optimization problems can also 

be converted to the convex optimization problem by changing variables and 

conversion of the objective and constraint functions. For example, maximizing 
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a concave function 𝑓 in real space is equivalent to minimizing the convex 

function −𝑓. 

Generally, Lagrange duality theory studies the optimal solutions of the 

convex optimization problem. Lagrangian duality is achieved by adding a 

nonnegative weighted sum to the constraint functions of the objective function 

and is defined below as follows: 

                     𝐿(𝑥, 𝜆, 𝑣) = 𝑓(𝑥) + ∑ 𝜆𝑖𝑓𝑖(𝑥) + ∑ 𝑣𝑖ℎ𝑖(𝑥),
𝑝
𝑖=1

𝑚
𝑖=1      (2.23)    

where 𝑥 ∈ 𝑅𝑛,  𝑓𝑖(𝑥) and  ℎ𝑖(𝑥) are constraint functions, 𝐿: 𝑅𝑛 × 𝑅𝑚 × 𝑅𝑝 →

𝑅 is the Lagrangian related to the convex optimization problem. The vectors 𝜆 

and 𝑣 are called “dual variables” or “Lagrange multiplier vectors”. To 

demonstrate the relationship between the original convex optimization problem 

and the Lagrangian, the concepts of the “primal” and “dual problems” are 

introduced: 

 Primal problem: the original optimization problem is named “primal 

problem,” and the best value of this problem indicated by p*. 

 Dual problem: firstly, the definition of Lagrange dual problem is as 

follows: 

                           𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑔(𝜆, 𝑣)                                             (2.24) 

                           𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝜆 ≥ 0    

where 𝑔(𝜆, 𝑣) is the Lagrange dual function [130], maximization of this 

function known as a dual problem, and the optimal value of this problem 

represents the best lower bound on p* that is referred to d*. 

Ordinarily, the optimal duality gap is the difference between the optimum 

value of the primal problem and the optimal value of the dual problem, and is 

continuously nonnegative. Consequently, there is a weak duality (d* ≤ p*) and 

a strong duality (d*= p*). Strong duality is obtained when the convex problem 

satisfies Slater’s condition that it can be depicted as a certain instance of a 

constrain qualification. Accordingly, the best value of the dual problem and the 

primal problem are identical [132].  

Karush-Kuhn-Tucker (KKT) conditions are the first derivative test that is 

essential and enough to assert the optimality in any convex optimization 

problem. In addition, these conditions are a counterpart to the Lagrange 
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multipliers, specifically used in nonlinear optimization to identify the local 

optima [133].  

Convex optimization is computationally expensive, so its usage is limited to 

applications where significant time is available. However, the development of 

algorithms for finding the solution to the convex optimization problem as well 

as the significant evolution made in hardware and software technologies have 

prompted to tremendous gains in speed increment to solve embedded convex 

methods according to the strict time deadlines of time scale in microseconds or 

milliseconds. For this reason, convex optimization is simply utilized in real 

time applications [134], [135].  

2.9.2 Metaheuristic 

Metaheuristics are a subclass of the approximate optimization method. They 

are stochastic algorithms that continuously depend on the set of random 

variables generated to find the solution. Over the last few decades, they have 

obtained more popularity over exact optimization methods for finding the 

solution, to optimization problems due to their ease and the robustness of 

outcomes generated. Metaheuristics solve the optimization problem through 

the process of finding optimal solutions to a specific problem. The search 

operation can be performed using several agents that fundamentally constitute 

a system of advanced solutions utilizing mathematical equations or a collection 

of rules through multiple iterations. Then, when the obtained solution meets a 

few predefined standards, these iterations halt, and the final solution is the 

optimal solution [129]. 

According to the number of solutions that are performed in search space, 

metaheuristic algorithms can be categorized as a single-solution based 

algorithm or population-based algorithms that are also known as agent-based 

algorithms. On the one hand, single-solution based algorithms are more 

exploitation oriented, meaning they have the capability to condense the search 

in local regions. On the other hand, population-based algorithms are more 

exploration oriented in nature, i.e., they permit a superior diversity in the entire 

search space. These can be characterized as global search methods such as 

genetic algorithm (GA), particle swarm optimization (PSO), and artificial bee 

colony (ABC) [136]. Indeed, exploration (diversification) indicates the ability 

to search many and various search space regions, and exploitation 

(intensification) suggests the ability to get high-quality solutions through those 
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regions. Hence, exploration and exploitation are essential processes in 

designing a metaheuristic algorithm [137]. Also, finding a convenient balance 

between them is the greatest challenge in the evolution of any metaheuristic 

algorithm [138].  

Metaheuristics can be split into two types, as follows [139]: 

 Evolutionary algorithms: These are inspired by natural evolution laws 

such as evolution strategy (ES) and GA. 

 Swarm intelligence (SI): This simulates the social behavior of swarms 

such as colonies of bees and ants, birds flocking and fish schooling, and 

other sets of insects/animals.  

Furthermore, metaheuristics are used in a multitude of domains, including 

system modeling; simulation; and identification in physics, chemistry, and 

biology; finance; machine learning, engineering design; structural design in 

electronics; transportation; telecommunications; scheduling; production 

problems; and social sciences. 

Nowadays, metaheuristics are among the most widely utilized algorithms to 

find the solution to complex problems, especially NP-hard problems in various 

fields of science and engineering. However, metaheuristic algorithms have the 

disadvantage of intensive computation caused by time-consuming fitness 

evolution function, and this limits their application significantly. For this 

reason, there is a need to accelerate these algorithms, whether for embedded or 

real time applications. Population-based metaheuristic algorithms are naturally 

amenable to be parallelized because many computations of these algorithms 

can be done in parallel. Such an essential property of metaheuristic algorithms 

makes them extremely suited to being utilized on hardware platforms that have 

parallel computing capability such as GPU and FPGA (which are the most 

typical examples) to consequently obtain outstanding speed.  

2.9.2.a Genetic Algorithm (GA) 

Genetic algorithms are nature-inspired metaheuristic algorithms that are 

dependent on evolutionary ideas of genetics and natural selection. John Holland 

introduced them in 1975, and they work on the principle of Darwin’s theory of 

evolution, imitating the concept of “survival of the fittest” [140]. It was exerted 

to optimization and machine learning in 1980. There are two kinds of standard 

GA models: the generational and the steady-state (also named incremental) 

[141]. The former generates new offsprings utilizing members of the old 



2 Background 

45 
 

population, and all new offsprings will be the new population, and the old 

population is neglected. The latter usually indicates that a unique offspring is 

created in each iteration entered into the existing population. During the process 

of keeping the population size constant, the replacement strategy is attained by 

removing the oldest individual or the worst individual from the population. 

[142] illustrated that steady-state GA algorithms perform better than 

generational GAs. 

GA algorithms are a population-based method. The population can be 

described as a group of candidate solutions to the given problem. Each 

individual in the population is defined by a set of parameters defined as “agent.” 

The individual that includes the set of all genes is known as “chromosome” 

[143]. The GA algorithm begins to search from a population of encoded 

solutions rather than a unique point in the search space. There is a different type 

of coding in the GA algorithm, but the simplest and most popular is binary 

encoding, which will be used in our work. The initial population of individuals 

is created at a random manner. The fitness function, i.e., the evaluation 

function, which is user-defined and problem-specific, is executed once for each 

individual to measure its fitness. The fitness value of the individual identifies 

its ability to produce offspring and endure. The lower fitness value is the better 

solution for minimization, while an upper fitness value is the superior result for 

maximization. GA algorithms apply genetic operators to establish global 

optimum solutions dependent on the solutions for the immediate population. 

They do not achieve just a random search, but instead utilize historical 

information to achieve better performance through the search space. The most 

popular operators that treat the initial population are [144], [145]: 

 Selection operator: this is defined as the process of selecting good 

individuals to form the immediate population to generate the next 

population under the specified fitness. Its procedure also executes the 

survival of the fittest concept of natural selection. In general, the most 

popular used selection operator is tournament selection, stochastic 

universal sampling, roulette wheel selection, random selection, and rank 

selection.   

 Crossover operator: This is also named recombination operator, in 

which parts of solutions from two or more individuals (parents) are 

swapped and merged to create new individuals (children) according to a 

crossover probability, which is usually used with high probability. The 
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most widely used crossover operators contain one point crossover, 

multipoint crossover, and uniform crossover.   

 Mutation operator: This is achieved by randomly flipping some pieces 

of individuals. This operator works on a single individual instead of two 

or more as in crossover. Additionally, it introduces and preserves genetic 

diversity, and it is usually achieved with low probability. Furthermore, it 

is related to the “exploration” of the search space. Therefore, it is 

fundamental to the convergence of GA, while the crossover is not. There 

are different types of operator, such as bit flip mutation, random 

resetting, swap mutation, and uniform.  

 

Generally, the whole genetic operators are repeated until specific termination 

conditions are obtained, for example, arriving at a pre-set maximal iteration or 

appearing accepted solutions. GA algorithms can also be parallelized as 

described in [146], which introduced three major kinds of parallel GAs, 

including global single-population master-slave, single-population fine-

grained, and multiple-population coarse-grained.    

2.9.2.b Swarm Intelligence (SI) 

Gerardo Beni and Jing Wang proposed SI in 1989, primarily inspired by 

biological examples such as bacterial growth, bird flocking, and ant colonies 

[147]. It can be released as a branch of artificial intelligence that arises from 

the intelligent collective behavior of decentralized and self-organized systems. 

SI typically contains a population of unsophisticated individuals who pursue 

straightforward rules and connect with others by acting on their local 

surroundings without centralized supervision. The interactions between such 

individuals can result in the advent of extremely complex global behavior, far 

beyond the single individual’s ability [148].  

Additionally, two essential approaches are vital attributes of SI, involving 

self-organization and division of labor. Self-organizing is the system capability 

to evolve its individuals or constituent into a convenient form without any 

external assistance. In [149], the authors state that self-organizing depends on 

four fundamental characteristics: positive feedback, negative feedback, 

fluctuations, and multiple interactions. Positive and negative feedback are 

beneficial for amplification and stabilization, respectively. Fluctuations are 

favorable for randomness. Multiple interactions happen when the individuals 

of the swarm distribute information among themselves within their searching 
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domain. The second attribute of SI is a division of labor, which is explained as 

the execution of different feasible and straightforward functions at the same 

time by individuals. This property permits the swarm to address complex 

problems that need individuals to work together. 

Inspiring by such swarm behavior, a class of algorithms known as SI 

algorithms has been suggested for treating optimization problems. In these 

algorithms, a swarm consists of several artificial individuals. These individuals 

can swap heuristic information in the form of local interaction. The modified 

search behavior is generated by local interaction besides specific stochastic 

elements and finally results in global optimization [150]. They have simplicity, 

autonomy, speed, adaptation, and a high degree of parallelism. Nowadays, SI 

algorithms apply in many domains, such as robotics, communication 

engineering, computational biology, aerospace, and data-intensive (IoT). The 

most dominant and vital SI algorithms are PSO, ant colony optimization 

(ACO), and ABC. Although they can be successful in finding the solution for 

many optimization problems where traditional numerical and arithmetic 

methods go wrong, they require intensive computation and function evaluation 

needs a long execution time, and this restricts their applications. Depending on 

the interactivities between creatures in a population, SI algorithms are naturally 

amenable to parallelism; this inherent attribute makes them very suitable to 

implement on a hardware platform that has the ability for parallel computing 

like FPGA and GPU. This has the result of mitigating the drawbacks of SI 

algorithms and enhances their performance [151]. 

2.9.2.b.1 Particle Swarm Optimization (PSO) 
 

PSO algorithm is one of the most prevalent SI optimization algorithms 

because it has strong abilities in convergence and global search as well as being 

simple to implement. It is inspired by the social behavior of organisms, such as 

bird flocking and fish schooling. Eberhart and Kennedy developed it in 1995 

[152]. In PSO, the population is known as the “swarm,” and each individual in 

the swarm is known as a “particle.” Each particle denotes an applicant solution 

to the particular problem. Particles fly in a multi-dimensional search space to 

get a sub-optimal or optimal solution by competing, in addition to cooperating 

among themselves. In the search space, each particle is dynamically modified 

based on its personal moving experience and the other particles’ moving 

experience. The particle in the swarm can be described by two vectors, position 
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vector (𝑋) and velocity vector(𝑉). These vectors identify the trajectory of the 

particle, which moves along a specified path. 

PSO has two important equations to renew the velocity and the location of 

particles in the search space. These can be computed using the following [153]: 

𝑣𝑖
𝑡+1 = 𝑤𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑙𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑖
𝑡) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖

𝑡)                   (2.25) 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1                                                                             (2.26) 

where 𝑥𝑖
𝑡 is the position of a particle 𝑖 at time t and 𝑣𝑖

𝑡 is the velocity of a particle 

𝑖 at time t. A 𝑤 is the inertia weight parameter, which controls the exploration 

of the particles. Generally, it is defined by the following equation [154]:  

   𝑤 = 𝑤𝑚𝑎𝑥 −
(𝑤𝑚𝑎𝑥−𝑤𝑚𝑖𝑛)

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
∗ 𝑖𝑡𝑒𝑟                                                   (2.27) 

𝑐1 is the self-confidence factor, and 𝑐2 is the swarm confidence factor. 𝑟1and 𝑟2 

are uniformly random numbers in the range [0,1]. 𝑙𝑏𝑒𝑠𝑡𝑖is the best solution 

found by particle 𝑖 and 𝑔𝑏𝑒𝑠𝑡 is the best position in the entire swarm. Also,  

𝑤𝑚𝑎𝑥 is the highest inertia weight, 𝑤𝑚𝑖𝑛 is the lowest inertia weight,𝑖𝑡𝑒𝑟𝑚𝑎𝑥 is 

the maximum iterations number, and 𝑖𝑡𝑒𝑟 is the present iteration number. 

In discrete PSO (DPSO), updating the position of particles in discrete binary 

space cannot be performed using eq. (2.22) because the binary space has only 

two numbers, “0” and “1”. Accordingly, a method should be considered to 

utilize the velocities to change the positions of particles from “1” to “0” or vice 

versa.  This is achieved by transferring all real velocity values to probability 

values in the interval [0,1] based on a transfer function. Different transfer 

functions are available; one that can be utilized to compel the particles moving 

in a binary space is a V-shaped family transfer function that is given by [155]: 

          𝑇(𝑥) = |tanh (𝑥)|                                                              (2.28)                                                

 

2.9.2.b.2 Artificial Bee Colony (ABC) 

ABC algorithm is an SI optimization algorithm based on the intelligent 

foraging behavior of honeybees. It was proposed by Karaboga in 2005 [156]. 

ABC algorithm applies to a wide range of disciplines. Significant research 

shows that the ABC algorithm demonstrates higher performance than GA and 
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PSO algorithms or fulfills comparable results due to its useful convergence 

feature, robustness, and simplicity [157].  

In the ABC algorithm, the colony comprises three groups: employed bees, 

onlooker bees, and scout bees. Fifty percent of the colony comprises employed 

bees, and the other fifty percent consists of onlooker bees. The quantity of 

employed or onlooker bees is equivalent to the food source numbers. Each food 

source denotes one possible solution to the problem, and the nectar amount of 

a food source matches the quality (fitness) of the related solution. 

Unquestionably, bees are preserved to search for an optimal, where each bee 

can achieve its function, which can be described as follows:  

 The employed bee generates an amendment to the source position in its 

memory and explores new food around the food source. If amount of 

nectar in the new one is better than that of the preceding one, the bee 

memorizes the new source position and forgets the old one. Then the 

employed bees participate data regarding food sources with the onlooker 

bees after all the bees employed finish the search process.  

 

 The onlooker bee assesses the information provided and decides to select 

a food source according to probability value (𝑃𝑠), relying on the qualities 

of food sources obtained from the information. 𝑃𝑠 can be calculated as 

follows [158]:  

            𝑃𝑠 =
𝑓𝑖𝑡𝑛𝑒𝑠𝑠𝑠

∑ 𝑓𝑖𝑡𝑛𝑒𝑠𝑠𝑛
𝑁
𝑛=1

                                                    (2.29)                           

 Each onlooker has the same behavior as the employed bee in modifying the 

source position in its memory and examining the quality of the candidate 

source.  An employed bee abandons one specific food source and becomes a 

scout bee if this food source cannot be enhanced after a specified number of 

cycles. The value of the specified number of cycle is called (limit), which is 

considered an important control parameter in the algorithm. For this reason, a 

new food source is randomly generated to substitute the abandoned food 

source, and its status is converted from scout bee to employed bee [159]. The 

search process is iteratively repeated until the termination condition is met.  

Generally, modifications to the current food source position of an employed 

or onlooker bee can be achieved using the following [160]:  

           𝑣𝑖𝑗(𝑡) = 𝑥𝑖𝑗(𝑡) + 𝜙𝑖𝑗(𝑥𝑖𝑗(𝑡) − 𝑥𝑘𝑗(𝑡))                     (2.30) 
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where 𝑣𝑖𝑗 is the new food source position, and  𝜙𝑖𝑗 is a random number in the 

range [-1, 1] obtained from the uniform distribution random. The new location 

attains by adjusting the current food source position with a stochastic difference 

vector, which is derived from the current solution and another randomly 

selected candidate solution.   
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Chapter 3  

Related Work 
 
 

3.1 Introduction 

This chapter discusses previous research activities in order to put our work in 

context. It also shows the available architectures to sense the spectrum for a node-

based on the energy detector in CRN and CRSN. Additionally, it focuses on 

designing energy-efficient CSS for the local sensing stage by reducing the total 

energy consumption in CRSN. Later sections contain a review of related work on 

accelerating convex and some metaheuristic algorithms using common hardware 

accelerators. 

3.2 Hardware Implementation of the Spectrum Sensing in 

CRN and CRSN 

Recently, the CR technique has become one of the most exciting topics in the 

wireless communication system community and research community due to its 

capability to dynamically access spectrum holes via the SU without interfering 

with the PU. This results in efficient utilization of the spectrum in a spectrum 

sensing process, which is the key concept of CR technology. Different techniques 

were utilized to attain this concept cooperatively in a network or non-

cooperatively in a single node. An ED technique is the most popular method 

compared with other methods, since it is possible and straightforward to 

implement in hardware. Many studies in the CR domain have mainly focused on 

simulation studies, with little research performed on practical implementation. 

Accordingly, there is demand for in-depth exploration of this technique and 

increasing hardware evidence for verification and realization to achieve the real-

life prevalence of this technique and promote it. FPGA is commonly a suitable 

platform for CR technique due to its reconfigurability feature, parallelism, and 

low power consumption. Several works have focused on hardware 

implementation and the evaluation of system performance for sensing node based 

on an ED method, whether in CRN or CRSN, as a remarkable type of CRN, as 

follows:  

In [161], there is a short overview and evaluation of selected software radio 

frameworks that have been introduced such as GNU Radio, open-source SCA 
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implementation embedded (OSSIE), IRIS, wireless open-source research 

platform (WARP), and Kansas university agile radio (KUAR) to name a few. A 

suggested FPGA-based framework is also presented to determine the significant 

features a cognitive radio must supply, specifically a virtual architecture for 

hardware abstraction, high-level tools for CR evolution, and a modified run-time 

to administer cognition. This proposed framework enables radio designers to 

perform FPGA-based cognitive nodes much as they would do for software 

execution. Additionally, the suggested framework was applied in a real 

application for a live video stream, performing spectrum sensing using an energy 

detection technique in a cognitive sensor node to detect a transmitter through the 

frequency band (in the absence of prior knowledge about the PU signal). VHDL 

and a system generator are used on the Xilinx XUP board with Virtex II-pro and 

universal software radio peripheral (USRP) used as a radio frontend. The authors 

ignore the assessment of the suggested structure in terms of latency, the utilized 

resources, and power dissipation. 

Simulation and implementation of a non-cooperative spectrum sensing 

technique by ED in the frequency domain with a high-speed wireless local area 

network (WLAN) are presented. A new adaptive threshold generation method is 

also proposed and achieved in [162]. Moreover, the features of potential 

approaches were produced to enhance the module performance for further 

research. Then, a comparison between different data types was achieved, in 

Matlab simulation for the fast Fourier transform (FFT); the double data type was 

used. While on-board testing of FFT IP core from Xilinx, the fixed-point data type 

is used. According to this comparison, the Matlab results have higher precision 

than that of FFT IP core. The authors focus only on the precision result without 

considering the assessment of the implementation.  

The authors in [11] have designed and implemented the PU transmitter and SU 

receiver architectures using USRP2 as a SDR platform that is combined with 

Matlab/Simulink in two styles. These are in software utilizing Simulink block and 

in Hardware co-simulation using design tools, for instance, Xilinx System 

Generator tool for Simulink interface, as illustrated in Fig. (3.1). In the PU 

transmitter, a column vector of orthogonal frequency multiplexing (OFDM) 

samples called from Matlab workspace to Simulink, and then it sent using user 

datagram protocol to a USRP2 RF front end. On the other hand, in the SU 

receiver, the received complex baseband PU samples obtained from USRP2 RF 

front end are unbuffered, and by using Simulink blocks, the signal samples are 

divided into real and imaginary. Then, they transmitted to the energy detector, 
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which was entirely executed utilizing Xilinx System Generator blocks in a 

frequency or time domain, as illustrated. The comparability yielded between the 

SNRs was provided by the analysis of frequency and time domain. Furthermore, 

the hardware resources needed to implement ED as a sensor node on FPGA were 

shown. The authors ignore the required time for performing the sensing process 

and power dissipation. 

 

 The implementation and validation of the energy detection technique in 

cognitive radio is presented in [12]. One WARP board was used to create a 

quadrature phase shift keying (QPSK) PU transmitter signal with three bursts. The 

other WARP board was used to receive a QPSK signal as a SU receiver. These 

are wirelessly linked. A host PC and the two boards communicated using a simple 

Ethernet switch, as depicted in Fig. (3.2). The Xilinx system generator tool was 

employed to generate a hardware IP of the sensing technique to integrate the 

design with the WARP board. The performance of a simulated energy detector in 

Matlab in terms of SNRs versus probability of detection at a specific false alarm 

probability value was compared with the real-time results.  

The comparison results state that the PU signal can be detected up to -7dB SNR 

level in the simulation, while it can detect up to -4dB SNR in real-time. The 

execution time of the sensing algorithm through the AWGN channel is 4.7 𝜇Sec 

for 256 samples. Although the authors give the time required to execute the energy 

detector approach, they do not pay attention to the power consumption and the 

hardware resources that are necessary to achieve this process. 

 

(a) (b) 

Figure (3. 1) System architecture for (a) PU transmitter (b)SU receiver [11] 
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A comparison between the simulation and implementation of a single sensing 

node based on an energy detector and cyclostationary feature detection, as well as 

the implementation of a cooperative spectrum sensing technique using hard 

decisions (AND, OR) and soft decisions (equal gain combining) in a fusion rule 

consisting of seven SUs, is presented in [8]. Xilinx Vertix-2pro XC2VP30 

(FFG896-7C) FPGA was used to implement this system with hardware in the loop 

(HIL) technique by using joint set action group (JTAG) co-simulation block in 

the Xilinx system generator tool. The implementation results show that the 

complication and the sensing time needed for the cyclostationary method are 

greater than that for the ED technique. Also, that increasing the number of SU 

nodes enhances the performance of cooperative sensing while the small change in 

operating frequency is neglected. The hardware resources utilized in FPGA for a 

single node-based cyclostationary approach and multiple nodes-based energy 

detector are shown without stating the latency or the power consumption for this 

research. 

In the cooperative spectrum sensing process, the sensing period and number of 

SU that are needed to collaborate in sensing operation are crucial parameters. In 

[9], based on the total error rate, the optimal number of nodes required for 

distributed sensing using the MOST/Voting rule was calculated. Additionally, the 

Figure (3. 2) Schematic diagram of the designed system [12] 
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optimum sensing period was calculated to maximize the realizable throughput for 

the network while fully protecting the PU. After that, the distributed/cooperative 

sensing technique based on the ED approach with optimal values in terms of nodes 

number (five) and sensing period (2.5 ms) was executed in Xilinx Virtex-4 

(XC4VSX35-FFG668-10) FPGA using the Xilinx system generator. The authors 

show that the results of hardware and Matlab simulation for various SNR 

corresponded. A hardware resources estimation was also presented, but without 

considering the power and the time required to perform this process. 

The reception diversity approach is used as in [163] to improve the performance 

of the ED approach over a Rayleigh fading channel. The PU transmitter, PU 

receiver, and a SU receiver with two antennas utilized a reception diversity 

approach. This approach is represented by selection combining and equal gain 

combining and proposed in real-time hardware implementation using the 

Synphony model compiler and Stratix II EP2S180 FPGA board, as shown in Fig. 

(3.3). A32-bit fixed point with a certain fraction was used for all mathematics 

operators. The results indicate that there is an improvement in probability 

detection by increasing the number of received antennas for SU and also when 

increasing the sensing time. Also, the performance of the selection combining 

technique is almost the same as with the equal gain combining technique. The 

authors indicate the total hardware resources that are required to achieve this 

system, however, they do not pay attention to energy consumption and the latency 

for such a system. 

 
Figure (3. 3) FPGA design of the ED method with diversity technique [163] 
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In [164], distributed cooperative spectrum sensing based on the ED approach 

is implemented in the WARP v2 kit. The experimental results show that SUs 

suffering from shadowing fading can correctly detect the PU activity by 

cooperating with other SUs, and the utilized detection time is 0.384 msec. The 

authors ignore the hardware resources, the time and energy consumption required 

to implement this system.      

Most available works are either implemented based on SDR [165], [166], [167] 

or based on WSN [168] such as (TelosB, WaspMote, Ant platform) which do not 

contain different radio interfaces, share the same features of traditional WSN, and 

whose radio reconfiguration ability is very restricted. These are not compatible 

with the needs of CRSNs. Thus, there is a need to provide a specific testbed to 

explore CRSN in depth in a real or simulated scenario and to promote it. In [169], 

a cognitive testbed for CRSN is proposed as a whole simulation and emulation 

framework. This testbed is represented by a new platform with three diverse 

interfaces in ISM bands and a cognitive simulator, which is a modified Castalia’s 

structure to enhance the entire testbed, since disseminating a high number of 

nodes as a real device to form a network is not simple, and expensive. The authors 

in [170] used this framework with three diverse scenarios, and the maximum 

number of nodes utilized in these scenarios is five. Moreover, in this work, real 

CRSN devices were used to calculate various power features that comprise the 

power model. The results show the advantages of this CRSN framework and how 

an uncomplicated cognitive radio design can be used to decrease a large amount 

of power, and this framework can be considered as an excellent option for 

evolving green wireless communication strategies for CRSN.    

Implementation of two cooperative spectrum medium access control (MAC) 

protocols - detection performance enhancement (DPE) and sensing frequency 

enhancement (SFE) in real sensor network-based testbed with IEEE 802.15.4 

standard for single-hop is proposed in [171]. Assessment is carried out of system 

performance in heterogeneous radio environments (Bluetooth, IEEE 802.11 and 

IEEE 802.15.4) both with and without cooperative spectrum sensing (2 SUs), in 

terms of the control channel, energy consumption and synchronization, as well as 

a comparison between these systems, achieved with an experiment duration of 

500 s for a single run. The authors also supplied a solution to the problem of 

enhancing system performance with cooperative sensing. 

In [10], CSS is modeled as a hedonic coalition formation game where SUs 

sense the same channel from coalitions. The coalitions are shaped on the base of 
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detection probability. For each PU, the SUs which have the maximum detection 

probability compose a coalition and together do the last sensing decision by 

making use of the OR rule. A CRN scenario of 5 PU and 20 SUs is considered. 

The WARP platform has two RF nodes and was extended by adding two more RF 

nodes via an FPGA mezzanine connector (FMC). One pair of nodes was used as 

PU and the other as the secondary transmitter to secondary receiver (ST-SR) link 

which was modeled using a free space model. To achieve 20 SUs, the nodes were 

located in random places and a channel estimation performed. 

In [172], two methods of detection, artificial neural networks and ED, are 

utilized to detect a signal coming from a FFT and then the output of each detector 

as sent to the fusion. These were implemented on GPU GTX690 to improve their 

performance by utilizing its massively parallel architecture.  The results show 

that, for an input vector size of 1024, 71x speed up as compared with CPU intel 

quad core clocked in at 2.6 GHz. 

In summary, most of the previous works utilize SDR and FPGA to implement 

the single node and multiple sensing nodes in CSS, based on an energy detector 

with MATLAB as a high-level language to generate RTL code for FPGA. Also, 

the number of cooperating SUs in CSS does not exceed twenty sensing nodes in 

previous studies. There is a limitation in analyzing the implemented CSS system 

in terms of the latency, the utilized resources, changing the operating frequency, 

and power consumption. Moreover, none of the above works apply optimization 

in the utilized tools which convert C++ code to RTL code for FPGA, like in 

Vivado HLS. The optimization in such tools is generally essential to improve 

hardware performance, simplifying the refinement and the replacement in the 

target device. It is one of the current trends in the research community. 

3.3 Energy Efficient CSS in CRSN 

CSS has been proposed to enhance the reliability of spectrum sensing where 

incorrect detection of the PU is achieved by an individual detector due to fading, 

shadowing, and other deterioration. However, whether in CRNs or CRSNs, CSS 

produces high energy consumption from the single sensing in each node and 

reporting the sensing results to the FC. Various research works were presented to 

reduce the energy dissipation for CSS as follows: In [173], partial CSS has 

suggested decreasing the energy dissipation by restricting the number of 

collaborating users in CSS. Ordinarily, each SU singly makes the collaboration 

decision. In detail, each SU evaluates the anticipated amount of energy that has 

dissipated if it collaborates and compares it with a predetermined threshold. 
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Correspondingly, the SU will collaborate if its anticipated energy dissipation is 

less than the collaboration threshold, which is optimized to minimize the energy 

dissipation via computer simulations.  

In [174], the authors suggested a clustering approach described as one of the 

EE approaches in the result reporting stage in CRSN to form all the subsets of 

sensors able to jointly produce the network, with required false alarm and 

detection probabilities. For each subset of sensors with a specific condition related 

to the energy threshold, the average energy dissipation per frame was computed. 

In this approach, participation in CSS did not depend on the high detection 

probability as a priority metric because the sensors with high detection 

probabilities were collected with the sensors that have lower detection 

probabilities. Thus, having participating sensors with lower detection 

probabilities is possible in CSS. Accordingly, the sensors with high detection 

probabilities did not face quick battery depletion. Then, a heuristic algorithm 

named minimum energy consumption with energy constraints (MECEC) was 

presented to minimize the average energy consumption by considering the energy 

constraints of the selected sensors for CSS. However, MECEC has computational 

difficulty. A sub-optimal algorithm known as a simplified MECEC (SMECEC) 

was suggested to reduce the difficulty of the MECEC algorithm and maintain the 

performance from an energy efficiency perspective. The results show that the total 

reporting energy is decreased by up to 67% as compared with existing methods. 

This reduction leads to a fall in the overall energy dissipation of the CSS. There 

is also an increase of up to 39% in the maximum network lifetime when using the 

proposed algorithm. 

Optimization of the energy dissipation in CRSN is proposed in [175], using a 

new game theory-based strategy. This strategy exploits a new opportunity that is 

provided by adding the cognitive capability to the WSN, and is described as the 

ability to vary the transmission and the receiving channel based on the sensing 

data. The author used a framework that consists of two essential elements: a 

CRSN simulator (based on Castalia) and low power cognitive radio real devices. 

The real nodes were utilized to prove the results for small scale networks, while 

all the displayed results in this paper were obtained from the simulator. A 

comparison in energy dissipation between three various CRSN optimization 

designs (WSN, CRSN with the ability to sense and vary the transmission 

parameters correspondingly, and the proposed design based on the game theory) 

was achieved during the selected sensing period of 2 s. The results show that the 

proposed design presents enhancement rates of 65% compared with only WSNs 
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and more than 30% compared to sensing approaches for altering channels, based 

on a decision threshold. 

In [176], an energy minimization method is proposed as an optimization 

problem subjected to sensing accuracy constraints to decrease the dissipated 

energy of the cooperative sensing nodes in CRSN by identifying the optimum 

number of collaboration sensing nodes using the PSO method, since the high 

number of nodes leads to a linear increase in energy consumption and reporting 

time. In CSS, the FC implements the PSO method without energy constraint to 

minimize the fitness function and identify the optimum number of collaborative 

nodes in this network. The fundamental goal of the fitness function is to 

concurrently optimize mathematical upper bound (maximum number of 

participated sensing nodes) and lower bound (minimum number of participated 

sensing nodes) to obtain the optimum number of sensing nodes, which would be 

between the maximum and minimum number of sensing nodes. The authors 

considered that the energy consumed in CSS includes the dissipated energy for 

spectrum sensing, reporting local results, and receiving a final decision. The 

results show that an energy saving of 48% can be established with the optimum 

number of collaborative sensing nodes for spectrum sensing, as compared with 

the dissipated energy when the maximum number of nodes are involved.   

In [177], energy efficiency for CSS in CRSN is formulated as a multi-objective 

joint optimization problem that is subjected to constraints to balance spectrum 

performance and energy dissipation by proposing a fast differential evolution 

algorithm. Also, a sleeping schedule (identifying whether the sensor node is 

awake or not) and censoring scheme (identifying whether the sensor node sends 

its local decision to the FC or not) are integrated into CSS in order to minimize 

the energy consumption. The proposed algorithm was presented to mitigate the 

limitations of the conventional differential evolution algorithm by using the 

benefits of opposite-based learning to generate the initial population, and a 

tournament strategy in the mutation step, as well a control parameters dynamic 

adjustment strategy in the crossover step to make a trade-off between exploitation 

and exploration. The outcomes demonstrate that the suggested algorithm supplies 

a reduction in the average node energy dissipation and an enhancement in the 

global probability of spectrum sensing as compared with the other implemented 

methods, including a nondominated sorting genetic algorithm, conventional 

differential evolution algorithm, and opposite-based differential evolution 

algorithm. 
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An energy-efficient strategy for CSS in a CRSN is introduced in [4]. In this 

paper, two optimization problems were solved in two scenarios based on SNR. In 

the first scenario, the instantaneous SNRs for sensor nodes are realized, while in 

the other, the average SNRs of sensor nodes for real situations are considered. 

The first optimization problem was introduced to minimize the total energy 

consumed by choosing the sensor nodes that collaborate in spectrum sensing and 

determining the threshold of the energy detector. The problem was subjected to 

constraints on the global probability of false alarm and detection. Also, this 

optimization problem has a specific discrete parameter making it an NP-complete 

problem that features exponential complexity. To make the problem more 

tractable and to leverage from the concept that any optimization problem can 

convert to a convex optimization by changing variables or converting into 

objective or constraint functions. For this purpose, the authors assumed that the 

discrete parameter, which was described as an assignment index to indicate 

whether the sensing node participated in sensing, can be converted to a continuous 

parameter to solve this problem with reasonable complexity. After finding the 

solution to this problem, this parameter was mapped to the discrete space again.  

The other optimization problem was a problem of joint sensing node selection 

with setting detection threshold and decision node selection to provide extra 

energy saving. The authors utilized the same procedure mentioned above for two 

parameters of this problem to simplify solving the problem with lower 

complexity. 

Although the optimization problem is not a standard convex optimization, the 

convex optimization framework was utilized with an iterative bisection algorithm 

to solve these optimization problems and find a local solution rather than a global 

one. The outcomes show that there is a significant decline in the consumed energy 

for the proposed algorithm, and the solution to the problem is independent from 

the distribution of the probability detection and the fusion rule type.  

In [178], the same authors of the previous reference used the same algorithm 

(EESS) with the same assumption, but without setting the detected threshold to 

an optimum value and without taking into account SNR.  

In [179], the authors propose an energy-efficient CSS in CRSN to extend the 

network life while the sensor nodes include multi-antenna. Combining the signals 

of antennas in each sensor was achieved by two decision-making methods: soft 

and hard decision making. EGC technique, selection combining technique, and 

MRC are utilized for the soft decision-making method while the OR rule is 
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utilized for the hard one. Sensor selection was utilized to reduce energy 

dissipation, whereas the global probability of false alarm and detection probability 

restriction were fulfilled. Convex optimization method and an iterative algorithm 

were utilized to solve the sensor selection problem in each combination scheme. 

This work also studied the effect of changing the threshold level, and evaluated 

it, as well as making a comparison between single antenna sensor nodes and multi-

antenna sensor nodes. The results show that the single antenna sensor nodes in a 

small environment have minimum energy dissipation and cost. Furthermore, the 

soft decision combing methods are better than hard decision methods in providing 

lower energy dissipation and a higher probability of detection, but they undergo 

extra complexity.  

Energy-efficient CSS based on sensing node selection in multi-antenna sensor 

networks with equal gain combining strategy is suggested in [180]. A convex 

optimization method and genetic algorithm method were used to find the optimum 

in the sensor node selections problem. The simulation results, that were computed 

in 500×500 square meter domain, show that the performance of the convex 

optimization method and genetic algorithm are approximately the same, while in 

terms of complexity, genetic algorithm is significantly lower than convex 

optimization method. The authors indicated that the implementation cost and 

complexity of a network about these two technique has been depended for making 

the decision about the simulation result. 

In [181], the sensing result transmission reliability from the sensor node to the 

FC is taken into account and the CSS is made more efficient by selecting 

appropriate nodes to collaborate in the spectrum sensing process while the other 

nodes continued to be inactive. Transmission power control for sensing nodes was 

also optimized to further reduce energy dissipation. Furthermore, all of the energy 

dissipation minimizations are described as a combined continuous and discrete 

variable optimization problem. The simulation results of the proposed algorithm, 

named particle swarm optimization with power control show that the energy 

dissipation has been significantly diminished in comparison with other existing 

sensing nodes selection methods.  

In conclusion, the previous works theoretically achieve energy-efficient 

methods for CSS in CRSN by selecting the active sensing node, finding the 

optimum number of sensing nodes to collaborate, and integrating the sleeping 

schedule and censoring scheme. These methods are formulated as optimization 

problems to reduce the total energy consumption in spectrum sensing subject to 

the constraint on the detection performance or a specific energy threshold, by 
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using the convex optimization method or SI methods. However, there is no 

practical work presented to implement and validate the outcomes of preceding 

works on the hardware. Table 3.1 shows the proposed energy efficiency 

approaches in CRSN. 

 

Table 3.  1 Energy Efficiency approaches in CRSN 

Ref. 

Number 
EE approach Constraints 

Optimization 

algorithm 

Sensing 

channel 

Reporting 

channel 

Utilized energy 

metric 

[173] 
Reducing SU 

numbers 
Energy 

threshold 
- 

Rayleigh 
fading 

AWGN with 

Rayleigh 
fading 

Energy 

consumed/successfully 
transmitted bit(J/bit) 

[174] 
Cluster and 

sensor selection 

Detection 
performance 

and energy 

threshold 

MECEC 
Algorithm and 

SMECEC 

Algorithm 

- - Energy consumption 

[176] 
The optimum 

number of SUs 

Detection 

performance 
PSO AWGN Noiseless Energy consumption 

[177] 

Sleeping 

schedule and 

censoring 

Sleeping rate 

and 

censoring 

rate 

Fast 

differential 

evolution 

algorithm 

AWGN - Energy consumption 

[4] 
Node selection 
and detection 

threshold setting 

Detection 

performance 

Convex + 
iterative 

method 

Rayleigh 

fading 
Noiseless Energy consumption 

[179] Sensor selection 
Detection 

performance 

Convex + 

iterative 

method  

Rayleigh 

fading and 

shadowing 

Rayleigh 

fading and 

shadowing 

Energy consumption 

[180] Sensor selection 
Detection 

performance 

Convex and 

GA 
AWGN - Energy consumption 

 

3.4 Hardware Acceleration for Convex Optimization 

Due to the robustness and generality of convex optimization, which enables it 

to efficiently and reliably solve problems in different fields, including control 

signal processing, circuit design and so on, the research community is interested 

not only in finding new algorithmic and numerical methods to accelerate it, but 

also in achieving high throughput computation by using parallel computing 

architecture, as in [182]. The authors evolved dense computational methods 

customized for recent GPU (NVIDIA Tesla K40) by concentrating on the sparse 

linear algebra that presents the most computationally dense tasks in interior points 

methods (IPMs) used to solve convex optimization. Also, they developed an 
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effective GPU-based implementation of specially designed sparse matrix-matrix 

multiplication, as required to build a new Newton equation system using CUDA 

at each iteration of the IPM algorithm. Moreover, they modeled an incremental 

matrix data structure, which yields the basis to run “branch-and-cut” integer linear 

programming solvers. Furthermore, some strategies have been introduced to 

prevent data moves in a matrix-free preconditioning case. The results illustrate 

that the suggested method provides significantly superior performance than the 

existing sparse formats and represents the basis for a new generation of GPU-

based optimization solvers.  

Two gradient-based methods to solve a convex quadratic programming (QP) 

problems are considered in [183] as a powerful method for finding the solution to 

such problems in model predictive control (MPC) applications where its 

successfulness describes MPC as a developed method in control technology, 

especially in high bandwidth applications such as robotics, power electronics and 

automotive. These methods are the alternating direction method of multipliers 

(ADMM), and parallel QP (PQP). This study has strategies to evaluate the 

performance of PQP and ADMM on the experimental platform. Firstly, single-

threaded versions of the two algorithms in the Terga X1 processor for ARM A57 

CPU were produced. Secondly, a collection of advanced CUDA programming 

methods were utilized to achieve CPU and GPU implementations for specific 

versions. Finally, the authors illustrated the performance of MPC on the Terga X1 

GPU using their optimized implementation of ADMM and PQP. The study results 

show that implementation of ADMM and PQP in GPU produces 41.2x-46.6x 

quacking as compared with single thread CPU and 2.7x-4.2x quacking as 

compared with the optimized CPU OpenBLAS execution. This work was 

achieved to demonstrate the benefit of utilizing GPU as an accelerator in 

computationally intensive applications. In contrast, the experimental platform is 

unable to achieve the required time to solve the QP problems in microseconds or 

milliseconds for advanced MPC applications. 

The authors in [184] introduced a new MPC algorithm based on multiplexed 

MPC that leads in a smaller QP at each sampling instant using Xilinx Virtex 

6VSX475T with Xilinx ISE 12. This algorithm can benefit from the entire 

potential of an existing FPGA model by using the supplied parallel computational 

channels emerging from specific pipelining. The empirical results of this work 

show that the FPGA implementation for large control problems is 200x more 

energy efficient as compared with Intel core2 Q8300 CPU and represents a 
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reduction in utilized resources with more significant acceleration compared with 

traditional MPC implementation.  

In [185], the authors proposed Nymble-RS a C to hardware compiler optimized 

to translate codes that have a different structure with large loop bodies running 

tens or thousands of individual processes. They also targeted the Xilinx ZC706 

board and used Xilinx Vivado for logic synthesis and place&route. To evaluate 

the proposed compiler, the author used CVXGEN solver as input for Nymble-RS 

to generate C implementation of problems that can be modeled as convex 

quadratic programs. The results show that the performance of the hardware-

accelerated solvers on the ZC706 platform is notably better than the pure software 

version working on the 800 MHZ ARM Cortex-A9 core. Besides, it provides 

speed up of 5x over software execution. 

In brief, the previous works focus on performing a convex solver in GPU or 

FPGA to achieve a certain speed with slightly considering the time and power 

consumption required to run such an accelerator. There is also no comparison in 

the evaluation of the universal accelerator (FPGA, GPU).    

3.5 Hardware Acceleration for Metaheuristic 

There are many studies on accelerating swarm intelligence and GA on FPGA 

and GPU as in this research, such as the execution of a parallel PSO algorithm 

with a floating-point on FPGA proposed in [186]. The architecture was achieved 

using VHDL and based on the IEEE-754 standard. It permits the designer to work 

with an appropriate format bit width according to the required precision of the 

optimization problem, whether in 32-bit or 64-bit. A description of PSO hardware 

architecture was also illustrated for five main components: swarm unit, evaluation 

unit, an individual best detection unit, a global best detection unit, and a finite 

state machine unit. A swarm of four particles optimizing two-dimensional 

benchmark functions with (32 and 64) bit-width was used to verify the suggested 

architecture on the Xilinx Virtex 5 FPGA (xc5vlx330) platform. Furthermore, a 

comparison of one PSO iteration elapsed time in a microsecond, and the required 

hardware resources to implement a swarm, as well as the frequency of the 

implemented cores was introduced. The results show that the needed iterations for 

hardware implementation are less than that for software in the case of multimodal 

Rosenbrock function and unimodal sphere function. Further, the hardware 

implementation, working at 50 MHZ, is 78x quicker than the Matlab 

implementation, working on Intel Core Duo at 1.6 GHz and 1 GB RAM. The 

authors ignore calculating power consumption in hardware implementation.  
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The authors in [187] proposed a HW/SW co-design approach for the PSO 

algorithm to achieve a balance between usage flexibility of PSO and 

computational efficiency for embedded applications. This method was performed 

by utilizing a pipelined design and system on a programmable chip developed by 

Altera (Cyclone II FPGA), with electronic design automation (EDA) tools that 

simplify the design by translating the hardware description language (Verilog 

language) to synthesize a digital circuit to download it to FPGA chip. The 

proposed architecture is presented in four units: evolution parameter file and 

fitness evaluation unit in software with 50 MHZ clock frequency, and an Avalon 

slave component unit, as well as a particle updating accelerator unit that consists 

of two hardware components: a fitness comparison component and PSO core unit 

in hardware, also with 50 MHZ clock frequency. To validate the proposed design, 

a swarm of different particle numbers (8, 16, 32); eight benchmark functions with 

2, 3, and 4 dimensions; and a termination error threshold that was specified 

according to the required performance to stop the evaluation program were used. 

In addition, the resource usage on FPGA and the required clock cycles in CPU 

and FPGA were introduced without considering energy dissipation. The 

experimental results demonstrate that the success rates in optimizing all the used 

benchmark functions reached 100% for all cases. However, the proposed 

architecture for accelerating the PSO algorithm has a bottleneck in calculating the 

fitness function.  

In [188], a standard PSO algorithm implemented on general-purpose GPU in 

parallel, using the CUDA platform from NVIDIA, is proposed. The proposed 

design was sequentially implemented on the CPU. The PSO algorithm requires 

many random numbers, especially to update the velocity of each particle. In this 

work, the required random numbers were generated in CPU, transferred to GPU, 

and stored in the global memory. Based on four benchmark functions, a 

performance comparison for the proposed approach between CPU and GPU in 

speedup and time consumption was conducted. The empirical results illustrate 

that the GPU implementation is 11x faster than that in CPU, and the time 

consumed to run the presented approach in GPU is significantly reduced as 

compared with that in CPU.  

Hardware architecture of the opposition-based ABC algorithm to simplify its 

implementation on Virtex5 FPGA with 83 MHZ operational frequency is 

proposed in [189]. The proposed architecture was designed by using VHDL 

language with the number of floating-point libraries utilized for arithmetic 

calculations. Also, to save hardware resources, similar architecture was shared for 



3 Related Work 

66 
 

both onlookers and employers because they update their positions at various 

times. Ten parallel food sources optimizing four well-known six-dimensional 

benchmark functions have been used to verify the proposed architecture. 

Furthermore, the utilized resources for each benchmark were introduced without 

considering the time and power consumption needed for this algorithm. The 

experimental results depict that the proposed architecture has coped the 

disadvantages of the Texture-PSO that used the textures on GPU for storing. 

Besides, the proposed architecture is 11 times quicker than the CPU 

implementation.  

An algorithm based on the ABC algorithm was proposed and implemented on 

NVIDIA GPGPU using CUDA to diminish the number of sensors in connected 

sensor cover in a network for the discrete target [190]. The proposed algorithm is 

described in steps. Most steps are serially performed while the others are 

performed in parallel. Constant memory is used to store data from sensors and 

targets, variables of the kernel are kept in a register, and global memory was used 

to store data on other steps and exchange the information. A comparison in 

execution time between GPU and CPU was displayed for specific parameters. The 

results show that the proposed algorithm in GPU is 5x faster than that in CPU in 

the case that the number of bees in both GPU and CPU exceeds 32768. Finally, 

the execution time is computed in hundreds of seconds. 

In [191], the design and implementation of parallel bees’ algorithms on GPU 

using the CUDA framework have proposed. The authors gathered threads of 

diverse colonies inside a block, and each thread was specified as a bee to figure 

out the solution for its colony. Each block was divided into several colonies and 

implemented the bees’ algorithm individually based on the utilized thread ID. To 

assist and compare the proposed algorithm in both GPU and CPU, several 

essential benchmark functions were used. The results show that the achieved 

results for the proposed algorithm are quicker than the standard bee algorithm. 

The results do not show a comparison with any CPU type to prove that the design 

and the implementation of such a bee algorithm is accelerated. 

A general-purpose automated framework to implement and establish a GA on 

FPGA is proposed in [192]. The proposed framework provides a custom GA 

system that can be implemented in hardware with various types of chromosomes 

while maintaining functional adaptability. Also, the proposed framework needs 

high-level inputs for application and GA that were written in python and then 

transferred to hardware functional units. This framework simplifies the design for 

an application on an FPGA-based GA system for users inexperienced in designing 
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hardware because it supports varying both GA and application parameters at run 

time without recompilation. To validate the proposed system functionality and 

behavior, the authors used five benchmark functions and several applications such 

as set covering problem, a traveling salesman, MAXSAT problem (classic NP-

hard problem), and locating the problem. The experimental results show that the 

proposed framework for the custom GA is 29x quicker than a multi-core CPU.  

Hence, some of the metaheuristic algorithms were accelerated either using 

FPGA or GPU platforms and evaluated using essential benchmark functions. 

Accordingly, Table 3.2 illustrates the results for each work in terms of the 

platform, the utilized tool, achieved speedup, utilized resources, the consumed 

power, and the maximum operating frequency used for each platform. 

Table 3.  2 Accelerated metaheuristic algorithms using one of the common hardware accelerators 

Ref 

No. 

Algorithm 

Type 
Platform Tool Speedup 

Utilized 

resources 

Power 

(W) 

Max. Freq. 

(MHZ) 

[186] PSO Xilinx Virtex 5 FPGA VHDL 78x completed ignored 50 

[187] PSO Cyclone II FPGA+Nios 

II CPU 

Verilog - completed ignored 50 

[188] PSO NVIDIA 

GeForce8600GT GPU 

CUDA 11x - ignored - 

[189] ABC Xilinx Virtex 5 FPGA VHDL - completed ignored 83 

[190] ABC NVIDIA GeForce GTX 

760 GPU 

CUDA 5x - ignored - 

[191] PBA NVIDIA GeForce GTX 

460 GPU 

CUDA 12.92x-

45.12x 

- ignored 675 

[192] GA Xilinx Virtex 6-SX475T 

FPGA 

Python 29x completed ignored 75 

 

Many studies focus on evaluating specific applications across various 

accelerators to address the problem of discovering an enormous design space that 

has been shown to have vastly changing energy and performance metrics for 

various accelerators, different application fields, and various use situations. A 

comprehensive evaluation of these applications was performed to identify the 
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most efficient devices for various usages by taking into account energy, 

performance, various input sizes, and various precisions. Sliding-window 

applications that are frequently used in digital signal processing were performed 

and evaluated on GPU, FPGA and multicore CPU [193]. The empirical results 

show that the used FPGA is mostly the quickest device, except the case of small 

input sizes. It provides speedups over 11x and 57x compared to GPU and CPU, 

respectively. The FPGA consumes less energy than others in many cases. 

Furthermore, in [194], this work was conducted on an extensive benchmark of 

energy efficiency and run time performance for a vast domain of vision 

applications to identify which embedded platform is most appropriate for them. 

Three frequently utilized hardware accelerators for embedded vision applications 

- ARM57 CPU, Jetson TX2 GPU, and ZCU102 - with vendor optimized vision 

libraries were utilized to achieve this work. The results show that, for the simple 

kernel, GPU attains an energy/frame decrease ratio of 1.1-3.2x compared with 

others. However, for more complex kernels and full vision pipelines, the FPGA 

achieves better results than the others with energy/frame decrease ratios of 1.2-

22.3x. Furthermore, FPGA increasingly performs better as a vision application’s 

pipeline complication increases. In [195], the three-point Viterbi decoding 

algorithm, which is used as an algorithm to decode the convolutional code, was 

performed on FPGA, GPU, and multicore CPU. Efficient comparison and 

performance evaluation of various devices were discussed in terms of 

programming costs, decoding throughput, power dissipation, price costs, and 

optimization scheme. 
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Chapter 4    

Methodology and Design on GPU 

 

4.1 Introduction 
 

In this chapter, GPU is utilized as a hardware platform for acceleration, since 

it is flexible and straightforward to program utilizing high-level languages 

(CUDA or OpenCL) and APIs which extract the hardware details of the GPU. 

It also has a large memory bandwidth and a significant number of 

programmable cores, as well as providing efficient performance when a 

coalesced memory access is met. However, the performance can decline when 

a divergence among work items within a warp appears because the executed 

instructions number in the warp increases, while a SIMD is the designed mode 

that relies on the GPU. In addition, this chapter shows how to accelerate the 

centralized CSS technique and the EESS algorithm using different optimization 

methods. 

It examines the design and parallel implementation of the NP-complete SS 

problem for a centralized CSS step by step on GPU using OpenCL. The design 

starts by generating the PU signal until obtaining the final decision at the FC, 

where an optimization method solves a SS problem to find the optimal sensing 

nodes that fulfill the detection performance and help minimize the total energy 

consumption. Thus, an EESS algorithm is achieved. Convex optimization, 

AGA, PSO, and ABC are the optimization methods that will be utilized at the 

FC to solve the SS problem. Next, details of how to parallelize these 

optimization methods after applying them to the SS problem are presented 

separately. Then, a discussion of how to utilize the memory hierarchy of an 

OpenCL framework is shown, focusing on reducing the communication 

between the host and the GPU, minimizing the global memory access, and 

increasing the access to the local and private memory to obtain high 

performance and reduce the execution time of the entire program. Specific 

attention is also paid to obviating the divergence problem. Furthermore, the 
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design of each kernel on the GPU device is studied, along with how it is 

initialized and its output is obtained. 

4.2 GPU-based Centralized CSS in CRSN 

Centralized CSS technique in CRSN is fundamental to alleviate the impacts 

of shadowing and fading and to boost the detection performance. It presents 

parallelism in its structure, as illustrated in Fig (4.1), and this makes it suitable 

to be implemented on hardware accelerators that utilize parallelism as a way to 

speed up computations and obtain reasonable performance. A detailed parallel 

examination of a centralized CSS structure is necessary before designing a 

high-performance parallel implementation of centralized CSS. It consists of 

three stages: local sensing stage, a reporting stage, and a decision stage. The 

first two stages are performed by SUs and the other by the FC. In the local 

sensing stage, an energy detector with a specific sensing channel (described in 

chapter 2) is introduced. In the reporting stage, the reporting channel is 

supposed as a FPL model since the distance between the sensing nodes and the 

FC is assumed to be short. In such a model, the signal power attenuation is 

inversely proportional to the square of the distance between each sensor node 

and the FC. The final stage is the decision stage, which is achieved by the FC. 

The local sensing stage and the reporting stage are only considered in designing 

the centralized CSS on GPU. 

 
 

Thus, the computational tasks of CSS are achieved in this work in three 

phases. A parallel study for each phase is required to design and implement it 

on GPU using OpenCL.  

Figure (4. 1) Centralized CSS block diagram 
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The first phase: starts by generating the PU signal, which is assumed as a 

Gaussian random process that is received by all the sensor nodes in CSS during 

the sensing time. Since the PU signal is a Gaussian random (GR) process, it is 

generated using two independent uniform distributed random variables as 

pseudorandom numbers in the range (0,1). These numbers are converted to the 

GR process by achieving a series of specific operations that are described by a 

method called the Box-Muller method [196]. Generally, there are different 

methods for generating uniform random numbers, and one of the most common 

and suitable approaches to be utilized in parallel is a multiplicative congruential 

generator (MCG) [197]. This generator mainly depends on a constant value 

known as "seed" to create pseudorandom numbers. The following equation 

describes it: 

 

                         𝒙𝒏+𝟏 = a𝑥𝑛 𝑚𝑜𝑑 𝑚                        (4.1) 

 

where a and 𝑚 are nonzero integers, and the mod is the modulus operator that 

can be defined as the remainder after dividing a𝑥𝑛 by 𝑚. This generator creates 

a uniform random number because OpenCL does not contain any library to 

generate rand () function like CUDA. So, MCG is utilized instead of rand () 

function to create two independent uniform random numbers to obtain a GR 

process. Therefore, generating the PU signal is performed by an individual 

kernel to utilize it in the next phase in CSS. This is more effective in parallel 

design than generating the PU signal in the host. 

The second phase: known as a local sensing stage in CSS, it is achieved by 

using a floating-point energy detector at each sensor node. The sensor nodes 

individually receive the PU signal. Generally, any bandpass signal can be 

denoted as a complex baseband signal to simplify the analysis of the 

communication system [198]. Accordingly, all the signals on the SU side 

(sensor node) are considered as complex baseband signals. The sensor nodes 

are also assumed to have different distances from a PU to present a realistic 

condition. This leads to a different PU 's SNR at each sensor node. Additionally, 

the received PU signal (RPUS) represents the input signal to the energy 

detector, which is assumed as a complex baseband zero-mean GR process with 

a variance of 𝜎𝑝
2. The sensing channel is also modeled as a Rayleigh fading 

with a lognormal shadowing channel. Thus, each sensor node can separately 

detect the availability of PU in the spectrum band over its sensing channel. It 
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is supposed that there is no communication between them, and for this reason, 

this phase can be performed in parallel. 

The third phase: can be described by sending the local decisions from sensor 

nodes to the FC through a reporting channel, which is assumed to be a FPL 

model. Then, the final decision regarding the availability of the PU is obtained. 

Since each sensor node usually has a reporting channel, this results in 

performing this phase in parallel as well. The pseudo-code of the parallel CSS 

is described by algorithm 1. Fig. (4.2) shows the initialization, configuration of 

the kernel, and the final output on the host, as well the kernels that performed 

the centralized CSS on GPU. 

 
Algorithm 1 CSS in CRSN 

01: Initialization Nodes_No, rand_seed, N, 𝑑𝑝𝑖 

02: Generating GR process PU signal  

03: Local sensing stage  

04: Reporting results stage 

 

Generating the PU signal  

Generating the complex GR process PU signal for all sensor nodes on one 

of the HCA using OpenCL requires efficiently utilizing the parallelization 

property of GPU with efficient memory usage. The parallel design of 

generating PU signal is classified into three parts as follows: The initialization 

and final outputs, where the first and last parts are performed in a host while 

the intermediate part (kernel) is depicted on a GPU. By setting the local size of 

a kernel in NDRange function to null, OpenCL will determine how to 

efficiently distribute the work items in a workgroup to obviate the divergence 

problem. This kernel creates the PU signal for a certain number of observations, 

including random number generation and the Box-Muller method to diminish 

data transfers between host and device and speed up the design implementation. 

Firstly, the MCG generator described in eq. (4.1) is designed and 

implemented as a header file included in the kernel. It creates a 32-bit unsigned 

integer arithmetic operation without division. This kernel accesses two 

arguments as follows. The first argument is rand_seed as a seed value stored in 

the private memory of each work item to initialize the MCG generator. This 

value is updated for each work item based on the local index and workgroup 

index to ensure diverse seeds for different work items. The generated random 
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number in each work item is also utilized as a random seed for the next 

generation. The second argument is a pointer to an array in global memory 

where the generated GR process will be kept to be utilized by the next kernel. 

The Box-Muller method starts by taking the two independent Rand1 and Rand2 

that are generated using the MCG generator. Then, y1 is obtained by taking the 

logarithm function to Rand1, and the result is multiplied by -2 and then squared. 

After that, the result of y2 is achieved by taking the cosine function to the 

Rand2. Finally, y1 and y2 are multiplied in each work item to obtain one GR 

number. Finally, the generated GR numbers for all sensor nodes are stored in 

global memory to be utilized by the next kernel.  

  

 

 

Local sensing stage  

The following kernel describes the parallel implementation of a baseband 

energy detector on GPU for each node in the local sensing stage of CSS. The 

number of workgroups for this kernel is equal to the sensor nodes in the CRSN, 

so that each workgroup is assigned as a sensor node, and each work item 

contains a complex baseband energy detector to obtain one decision. In order 

to compute the detection probability (Ρ𝑑𝑖) statistically during a certain sensing 

time, a specific number of observations (runs) is assumed. So, this kernel 

requires initializing the following parameters from the host: N, threshold 𝜆, and 

Host 

Initialize and package data 

  

Kernel configuration 

Send data and compiled 

kernel  

Access the  
received data 

GPU 

Generating the GRNs to construct the 

received PU signal 

Local sensing stage 

Reporting results stage 

To the next kernel 

Figure (4.2) Overview of the Centralized CSS 
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the distance from each node to the PU (𝑑𝑝𝑖), and storing them in the private 

memory of each work item. Furthermore, the kernel accesses four global 

arguments as follows: The first is represented by a pointer to an array in the 

global memory that contained the GR numbers from the previous kernel. The 

second argument is a pointer to an array in global memory that was transferred 

from the host and includes a Gaussian random process with zero mean and unit 

variance to model complex Rayleigh fading as floating-point values. The third 

is also a pointer to an array in global memory transferred from the host to 

include a GR variable with zero mean, but by a standard deviation of 3 to model 

the shadowing of the sensing channel as floating-point values. The last one is a 

pointer to an array in global memory initialized by zero from the host to store 

the local decisions of all sensor nodes. 

The implementation of this kernel is as follows: firstly, mapping the GR 

values from a coalesced global memory to the private memory of each work 

item to construct the complex PU signal, complex AWGN, and the complex 

channel gain, which contains Rayleigh coefficients and path loss to get the 

RPUS for a certain number of observation samples. Secondly, each work item 

performs the complex baseband energy detector by serially summing the 

squared values of the acquired complex samples of the RPUS to obtain the 

energy, keeping it in private memory. Finally, the calculated energy is 

compared with 𝜆. Thus, if it is more than the 𝜆 (decision =1), the spectrum is 

occupied; otherwise, the spectrum is empty (decision = 0). The obtained 

decision from each work item, which represents the local decision, is saved in 

the local memory as an unsigned integer number. After that, the decisions of 

all the work items are transferred from local memory to global memory and 

stored in an array to simply be used by the next kernel. 

Reporting Results stage 

In this stage, the local decisions of sensor nodes are collected and divided by 

the total number of observations to obtain the final decision and report it to the 

FC. This stage in CSS is characterized by the following kernel to send the 

averaged final local decision of each sensor node (workgroup) to the FC. The 

averaged final local decision of each sensor indicates Ρ𝑑𝑖 as a floating-point 

value. To obtain this value for each sensor node, a local parallel sum reduction 

method is performed in each workgroup of 2j work items, then the final sum is 

averaged by the total run. This method mitigates warp divergence. Also, the 
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bank conflict is avoided since the successive work items do the same operation 

and accesses the local memory in a strided form.  

However, other reading or writing of work items is performed in contiguous 

memory locations to obtain high performance on GPU. This kernel accesses 

three arguments. The first is a pointer to an array in global memory that 

contains the data of the previous kernel, the second is a local memory array to 

save the intermediate results, and the final one is a pointer to an array in the 

device’s global memory to store the final results produced by the workgroups. 

The final result represents the Ρ𝑑𝑖 of the 𝑖 sensor nodes to transfer it to the host. 

The procedure to implement this kernel can be depicted as follows: Firstly, 

loading a subset of the decision values from the global array to the array in the 

local memory of each workgroup so there is one decision value for each work 

item. Next, the sum reduction method is executed in the local memory of each 

workgroup in stages so that the number of stages depends on j. After each stage, 

there is a barrier function to ensure that the work items of the same workgroup 

have arrived at the same processing step. The final result of the parallel sum 

reduction at each workgroup is stored in a work item whose local index is “0”. 

In such a work item, the result is divided by the total runs number to obtain the 

final probability detection value of each sensor node as a floating-point. 

Finally, Ρ𝑑𝑖 values are stored in the global memory as an array to be read by the 

host or by another kernel. Each value of this array represents the sensor node 

detection probability, and its corresponding index refers to the sensor node 

number at the FC. 

4.3 GPU-based EESS Algorithm for CSS using Convex 

Optimization 

As stated previously, the SS problem is an NP-complete problem. This is 

resulted from the discrete parameter 𝜌𝑖. According to eq. (2.17), 𝑄𝑓 ≤ 𝛼 that is 

an increasing function of 𝜌𝑖 and since 𝑃𝑓𝑖  is not dependent on the SNR of each 

sensor node, the upper limit of sensing nodes can be demonstrated as follows: 

               𝑘 ≤ ⌊
ln (1−𝛼)

ln (1−𝑃𝑓𝑖)
⌋ = 𝑀                                                      (4.2) 

where M represents the maximum number of cognitive sensor nodes that sense 

the spectrum. It can be obtained from eq. (2.19) and 𝑄𝑓 ≤ 𝛼. Then, the eq. 

(2.17) can be adapted to become as follows: 
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             𝑚𝑖𝑛𝜌𝑖   𝐸𝑇 = ∑ 𝜌𝑖
𝐾
𝑖=1  (𝐸𝑠  + 𝐸𝑡𝑖)       

            s.t.    ∑ 𝜌𝑖
𝐾
𝑖=1 ≤ 𝑀                                        

                    1 − ∏ (1 − 𝜌𝑖𝑃𝑑𝑖) ≥ 𝛽
𝐾
𝑖=1  

                     𝜌𝑖 ∈ [0,1]                                      (4.3) 

To simplify solving this problem as a convex optimization problem (and as 

stated in chapter three [4]), 𝜌𝑖 is supposed as a continuous parameter with 

values in [0,1]. After solving the problem, it is mapped to discrete space again. 

This parameter states the priority of sensor selection in sensing the spectrum.  

To determine the priority of sensor nodes in sensing the spectrum means 

solving this problem as a convex optimization problem, with Lagrangian 

function and KKT conditions applied to eq. (4.3). After some simplification, 

the cost function of SS based on convex optimization, that is referred to EESSC 

to get energy efficient CSS was described as follows:  

  

             𝑐𝑜𝑠𝑡(𝑖) =  𝐸𝑠 + 𝐸𝑡𝑖 + 𝜖 − 𝜂𝑃𝑑𝑖∏ (1 − 𝜌𝑙𝑃𝑑𝑙)
𝐾
𝑙≠𝑖         (4.4) 

 

To identify the priority of sensor nodes, cost function in eq. (4.4) was 

computed to them and then sorted in ascending order. The first M with the 

highest cost values was selected as a spectrum sensing candidate(s). 

Next, 𝜖 is the same for the whole of the sensor nodes, and can be canceled 

from the cost equation to determine the optimum 𝜂 and select the cognitive 

sensor nodes for spectrum sensing out of M sensor nodes from the previous 

step. Therefore, eq. (4.4) were simplified as: 

 

               𝑐𝑜𝑠𝑡(𝑖) =  𝐸𝑠 + 𝐸𝑡𝑖 − 𝜂𝑃𝑑𝑖                                       (4.5) 

 

Also, optimum 𝜂 was proved as a positive and nonzero parameter so that 𝑄𝑑 =

𝛽. An iterative bisection algorithm was utilized to find the optimum 𝜂. The 

Pseudo-code for serial EESSC algorithm is displayed in algorithm1. 
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Although this algorithm is simple and robust, it requires a long execution 

time. This iterative algorithm ends when the accuracy of 𝜂 becomes less than 

the 𝜀, where 𝜀 indicates the resolution of the algorithm. Due to the halving of 

the interval at each iteration, the required number of iterations to execute this 

algorithm for the initial interval of (𝜂𝑚𝑖𝑛, 𝜂𝑚𝑎𝑥) is as follows: 

                

         𝐼𝑡𝑛𝑢𝑚 = log2
(𝜂𝑚𝑎𝑥−𝜂𝑚𝑖𝑛)

𝜀
                                         (4.6) 

 

Parallelizing EESSC Algorithm  

In this section, a detailed parallel study is vital before modeling a high-

performance parallel accomplishment of the EESSC algorithm on GPU using 

OpenCL to accelerate the inherently serial algorithm. From algorithm 1, two 

stages can be recognized as two parallel tasks. The first stage: line 5 ~ 14, by 

leveraging from eq. (4.6) which can be utilized to calculate the required 

iteration to update 𝜂 based on its maximum and minimum values and the 

required resolution to perform this algorithm. Also, during the simulation of 

the EESS algorithm in Matlab, it appears that when calculating the optimum 

Algorithm 1 EESSC Algorithm [178] 
1: 𝜂𝑚𝑖𝑛 = 0 
2:𝜂𝑚𝑎𝑥 = 𝜁 (a large enough number) 

3: 𝜀 is a small enough  

4: compute M=⌊ln(1 − 𝛼) ln (1 − 𝑃𝑓𝑖)⁄ ⌋ 

5: While (abs(𝜂𝑚𝑖𝑛 − 𝜂𝑚𝑎𝑥)> 𝜀)  
6: 𝜂 = (𝜂𝑚𝑖𝑛 + 𝜂𝑚𝑎𝑥)/2 
7: Compute 𝑐𝑜𝑠𝑡(𝑖) =  𝐸𝑠 + 𝐸𝑡𝑖 − 𝜂𝑃𝑑𝑖 for every sensor node 

8: Sort (cost(i), "ascending") 
9: Number of sensing nodes (n) =0 

10: While (choose n sensor with higher priority < M) 

11: Compute 𝑄𝑑 
12: If 𝑄𝑑 > 𝛽, break, end 

13:    𝑛 = 𝑛 + 1  
14:  end while 

15: Compute 𝐸𝑇 for all the selected sensing nodes 

16: If 𝑄𝑑 > 𝛽 
17:   𝜂𝑚𝑎𝑥 = 𝜂  
18: Else 

19:   𝜂𝑚𝑖𝑛 = 𝜂 
20: End 

21: End while 
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threshold detection and setting it in the EESSC algorithm, only 𝜂𝑚𝑎𝑥  is updated, 

and 𝜂𝑚𝑖𝑛 does not change. 𝜂𝑚𝑎𝑥 is obtained when priorities of selecting sensor 

nodes are determined based on their  𝑃𝑑𝑖s. So, the optimum 𝜂 is in the range 

(0 <  𝜂𝑜𝑝𝑡𝑖𝑚𝑎𝑙 < 𝜂𝑚𝑎𝑥) if 𝜂𝑚𝑖𝑛 is assumed as (𝜂𝑚𝑖𝑛 = 0). Accordingly, each 

iteration can be achieved separately because at each iteration (𝜂𝑚𝑎𝑥 = 𝜂). This 

results in attaining a quicker convergence speed. The second stage: line 15, 

evaluation of the total energy consumption for the optimal sensor nodes. Thus, 

stage 1 and stage 2 are suitable for parallelization. 

 

The Parallelized EESSC algorithm on GPU 

The parallelized EESSC algorithm can be described by two kernels, as 

shown in algorithm 2. The first is the optimum_sensor node (), and the other is 

min_energy (). According to the OpenCL execution model, the Parallelized 

EESSC is designed as follows: 

 
Algorithm 2 Parallelized EESSC algorithm 

Execute optimum_sensor node( ) 

Execute min_energy( ) 

 

The initialization and the final output portions are on the host, but the middle 

portion has two kernel functions that are mapped on a GPU device, as shown 

in Fig (4.3). The two kernels are performed as stated in algorithm 2 to select 

the optimum sensor node with minimum energy at the FC. The former obtains 

the candidate sensor nodes required to sense the spectrum. It has five floating-

point arguments as follows. The first is represented by a pointer to an array in 

the global memory of the device to indicate the reporting results that were sent 

from the K sensing nodes of the CRSN (𝑃𝑑𝑖). The second argument is 𝑃𝑓𝑖  stored 

in the private memory of each work item. The third argument is a constant array 

in global memory to keep the distance between each node and the FC (𝑑𝑖). The 

fourth is an array in local memory to store the data of all the sensor nodes, 

including 𝑑𝑖, sensor node number (i), 𝑃𝑑𝑖 , and the calculated cost (i) 

corresponding to 𝜂 for all sensor nodes in the network. The final argument is a 

pointer to an array in global memory to store the candidate sensor nodes 

corresponding to each 𝜂. An optimum_sensor node( ) kernel can be described 

as follows. Using (4.6), the number of workgroups that are utilized to perform 
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the kernel is equal to the number of iterations. Each workgroup has many work 

items equal to the number of sensing nodes in CRSN; this means that each work 

item is in charge of one sensor mode. To optimize the execution of this 

algorithm and improve communication among work items, local memory and 

private memory are frequently utilized instead of global memory.  

 
Figure (4. 2) Overview of the EESSC algorithm 

The first step includes calculating the M value based on 𝑃𝑓𝑖 , cost value, and 

energy for a work item in private memory. Then, constructing the local array 

that contains the calculated data of each sensor node, and the local index of the 

work item is the same as to i known as the “sensor nodes data array”. Next, the 

sorting of the main array according to the cost of the sensor nodes in ascending 

order, by using one type of sorting network known as “even-odd transition” 

[199], is achieved. It can be described as an excellent choice to execute on GPU 

and FPGA due to its flexibility and parallelism. At each workgroup, a specific 

work item is selected to achieve the sorting task and the obtained results stored 

at the local memory. After that, a selection process is achieved at each 

workgroup for the M sensors by choosing the candidates based on their 𝑃𝑑s 

corresponding to minimum costs until the 𝑄𝑑 > 𝛽 constraint is satisfied. After 

this process, the number of selected nodes is less than M. Finally, the 

information from the selected node(s), which is stored in local memory, is 

transferred to the global array according to the workgroup index. A count 
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variable, which is stored in private memory, represents the number of nodes 

that were selected to satisfy the constraints. Its value may be one, two, or 

another number because this value is related to the observation samples that are 

utilized to detect the RPU signal at the sensor nodes. Selected sensor nodes data 

will be utilized by the next kernel, while the count value will be utilized in the 

host to set the NDRange of the next kernel. 

The latter kernel of the Parallelized EESSC algorithm is the min_energy( ) 

kernel, which is designed to calculate the minimum consumed energy as a 

floating point based on the information of the selected sensor nodes 

corresponding to 𝜂𝑜𝑝𝑡𝑖𝑚𝑎𝑙 and count value. This kernel accesses three 

arguments. The first one is a pointer to an array in global memory, which has 

the information from the selected nodes obtained from the previous kernel. The 

second is an integer number stored in private memory that was calculated 

according to 𝜀 and the number of workgroups of the previous kernel. The final 

one is the output that was represented by a pointer to an array in global memory 

to store the data of the optimum selected node(s). Execution of this kernel is as 

follows. The global parameter in the NDRange function is highly dependent on 

the count value of the previous kernel, so that the number of work items in a 

workgroup is a multiple of the count value. Based on the second argument of 

this kernel,  𝜂𝑜𝑝𝑡𝑖𝑚𝑎𝑙  is determined to assign the optimum selecting sensing 

node(s). After that, data from these nodes are stored in a global array to transfer 

it to the output. Based on the output, the minimum energy consumption of the 

whole network that is obtained from the optimum sensor nodes at 𝑄𝑑 > 𝛽. 

 

4.4 GPU-based EESS Algorithm for CSS using Adaptive 

Genetic Algorithm (AGA) 

The problem of SS to get energy efficient spectrum sensing is NP-complete 

and non-convex. It can be described as follows:  

            

                  𝑚𝑖𝑛𝜌𝑖   𝐸𝑇 = ∑ 𝜌𝑖
𝐾
𝑖=1  (𝐸𝑠𝑖  + 𝐸𝑡𝑖)    

                  

                  s.t.     1 − ∏ (1 − 𝜌𝑖𝑃𝑓𝑖)
𝐾
𝑖=1 ≤ 𝛼,   

 

                   1 − ∏ (1 − 𝜌𝑖𝑃𝑑𝑖)
𝐾
𝑖=1 ≥ 𝛽         (4.7)     
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Solving such a problem can be achieved using one of the metaheuristic 

algorithms known as GA. This algorithm is widely utilized in different 

scientific and engineering applications because it utilizes random selection for 

optimization and conducts itself effectively in robust search of complex spaces.  

The SS problem shown in eq. (4.7) has constraints. To handle constraints in 

such a problem, the penalty function method is utilized to convert the original 

constrained problem into an unconstrained problem. A penalty function method 

can be described by its ability to penalize the infeasible candidate solutions by 

diminishing their fitness values in proportion to their degrees of constraint 

infringement [200]. This strategy is characterized by its simplicity and ease of 

execution. Accordingly, the SS problem is converted to an unconstrained 

problem, as given by: 

     

            𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑗) = ∑ 𝜌𝑖
𝐾
𝑖=1  (𝐸𝑠𝑖  + 𝐸𝑡𝑖) + 𝜎 𝑚𝑎𝑥(𝛽 − 𝑄𝑑 , 0) 

                                                        

                                                                    + 𝜃 max (𝑄𝑓 − 𝛼, 0)        (4.8) 

 

where 𝜎 and 𝜃 are penalty factors, the GA is applied at FC to solve this problem 

to obtain an energy efficient CSS, which can be referred to as EESSG, and eq. 

(4.8) is utilized as an objective function to evaluate each individual (K sensor 

nodes) in the generated population. GA is a population-based method; each 

population represents a set of feasible solutions for the problem being solved. 

The best individual (sensor nodes) in a population is selected when their fitness 

value is small, which means that the sensor nodes with minimum energy 

consumption are selected to sense the spectrum to obtain energy efficient CSS 

while the other nodes remain inactive in CRSN. Since GA has a low 

convergence speed, an adaptation is performed to address this problem. This 

adaptation was achieved by sorting the fitness values of the initial population 

and the merged population in ascending order using the even-odd transition 

method to modify the feasibility of the solution. To address this vital issue, 

GPU will be utilized to speed up solving the time-consuming EESSG 

algorithm. 

So, the first step in the EESSG algorithm is the initialization process. This 

step is achieved by specifying the inputs of this algorithm, including the 

following parameters: the entire number of sensor nodes in the CRSN (K), 𝑃𝑑𝑖 , 

𝑃𝑓𝑖 , 𝑑𝑖, 𝛽, 𝛼, rand_seed, population size (pop_size), crossover probability (𝑃𝑐), 

mutation probability (𝑃𝑚) and the maximum iteration (max_gen). Then, the 
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initial population is generated with random binary values of ‘1’ or ‘0’. 

Evaluation of the individuals of the population on the objective function is also 

carried out. Next, the sorting process is executed to arrange the fitness values 

of the generated individuals in ascending order so the first one after sorting is 

the best, and the last one is the worst.  

After that, the iterative operation is executed to update the initial population. 

In each iteration, the probability of selection for each individual is calculated 

based on the sorted fitness value with respect to the worst one. Then a roulette 

wheel is used to select the parents according to the cumulative sum of the 

selection probabilities. Once the parents have been chosen, a crossover 

operation is achieved by using the uniform crossover to get new offspring 

according to a particular value of 𝑃𝑐. Then, the mutation is randomly applied to 

some individuals according to a specific value of 𝑃𝑚 to produce new modified 

individuals which are at least as fit as before mutation. After crossover and 

mutation operations, the resulting individuals are evaluated using the objective 

function to keep only feasible solutions. Next, a merged population is 

generated, which is created from crossover and mutation operations in addition 

to the current population. After that, the fitness value of the merged population 

is sorted in ascending order. Then the sorted merged population is truncated to 

obtain the primary individuals’ numbers that were initially assumed to 

construct the population. After that, the best and the worst from this sorted 

population were chosen for storage in memory to utilize in the next iteration. 

Accordingly, a new population is created based on the historical information 

of the previous population, in order to achieve a better performance through the 

search space. All the processes mentioned above will be carried out again until 

the pre-set max_gen to terminate this algorithm is reached. Correspondingly, 

algorithm 3 describes the pseudo-code of the EESSG. 

 

Algorithm 3 EESSG algorithm 

Input: GArand_seed, pop_size, 𝑃𝑐, 𝑃𝑚, max_gen, K, 𝑃𝑑𝑖, 𝑃𝑓𝑖, 𝑑𝑖, 𝛽, 𝛼 

Output: the best individual in all generations  

01: Initialize a population with random individuals 

02: Check the feasibility of each individual 

03: Order the individuals of the population in ascending order 

04: While gen_num < max_gen do 

05: Calculate selection probabilities 

06: Perform selection using roulette wheel selection  

07: Perform crossover based on pc and check the feasibility 
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08: Perform mutation based on pm and check the feasibility 

09: Merge the parents with the generated individuals of crossover and mutation 

10: Order the merged population in ascending order 

11: Truncate the merged population to obtain a population of pop_size to use in the next 

generation. 

12: End 

 

Parallelizing EESSG Algorithm 

Parallel analysis is essential for algorithm 3 before designing an accelerated 

algorithm with high performance in computation, a reduction in execution time, 

and low energy consumption on GPU using OpenCL. There are four stages in 

the EESSG algorithm. Stage1: line 1 ~ 3, generating the individuals of the 

initial population, evaluating them, and sorting them using even-odd transition 

can be achieved separately. So, stage 1 is appropriate for parallelization. Stage 

2: line 5, calculating the selection probability of each individual is independent. 

Therefore, stage 2 can also be parallelized. Then, a roulette wheel selection is 

applied to choose the fittest parents in line 6. There is a dependency on this 

line, so it cannot be parallelized. Stage 3, line 7, performs a crossover operation 

according to 𝑃𝑐 for a subset of the current population and evaluates the 

feasibility of the new offspring using the objective function. So, in stage 3, 

performing a crossover operation and evaluating it can be achieved separately 

because all the computation and data for this stage are independent. Stage 4, 

according to the 𝑃𝑚, mutation operation, is achieved on a subset of the current 

population, and the feasibility of the individuals is checked using the objective 

function. This stage is similar to stage 3, so there is no dependence. The while 

loop cannot be parallelized because there is feedback between iterations. 

The Parallelized EESSG Algorithm on GPU 

The parallelized EESSG algorithm is designed by executing two kernels on 

GUP: map_individual () and best_individual (). As usual, the initialization and 

the final output sections are executed on the host. However, the middle section 

is performed on the device by these two kernels, as illustrated in algorithm 4. 

Algorithm 4 the parallelized EESSG algorithm 

1: map_individual () 
2: best_individual () 

2.1: For g=1 to max_gen do 

2.2: Calculate selection probabilities 

2.3: Execute roulette wheel selection  
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2.4: Execute crossover and mutation  

2.5: Evaluate the new offsprings 

2.6: Sorting the merged population 

2.7: End for  

 

The design of these two kernels is optimized to get an efficient 

implementation of parallelized EESSG on GPU by focusing on reducing global 

memory access. Fig. (4.4) illustrates the implementation of EESSG on GPU. 

The map_individual () is executed in a workgroup of pop_size work items. 

Each work item is responsible for mapping one individual and evaluating it. 

Each individual (including 𝑖 sensor nodes) maps a feasible solution for the 

parallelized EESSG. Then, parallel sorting for all individuals is achieved using 

the even-odd transition method. 

This kernel access six arguments that can be described as follows. The first 

argument is a pointer to a floating-point array in global memory, which 

contains the 𝑃𝑑𝑖  of all the sensor nodes in CRSN that were obtained from the 

previous kernel. The second is the 𝑃𝑓, which is a floating-point stored in the 

private memory of each work item, since the same threshold and observation 

samples are assumed at the sensing nodes. Next, the third is a constant floating-

point array in global memory storing the distance between the nodes and the 

FC (𝑑𝑖). The fourth argument is the total number of nodes in the network, stored 

in the private memory of each work item. The fifth is the GArand_seed, which 

is an integer number. It is stored in private memory to initialize the MCG, 

which is included as a function in the kernel file to generate the required 

random number to achieve this algorithm. The last argument is the output 

represented by an array in global memory that will be utilized by the next 

kernel. 
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Figure (4. 3) Overview of the parallelized EESSG algorithm 

The procedure for implementing this kernel can be described as follows. 

First, the sensing nodes parameters and GA parameters are initialized by the 

host. Next, the first stage of the parallelized EESSG is executed, and the initial 

population, including pop_size individuals, generated, with each individual 

randomly generated using MCG that is initialized by the GArand_seed 

argument. The generated individual elements stored in the local memory have 

random binary values of either ‘1’or ‘0’ for 𝜌𝑖 to indicate either the node used 
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in sensing the spectrum or not. Then, each individual is evaluated using the 

objective function in parallel, based on the Pdi, di, and 𝑃𝑓 values, which read 

from contiguous global memory locations. After that, individuals’ fitness 

values are sorted in ascending order using the even-odd transition method. The 

sorted population that contains the best individual in the first position and the 

worst in the last location is transferred to a global array in global memory to be 

used by the next kernel. 

The best_individual( ) is also executed in a workgroup of pop_size work 

items where each work item is in charge of one individual. It is responsible for 

selecting the current population in parallel to a subset of the current population, 

according to the 𝑃𝑐. It states that some of the work items are utilized in this 

operation. At the same time, a mutation operation is achieved in the rest of the 

work items according to the 𝑃𝑚. Then, the new children coming from the 

crossover operation which are stored in local memory are evaluated in parallel 

using the objective function, which is described as a function in the kernel file. 

In addition, the local mutated individuals are evaluated in parallel using the 

objective function. After that, the barrier function is applied to ensure all the 

work items have finished the crossover and the mutation operations. 

Moreover, the merged population is constructed. In this way, only the local 

memory is utilized to reduce the run time of the kernel and preserve the global 

memory bandwidth. Finally, sorting of the merged population is achieved. The 

parallelized EESSG algorithm is terminated at max_gen value. The first 

individual in the last generated population represents the best one. This 

indicates the optimum sensor node(s) that can be utilized for CSS to achieve 

𝑄𝑑 > 𝛽 with minimum energy dissipation in CRSN.  

 4.5 GPU-based EESS Algorithm for CSS using PSO 

Algorithm 

SI algorithms can also be used to solve the SS problem, which was described 

by eq. (4.7) as an NP-complete and non-convex. In this section, the PSO 

algorithm is utilized to find the solutions for this problem, as one of the most 

prevalent SI algorithms. BPSO is a population-based algorithm based on 

random binary search; each particle in this algorithm represents an individual 

of the population that can describe a candidate solution to this problem. 

Applying the BPSO algorithm to such a problem to solve it at FC, can be 

referred to as (EESSP), using the same fitness function eq. (4.8). This means 
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finding the best particle in a swarm.  Thus, the 𝑔𝑏𝑒𝑠𝑡 of the best particle in a 

swarm describes the optimum selected sensor, and 𝐺𝑏𝑒𝑠𝑡 in a swarm refers to 

the minimum energy dissipation in CRSN. To deal with this crucial issue, GPU 

will be utilized to accelerate solving the high computational complexity 

problem.   

The procedure of the EESSP algorithm is as follows. Firstly, all particles are 

randomly initialized with positions such as 𝑥𝑖 . It is the position vector for 𝑖 

particle in the swarm, and it has n dimensions (n=K all sensor nodes to be used). 

Also, the velocity vector and local best position vector (𝑙𝑏𝑒𝑠𝑡) for all particles 

are initialized. Additionally, setting the best particles (𝑃𝑏𝑒𝑠𝑡) for very big 

values (each particle has the best value) and 𝐺𝑏𝑒𝑠𝑡 to a very big value (one 

value in the swarm) with the global best position vector (𝑔𝑏𝑒𝑠𝑡) in the entire 

swarm is necessary for this algorithm. 

 Secondly, several iterations are performed. These iterations represent the 

movement of particles in the binary search space toward an optimum solution. 

In each iteration, evaluating the position of particles is performed using the 

objective function. Then, 𝑙𝑏𝑒𝑠𝑡 and 𝑃𝑏𝑒𝑠𝑡 are updated for all particles based 

on a comparison between the previous 𝑃𝑏𝑒𝑠𝑡 values with the calculated fitness 

values of the current particles. After that, 𝑔𝑏𝑒𝑠𝑡 and 𝐺𝑏𝑒𝑠𝑡 are updated by 

comparing the calculated fitness values of the current particles with the 

previous 𝐺𝑏𝑒𝑠𝑡 value. Next, the velocities for all particles are updated based 

on eq. (2.25) in chapter two. The V-shaped family transfer function (eq. (2.28)) 

is utilized to renew the position vector of each particle based on its updated 

velocity vector. Then, the obtained result is compared with a generated random 

number to assign a binary value to the position vector. Accordingly, if the 

obtained result is less than the generated random number, then the value is “1”, 

which means that the sensing node participated in sensing the spectrum, while 

the value is “0” if the obtained result is more than the generated random 

number, which indicates that the sensing node did not participate. The 

algorithm is terminated when it reaches a predefined maximum iteration (T); 

otherwise, the process is repeated by evaluating the new positions of the 

particles and so on. The pseudo-code for this algorithm is shown in algorithm 

5. 
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Algorithm 5 EESSP algorithm  

Input: swrand_seed, pop_size, 𝑃𝑏𝑒𝑠𝑡, 𝑔𝑏𝑒𝑠𝑡, 𝐺𝑏𝑒𝑠𝑡, 𝑙𝑏𝑒𝑠𝑡, 𝑉, T, n, 𝑃𝑑𝑖, 𝑃𝑓𝑖, 𝑑𝑖, 𝛽, 𝛼  

Output: the best particle (optimum sensor nodes that attained minimum energy 

consumption) 

01: Randomly generating the positions of all particles 

02: Set wmax, wmin, 𝑐1, 𝑐2 
03: For t =1 to t =T do 

04: Evaluate the positions of particles using the fitness function 

05: Update 𝑙𝑏𝑒𝑠𝑡 and 𝑃𝑏𝑒𝑠𝑡 for particles 

06: Update 𝑔𝑏𝑒𝑠𝑡 and 𝐺𝑏𝑒𝑠𝑡 for swarm 

07: Update 𝑤 

08: Update 𝑉 for all particles 

09: Using V-shaped transfer to update the positions of particles 

10: End for  

Parallelizing EESSP algorithm  

To design a high-performance parallel execution of the EESSP algorithm, a 

parallel study to this algorithm is essential. From algorithm 5, six stages can be 

described as follows: Stage 1: line 1, separately generating random positions 

for all particles of the swarm in the binary search space. Stage 2: line 4, 

evaluating the positions of particles using the same objective function, but there 

is no reliance. Stage 3: line 5, updating the best fitness value and best positions 

for all particles. Stage 4: line 6, renewing the best fitness value and the best 

positions for the swarm. Stage 5: line 7, updating w. Stage 6: line 8, 

modernizing the velocities of particles in the swarm. Stage 7: line 9, revamping 

the position of all particles based on a transfer function. All the computation 

and the information in stage 1 are independent, so it is convenient for 

parallelization. All the other stages for an iteration can be parallelized because 

there is no dependence among particles.   
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The parallelized EESSP on GPU 

After the parallel analysis in the previous section, it is clear that the EESSP 

algorithm can be designed in parallel and implemented on GPU. The 

parallelized EESSP algorithm is efficiently performed by executing one kernel 

due to its simplicity and independence among particles, as shown in Fig. (4.5).  

 

Figure (4. 4) Overview of the parallelized EESSP algorithm 

Several workgroups are utilized to run this kernel, equal to the pop_size. 

Usually, each particle represents one workgroup that contains n work items (K 

sensor nodes). The kernel is designed to access several arguments that will be 

described in two groups, as follows: the first group contains the parameters that 

are related to sensor nodes of the CRSN, and the other group includes the 

parameters that are related to the BPSO. So, the first one in the first group is a 

pointer to a floating-point array in global memory to transfer the Pdi of all 

sensor nodes. The second argument is the distance between the nodes and the 

FC, which is represented by a pointer to a floating-point array in the global 



4 Methodology and Design on GPU 

90 
 

memory. The final argument in the first group is 𝑃𝑓, which is stored in the 

private memory of each work item (sensor node) as a floating-point value. 

Similarly, the second group of arguments includes Pbest, gbest, Gbest, and f. 

These arguments are initialized from the host and stored in the global memory. 

Other arguments in the second group are swrand_seed to initialize the MCG to 

generate the needed random numbers, and the output argument stored as a 

floating-point value in the global memory to transfer it to the host. 

Executing the EESSP kernel can be described as follows. Firstly, some 

sensing nodes and PSO parameters are initialized by the host while the other 

parameters are initialized in the kernel. Next, the positions of all particles are 

set to binary random values of “1” or “0” based on the MCG and stored in local 

memory. Then, the iteration process begins by evaluating the positions of all 

particles using the fitness function, according to the Pdi, di, and 𝑃𝑓 values, 

which are read from contiguous global memory locations, and then the obtained 

fitness values of particles are stored in the global memory. Next, a comparison 

between the obtained fitness value (f) of each particle with its historical fitness 

value Pbest is achieved to renew the 𝑙𝑏𝑒𝑠𝑡 and update the fitness value of 

particles Pbest if the obtained value is less than the historical value, storing 

them in global memory. If the obtained value is not less, the previous values 

are kept. Further, if the obtained fitness value of each particle is less than the 

Gbest, the gbest and the Gbest are updated and stored in the global memory; 

if not, the previous values are kept. 

After that, w, the velocity and the position of each particle are updated. 

Usually, updating w is carried out for each iteration, according to eq. (2.27). 

Also, the velocity of each particle is updated based on the current position, the 

𝑙𝑏𝑒𝑠𝑡, and gbest, where the current position and 𝑙𝑏𝑒𝑠𝑡 are stored in local 

memory while gbest is converted from global to local memory. The velocity 

updating process is achieved in each work item, and the obtained result stored 

in local memory. Finally, updating of the positions of particles is achieved in 

work items by converting the updated velocity values to probability values 

based on the V-shaped family transfer function. Then, each probability value is 

compared with a uniform random number. So, if the probability value is upper 

than the random number, then the position of a particle is “1”, otherwise it is 

“0”. After updating the position for each particle, the target function is 

computed, and the fifth to tenth steps repeated until the termination condition 

is met. As a result, Gbest and gbest represent the output of the parallelized 
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EESSP algorithm, which is described as optimal values. Gbest value denotes 

the minimum consumed energy for the CSS and gbest is the optimum sensor 

nodes to attain 𝑄𝑑 > 𝛽 for the CSS. 

4.6 GPU-based EESS Algorithm for CSS using ABC 

Algorithm 

In this section, the SS problem is solved using the ABC algorithm, which is 

simple in concept, flexible, and robust. It is a population-based method that can 

handle the objective function with random nature. Also, it utilizes fewer control 

parameters as compared with other optimization algorithms, and it is easy to 

implement with fundamental mathematical and logical operations [201].  

Although the ABC algorithm works efficiently on continuous space, it 

requires modification techniques in binary search space, including sigmoid 

transfer function, genetic crossover operator, and a rounding function, to 

convert from continuous space to discrete space {0,1}. In this work, the 

rounding function round () was utilized as a modification technique to 

approximate the food source positions to the closest integers with the binary 

ABC algorithm while solving the SS problem. 

This algorithm can be named as EESSB, which is performed at FC. The 

fitness function illustrated in eq. (4.8) was utilized to evaluate the quality of a 

nectar amount contained in the food source (candidate solution). Moreover, the 

EESS problem is executed by each bee in the colony to select the optimum 

sensor nodes for the CSS that are described by the on/off scheme, to reduce the 

total consumed energy. Furthermore, food source positions correspond to 

sensor nodes in this scheme, and the quality of food source (s) demonstrates the 

total energy dissipation in the CRSN. To address this vital issue, GPU was 

utilized to accelerate solving the time-consuming SS problem with the binary 

ABC algorithm.    

The EESSB algorithm can be explained as follows: it begins with the 

initialization process. This process is attained by assigning the sensor nodes 

parameters such as sensor nodes number in the CRSN (K), 𝑃𝑑𝑖 , 𝑃𝑓𝑖 , 𝑑𝑖, 𝛽, 𝛼. 

Also assigned are rand_seed and ABC control parameters including population 

size (SN) which represent the number of food sources (candidate solutions), 

maximum number of cycles (MCN) which defines the maximum number of 

iterations; the limit (L) is utilized to identify a predefined number of trials after 
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which an employed bee abandons a food source if it is unimproved. 

Best_qulity, which shows the best nectar amount of a food source, was assumed 

as a very high value. Then, the initial population was achieved by producing 

food sources which were randomly located in D positions (D = K) in the binary 

search space using the Bernoulli process. These food sources were then 

evaluated using the objective function to find the quality of each. After that, the 

EESSB algorithm attempts to get a better solution and obtain the optimum by 

subjecting the initial population to some iterations until a stop criterion is met. 

Each iteration contains three search phases: the employed bees phase, the 

onlooker bees phase, and the scout bees phase.  

The first phase is the employed bees phase in which each employed bee 

defines a new food source in the neighborhood of its initially specified (or old) 

food source according to eq. (2.30) illustrated in chapter two. The new food 

source was converted to discrete space using the round() function. Once the 

new food source that demonstrates the participated sensor nodes in CRSN was 

identified, its quality -the energy consumption of the participated nodes - was 

calculated. If the quality value was superior than that of the old one, the 

employed bee substitutes the old food source with the new one in the memory; 

otherwise, the old one is maintained. Each food source associated with attempts 

counter (AC) so that if the food source quality is unimproved, this counter value 

will be increased by one; otherwise, its value will remain. Next, the employed 

bees share the information on their food sources with the onlooker bees. 

In the second phase, the onlooker bees get the information regarding the food 

sources from the employed bees phase. Once the onlooker bees have got the 

information, they compute the selection probabilities of food sources according 

to eq. (2.29) in chapter two. The onlooker bee selects the fittest food source 

using a roulette wheel selection technique. Then, as in the employed bees 

phase, each onlooker bee determines a new food source in the neighborhood of 

the chosen food source and evaluates it. If the nectar amount of the new food 

source is better than that of the old one, it will substitute the old one in the 

memory; otherwise, the old one kept. The AC value remains the same if the 

food source improved; if not, it is incremented by one. 

The scout bees phase was achieved by randomly searching from scratch to 

replace the abandoned food source(s) resulting from the unimproved quality of 

a food source when the value of the AC is higher than the L value. Algorithm 

6 shows the pseudo-code of the EESSB algorithm. 
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Algorithm 6 EESSB algorithm 

Input: rand_seed, K, 𝑃𝑑𝑖, 𝑃𝑓𝑖, 𝑑𝑖, 𝛽, 𝛼, SN, L, MCN, and Best_qulity 

Output: the best food source (participated in selected sensor nodes with minimum 

energy consumption)   

01: Initialize the food sources 

02: Evaluate the food sources 

03: Find the best food source (solution) from the initial food sources 

04: Reset the att_cou 

05: Current iteration (t) = 0 

06: While (t < MCN) do 

07: Employed bees phase 

08: Onlooker bees phase 

09: if AC > L 

10: Scout bees phase 

11: End If 

12: Update the best food source (solution)  

13: t = t+1 

14: End  

 

Parallelizing EESSB algorithm  

Before designing a high-performance parallel implementation of the EESSB 

algorithm on GPU using OpenCL, a parallel analysis is needed. From algorithm 

6, five stages can be depicted as follows: Stage 1:  line 1 ~ 4 producing initial 

food sources, evaluating them, finding the best solution, and resetting the 

attempts counter can be performed individually. Thus, stage 1 is suitable for 

parallelization. Stage 2: line 7, stage 3: line 8, stage 4: line 10 and stage 5: line 

12 can be performed separately because all the computations on the data in 

various bee's phases are independent, but take place one after the other because 

there is a dependency between phases. This dependency results from the 

sharing of food source information between the employed bees and the 

onlooker bees, and the trial counter value. The while loop cannot be parallelized 

because there is a dependency among iterations. 

The parallelized EESSB on GPU 

The parallelized EESSB algorithm is achieved by running the kernel on the 

GUP device. As usual, initialization of the inputs and obtaining the final output 

are performed on the host as described in Fig. (4.5). The model of the kernel is 

designed for a local memory architecture and highly optimized to get efficient 

execution of the parallelized EESSB algorithm on a GPU device by 

concentrating on reducing the communication between the host and the GPU, 
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minimizing the global memory access and utilizing the other available types of 

memory. The kernel is carried out in a workgroup of SN work items. Each work 

item is designed to map one food source, which represents a candidate solution 

in the search space. This kernel has several arguments, which can be depicted 

as follows: Some of them are stored in the private memory comprising 𝑃𝑓 as a 

floating-point and rand_seed, K, and L as integer values. However, the others 

are stored in global memory as pointers referring to floating-point arrays, 

including Pdi, di, and Best_qulity. 

The procedure for executing the parallelized EESSB algorithm kernel is 

shown as follows: Firstly, the food source positions, which are stored in private 

memory, are randomly created using the MCG generator based on the 

rand_seed value. Each created food source has D binary random values of 

either ‘0’or ‘1’ to specify the sensor node's status in the CSS. Then, the quality 

of each food source (feasible solution) is obtained using the objective function, 

according to the Pdi, di, and 𝑃𝑓 values, which are read from contiguous global 

memory locations, in parallel and stored in local memory. After that, a 

comparison between Best_qulity and the obtained quality of each created food 

source is achieved to store the best solution in local memory. Also, resetting of 

the abandoned counter is achieved. 

Secondly, the iteration process is started. Each iteration has three phases. 

These are achieved one after the other, but each phase is parallelized. Firstly, 

the employed bees phase begins by creating new food sources according to eq. 

(2.30) in the vicinity of the old food sources and storing them in a private 

memory after converting them to the binary search space using the rounding 

function. Then, these new food sources are evaluated in parallel using the 

objective function. After that, a greedy selection operation is performed to 

modify the old solutions so that if the new solution quality is superior than the 

old one, the new solution is stored in employed bee memory (local memory), 

otherwise; the old one is kept and the abandoned counter is incremented by one. 

Finally, the employed bees share the information regarding the food sources 

with the onlooker bees. Once the employed bees phase has finished, the 

onlooker bees phase is started by computing the selection probability in eq. 

(2.29) which mainly depends on the information received from the employed 

bees phase. The selection probability numerator is directly calculated from the 

shared information while the denominator is computed using the local sum 

reduction, which was previously explained. Once the selection probability is 
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calculated, the roulette wheel selection is applied in each onlooker bee to 

choose the fittest food source. Then, each onlooker bee discovers a new food 

source in the neighboring area of the chosen food source, evaluates it using the 

objective function, and stores its position and quality in local memory utilizing 

the same procedure that the employed bee followed in modifying the old 

solution. 

Once this phase has finished, the scout bees phase starts if the abandoned 

counter of a specific food source is higher than the L value. Then, the 

abandoned food source is substituted with a new one. The scout bee status is 

converted to employed bee, and the abandoned counter is reset.  

During each iteration, the feasible solutions are improved in the local 

memory by these phases. At the end of each iteration, the best solution - that  

 

Figure (4. 5) Overview of the parallelized EESSB algorithm 
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stored in local memory - is updated. When the ending condition is satisfied, the 

algorithm terminated. Thus, the best solution, which characterizes the best food 

source and its nectar amount, is transferred to global memory as an output from 

this algorithm. This output indicates the food source (optimum selected sensor 

nodes to achieve 𝑄𝑑 > 𝛽 for the CSS) and the nectar amount (minimum 

consumed energy in CRSN). 

 

 



5 Methodology and Design on FPGA 
 

97 
 

Chapter 5 

Methodology and Design on FPGA 
 
 

5.1 Introduction 

Recently, FPGA has been considered a competitor to other conventional 

hardware accelerators. Its advantages include supporting massive parallelism 

which can be customized for each application program from the gate level 

circuit because it contains a vast number of gates, as well as low power, 

reliability, and real-time implementation features because it does not rely on 

operating systems. In contrast, the main challenge to utilizing the FPGA for 

accelerating is the complexity of programming it because it requires a HDL to 

depict the function modules. Nevertheless, this challenge is addressed by the 

high-level synthesis technique that is used to accelerate the algorithm with 

small evolving costs. In this chapter, FPGA is used as a hardware accelerator 

in HCA using the Vivado HLS tool to speed up the implementation of 

computationally intensive applications that have fundamentally distinct levels 

of parallelism. The parallel implementation of a computationally intensive 

application on FPGA can be achieved by pipelining and parallelism. This 

implementation provides the designers with the capability to trade-off hardware 

resources against performance by choosing an acceptable level of parallelism 

to execute an application. As a result, noteworthy architectural diversity is 

produced. Expertise and deep learning are required from hardware designers to 

realize this capability. 

In contrast, the Vivado HLS tool automatically provides this by using 

directives that are adjusted to optimize the design. This chapter also introduces 

two versions for designing the sensor nodes to form the CSS technique as IP 

cores using Vivado HLS. Moreover, it shows the detailed design of hardware 

accelerators for the EESS algorithm based on convex optimization and 

metaheuristic optimization.   

5.2 FPGA-based the Centralized CSS in CRSN 

This section shows the proposed architecture for accelerating the centralized 

CSS using Vivado HLS on the FPGA.  The centralized CSS in CRSN includes 

many sensor nodes for detecting the availability of the PU. These nodes 
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separately perform the detection using a baseband energy detector and report 

their results to the FC. There is consequently a parallelism in CSS’s structure. 

FPGA also provides parallelism ability. 

Furthermore, all the sensor nodes have the same architecture, but they 

process different data based on the channel between each one and the PU. Thus, 

there is data parallelism in the centralized CSS. To execute it on FPGA, it is 

sufficient to create one IP core, which then duplicates according to the sensor 

nodes number partaking in the sensing operation. The HW/SW codesign and 

HW based design approaches are proposed to design the sensor nodes IPs and 

integrate them into an HCA known as Xilinx Zynq SoC. This system combines 

the FPGA with a processor to provide high performance and energy efficiency. 

The communication between the FPGA and the processor in the SoC is carried 

out using an advanced extensible interface (AXI) interconnection bus that 

offers a high throughput and short latency. This bus also provides some 

configuration that is optimized to support a specific connection relying on the 

required attributes of that connection [202]. Several steps are required to 

develop the two proposed approaches to accelerate the centralized CSS, as 

follows: 

5.2.1 Hardware/Software(HW/SW) Codesign Approach 

Designing an application using HW/SW codesign allows the designer an 

opportunity to split it into hardware and software components to cooperate with 

one another. HW/SW codesign in SoC provides flexibility and reasonable 

evolution exertion and is most suitable for applications that present a massive 

amount of data parallel computation, as in our application. There is also 

availability of helpful design tools that automatically create hardware/software 

interfaces, and the connection infrastructure, especially Xilinx Vivado tool. 

Thus, HW/SW codesign attracts the attention of a lot of researchers [203], 

[204].        

The first step in designing this approach is achieved by developing the design 

of centralized CSS in the software using the C++ code that comprises the 

required specification. Then, the design is manually partitioned into software 

and hardware modules. Afterwards, the computational tasks of CSS are 

achieved in three phases, as described previously in chapter four. So, for this 

approach, the first phase will be performed in software while the second phase 

will be performed in hardware. 
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Generating the PU signal  

In this section, the first phase module in the CSS technique is designed, and 

the GR process PU signal is created using the Box-Muller method as a floating-

point signal. This is achieved by applying several mathematical operations on 

two independent uniform distributed random numbers. The uniform distributed 

random numbers were generated using rand () and srand () functions in C++ on 

the ARM processor as floating-point values and stored in DDR memory. 

Additionally, all the random processes required to model Rayleigh fading with 

lognormal shadowing for the sensing channel are generated. The GR numbers 

are transferred from the DDR to the BRAM in FPGA fabric using the direct 

memory access DMA controller (DMAC)in the PS side of the Zynq SoC. This 

type of transferring produces a reduction in the usage of the available resources. 

DMAC directly transfers data via the AXI bus in burst mode from DDR to 

BRAM memory. Then the transferred data is moved to each sensor node 

through the m_axi_gmem. In this design, only one of the DMAC channels is 

used to perform the transformation from memory to memory based on the 

DMA interrupt. This mitigates the central processor to perform other 

calculations throughout the data transfer operation. 

Local sensing stage 

The following section describes the hardware module that is developed to 

accelerate the algorithmic depiction of the local sensing stage in CSS, which 

represents part of the C++ design code. In this stage, a floating-point complex 

baseband energy detector is designed to enable each sensor node to detect the 

PU signal generated in the ARM processor and transferred to it through the 

m_axi_gmem.  After checking the functionality of the C++ code using a 

testbench, the Vivado HLS tool automatically interprets the C++ algorithm to 

an RTL description of the algorithm circuit by synthesizing the code, along 

with constraints and directives. Then, it is carried out as an IP core named  

SN-IP on the FPGA fabric of the Xilinx Zynq SoC. Some techniques are 

applied to compute the pow () function used to compute the power for complex 

values, and the log () function for negative values, because Vivado HLS does 

not support such functions. For optimum IP implementation, different 

directives are exploited in this work, as illustrated below:  

 Pipelining: this directive is implemented by inserting pipeline pragma 

into the targeted loops. The pipeline performance is measured by two 
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crucial factors: initiation interval (II) and depth, and it highly depends on 

the operations inside the loop structure. 

 Flatten loop: this directive is applied where there are nested loops to 

eliminate the loop hierarchy while maintaining the algorithm. It 

enhances the realizable throughput by preventing the extra clock cycles 

related to moving into or out of a loop. 

 Array partitioning: once this directive is applied, the large arrays are 

divided into smaller arrays to eliminate the BRAM bottlenecks and 

enhance data access. 

 Resource: is used to control the hardware resources by identifying a 

specific resource (core) to carry out an array or arithmetic operation in 

the RTL, or to reduce the utilized resources. 

 Allocation: It is used to reduce the number of functions, or cores, or 

operators utilized.  

 Interface: there are two types of interface: port level interface and block-

level interface. For port level interface, there are AXI4-Lite (s_axilite), 

AXI4 master (m_axi) and BRAM interfaces, and so on. For the block-

level interface, s_axilite is exerted to allow block level control signals to 

move between the IP core and the processor. A merged AXI4-Lite 

interface will be used to easily manage the hardware accelerator from the 

software by exploiting the automatically generated C driver files and API 

functions. 

This SN-IP used pipeline and resource directives to obtain efficient IP core. 

The obtained II is five due to the disability to enforce a carried constraint for 

add operation inside the loop. Moreover, an m-axi is implemented in burst 

mode data transfers; by using this mode, higher data throughput can be 

obtained. A memcpy function is used to perform burst access to memory, and 

a merged AXI4-Lite interface is used to easily manage the IP core from the 

software. Furthermore, a partial unroll for the sum operation is deployed. 

After that, verification of the generated RTL code is achieved by C/RTL 

cosimulation. Finally, after the RTL test is passed, the RTL design is packaged 

as an IP block, as illustrated in Fig. (5.1), then it is exported to the IP catalog. 

Table (5.1) illustrates the estimated resource utilization on FPGA fabric of the 

Zedboard in the Vivado HLS reports for this IP core at clock period =10 ns.  
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Interrupt IP 

 

 

 

 

 

 

 

 

The same steps employed to create SN-IP core in Vivado HLS were used to 

create the interrupt IP core shown in Fig (5.2). It is designed to send a 

synchronized interrupt from multiple SN-IP cores in the FPGA fabric to the 

ARM processor to transfer the generated GR data to the SN-IP cores using the 

DMAC. This IP has five binary inputs that correspond to the interrupt signals 

of five SN-IP cores as an example. Once the synthesizing operation was 

completed to obtain the RTL code, a modification in one of the generated 

Verilog files was performed on a control signal of the AXI4-Lite block-level 

protocol. Thus, this IP has one output that represents an interrupt signal. This 

signal is a hardware interrupt signal. All the interrupts in Zynq SoC are 

controlled by a generic interrupt controller (GIC). Once the processor receives 

the interrupt, it stops the current task execution and saves its processing state 

in the stack to resume it once the interrupt is handled. Table (5.2) illustrates the 

Vivado HLS estimated resource utilization of the interrupt IP core on FPGA 

fabric of the Zedboard at clock period=10 ns.  

 

 

 

 

 

 

Then, the exported local SN-IP core is duplicated according to the number 

of participating sensor nodes to perform the centralized CSS in the Vivado 

design suite by taking into consideration the resources available in the Xilinx 

Zynq Soc. 

SN-IP 

Figure (5. 2) Interrupt packaged IP 

Table 5. 1 Resource utilization of SN IP 

Table 5. 2 Resource utilization of interrupt IP 

Figure (5. 1) Sensor node Packaged IP 
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After several steps that will be illustrated in further detail in the next chapter, 

the local decisions of each local SN-IP core were accumulated in the ARM 

processor during the sensing time for a certain number of observations (runs). 

The final local decision of each sensor node (Ρ𝑑𝑖) is obtained by averaging the 

accumulated decisions to the total number of runs. This is stored in DDR as a 

floating-point value which can be provided to the FC.  

Reporting Results stage 

In this stage, all the local decisions of the sensor nodes are transmitted to the 

FC to produce the final decision about the availability of the PU. A Gigabit 

Ethernet controller, which is one of the peripheral interfaces in Zynq SoC, is 

used to transfer the Ρds from the sensor nodes board to the FC board (this will 

be explained further in the next chapter). For more details regarding the Gigabit 

Ethernet controller, please refer to [205].  

5.2.2 Hardware Design Approach 

As stated above, a design with one sensor node is enough to construct the 

entire centralized CSS by duplicating it to get the required number of sensor 

nodes. In this approach, generating the PU signal and the local sensing stage 

are entirely designed in the hardware by chaining multiple IP cores. This is 

achieved by the ap_ctrl_chain protocol as a block-level interface protocol. Two 

IP cores with a s_axilite interface are also added to the design of each node to 

easily control it from the Zynq processing system. This protocol is like 

ap_ctrl_hs protocol, but it possesses an extra control signal named ap_continue 

between the downstream block and upstream block, as shown in Fig. (5.3).  

This control signal applies backpressure in a system when it is required. In 

more detail, when the ap_continue signal is asserted to be low, the downstream 

block continues to address the data, and is not prepared to receive new data 

until the output is presented. Then, the ap_done signal is asserted, and the 

design remains in this state until the ap_continue is asserted to be high [206]. 
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Start IP 

 

 
Figure (5. 3) Ap_ctrl_chain protocol between multiple IP cores [206] 

The Vivado HLS tool is used with the same aforementioned steps to create 

IP cores with clock period =10 ns. Config compile and config RTL are utilized 

in their solution settings to vary the default behavior of Vivado HLS synthesis.  

Accordingly, the generated IPs can be described as follows: 

 

 Start IP: This is designed to control the starting operation of the chaining IP 

cores, as illustrated in Fig. (5.4). As depicted in this fig., the ap_vld port 

interface protocol was applied to the binary sw_wire argument of the IP to 

get a wire protocol that provides two signals. The first is the data port and 

the other is a valid signal that shows that the output data is valid. The first 

signal is provided to the next IP core (Rand IP) in the chain to start it while 

the second signal is applied to a binary counter to count the runs number 

that is required to detect the PU signal for a specific sensing time. Also, 

s_axilite protocol is applied as a block interface protocol to simply pass the 

control signal from the processor through AXI interconnect to this IP core 

to manage its process. Table (5.3) displays the Vivado HLS estimated 

resource utilization on FPGA fabric of the Zedboard at a clock period=10 

ns. 

 

       Figure (5. 4) Start packaged IP 

downstream upstream The direction of data flow 

If not ready, stall  

previous block 

If not ready, stall  

previous block 

Table 5. 3 Resource utilization of Start IP 
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Rand IP 

 Rand IP: This is the first IP core in the chain. Ap_ctrl_chain protocol is 

applied to it as a block-level interface protocol. Fig. (5.5) illustrates that this 

IP has two output ports, and one input port and table (5.4) indicates the 

estimated utilized resources to produce this IP according to the Vivado HLS 

report. It creates two independent uniform distributed floating-point random 

numbers (rand1, rand2) that are interfaced to two BRAM blocks using the 

BRAM interface. It has one input unsigned integer value (seed), which is 

provided to it from FPGA.  A 32-bit linear feedback shift register (LFSR) 

was used to generate pseudo-random values due to its simplicity in 

implementation. This LFSR is initialized with seed value to generate rand1 

and rand2. Its intermediate values are binary numbers, and its output 

converted to an unsigned integer to utilize it as a seed value to the second 

random number. Admittedly, LFSR consists of two portions: a shift register 

and a feedback function, which is a deterministic function, and also highly 

depends on the seed value. Thus, changing the seed value leads to a change 

in the whole output sequence of the LFSR. The generated pseudo-random 

numbers are converted to floating-point uniform random numbers in the 

range (0,1) by firstly converting the unsigned integer output of the LFSP to 

a floating-point using a convertor module and then dividing it 232 to obtain 

floating-point uniform random numbers. A pipeline directive is applied for 

a loop that is utilized to generate the required values of uniform random 

numbers urand1 and urand2 to perform one local decision. Also, the 

achieved II=2 was obtained. This directive leads to a decrease in the overall 

latency of the design. A resource directive is also applied to reduce the 

number of utilized DSP slices without affecting the achieved latency. These 

numbers are supplied to the next IP through BRAM memory using BRAM 

interface protocol. 

 

    Figure (5. 5) Rand packaged IP 
 

 

Table 5. 4 Resource utilization of Rand IP 
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BM IP 

 Box-Muller (BM IP): This IP core generates a floating-point zero mean unit 

variance GR process based on the Box-Muller method from the generated 

uniform random numbers urand1 and urand2, which were provided to it 

from Rand IP through BRMA blocks that were interfaced using a BRAM 

interface. A hls::cosf () function is one of the operations utilized in 

designing BM IP. An arbitrary precision fixed-point type was used with the 

input and output for this function to minimize the IP estimated clock period 

that exceeded the target clock period when applying floating-point to this 

function, because Vivado HLS considered hls::cosf () function as sub-IP 

core inside BM IP core with ap_ctrl_hs block interface protocol. Next, the 

output of the cos function was converted to a floating-point using a 

convertor module inside Vivado HLS. Then, a pipeline directive is applied 

to get II = 1; this means one GR number is produced on each clock cycle. 

After that, the resource directive is used to achieve a balance between the 

utilized resources and latency. The randn output port is interfaced with the 

BRAM block via the BRAM interface to store the generated GR numbers 

to provide it to the next IP core. Fig. (5.6), and table (5.5) show the packaged 

IP and the resource utilization for this IP on FPGA fabric of the Zedboard, 

respectively.  

 

 

 
            Figure (5. 6) BM packaged IP   

 Energy detector (ED IP): This IP core describes the process of a floating-

point energy detector with a complex baseband signal. The same 

assumptions as in the previous chapter regarding the PU, SU, and the 

sensing channel are also applied here. Although Vivado HLS supports 

different operations on complex numbers, some techniques are used to 

compute the pow () function for the complex values and calculate the log () 

function for the negative values. A pipeline directive was applied to obtain 

ideal II=1 for this IP core, but II=5 was established because several normal 

and complex multiplication operations require several reading and writing 

Table 5. 5 Resource utilization of BM IP 



5 Methodology and Design on FPGA 
 

106 
 

operations in the same loop iteration, and this means that there is a resource 

constraint. Also, the referenced functions were carried out with several DSP 

cores that are not able to consent to a new input every cycle. A manual 

modification in C++ code was achieved by utilizing multiplication 

operations instead of the division process when there is a division by a 

constant to reduce the latency, and an, s_axilite protocol was applied to an 

input port of the ED IP to provide it with data from the Zynq processing 

system. This data consists of observation samples N, threshold 𝜆, and the 

distance among each sensor node and the PU (𝑑𝑝𝑖). Furthermore, the ap_vld 

protocol was applied to L_dec to supply the output data to the next IP core 

in the chain. This data was obtained by calculating the energy of the RPUS 

and then comparing it with 𝜆. Once the comparison was attained, a decision 

is achieved regarding the availability of the PU in the observed samples. To 

control and reduce the utilized resource, a resource directive was applied to 

different variables in this IP core. Fig. (5.7), and table (5.6) show the 

packaged ED IP for the baseband energy detector of the sensor node and the 

Vivado HLS estimated resource utilization to create it on FPGA fabric of 

the Zedboard at a clock period =10 ns, respectively.                     

 

   Figure (5. 7) Energy detector packaged IP 

 Accumulated IP (ACC IP): This IP is the final IP core in the chain, and it is 

shown in Fig. (5.8). Table (5.7) illustrates the Vivado HLS estimated 

resource utilization to perform it on FPGA fabric of the Zedboard at clock 

period=10ns. ACC IP gathers the integer values of the local decision for 

each run from the ED IP to obtain the final local decision. It has one input 

port, one output port, both of which are integers. An ap_none port protocol 

is applied to L_dec, and an ap_vld port protocol is used for F_dec. The data 

port of the ap_vld protocol is exerted to the final IP core in this approach to 

indicate that the local sensing stage for this sensor node is complete. 

 

     ED IP 

Table 5. 6 Resource utilization of ED IP 

 



5 Methodology and Design on FPGA 
 

107 
 

  

 End IP: This IP is the last in this approach. It has one output port and two 

input ports. The first input port is integer data that is interfaced by an 

ap_none protocol to represent the accumulated result of the ACC-IP 

(F_dec), while the other is a binary control signal connected to the threshold 

of the binary counter to compare it with the final count indicating the 

number of runs. The output port is Ρ𝑑, which represents the probability 

detection of this sensor node. The obtained Ρ𝑑 value is a floating-point value 

obtained by dividing the F_dec by the total runs because it is calculated 

utilizing statistics. Then, this Ρ𝑑 will be sent to the FC through a reporting 

channel. Since we assumed that the reporting channels do not affect the Ρ𝑑s 

values (FPL model), the received Ρ𝑑 is the same as the transmitted Ρ𝑑value. 

Fig. (5.9), and table (5.8) show the packaged IP of End IP and the Vivado 

HLS estimated resource utilization on FPGA fabric of the Zedboard, 

respectively.   

 

 
 
 
 
 
 
 

 

The third phase of the centralized CSS is described by sending all Pds from 

the cooperated sensor nodes to the FC to construct the ending decision about 

the PU signal. As in the previous approach, a Gigabit Ethernet controller is used 

with an Ethernet cable to connect the FC board with the sensor nodes board to 

transfer the reporting results. The OR rule is used to decide on the availability 

of the PU signal.  

 

ACC IP 

End IP 

Figure (5. 8) Accumulated packaged IP 

Figure (5. 9) End Packaged IP 

Table 5. 7 Resource utilization of ACC IP 

Table 5. 8 Resource utilization of End IP 
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5.3 FPGA-based EESS Algorithm using Convex 

Optimization 

As stated previously, the SS problem for the CSS in CRSN is an NP-

complete problem that requires high computational complexity, as described in 

eq. (2.17). However, an assumption was made to convert it to a convex 

optimization problem in order to simplify solving it, as depicted in eq. (4.3). 

Another assumption was also made to easily solve it by using an iterative 

bisection method; however, this requires a long execution time. Thus, to 

accelerate this algorithm in FPGA, Vivado HLS was used to create a floating-

point EESSC IP core as a hardware accelerator by exploiting the parallelism of 

this algorithm to obtain high performance. As stated previously in chapter four, 

the EESSC algorithm has two parallel tasks: finding the optimum sensor nodes 

and computing the minimum energy. The design space of this IP was frequently 

explored by implementing different directives to obtain a design with minimum 

latency and reasonably utilized resources. Fig. (5.10) illustrates the packaged 

EESSC IP core, and table (5.9) shows the estimated resources utilization for 

Vivado HLS to generate this IP on the FPGA fabric of the Zedboard at clock 

period =10 ns.  

 
 
 
 
 

 

 

 

 

Before starting the first task, the maximum number of cognitive sensor nodes 

is computed based on the 𝑃𝑓. Then the first task in designing and performing 

the accelerator of EESSC IP is achieved in three stages. The first was performed 

by calculating the cost function according to eq. (4.5), and the energy 

consumption for each node. A pipeline directive was applied at this stage, and 

a perfect II was obtained. The second stage was performed by sorting the 

calculated sensor nodes data according to the costs in ascending order using the 

"even-odd transition" sorting method. The sorter is designed as a function 

inside the C++ code. In the synthesis operation, Vivado HLS has automatically 

Figure (5. 10) EESSC packaged IP Table 5. 9 Resource utilization of EESSC IP 
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compiled this function to an IP core inside EESSC IP core with ap_ctrl_hs 

block-level protocol. All the computations for this IP were performed in 

floating-point units, but one integer unit was utilized inside the IP. However, a 

conversation unit is used to convert it to a floating-point value. A pipeline 

directive was also applied to the sorter IP to make it more powerful. In the last 

stage, a selection operation was carried out based on the 𝑃𝑑s corresponding to 

the minimum costs to select the optimum sensor nodes until Qd > β constraint 

was fulfilled and optimum 𝜂 was obtained. In addition, a pipeline directive was 

applied in this stage, and II = 4 attained due to resource constraints.  

The second parallel task in designing this IP was accomplished by 

calculating the minimum consumed energy for the whole network, which is 

equivalent to the energy consumed by the optimum sensor nodes, which 

corresponded to 𝜂 𝑜𝑝𝑡𝑖𝑚𝑎𝑙.  

Some manual modifications were also achieved on the C++ code to make 

the computation more useful for carrying out in FPGA. Further, a resource 

directive was applied to reduce the number of DSP slices utilized in 

constructing this IP, without affecting the overall latency. Moreover, a merged 

s_axilite block-level protocol was applied to control and provide this IP with 

the required inputs from the ARM processor through AXI interconnect. These 

inputs include the distance between each node and FC (𝑑𝑖), and the probability 

detection of each sensor node 𝑃𝑑𝑖 . Additionally, the output of this IP is obtained 

in the UART terminal.   

5.4 FPGA-based EESS Algorithm using Adaptive Genetic 

Algorithm (AGA) 

Once the centralized CSS tasks were performed and the 𝑃𝑑s reported to the 

FC, AGA was performed to select the optimum sensor nodes that achieve 

efficient energy in CRSN. Nevertheless, the SS problem is NP-complete, which 

requires high computational complexity and a long time to achieve. Thus, 

designing a hardware accelerator is necessary to quicken such a time-

consuming problem, which was referred to as EESSG, on the FPGA fabric of 

the Zynq SoC. This section presents the design of this population-based 

algorithm as an IP core in detail. Eq. (4.8) is the objective function utilized to 

evaluate the individuals. By leveraging from the parallel study that was 

depicted in the previous chapter, designing a high-performance EESSG IP core 
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at clock period =10 ns using Vivado HLS is achieved in two main phases, as 

follows:  

The first phase started after the initialization operation that was executed by 

defining the AGA algorithm and the CRSN parameters. In this phase, an initial 

binary population was randomly created using 32-bit LFSR (explained 

previously), which is defined as a function inside the C++ code and utilized to 

generate the required random numbers to perform the AGA algorithm. Then, 

each individual (which represents a candidate solution for the SS problem) was 

evaluated using the objective function. After that, the sort function is used to 

sort the individuals' fitness values in ascending order using the "even-odd 

transition" method. All the computations are achieved using floating-point 

units, but sometimes integer units should be utilized in performing such 

computation, then a conversion unit automatically generated to return it to a 

floating-point. Performing this phase in a high-performance IP core is achieved 

by applying pipeline directives for the loops; the outcome was that a perfect II 

was obtained.  

The sort function and the objective function were automatically constructed 

as IP cores instances inside the main IP with ap_ctrl_hs block-level protocol. 

These instances are optimized by applying pipeline and unroll directives. The 

achieved II is 4 for the objective function due to resource dependence 

performed by the add and multiplication operations that were highly dependent 

on the complexity of this function, and a perfect II for the sorter IP. Therefore, 

they were efficiently utilized in parallel whenever they were needed. A merged 

s_axilite block-level protocol was also applied to provide EESSG IP with 

sensor node parameters - K, 𝑃𝑑𝑖, 𝑃𝑓𝑖 , 𝑑𝑖 - and to control it from the ARM 

processor. A resource directive was utilized to reduce the number of DSP48 

cores that constructed the micro-architecture of the EESSG IP without affecting 

the overall latency. Fig. (5.11) shows this packaged IP, and table (5.10) presents 

the Vivado hls estimated resources utilization to create such an IP on the FPGA 

fabric of the ZedBoard at clock period=10ns. 
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The second phase states the teration process in which the initial population 

was updated until a predefined max_iter is satisfied, and the best solution is 

fulfilled. The iteration loop cannot be parallelized due to the feedback data 

dependency. In each iteration, three essential operations (the selection, 

crossover, and mutation operations previously stated in chapter four) are 

carried out in parallel, and each operation was performed in a pipelined 

structure using a pipeline directive. An array partition directive is applied to the 

population array to reduce the overall latency by increasing the read and write 

ports. For the selection operation, the roulette wheel method is performed with 

pipelined loops to select parents based on the selection probabilities, which are 

dependent on the fitness value of each individual. Some of this operation’s 

pipelined loops have II = 5 due to the dependency through the floating-point 

adder operation. To overcome this problem, the sum operation was performed 

as a function inside the main IP core using a cumulative sum algorithm in 

parallel. This function was automatically modeled as a sub IP core inside the 

main IP core with ap_ctrl_hs block-level protocol. All the loops of this IP are 

completely unrolled. As a result, the latency of the whole algorithm was highly 

reduced. The other pipelined loops are the selected parent indices loops, they 

have II =2 due to the resource constraint. The second operation is the uniform 

crossover operation that was achieved between the selected parents to generate 

new offspring. The II for its pipelined loop is 2 since it cannot satisfy the 

resource constraint for a fmul-type operation. At the same time, the mutation 

operation was performed randomly for some individuals to create modified 

individuals to be better than before the mutation operation. A pipeline directive 

was applied to perform this, and the resulted II was perfect.  

Once these operations were completed, the objective function IP was called 

to evaluate the new individuals and store their fitness values in memory one 

after the other to construct a merged population that also contained the initial 

Figure (5. 11) Packaged IP of EESSG Table 5. 10 Resource utilization of EESSG IP 
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Figure (5. 12) packaged IP of EESSP Table 5. 11 Resource utilization of EESSP IP 

population. Next, the fitness value of the merged population was sorted in 

ascending order by calling the sorter IP. After that, the best one and the worst 

one from this sorted population were selected to be stored in a memory to utilize 

in the next iteration. Once the iteration process was complete, the overall 

algorithm was terminated, and the best individual obtained. The best individual 

describes the optimum sensor node(s) that cooperate to achieve 𝑄𝑑 > 𝛽 with 

minimum consumed energy in the CRSN.  

5.5 FPGA-based EESS Algorithm using PSO Algorithm 

This section presents the design process for a hardware accelerator for one 

of the most widespread SI algorithms, the PSO algorithm.  Basing on a random 

binary search space, it is utilized in FC to solve the SS problem (characterized 

by its computational complexity and depicted by eq. (4.7)) to obtain the optimal 

sensor nodes which can achieve CSS with minimum consumed energy. The 

complexity of implementing the PSO algorithm in hardware is highly 

dependent on the objective function. Eq. (4.8) is the objective function utilized 

to evaluate the particles in the swarm. Vivado HLS is used to carry out this 

accelerator as an IP core in FPGA fabric of the Zynq SoC system by benefiting 

from the parallel study of the algorithm behavior that was performed in sec. 

(4.5) to get high performance. 

 

 

 

  
 
 
 

 

Fig. (5.12) shows the packaged EESSP IP core. Table (5.11) illustrates the 

Vivado hls estimated resource utilization on the FPGA fabric of the ZedBoard 

at clock period =10 ns. Thus, the design of a floating-point EESSP micro-

architecture can be described in two phases as follows: 

The first phase in designing this architecture was achieved by randomly 

generating the positions of all particles in the binary search space so that each 

particle has described the sensor nodes case if they participated in the CSS 

technique or were switched off. Also, 𝑙𝑏𝑒𝑠𝑡, 𝑃𝑏𝑒𝑠𝑡, velocity, 𝐺𝑏𝑒𝑠𝑡, and 

𝑔𝑏𝑒𝑠𝑡 were initialized by zero or high value, as previously shown, to provide 
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them to the next phase. By using a 32-bit LFSR, these random positions are 

generated in the pipeline structure by applying the pipeline directive to the inner 

loop of the nested loops and obtaining II=1. This LFSR generated all the 

required random numbers in the entire design. Flattening of some nest loops 

was also achieved by modifying the C++ code to make it more suitable. 

Between the two phases, the updated w parameter is computed according to 

eq.  (2.27) for all the iterations and stored in memory as an array. Then it is 

wholly partitioned to reduce the overall latency and get a more effective 

pipeline structure for this IP. 

The second phase is started before the first phase is finished. This phase can 

be described by iteratively updating the initial swarm until the best particle is 

obtained. In each iteration, two major stages were performed in parallel, as 

follows:  

The first stage consists of an evaluation unit, a local best detection unit, and 

a global best detection unit. For the evaluation unit, each particle is evaluated 

using the objective function to obtain the fitness value for the current position. 

A pipeline directive was applied to this function, and the obtained II was 4 due 

to resource constraints for the fmul and fadd. To achieve perfect II, the 

objective function IP was designed to include two functions. These are 

automatically converted to two sub IP cores inside the main IP. The first is 

performed to achieve the cumulative product operation in parallel. The other IP 

is carried out to accomplish the cumulative sum in parallel. These two IP cores 

are interfaced to the objective function IP core using an ap_ctrl_hs block-level 

protocol. In addition, unroll, partial unroll and array portioning directives were 

applied inside the evaluation unit. Thus, the overall latency was reduced. Once 

the fitness value was calculated, a local best detection unit started by comparing 

the Pbest of each particle with the obtained fitness value using a comparator 

core. If this value was less than the historical fitness value, Pbest was updated, 

and 𝑙𝑏𝑒𝑠𝑡 was renewed and stored; if not, the previous values were kept. At the 

same time, a comparison was performed in a global best detection unit between 

the obtained fitness value of each particle and the Gbest of the swarm, to update 

the latter and the gbest if it was less than the Gbest.  

The second stage starts with the updating of the velocity and the position of 

each particle. Multiplication cores that are needed in eq. (2.25) are reduced by 

calculating 𝑟1and 𝑟2 in [0, 𝑐1] and [0, 𝑐2] range respectively, instead of [0,1] 
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Table 5. 12 Resource utilization of EESSB IP 

 

range [186]. To update the positions of the particles in binary space, a V-shaped 

family transfer function was utilized instead of eq. (2.28) by converting the 

velocity value to a probability in the interval [0,1]. To calculate the transfer 

function, the expf () function was utilized as a general function to calculate tanh 

() function because Vivado HLS does not support it. Finally, if the maximum 

iteration is reached, the best individual is obtained.  

Modifications were also performed in the C++ code to make it suitable for 

implementing on the FPGA. Further, this resulted in reducing the utilized 

resources. A pipeline directive is applied to each loop in these phases, and a 

perfect II is achieved. Since the complexity of implementing the PSO algorithm 

is highly dependent on the design of the objective function, some calculations 

within it are achieved using an unsigned integer data type instead of a floating-

point data type to reduce the complexity of implementing this algorithm, as 

well as the latency. A merged s_axilite block-level protocol is applied to 

provide EESSP IP with the required inputs for sensor nodes parameters and 

control it via the ARM processor on the Zynq SoC. 

5.6 FPGA-based EESS Algorithm using ABC Algorithm 

This section introduces the design and execution of a hardware accelerator 

for a floating-point parallel ABC algorithm to speed up the solving of the SS 

problem, which was described by eq. (4.7). The Vivado HLS tool is used to 

design the IP core of this algorithm on the FPGA fabric with a clock period =10 

ns. The design is based on the parallel analysis of the algorithm behavior that 

was explained in sec. (4.6) to obtain an IP with high attainment. Fig (5.13) 

shows the packaged EESSB IP core. Table (5.12) presents the Vivado HLS 

estimated resource utilization of this IP on FPGA fabric of the Zedboard. 

  

 

 

 

 

 

  

 

 

 

The proposed architecture can be defined in two phases as follows: 

Figure (5. 13) EESSB packaged IP 
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The first phase: Before starting this phase, an initialization process is 

performed by setting ABC algorithm control parameters and the Best_qulity to 

very high values. Then the phase starts by generating the first food sources 

(candidate solutions), which are randomly located in D positions (D = K) in 

binary search space using a 32-bit unsigned integer LFSR generator with 

Bernoulli process. A convertor module is also used to convert the unsigned 

integer values to floating-point values. Next, the original food sources are 

evaluated by using eq. (4.8) as an objective function IP. It was automatically 

generated as a sub IP core instance inside the EESSB IP with ap_ctrl_hs block-

level protocol. The obtained IP of the objective function was improved to get 

less latency by applying different directives, modifying the C++ code, and 

constructing two different functions inside this IP. One of them is the 

cumulative sum and the other is the cumulative product. These functions are 

automatically converted to sub IPs inside the main IP. Afterwards, the quality 

of each initial food source is compared with the initial Best_qulity to obtain the 

best initial food source. The nested loops cannot be flattened because some of 

them have more sub-loop, and others have nontrivial logic before entering the 

inner loop. A pipeline directive is applied to these inner loops, and perfect II is 

obtained.   

The second phase: This is described by subjecting the original food sources 

to several iterations to achieve the optimum one until a predefined condition is 

satisfied. Each iteration consists of three main stages: employed bees stage, 

onlooker bees stage, and scout bees stage. These stages are performed in 

parallel except when there is a dependency between them.  

In the employed bees stage, a new food source was located near its original 

food source by each employed bee, according to eq. (2.30). To obtain the 

position of the new food source, a random selection operation is performed to 

select another food source position to show the difference between it and the 

current position. The quality of each new food source is computed after locating 

it using the objective function IP. Then, the quality of each new food source is 

compared with the quality of the old one. If the quality was improved, the 

employed bees replaced the old with the new in RAM; otherwise, the old is 

kept and the trail counter incremented by one. Pipeline directives are applied 

in this stage, and perfect II are obtained. Lastly, the information regarding food 

sources is shared with the onlooker bees. 
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The onlooker bee stage starts by performing a roulette wheel selection and 

random selection operations to choose two different food source positions to 

locate a new one for each onlooker bee. According to eq. (2.29), the selection 

probability is calculated basing on the received information from the employed 

bee phase. Pipeline directives are applied to calculate this probability, and the 

obtained IIs are 5 due to the sum operations. In order to obtain perfect IIs, a 

cumulative sum was achieved in parallel as a function that is automatically 

converted to a sub IP inside the main IP. Then the selection is performed, with 

unroll directive to completely unroll the loop, using a roulette wheel based on 

the calculated probability. Next, the random selection operation is carried out 

in perfect II. Once the two selection operations are complete, the new food 

source positions are located near these selected food source positions, 

according to eq. (2.30) which was also utilized in the employed bee phase. 

Then, each obtained food source is evaluated by calling an instance of the 

objective function. If its quality was below that of the roulette wheel selected 

food source, the onlooker bee substituted it with the new one in RAM; 

otherwise, it is kept, and the trail counter incremented by one.  

The scout bee stage starts if the trail counter of a specific food source for the 

employed bee or onlooker bees was higher than L. A new food source is 

randomly produced to substitute the rejected food source. Then, the counter is 

reset, and the scout bee status became employed bee. After that, the best 

solution is updated and stored at the end of each iteration with II=1. Finally, 

the algorithm is terminated, and the optimum solution is obtained when the 

maximum iteration is reached. This solution describes the optimum sensor 

node(s) for the CSS with efficient energy in CRSN. 
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(CPU+GPU) System 

+ 

Zedboard platform 

Chapter 6 

Hardware Implementation and Results 
 

6.1 Introduction 

In this chapter, the specifications of the utilized devices will be introduced. 

Then, the performance metrics to evaluate and compare the implemented 

designs' performance on heterogeneous architectures will be presented. Next, 

we will explain the settings of the parameters for all the experiments, followed 

by a demonstration of the implementation and evaluation of the centralized 

CSS and the EESS algorithm on heterogeneous systems. Finally, we show the 

evaluation and the comparison for the entire system.  

 

6.2 Evaluation Platforms (Devices) 

 

  

 

 

 

 

 

 

 

 

 

Two targeted platforms, the (CPU+GPU) and Zynq SoC (Zedboard) 

platforms, (illustrated in Fig. (6.1)) are used to carry out and assess the 

performance of the centralized CSS and the EESS algorithm with several 

optimization methods on hardware. For the GPU platform, the NVIDIA 

GeForce GTX1050Ti consists of 768 CUDA cores with a clock frequency of 

1.4GHz, and the manufacturing process is 14 nm and 4GB of 128bit GDDR5 

memory. NVIDIA Nsight Eclipse edition is used to execute OpenCL 1.2. The 

host PC is Intel Core i7, which has eight cores with a clock rate of 3.4GHz. 

Figure (6. 1) Heterogeneous systems with GPU and FPGA 
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Ubuntu 18.04.4 on the GPU device is utilized. For the second platform, the 

Zedboard platform with manufacturing process (MP) 28 nm is the targeted 

development board. This platform includes Zynq-7000 SoC which consists of 

a processing system (PS) that has a dual-core ARM Cortex-A9 CPU clocked at 

666.66MHz and programming logic (PL) for FPGA logic fabric clocked at 100 

MHz. Moreover, the Zynq device is interfaced with a 256 Mbit flash memory 

and 512 MB DDR3 memory. Moreover, the Zedboard has some peripheral 

interfaces including (USB-UART, USB-JTAG, Pmod interfaces, SD card, 

Ethernet, etc.). 

A local area network (LAN) is formed by linking two switches, Ethernet 

cables, and several Zedboards to transmit and receive signals as well as 

transferring data based on an Ethernet protocol. In addition, a JTAG cable is 

used to program the Zedboard and a USB-UART cable to connect the host PC 

with it through a serial terminal. Furthermore, several SD cards contain files to 

program the Zedboards. For the Zynq SoC hardware development, the Xilinx 

Vivado design suite 16.2 tool is used to produce the bitstream to configure the 

FPGA fabric. However, for the Zynq SoC software development, the SDK is 

deployed to compile and run an executable program. In terms of software 

implementation, the Intel CPU corei5(i5-4590T) contains four cores with a 

clock frequency of 2GHz and 22 nm for the MP. It is used for comparison. 

 
Table 6. 1 Targeted devices and their characterization 

 

6.3 Performance Metric 

Choosing the right metrics is fundamental for evaluating and quickly 

comparing the implemented centralized CSS and EESS algorithms' 

performance with different optimization methods on heterogeneous 

architecture, whether with GPU or Zynq SoC. Four metrics are utilized in this 

chapter, as follows: 

Device Frequency (MHz) MP (nm) Release year 

Zedboard 
666.667 (ARM) 

28 2011 
100 (FPGA) 

CPU (intel core i73770) 

GPU (GTX 1050 TI) 

3400 22 2012 

1500 14 2016 

CPU (intel corei5-4590T) 2000 22 2014 
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 Run time: This represents the elapsed time for executing an application 

on GPU or Zynq SoC. It includes the time required to transfer the data 

inside the heterogeneous architecture.   

 Min_energy value: This indicates the minimum energy obtained from 

the EESS algorithm. It is utilized to compare the results obtained from 

the different optimization methods when the optimal sensor nodes are 

fulfilled.  

 Power consumption: This represents the power consumed during the 

processing operation on the targeted platforms. It includes two parts: 

static and dynamic power.  

 Speedup: This describes how fast the parallel implementation of an 

algorithm on a hardware accelerator is, rather than sequential execution 

on  

 CPU. It is computed from the ratio of the time spent in CPU, to execute 

pure software, to the time elapsed in the aimed devices.  

 

6.4 Experimental Setup 

Details of the targeted platforms were specified in Section 6.2. All the 

implementations are achieved for the following assumption to perform a 

general comparison criterion: a CRSN includes 50 sensor nodes and one PU. 

These sensor nodes have been uniformly distributed in a square field with a 

length of 100m. The FC is also placed at the center of this field. Moreover, the 

PU was to the left of it at a distance of 1000m. The Baseband energy detector 

algorithm was used to perform the spectrum sensing operation at each sensor 

node. It senses a PU signal assumed as a GR process with two diverse 

observation samples (N=7 and N=14). Besides, Ρ𝑓 = 0.1 was applied. 

Moreover, the results of the sensing operation were averaged for 1000 distinct 

observations. The sensing channel model is based on the channel described in 

chapter two. The reporting channel model is an FPL model that is highly 

dependent on the distance between the transmitter and the receiver. 

Furthermore, a reference data from the Matlab program is applied to study 

the EESS algorithm's performance with different optimization methods on 

Zynq SoC and GPU before connecting it to construct the whole system, which 

consists of the cooperating sensor nodes with the FC to achieve the centralized 

CSS. For the comparison, two types of CPU are utilized to achieve all pure 

software applications, and were considered baselines. The first is intel core i5 
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(i5-4590T), and the other is the ARM Cortex-A9 CPU in Zedboard (ARM). 

OpenCL profiling events are utilized to obtain the time elapsed to execute the 

kernel and convey the data between the host and the GPU. For power 

consumption, the Nvidia-SMI tool is used to measure the power consumption 

on GPU. The Turbostat tool under Linux is utilized to measure the power 

consumption on the host. For Zedboard applications, the power consumption 

of PS and the power consumption of PL were obtained from running the Vivado 

Report Power with a specific environmental and switching settings (e.g., output 

load=9pF, ambient temperature=25 ºC, toggle rate=12.5, static 

probability=0.5) [204]. Furthermore, the comparison of the applications is 

usually based on averaging the obtained results through several achievements. 

6.5 Implementation of the Centralized CSS on 

Heterogeneous Systems 
 

6.5.1 GPU Implementation 

The centralized CSS is implemented on GPU using OpenCL with three 

kernels enqueued in one command queue. For the first kernel, the generation 

of floating-point GR values using the Box-Muller method is achieved by setting 

the global NDRange = N*4*50*1000 and the local NDRange = Null to make 

the OpenCL efficiently distributed the work items in workgroups. Accordingly, 

the resulting workgroups are 6000 if N=7, and 11200 if N=14. Furthermore, it 

is fundamental to mention that the seed value has been changed inside the 

kernel based on the local ID and workgroup ID to guarantee randomness in all 

the workgroups (50 sensor nodes), because it profoundly influences the Pds’ 

values. Then, the second kernel is performed by 50 workgroups where each one 

contained 1000 workitems. Thus, approximately 32 warps are utilized. This 

kernel performed the local sensing stage for 50 sensor nodes. Each sensor node 

achieved the local sensing operation using the complex based band energy 

detector for 1000 runs in one workgroup. Then, the third kernel is also done by 

50 workgroups, each of which included 1024 workitems to perform the 

reduction operation simply. Thus, 32 warps were precisely utilized. Finally, the 

Pds of all sensor nodes are produced. These can be saved in global memory to 

be sent them to the next kernel to be exploited when executing the EESS 

algorithm, or transferred to the host.  
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6.5.2 Zynq SoC Implementation 

To implement the centralized CSS of 50 sensor nodes with FC on the Zynq 

SoC platform, eleven boards are used due to the restrictions in the resources of 

the PL in the Zedboard especially for DSP. This fact appears in the utilized 

resources tables, specifically for the HW design. The result is that ten boards 

are required to implement the 50 sensor nodes and one for the FC. Concerning 

the sensor nodes board, each one contains five sensor nodes only. Once the 

generated IP cores are exported from the Vivado HLS tool to the IP catalog, 

they are added to the Vivado IP integrator by identifying the path location of 

the designed IP in the IP repository list. Next, a block design is generated, and 

the IP cores and the Zynq processing system are added to it. Afterward, the PS 

is configured to communicate with external peripherals through multiplexed 

input/output (MIO). Its job is to multiplex access from the peripheral to the PS 

pins. In our work, some of them like (secure digital) SD, ENET 0, and 

(peripheral module) Pmod are utilized in sensor nodes boards, and UART and 

ENET 0 are used for the FC board. 

For the SD interface, the PS is interfaced with the SD card by selecting the 

MIO pins (40 ... 45) to automatically boot the sensor nodes boards when it is 

switched on. In addition, the first Gigabit Ethernet controller (ENET 0) is 

enabled by checking MIO pins (16 …27) and MIO pins (52 and 53). It supports 

the IEEE 802.3 standard used to transfer the data as frames between the 

Zedboards via a wired Ethernet connection. According to this standard, it is 

usually performed within two layers of the open system interconnection (OSI) 

model: the MAC layer is implemented as a hard in the PS and the physical layer 

(PHY) known as Marvell 88E1518 is supplied by a chip external to the PS. The 

reduced Gigabit media independent interface (RGMII) specified by MIO pins 

(16 …27) performed the communication between the MAC and the PHY 

layers. Another interface is also needed to manage the configuration of the PHY 

layer known as management data input/output (MDIO) represented by the two 

pins 52 and 53. There is an MDIO interface clock named management data 

clock (MDC) which is only active during the MDIO read or write operations. 

The Pmod interface is utilized to connect a 7-segment-led display to the 

Zedboard using a 12-pin interface version. After that, all the HLS IP cores and 



6 Hardware Implementation and Result 

 

122 
 

Figure (6. 2) HW design approach for five sensor nodes on one Zedboard 

 

other required IP are included in the block design and connected automatically 

or manually in Vivado IDE. 

Fig. (6.2) and Fig. (6.3) illustrate the block design of the proposed two 

approaches (HW/SW codesign and HW design), respectively. 

 
Figure (6. 3) HW/SW codesign approach for five sensor nodes on one Zedboard 
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Once a constraint file is created to set the switches and the Pmod JA locations 

and voltages, an HDL wrapper is produced to achieve a higher-level 

instantiation of the block design to produce a top-level HDL file for the IP 

integrator subsystem. Then, the design was validated, and the output products 

are generated to enable simulation, synthesis, and implementation tools 

employed to exploit the specific configuration of the IP. Next, synthesis is 

performed to create an optimized gate-level netlist. Subsequently, 

implementation was carried out to map and route the netlist into FPGA 

hardware. Once the implementation was finished, the bitstream was produced 

in a bitstream file (.bit) as data to program the PL. Finally, the generated 

bitstream was exported to the project location.  

Once the Xilinx SDK tool is launched, a system.hdf file is automatically 

imported to implement the user application on the PL. It contains the device 

type, the address map, the current IP blocks, and the configuration file that are 

needed to program the PS. Next, a board support package (BSP) is generated 

to enable the software application to communicate with the specified hardware. 

BSP offers fundamental features such as standard input/output and access to 

processor hardware features, including caches, interrupts, exceptions, and all 

the required IP cores drivers. Then, the application software project is created, 

and the elf file is automatically built. Furthermore, after testing and debugging 

the application, a first stage boot loader (FSBL) application is created and built 

after adding the fat system file to the regenerated BSP. Afterwards, the PL's 

bitstream file, the elf file of the application software, and the elf file of FSBL 

are combined to generate the boot image. Next, two files are obtained: the (.bin) 

file and (.bif) file, are copied and pasted to the SD card.   

This implementation procedure is carried out for the two designed 

approaches that were demonstrated in ch5.   

For the FC board, the FC is individually implemented on one Zedboard. This 

board is connected to the host PC via USB_UART cable. Additionally, a serial 

terminal is connected to the universal asynchronous receiver transmitter 

(UART) on the FC board in the SDK tool to monitor the results obtained. To 

construct the complete system, 2 Ethernet switches are deployed to connect all 

Zedboards via Ethernet cables. A 7-segment display board is also connected to 

each Zedboard through PMOD to indicate the board number based on the 

switches. Furthermore, the general-purpose input/output (GPIO) in PL was 
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added to identify the board number based on the switches as inputs to benefit 

from this in identifying the source and destination in the Ethernet frame.  

Moreover, for the HW design approach, the Rand IP's seed value in all sensor 

nodes boards changes based on the board number controlled by the switch. 

Accordingly, all the Zedboards and Ethernet switches are powered on. Once 

the sensor nodes boards are booted from the SD card, each board's application 

software began to obtain the Pd as a floating-point value for each sensor node. 

Then, each board prepared an Ethernet frame containing the Pd of all the sensor 

nodes with their identification numbers as integer values to transmit them to 

the FC board. In the meantime, the FC board is programmed and runs the 

application software that prepares 10 Ethernet frames to send them one after 

the other to the sensor nodes boards, so that each frame contains a start signal 

for the sensor nodes board based on the Mac destination address controlled by 

the switch value of the AXI gpio. Fig. (6.4) illustrates the connection of the FC 

board, the Sensor nodes boards and the Ethernet switches as a LAN. It also 

Figure (6. 4) The tested centralized CSS when sensor nodes boards wait their Ethernet frames 
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shows the sensor nodes board waiting to receive its Ethernet frame from the FC 

board; this is demonstrated by the led signals.  

Once the sensor nodes boards receive their frames from the FC board, each 

board sends the Pds and identification numbers of five sensor nodes in an 

Ethernet frame. After that, the FC board receives ten Ethernet frames from the 

sensor nodes boards. This is evidenced by the led signals of the FC board and 

the sensor nodes boards, as presented in Fig. (6.5). 

 
 
 

Figure (6. 5) The tested centralized CSS when each sensor nodes board send its Ethernet 

frame to the FC and it receive their Ethernet frames 
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6.6 Evaluating the Performance of the Centralized CSS 

on Heterogeneous Systems 
 

6.6.1 Performance on GPU 

In this section, the performance of the implemented 5 and 50 sensor nodes 

for the centralized CSS technique with different observation samples (N=7 and 

14) on GPU will be analyzed according to the above performance metric. Table 

(6.2) illustrates the run time in milliseconds (ms) that elapsed in the GPU 

(TGPU), including the host time to transfer data, as well as the run time to 

perform this technique on the i5-4590T and ARM. It also shows the power 

consumption in watt (w) when the centralized CSS system is implemented and 

how this is affected by changing the observation samples. According to this 

table, for K=50, there is an increase in the run time for the two different 

observation samples, although the number of workgroups and workgroup size 

utilized for the execution is the same. This is because the time required to 

transfer and process data varies and is dependent on the size of the data at each 

work item. Furthermore, the power consumption for N=7 is higher than for 

N=14. 

Table 6. 2 Performance of centralized CSS on GPU 

Observation 

samples 

Sensor Nodes 

Number 

TGPU (ms) T i5-4590T (ms) TARM (ms) Power(w) 

N=7 
K=5 0.896 16.73 265.83 52.08 

  K=50 2.406 152.52 2648.63 53.90 

N=14 
K=5 1.082 21.76 522.13 51.34 

  K=50 3.980 196.34 5197.58 52.63 

 

6.6.2 Performance on Zynq SoC 

Table (6.3) displays the power consumption and the resource utilization for 

the implemented HW/SW codesign approach on one Zedboard. It comprised 

five sensor nodes IP cores and interrupt IP core and other components, as 

shown in Fig. (6.2) above. As is clear from the table, resource utilization is 

approximately 50% of the LUT and 34% of the DSP. These are the most 

utilized resources. In addition, the consumed power in the platform is 2.36 w, 

resulting from 1.529 w for the ARM processor and 0.831 w for the FPGA 

fabric. 
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Table 6. 3 Power and resource utilization for HW/SW codesign approach on one Zedboard 

Approach %LUT %LUTRAM %FF %BRAM %DSP %IO %BUFG Power(w) 

HW/SW 

codesign 
50.44 4.46 23.40 20.36 34.09 11.50 3.13 2.36 

 

The run time of the centralized CSS on Zynq SoC for the HW/SW codesign 

approach, the core i5-4590T and ARM cortex a9 is illustrated in Table (6.4) for 

5 and 50 nodes with varying N. It demonstrates the results for one Zedboard 

and 10 Zedboard with N=7 and 14. All the results were obtained at a clock rate 

of 100 MHz for the PL side. The run time of one Zedboard (TZ) is calculated 

by combining PL time (TPL), the DMA time (TDMA) used to transfer the burst 

data from DDR to the PL using PSDMA, TPS to transfer the other required data 

from DDR to the PL via AXI interconnection, and the Ethernet time (TEth) to 

transfer the local decisions from the sensor nodes board to the FC board via 

Ethernet switch. Only one buffer descriptor was utilized for the sending and 

receiving operations on the Gigabit Ethernet controller. The following eq. (6.1) 

is used to compute the TZ : 

 

       TZ = TPS + TPL + TDMA + TEth                                 (6.1) 

 

There is a rising run time for the two cases with the same hardware 

architecture on one Zedboard(K=5), because  TDMA and TPL rely on the burst 

size to be transferred and processed which is highly affected by the value of N. 

For 50 sensor nodes, the TEth affects the run time because it increased as the 

number of sensor nodes board connected to the FC board increased. However, 

the effects of TPS and TEth on the run time are less than the effect of  TDMA. 

 

Table 6. 4 Runtime of the centralized CSS for HW/SW codesign approach  

Observation 

samples 

Sensor Nodes 

Number 
TZ (ms) T i5-4590T (ms) TARM (ms) 

N=7 
K=5 6.48 16.73 265.83 

  K=50 7.06 152.52 2648.63 

N=14 
K=5 9.561 21.76 522.13 

  K=50 10.21 196.34 5197.58 
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For the HW design approach, the resource utilization to accomplish five 

sensor nodes on one Zedboard, which encompassed 30 HLS IP cores and other 

components presented above, is summarized in Table (6.5) and demonstrated 

in Fig. (6.3). Thus, resource utilization is almost more than 70 % of the LUT 

and 90% of the DSP resources. The power consumption of the PL side is 

depicted as well.  

Table 6. 5 Power and resource utilization for HW design approach on one Zedboard 

Approach %LUT %LUTRAM %FF %BRAM %DSP %IO %BUFG Power(w) 

HW 

design 
71.32 3.30 31.72 17.86 90.91 11.50 3.13 1.55 

 

Furthermore, the performance of the centralized CSS with N=7 and 14 for 

this approach is demonstrated in Table (6.6) for one Zedboard including five 

sensor nodes and 10 Zedboards to perform 50 sensor nodes. All the outcomes 

were achieved at a clock rate of 100 MHz for the PL.  The run time is calculated 

by collecting the TPL , TARM and TEth, as described by the following eq. (6.2): 

 

          TZ = TPS + TPL + TEth                                     (6.2) 
 

Table 6. 6 Run time of the centralized CSS for HW design approach  

Observation 

samples 

Sensor Nodes 

Number 
TZ (ms) T i5-4590T (ms)  TARM (ms) 

N=7 
K=5 2.37 16.73 265.83 

  K=50 2.95 152.52 2648.63 

N=14 
K=5 2.73 21.76 522.13 

  K=50 3.31 196.34 5197.58 

 

The run time is slowly increased for the two cases (N=7 and 14) since the 

data is generated and processed in the PL side. Thus, the dominant time in 

implementing the HW design approach is TPL. Also, the effect of TEth in 

increasing the run time appeared when the number of sensor nodes boards 

connected to the FC board was increased. The TPS effect is less than the effect 

of TEth. 
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6.7 Performance Comparison of the Centralized CSS on 

Heterogeneous Systems 

Fig (6.6) and Fig. (6.7) show the centralized CSS speedup for N=7 and 14 

for all implementation on different platforms compared to corei5-4590T and 

ARM Cortex A9, respectively. As shown in Fig (6.5), for N=7, the results show 

that the GPU is superior to the Zedboard. GPU achieves a speedup of 63.39x 

while the Zedboard (with two different design approaches) achieves 21.6x and 

51.7x. However, for N=14, the Zedboard (HW design) outperforms the GPU. 

It attains 59.32x, while the GPU indicates 49.33x, because the HW design 

generated and addressed the data in the FPGA fabric. Although the GPU also 

generated the data on it and not on the host, it performed less quickly due to the 

memory hierarchy, as explained before (chapter 4). Thus, the FPGA is 

favorable when the data size is increased due to the flexibility of the design.  

For the second fig, the same results are obtained when comparing the 

hardware implementation with the ARM Cortex A9, but at higher speed 

between (375.16x-1570.27x). Accordingly, there is a remarkable speedup over 

the two baselines. Thus, our design achieves significant speedup. The HW 

design in FPGA fabric is therefore the appropriate design for implementing the 

centralized CSS when the data size is increased. This proved its capability for 

realistic application. 
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Figure (6. 6) Speed up of the centralized CSS compared to CPU (i5-4590T) 
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6.8 Implementation of the EESS Algorithm on 

Heterogeneous Systems 

 

6.8.1 GPU Implementation 

The EESS algorithm is solved using different optimization methods, as 

described in the previous chapters. EESSC and EESSG algorithms are carried 

out on GPU using OpenCL in a one command queue that includes two kernels. 

For the first algorithm, the first kernel was executed by NDRange global = 

Number of iteration × 50, so each workgroup included 50 sensor nodes. At 

each workgroup, the selection operation is performed after sorting the 

cooperated sensor nodes in ascending order based on the cost values obtained 

from the 𝑃𝑑𝑖 , on M sensor nodes; this is to choose the candidates with minimum 

costs. This operation is continued until  Qd > 0.9 constraint is satisfied. The 

second kernel was executed to compute the total consumed energy according 

to the selected sensor nodes that matched the   𝜂𝑜𝑝𝑡𝑖𝑚𝑎𝑙 . As a result, when N=7, 

only three optimum sensor nodes execute spectrum sensing in the CRSN, while 

the other nodes were switched off. Moreover, when N=14, only one sensor 

node performs spectrum sensing, and the others were turned off. Thus, the total 
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energy consumed in the CRSN for spectrum sensing is equal to the energy of 

the optimum sensor node(s). 

For the second algorithm, the following parameters were set: pop_size=32, 

𝑃𝑐 = 0.8, 𝑃𝑚 = 0.3, 𝛽 = 0.9, 𝛼 = 0.1 and K=50 to initialize the algorithm. The 

NDRange global is 32 for the first and the second kernel. Accordingly, the work 

group corresponded to one population. The initial population was generated 

with binary random values in the first kernel, using the MCG generator with 

a=16807 and m=231-1. It was evaluated using the objective function to find the 

fitness values of individuals in the population. After that, the population was 

sorted. For the second kernel, the initial population was iteratively updated to 

obtain the optimum. Selection, crossover, and mutation operations were 

performed at each iteration to construct a merged population that constructed 

the initial population and the population resulting from the crossover and 

mutation operations. Then it was sorted and truncated to get a population with 

32 individuals so that the first one is the best, and the final one is worst. 

Subsequently, the resulting population was kept to be utilized in the next 

iteration. Once the iteration was terminated, the optimum sensor node number 

for N=7 and 14 was the same as for the previous algorithm, but with different 

energy consumption values. This is due to the randomness behavior of the 

algorithm in finding the optimum value.  

The other two algorithms are the EESSP and EESSB algorithms. They were 

executed on GPU by one kernel in one command queue using OpenCL. The 

EESSP algorithm was initialized as follows: pop_size=12, 𝛽 = 0.9, wmax =

0.9, wmin = 0.5 𝛼 = 0.1 and K=50. In addition, the NDRange global for this 

kernel is (12 × K), meaning each work group has 50 work items. The first 

positions for the entire swarm were generated based on the MCG generator that 

was performed with the same setting illustrated above. Then the position of 

each particle was evaluated using the objective function. Next, two 

comparisons were achieved to obtain the local and global best. After that, 

updating operations were achieved for w, velocity and positions, as mentioned 

previously. Finally, the results were obtained after the termination condition 

was met. The results achieved are the same as for the previous algorithms in 

terms of the number of optimum sensor nodes but with different total energy 

consumption. For the EESSB algorithm, it was set as follows:  SN=10, L=4, 

𝛽 = 0.9, 𝛼 = 0.1, and K=50. The NDRange global is 10. The workgroup 

represented one population. It started by randomly generating ten food sources 
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in 50 positions (50 sensor nodes) in binary search space based on the Bernoulli 

process and the MCG generator, which was executed with the same settings as 

previously illustrated. Then, these food sources were evaluated to obtain the 

nectar amount that corresponded to energy consumption. After that, the 

iteration process was achieved to obtain the best solution, with each iteration 

executing three search phases. The outcomes of this algorithm are three 

optimum sensor nodes when N=7 and one sensor node when N=14. Thus, the 

total energy consumption in CRSN is equivalent to the energy consumed by the 

optimum sensor node(s).  

6.8.2 Zynq SoC Implementation 

The same procedure previously mentioned to program the PL with (.bit) file, 

and PS with (.elf) file was followed to implement the EESS algorithm using 

different optimization methods, such as IP cores on the FC board on the Zynq 

SoC platform. A 7-segment led display is also connected to the FC board 

through PMOD to show the board number. The GPIO input switch in PL is 

added to identify this board number and distinguish it from other boards. The 

source and destination mac addresses of Ethernet frames are coordinated based 

on the board's switch. Additionally, the UART 1 is enabled by selecting the 

MIO pins (48 and 49) to monitor the application's debug messages on the PC. 

Once the FPGA is programmed, two applications are executed on the FC board. 

Usually, the algorithm's parameters were set in Zynq SoC similar to that in 

GPU. The first application includes the EESS algorithm implementation with 

the optimization methods without Ethernet configurations. After applying the 

reference data, the EESS algorithm is started to find the optimum sensor 

node(s) according to the type of optimization method utilized and explained 

before. So, for N=7, just three sensor nodes perform the spectrum sensing. In 

contrast, the other application is with Ethernet configurations. It generates ten 

Ethernet frames to send them through the Gigabit switch to all the sensor nodes 

boards. Then, once each sensor nodes board receives an Ethernet frame, it sends 

single Ethernet frame through the same Gigabit switch to the FC board.  

After receiving the Ethernet frames from the sensor nodes boards, the sensor 

nodes' Pds are extracted from the Ethernet frames and saved as an array in the 

DDR memory. This array is then transferred to the EESS algorithm located in 

the FPGA fabric through the AXI interconnect. Next, it starts looking for the 

optimum sensor node(s) according to the type of optimization method. After 
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that, the total consumed energy was realized from the resulted optimum sensor 

node(s). 

Fig. (6.8) illustrates the EESS algorithm with different optimization methods 

on the FC board. According to the PL's available resources, either the two 

algorithms grouped in the above dotted rectangular or these in the below dotted 

rectangular can be implemented on the Zynq SoC. The next section introduces 

the EESS algorithm's performance with different optimization after applying 

the reference data and without an Ethernet connection. 

 

6.9 Evaluate the Performance of the EESS Algorithm on 

Heterogeneous Systems 

 

6.9.1 Performance on GPU 

The EESS algorithm's performance for N=7 and N=14 on GPU is illustrated 

for various optimization methods in table (6.7) and table (6.8), respectively. 

The Min_energy value for each method is demonstrated in Nano joule (nJ). The 

run time for these algorithms only includes the kernel execution time on GPU; 

Figure (6. 8) EESS algorithm for CSS with different optimization methods on FC board 
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the run time for the i5-4590T and ARM are displayed. Furthermore, the power 

consumption on GPU is shown. 

 

Table 6. 7 Performance of different EESS algorithm for N=7 on GPU 

Algorithm Min_energy (nJ) Power (w) TGPU  (ms) Ti5-4590T (ms) TARM (ms) 

EESSC 830 52.81 0.056 0.63 7.51 

EESSG 939 52.51 3.25 4.61 92.22 

EESSP 973 52,12 0.044 0.33 2.60 

EESSB 963 52.84 0.1589 0.237 2.30 

 

Table (6.7) shows that the minimum value of the Min_energy for N=7 is 

obtained from the EESSC algorithm, while other algorithms are nearly the 

same. This is a result of their ability and behavior in finding the optimum value 

and their seed values, which significantly influence them. The EESSB 

algorithm consumes the maximum power on GPU, while the minimum power 

consumed is by the EESSP algorithm. The EESSP algorithm achieves the 

minimum run time on GPU because the EESSP is intrinsically amenable to 

being parallelized, while the maximum run time is obtained from the EESSG 

algorithm. In contrast, for pure software on the two CPUs, the minimum run 

time is achieved using the EESSB algorithm, while the maximum is from the 

EESSG algorithm. 

Table 6. 8 Performance of different EESS algorithms for N=14 on GPU 

Algorithm Min_energy(nJ) Power (w) TGPU  (ms) Ti5-4590T (ms) TARM (ms) 

EESSC 278 52,42 0.053 0.61 6.73 

EESSG 310 52.97 3.28 4.57 90.46 

EESSP 290 51.75 0.041 0.29 2.32 

EESSB 278 53.23 0.1587 0.261 2.296 

 

As presented in table (6.8), the Min_energy value for EESSC and EESSB is 

the same, and is less than the others. However, the largest value is attained from 

the EESSG. The maximum power dissipated is offered by the EESSB while the 

minimum is from the EESSP. The minimum run time is obtained from the 

EESSP algorithm while the maximum is from the EESSG. Moreover, the run 

time on the two CPUs is almost the same as for N=7.  
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6.9.2 Performance on Zynq SoC 

Table (6.9) displays the power consumption and the resource utilization 

results for the EESS algorithm with different optimization methods on the Zynq 

SoC. The results indicate an increase in the usage of all the resource types 

except LUTRAM. This increase is between (6.07- 44.55) %. The table also 

explains the complexity degree of the algorithm. Power consumption is 

substantially associated with resource utilization on the PL side. The maximum 

power is consumed by the EESSB algorithm, whereas the minimum is used in 

the EESSP algorithm. 

Table 6. 9 Resource utilization and the power consumption of different EESS algorithms on Zynq 

SoC 

Algorithm %LUT %LUTRAM %FF %BRAM %DSP %BUFG Power(w) 

EESSC 14.25 0.9 6.47 13.57 9.55 3.13 0.33 

EESSG 28.89 0.97 10.78 18.21 23.18 3.13 0.61 

EESSP 32.77 1.17 15.81 6.07 30.00 3.13 0.27 

EESSB 34.8 4.72 10.78 12.5 44.55 3.13 0.65 

 

Similarly, the minimum energy and execution time results of the EESS 

algorithm for N=7 and 14 with different optimization methods on Zynq SoC 

are presented in table (6.10) and table (6.11). 

Table 6. 10 Performance of various EESS algorithms for N=7 on Zynq SoC 

Algorithm Min_energy(nJ) TZ (ms) Ti5-4590T (ms) TARM (ms) 

EESSC 842 0.068 0.63 7.51 

EESSG 976 2.83 4.61 92.22 

EESSP 1169 0.0669 0.33 2.60 

EESSB 879 0.266 0.237 2.30 

 

From table (6.10) it is evident that the Min_energy value of the EESSC and 

EESSB algorithms is roughly similar and that the maximum value is produced 

by EESSG. EESSG, EESSP, and EESSB algorithms are all highly dependent 

on the utilized random generator's seed value in finding the optimum. The run 

time of the EESSP algorithm is the shortest compared with the others, while 

the longest is that of the EESSG algorithm. According to table (6.11), the 

minimum value of the Min_energy is obtained from the EESSP algorithm. In 
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contrast, others have the same value. The run time of the EESSC algorithm is 

the lowest whereas the run time of the EESSG algorithm is the highest. 

Table 6. 11Performance of different EESS algorithms for N=14 on Zynq SoC 

Algorithm Min_energy(nJ) TZ (ms) Ti5-4590T (ms) TARM (ms) 

EESSC 278 0.055 0.61 6.73 

EESSG 278 2.64 4.57 90.46 

EESSP 270 0.067 0.29 2.31 

EESSB 278 0.27 0.261 2.296 

 

In the final analysis, it is clear from the Min_energy results of all the 

algorithms that more energy is consumed when (N=7) compared with the other 

case examined (N=14) because more sensor nodes are required to participate 

in the spectrum sensing process to achieve 𝑄𝑑 > 𝛽. However, for N=7, there is 

94% energy saving in the CRSN because three sensor nodes monitor the 

activity of the PU. For N=14, there is 98% energy saving since one sensor node 

perform the spectrum sensing operation. Furthermore, for GPU and FPGA, 

when N=7, the lowest Min_energy value is obtained from the EESSC 

algorithm; similarly, when N=14, the EESSC algorithm has the lowest 

Min_energy value on GPU, yet for FPGA the EESSP is lowest. Thus, this 

confirms the reliability and suitability of the EESS algorithm [3] in finding the 

optimum sensor nodes with minimum energy consumption.  

Moreover, for GPU, the EESSP algorithm is lowest in terms of power 

consumption and run time compared with the others tested. However, for 

FPGA fabric, the EESSC algorithm is superior to the others in terms of utilized 

resources because it consumes the least hardware resources. Further, from the 

perspective of high-speed processing on GPU and FPGA fabric, the EESSP is 

superior to the other algorithms except for N=14 on Zynq SoC, but it has the 

minimum Min_energy value. Likewise, from the viewpoint of power 

consumption, the EESSP consumed less power than the others, whether on 

GPU or FPGA fabric.  
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6.10 Performance Comparison of the Accelerated EESS 

Algorithm on Heterogeneous Systems 

Fig. (6.9) and Fig. (6.10) illustrate the speeding up of the EESS algorithm on 

GPU and FPGA fabric as compared with two baselines, with two different 𝑃𝑑s, 

correspondingly. The first 𝑃𝑑s are obtained from detecting N=7 samples of the 

PU signal while the others are obtained from N=14. 

It can be seen from Fig. (6.9) that the EESS algorithm with the optimization 

methods has a speedup between (1.39x-11.25x) on GPU and FPGA fabric 

compared with core i5-4590T.  

The speedup of the EESSC and EESSP on GPU is better than for the others 

on FPGA. However, for the EESSG, the speedup on FPGA is better than on 

GPU. This is in contrast to the EESSB optimization method, which is quicker 

in CPU than on the FPGA fabric. For N=7 and 14, on GPU and FPGA, the 

maximum speed up is achieved by the EESSC method, while the EESSG 

achieves the minimum speedup. For the GPU, when N is increased, the speedup 

increases for EESSC and EESSB algorithms while it decreases for the EESSG 

and EESSP. Moreover, it is noted on the FPGA that when N is increased, the 

speedup of EESSC and EESSG algorithms increases while it decreases for the 

EESSP algorithm. 
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As demonstrated in Fig. (6.10), the speedup of the EESSC, EESSG, EESSP, 

and EESSB algorithms is between (8.41x-1134x) on GPU and FPGA compared 

with the ARM Cortex a9. The speedup of all the algorithms, when N=7 and 14, 

is better on GPU than on FPGA, excluding the case of the EESSG algorithm. 

For N=7 and 14, the maximum speedup is achieved by the EESSC algorithm, 

while the EESSB algorithm achieves the minimum speedup on both GPU and 

FPGA. It is notable that for the GPU, when N is increased; the speed up 

decreases for all the algorithms. However, when N is increased for FPGA, the 

EESSC, and EESSG algorithms' speed increases while it decreases for the 

EESSP and EESSB algorithms.  

In the final analysis, there is an evident speedup over the two baselines. 

Therefore, our design for the algorithms performs outstandingly in terms of 

speedup. Moreover, the EESSC and EESSP have superior acceleration relative 

to the other algorithms. Furthermore, the PSO optimization method promises 

to solve the SS algorithm when minimum run time and efficient power 

consumption are required, while, the convex optimization is favorable when 

there are fewer utilized resources, a lower Min_energy value, and a high 

speedup required. 
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6.11 Evaluation and Comparison the Performance of the 

Entire System on Heterogeneous Systems 

The whole system includes centralized CSS and the EESS algorithm that is 

solved using different optimization methods. It is implemented on the targeted 

heterogeneous architectures as follows: 

6.11.1 For GPU 

After the centralized CSS kernels are completed and their outputs stored in 

the global memory one after the other, the kernel of the EESS algorithm is 

started based on these outputs. According to the type of optimization method, 

each algorithm executes different steps to obtain the final output, which 

signifies the optimum sensor nodes that ensure the 𝑄𝑑 > 0.9 with minimum 

consumed energy.   

6.11.2 For Zynq SoC 

Once the sensor nodes boards are powered on, they are automatically booted 

from the SD card. After the booting operation, all the sensor nodes start the 

local sensing operation to attain their 𝑃𝑑 based on the type of design, whether 

a HW/SW codesign or HW design. Then, a single Ethernet frame that includes 

five floating-point values of 𝑃𝑑s and their identification number is generated 

for each board. Next, each board waits to receive a single Ethernet frame from 

the FC board through the Gigabit Ethernet switch. Once the receiving operation 

is finished, the transmission operation is performed by sending an Ethernet 

frame from each sensor nodes board to the FC board. After that, the 𝑃𝑑s of all 

the sensor nodes are extracted from the received Ethernet frames at the FC 

board and stored in the DDR to provide them to the EESSC, EESSG, EESSP, 

and EESSB algorithms. These are executed on the FC board. Accordingly, the 

output of each algorithm is obtained and displayed on the PC's serial terminal. 

This output indicates the optimum sensor nodes that confirm the 𝑄𝑑 > 0.9 with 

minimum consumed energy. 
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6.11.3 Evaluating and Comparing the Performance 

Fig. (6.11) illustrates the total run time for implementing the full system on 

the targeted platforms, from generating the PU signal up to finding the optimum 

sensor nodes using different optimization methods that fulfilled the detection 

performance for N=7 and 14 samples. It can be recognized that the elapsed time 

for implementation of the centralized CSS is dominant in the total run time 

because it represents the part of the entire system that contains the data.  

So, for N=7, the GPU elapsed time is less than that for the Zynq SoC with 

the two approaches. The (CSS+EESSC) is the fastest to achieve the whole 

system on GPU. However, when N=14, the HW design in the Zynq SoC 

performed the whole system in less time than the GPU. Furthermore, the 

(CSS(HW)+EESSC) algorithm is the quickest to execute the entire system on 

the Zynq SoC platform. 

The power consumption of the targeted platforms is presented in Fig. (6.12). 

It is clear from the figure that the entire system's power consumption in the 

GPU reaches about 55 watts. However, for the HW design approach that 

utilizes eleven Zynq SoC boards, the power dissipation is approximately 16 

watts. Furthermore, for the HW/SW co-design approach that also results from 

utilizing eleven Zynq SoC boards, the power consumption is near 24 watts. 

Thus, the HW design approach is more power-efficient than the others because 

it is about 3.44 and 1.5 times lower than the GPU and the HW/SW codesign, 
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Figure (6. 12) Power consumption of the entire system in the targeted platforms 

 

respectively. Furthermore, for N=7 and 14 on the targeted platforms, the same 

results are fulfilled from the viewpoint of the optimum sensor node number, 

which confirms the 𝑄𝑑 > 0.9 and the Min_energy value. 

 

  

Accordingly, when N=7, the (CSS+EESSC) configuration is selected as a 

suitable system configuration for implementation on GPU when less run time 

is needed, while the (CSS(HW)+EESSP) configuration is appropriate to 

implement on Zynq SoC. However, when N=14, the (CSS+EESSC) 

configuration is chosen as proper to implement on either GPU or Zynq SoC. 

From a power consumption perspective, the (CSS(HW)+EESSP) configuration 

is preferred for implementing the EESS algorithm for the centralized CSS. 

Due to the significant speed of the accelerated centralized CSS part and the 

EESS algorithm part as compared with ARM cortex a9 and corei5-4590T 

shown previously, a CPU corei7-3770 - a fast and typical CPU - will be used 

as a baseline to compare the whole system when it is implemented on GPU or 

Zynq SoC, in order to reinforce our results. For this purpose, the ARM cortex 

a9 will be excluded as a baseline and corei7-3770 utilized instead of it. Table 

(6.12) displays the run time of the EESS algorithm, with different optimization 

methods, for data obtained from implementing the centralized CSS when (N=7, 

14) on the targeted platforms and two types of CPUs (corei5-4590T and corei7-

3770). 
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Table 6. 12 Entire system run time on GPU, Zynq SoC and two CPUS (corei5-4590T and corei7-

3770) 

Time (ms) N CSS+EESSC CSS+EESSG CSS+EESSP CSS+EESSB 

TGPU 
7 2.48 5.62 2.51 2.56 

14 4.007 6.7 4.01 4.013 

THW/SW 
7 7,128 9.89 7,126 7,326 

14 10.265 12.85 10.277 10.48 

THW 
7 3,02 5,78 3.017 3,22 

14 3,365 5.95 3.377 3.58 

Ti5-4590T 
7 206.28 208.38 205.95 207.7 

14 387.99 391.13 388.97 361.27 

Ti7-3770 
7 62.47 62.84 62,45 63.471 

14 123.98 125.26 123.13 122,35 

 

As shown in table (6.12), when N=7, the whole system with the EESSP 

algorithm is best for all the devices excluding the GPU, where the EESSC 

algorithm is best. Further, when N=14, for GPU, HW design, and HW/SW 

codesign implementations, the entire system with the EESSC algorithm is 

superlative. In contrast, for the two types of CPUs when N=7, the 

(CSS+EESSP) system is superlative in terms of time elapsed for execution. 

Moreover, for N=14, the (CSS+EESSB) system is more successful for 

implementation. Thus, from the run time side, a system with the EESSC 

algorithm or the EESSP algorithm is preferable for parallel implementation, 

while a system using the EESSB algorithm is convenient for serial 

implementation.  

As depicted in table 6.12, when N=14, the complete accelerated system is a 

more time consuming and complicated computation compared with N=7, so 

this case was selected to illustrate the speedup compared with the two baselines. 

Table (6.13) demonstrates the speedup of the complete accelerated system 

for N=14. It is clear from this table, from the first column, that the speedup 

results of the GPU, HW/SW codesign, and HW design on Zynq SoC are 

approximately between (58x-97x), (34x-38x) and (65x-115x) respectively. In 

contrast, in the second column, the speedup results of the GPU, HW/SW 

codesign, and HW design on Zynq SoC are shown as approximately between 

(18x-31x), (9x-12x) and (21x-36x) correspondingly. The competitiveness 
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between the (CSS+ EESSC) system and (CSS+ EESSP) system in terms of 

speedup is evident, whether we look at the first or the second column. The 

(CSS+ EESSC) system is better than the (CSS+ EESSP) system for the criteria 

of speedup result except in the first column of the table of the GPU and HW/SW 

codesign implementations. 

Table 6. 13 Speedup of the completed accelerated system compared with the two baselines 

System Speedup (i5-4590T) Speedup(i7-3770) 

CSS+EESSC (GPU) 96.83x 30.94x 

CSS+EESSG (GPU) 58.38x 18.70x 

CSS+EESSP (GPU) 97.00x 30.71x 

CSS+EESSB (GPU) 90.02x 30.49x 

CSS(HW/SW) +EESSC (Zynq SoC) 37.80x 12.08x 

CSS(HW/SW) +EESSG (Zynq SoC) 30.44x 9.75x 

CSS(HW/SW) +EESSP (Zynq SoC) 37.85x 11.98x 

CSS(HW/SW) +EESSB (Zynq SoC) 34.47x 11.67x 

CSS(HW) +EESSC (Zynq SoC) 115.3x 36.84x 

CSS(HW) +EESSG (Zynq SoC) 65.74x 21.05x 

CSS(HW) +EESSP (Zynq SoC) 115.18x 36.46x 

CSS(HW) +EESSB (Zynq SoC) 100.91x 34.18x 

 

Fig. (6.13) demonstrates the power consumption of the whole system on 

GPU, Zynq SoC and CPU corei7. It is clear that, the entire system of the HW 
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design is very effective in reducing the power consumption as compared with 

the CPU, because it is about 1.94 times less than it. However, the entire system 

on GPU is not efficient in power consumption because it is about 1.77 times 

higher than the CPU. Therefore, the HW design on Zynq SoC is an appropriate 

platform to implement the entire system for floating-point data type although 

its MP (28 nm) is worse than the other utilized devices. 
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Chapter 7 

Conclusion and Future works 
 

This chapter includes two sections. In the first, the entire dissertation's 

conclusions are highlighted while the second section introduces some suggestions 

for future work.   

7.1 Conclusion 

In this dissertation, the utilization of metaheuristic algorithms (like PSO, AGA, 

and ABC) individually to solve the SS problem for CSS when N is changed was 

presented step by step, both in software and hardware. According to the 

optimization methods, there are four algorithms for solving the SS problem: the 

EESSG, EESSP, and EESSB algorithms. These algorithms are designed and 

implemented on the heterogeneous architecture with GPU and FPGA. Then, the 

results and the performance are compared with the EESSC algorithm to verify its 

reliability and suitability. A centralized CSS for a large number of sensor nodes 

is also designed and implemented on the same type of architecture to implement 

the EESS algorithm with different optimization methods effectively. 

Furthermore, performance evaluation and comparison for the entire system's 

accelerator are achieved to specify whether the GPU or the Zynq SoC is the most 

suitable hardware accelerator for each algorithm, and for the system as a whole. 

This shows how heterogeneous architecture is thriving as a promising technology. 

The essential contributions made by this dissertation are as follows. 

 Firstly, the SS problem is solved using a different type of metaheuristic 

algorithm in pure software using Intel CPU corei5(i5-4590T), and a study 

is performed to demonstrate their behavior when changing the N value in 

the CSS. A comparison is then achieved between these results and the 

EESSC algorithm results to demonstrate that the EESSC algorithm is 

reliable and suitable for solving the SS problem for CSS when N is altered. 

This execution is considered as a baseline and utilized for comparison 

(chapter six). 

 A parallel study is then demonstrated for the EESS algorithm with different 

optimization methods in (chapter 4) to obtain parallelized algorithms that 

reduce the run time and supply enhanced performance on GPU and FPGA 

fabric.  
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 Next, the centralized CSS and the parallelized EESS algorithms with 

different optimization methods are designed using OpenCL with the 

following improvements to enhance the performance (chapter 4): 

 

 Interaction between the host and the GPU is reduced. 

 Access to global memory has coalesced. 

 Access to local memory and private memory is increased. 

 Divergence between the work items is often avoided. 

 

 The centralized CSS and the parallelized EESS algorithm with different 

optimization methods are designed on Zynq SoC by creating IP cores using 

the Vivado HLS tool. Different improvements are achieved using different 

directives. Specifically, the pipeline and the unroll directives are used, and 

sometimes a modification to the C++ code, to ensure that the generated IP 

is suitable for executing the FPGA fabric (chapter 5).  

 The centralized CSS of 50 sensor nodes for N=7 and 14 is executed on 

GPU. Then, its performance is analyzed (section 6.6 a). The results show 

that run time is increased if the observation samples are increased from 7 

to 14. However, the power consumption is decreased as N is increased, as 

illustrated in the table (6.2). 

 Also, on Zynq SoC, centralized CSS is implemented in HW/SW codesign 

and HW design for N=7and 14. Next, the two designs' performance is 

studied in terms of resource utilization, power consumption, and the run 

time (section 6.6 b). As depicted in table (6.3) and table (6.5), HW design 

consumed more resources than the HW/SW codesign, and five nodes only 

were executed on one ZedBoard. Accordingly, to implement CSS for 50 

sensor nodes, ten boards were utilized to construct the 50 sensor nodes with 

one Zedboard to implement the FC. Each sensor nodes board is connected 

to the FC board based on gigabit Ethernet through the switch, as 

demonstrated in (section 6.5.2).  

 After that, a comparison of the accelerated CSS on the GPU and the Zynq 

SoC was accomplished to illustrate which was quicker based on two 

baselines (section 6.7). 

 The EESSC, EESSG, EESSP, and EESSB were implemented on GPU and 

FPGA (section 6.8). Their performance was estimated for N=7 and 14 after 

applying reference data. Validation of the reliability and suitability of the 

EESS algorithm in obtaining the optimum sensor nodes with minimum 

consumed energy was also established (section 6.9). Further, a comparison 

of the accelerated algorithms on the GPU and FPGA was carried out to 
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show which optimization method is most suitable for solving the SS 

problem in terms of the speeding up, resources utilized, and power 

consumption (section 6.10)  

 The whole system, including the accelerated CSS and one of the four 

accelerated EESS algorithms was implemented on GPU and Zynq SoC, as 

depicted in section (6.11.1) and (6.11.2). Also examined was which 

hardware accelerator (GPU or Zynq SoC) can be chosen to implement the 

entire system in terms of the run time, power consumption, and the speed 

up compared with a prevalent CPU in addition to corei5-4590T (6.11.3). 

Thus, a demonstration was performed to clarify how heterogeneous 

computing architecture is a promising future technology (table (6.13)) and 

Fig. (6.12).   

More details about contributing to achieving the goals can be summarized as 

follows: 

Run time, Min_energy, speedup, and power consumptions are performance 

metrics utilized to evaluate and compare the centralized CSS performance and the 

four algorithms (EESSC, EESSG, EESSP, and EESSB) on the heterogeneous 

architecture with the GPU and FPGA. Thus, for the CSS with 50 sensor nodes, 

when N=7, the run time, and the GPU speed are compared to corei5-4590T and 

ARM Cortex A9 is 2.406 ms,63.39x, and 1100.84x respectively, which are better 

than that on Zynq SoC. When N=14, run time and speedup of the HW design as 

compared to corei5-4590T and ARM Cortex A9 is 3.31ms, 59.32x, and 1570x 

correspondingly, which are superior to the others. In terms of the power consumed 

in implementing CSS, HW designs on the Zynq SoC outperforms the others. 

A Min_energy metric is utilized to validate the reliability and suitability of the 

EESSC algorithm by comparing it with the EESSG, EESSP, and EESSB 

algorithms after applying reference data and when N is changed. So, when N=7, 

three optimum sensor nodes cooperated to attain 𝑄𝑑 > 0.9 with 94% energy 

saving and the lowest consumed energy attained from the EESSC algorithms on 

GPU and Zynq SoC (approximately 840nJ) as shown in table (6.7) and table 

(6.10). Moreover, when N=14, only one senor node is enough to achieve 𝑄𝑑 >

0.9 with 98% energy saving and the smallest consumed energy obtained from the 

EESSC algorithm on GPU (278 nJ) while on Zynq SoC from the EESSP 

algorithm (270 nJ). Further, from the high-speed processing view (run time), the 

EESSP algorithm outperforms the others, excluding the case when N=14 on Zynq 

SoC, but in this case, the EESSP has the smallest Min_energy value. In addition, 

in terms of the resources utilized on FPGA fabric on Zynq SoC, the EESSC 
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algorithm consumes the least hardware resources. Further, the EESSP algorithm 

consumes the least power compared with the other algorithms, whether on GPU 

or FPGA fabric. All the algorithms have speedup between (1.39x-11.25x) on GPU 

and FPGA fabric compared with core i5-4590T for N=7 and 14. Excluding the 

EESSB algorithm when implemented on FPGA fabric with N=14, it is faster on 

CPU than the FPGA. Moreover, all algorithms have more speedup between 

(8.41x-1134x) on GPU and FPGA compared with the ARM Cortex a9. In brief, 

the PSO optimization method is promising to solve the SS problem when 

minimum run time and efficient power consumption are needed. However, the 

convex optimization method is suitable when less utilized resources, fewer 

Min_energy, and high speedup required. 

For the entire system, in terms of run time, whether N=7 or 14, the 

(CSS+EESSC) is appropriate to implement on GPU when a shorter run time is 

required. However, on Zynq SoC, when N=7, the (CSS(HW)+EESSP) system is 

suitable when the reduced run time is needed, while when N=14, the 

(CSS(HW)+EESSC) system is fastest. From the power consumption view, the 

entire system with the HW design is more power efficient than the others, because 

approximately 3.44, 1.5 times is lower than the GPU and the HW/SW codesign. 

The speedup of the entire system on GPU, HW/SW codesign, and HW design on 

Zynq SoC as compared with corei5-4590T, are between (58x-97x), (34x-38x) and 

(65x-115x) respectively. In contrast, as compared with corei7-3770, as a prevalent 

CPU, the speed up of the entire system on GPU, HW/SW codesign, and HW 

design of the Zynq SoC is between (18x-31x), (9x-12x) and (21x-36x) 

correspondingly. Accordingly, the HW design on Zynq SoC is an appropriate 

platform for implementing the entire system as compared with others. There is a 

competitiveness between the (CSS+ EESSC) system and (CSS+ EESSP) system 

in speedup compared with the two CPUs. Therefore, the (CSS+ EESSC) system 

is better than the (CSS+ EESSP) system in the speedup result except on the GPU, 

and HW/SW codesign implementations as compared with corei5-4590T as 

illustrated in the table (6.13). Further, the entire system's power consumption on 

HW design is approximately 1.94 times lower than for the corei7-3770. However, 

the whole system's power consumption on GPU is nearly 1.77 times higher than 

for the corei7-3770.  

Overall, our results show that there is a remarkable speed up whether on GPU 

or Zynq SoC for the entire system, the centralized CSS individually and the EESS 

algorithm alone, which is solved using different optimization algorithms, 

excluding the implementation of the EESSB algorithm in Zynq SoC when 



7 Conclusion and Future works 

149 
 

applying reference data as illustrated in Fig. (6.8). Further, although the entire 

system utilized floating-point operations for floating point data type, the HW 

design of the Zynq SoC is the favorable platform in terms of the speedup and the 

power-efficient compared with GPU and CPU. Thus, this approves that the 

heterogeneous architecture with FPGA fabric is a promising technology. 

Furthermore, the created IP cores in Vivado HLS can be reused and leveraged by 

other researchers. 

7.2 Future Works 

Although this work has overcome the challenges of designing, implementing 

the EESS algorithm for the CSS on different platforms, and choosing a suitable 

platform for a specific implementation, some issues are still required to be 

considered in future work.  

 Using Open CL as an untied programming language with GPU and FPGA 

fabric platforms to study and compare the design space exploration of the 

EESS algorithm for the CSS.  

 Utilizing Zynq UltraScale+MPSoC ZCU102 Evaluation Kit with 16nm 

processing to implement the entire system and compare it with GPU. 

 Establishing an automated design space exploration to enhance the 

productivity of HLS tools, as well as obtaining fast and efficient 

implementation on FPGA architecture. 
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