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ABSTRACT 
 

In cognitive radio and 5G networks, the Orthogonal Frequency Division Multiplexing 

(OFDM) is a favorable technology used at physical layer. In a multipath fading environment, 

OFDM is evolving as a spectrally efficient system and providing a high data rate. Recently, 

spectral efficiency of wireless communication is devastated due to overutilization of 

unlicensed spectrum. Cognitive Radio is a promising solution to the scarcity problem of 

spectrum. OFDM fulfills the requirements of cognitive radio and hence is the best candidate 

to use at physical layer of cognitive radio system. Also, OFDM is supporting all use cases 

defined in 5G network. The 5G network is a new interface technology developed by 3rd 

generation partnership project (3GPP) which is an extended version of Long Term Evolution 

- Advance (LTE-A) standard. 5G is mainly focusing on three use cases i.e. Ultra-Reliable 

Low Latency Communication (URLLC), Enhanced Mobile Broadband (eMBB), and 

Massive Machine Type Communications (mMTC).  

 

Despite many advantages offered by OFDM, it suffered from major challenges i.e. Peak to 

Average Power Ratio (PAPR) and high sensitivities to timing and frequency offsets. These 

issues remain same when OFDM is deployed in cognitive radio and 5G network. For 5G 

network, the defined carrier frequencies are high resulting in high timing and carrier 

frequency offsets. High values of carrier frequency offsets deteriorate the performance of 

the system and also decrease throughput as synchronization is lost between transmitter and 

receiver. Traditional estimation algorithms for OFDM are not enough to address the 

synchronization issue in OFDM based Cognitive Radio (CR) system. Here, Morelli and 

Mengalli algorithm is proposed in presence of narrowband interference to estimate Carrier 

Frequency Offsets (CFOs) for OFDM based CR. In 5G network, conventional estimation 

algorithms are already extensively explored for carrier frequency offset estimation.  

 

Generally, carrier frequency offsets are decomposed into two parts i.e. fractional and integer 

frequency offset. To reduce complexity, these two parts of CFO are estimated at two separate 

stages. Recently, Deep learning based wireless communication systems gaining much 

attention to make intelligent communication system. Here, Deep learning methods are 

proposed to estimate fractional and integer frequency offsets. The neural network containing 

an input layer, hidden layers, and an output layer is proposed. These proposed neural 



 

 

networks are trained for various training datasets. These training datasets are generated for 

different values of fractional frequency offsets from [-0.5,0.5] and integer frequency offsets 

from [-4,4] under consideration of tapped delay line (TDL) models. These proposed methods 

are compared with conventional autocorrelation and cross-correlation methods. Simulation 

results show that proposed deep learning based methods to estimate fractional and integer 

part of CFO outperforms in all TDL models as compared to conventional estimation 

methods. Also, Convolutional Neural Network (CNN) based IFO estimator is proposed for 

2x2 MIMO OFDM system. And simulation results show improved performance for 

proposed CNN based IFO estimator as compared to conventional estimator of 2x2 MIMO 

OFDM. 
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1 

CHAPTER  1 

    Introduction 

 

1.1 Orthogonal Frequency Division Multiplexing (OFDM) 

 

The Orthogonal Frequency Division Multiplexing known as an OFDM is a 

multicarrier technology where all the sub carriers are orthogonal to each other. Each 

subcarrier is modulated with separate data and parallel transmission of data in OFDM 

increases the data rate that leading to high spectral efficiency. Moreover, due to 

multi-carrier transmission, it has great resilience in frequency selective fading 

environments. Fig. 1.1 shows a comparison of single carrier schemes and OFDM 

schemes. 

 

FIGURE 1.1 Single Carrier and OFDM received signals 

 

In OFDM, subcarriers are orthogonal to each other and this orthogonality should be 

maintained at the receiver side. Before performing demodulation on subcarriers, 

OFDM needs to perform at least two synchronization tasks: [1]. 

1. To detect the boundary of symbol and optimum timing instants which 

minimizes Inter Symbol Interference (ISI) and Inter Carrier Interference  

(ICI). 

2. To estimate carrier frequency offsets (CFOs) using various estimation 

algorithms by analyzing the received signal and correcting it. 

In the OFDM, any occurrence of frequency offsets resulted in ICI. This is due to a 
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number of cycles is not integer anymore in the FFT interval, which destroys the 

orthogonality between subcarriers. This sensitivity to timing offsets, frequency 

offsets, and phase noise increases BER which degrades the performance of overall 

system. However, Many recent wireless technologies use OFDM at their physical 

layer as a key technology due to many advantages offered by it. Some of examples 

of recent wireless systems are Digital Audio and Video Broadcasting (DAB and 

DVB), Wireless Local Area Network (WLAN) i.e IEEE 802.11g, IEEE 802.11a, 

IEEE 802.11n, WiMAX i.e. IEEE 802.16, and 4G and 5G Cellular Communication  

 

1.2       Need for Cognitive Radio 

 

Cognitive Radio (CR) is a more personalized form of Software Defined Radio (SDR) 

that provides intelligent access to a licensed spectrum [2]. Cognitive radio offers 

spectrum pooling to fulfill the high demand for limited resources for mobile 

multimedia applications on a rental basis [3]. As per the report published by spectrum 

task force of FCC (Federal Communication Commission), one of the major findings 

of the report is “In many bands due to control regulation and legacy command, 

spectrum access is a more significant problem as compared to spectrum’s physical 

scarcity. This limits the ability of users to access potential spectrum” [4].  

 

To achieve efficient spectrum utilization, cognitive radio performs three cognitive 

tasks as illustrated in fig. 1.2. And hence, it achieves highly reliable communication 

[5]. 

1. To sense the spectrum to detect spectrum holes. These spectrum holes are defined 

as frequencies that are not used by Licensed Users (LUs)/Primary Users (PUs).  

2. To estimate Channel State Information (CSI) to predict Channel capacity 

3. The operating parameters i.e. transmit power, modulation, and carrier frequency 

will be adapted based on this estimated CSI.  

Primary Users (PUs) are Licensed Users (LUs) and Secondary Users (SUs) are 

Unlicensed Users (ULUs). OFDM is a potential candidate for CR as CR’s 

requirements are fulfilled by OFDM. Additionally, OFDM is being used in current 

wireless technologies that give interoperability across several wireless networks. 

OFDM’s Strengths are given below [6]. 
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1. Spectrum sensing and shaping can be easily performed due to inherent use of FFT 

in OFDM. Switching off subcarriers that are not used by PUs will increase 

efficiency of spectrum utilization. Such one example is shown in fig. 1.3. Two LUs 

are detected as FFT output on those subcarriers is high. Other than these 

subcarriers, available subcarriers are allocated to Unlicensed users for the 

transmission of signal.  

2. By selecting appropriate frequency, OFDM can make CR adaptive to interoperate 

with several recent wireless systems. Furthermore, various transmission 

parameters i.e. modulation order, channel coding rate, transmit power, no. of 

subcarrier of OFDM can be changed adaptively to improve performance and 

maximize spectral efficiency.  

3. In many various recent wireless systems i.e. Long Term Evolution (LTE), IEEE 

802.16e, High-Definition (HD), DVB, IEEE 802.11n, OFDM is commonly used 

with MIMO (Multiple Input Multiple Output) popularly referred to as MIMO 

OFDM. 

4. To share limited available radio resources among SUs, CR should support multiple 

access techniques. Multiple access techniques are already supported in OFDM, 

popularly known as Orthogonal Frequency Division Multiple Access (OFDMA). 

5. The use of OFDM makes CR interoperable, as OFDM is used in many wireless 

communication systems i.e. Digital Audio and Video Broadcasting (DAB and 

Radio 
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FIGURE 1.2   Cognitive Cycle [5] 
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DVB), Wireless Local Area Network (WLAN) i.e. IEEE 802.11g, IEEE 802.11a, 

IEEE 802.11n, WiMAX i.e. IEEE 802.16 and 4G and 5G Cellular Communication. 

 

1.3 OFDM in LTE and 5G NR system 

 

The third generation partnership project (3GPP) introduces a new interface 

technology Fifth Generation New Radio (5G NR) system, an extended version of the 

Long Term Evolution-Advance (LTE-A) standard. This is designed to concentrate 

on mainly use cases i.e.  Massive Machine Type Communications (mMTC), Ultra-

Reliable Low Latency Communication (URLLC), and Enhanced Mobile Broadband 

(eMBB) [7]. These use cases are elaborated on in detail below [8]:  

 Massive Machine Type Communications (mMTC) 

This use case is concentrated on providing connectivity between massive 

number of devices. These devices are low cost, large in numbers, and high 

energy sufficient to provide a battery life of up to 10 years i.e. logistics, field 

and body sensors in biomedical applications, logistics, and smart metering.    

 Ultra-Reliable Low Latency Communication (URLLC) 

This use case is concentrated on providing low latency and ultra-reliability 

communication links between machines/devices/nodes. For example, 

industrial control, remote surgery, automation in factory, vehicular 

communication, public safety, etc. 

FIGURE 1.3 Spectrum sensing and shaping using OFDM [6] 
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FIGURE 1.4 5G Use cases [8] 

 Enhanced Mobile Broadband (eMBB) 

This is focused on providing better coverage and higher throughput. To 

achieve this, larger channel bandwidths are required in 5G than 4G.  In 5G, 

the entire region is divided into macro sites, microsites, and pico sites. The 

micro and pico sites cover a small area per base station at higher carrier 

frequencies and the macro sites cover a large area per base station at lower 

carrier frequencies. 

These use cases are shown in terms of their operating frequencies and deployments 

in fig. 1.4. 

To back up use cases in 5G NR, 3GPP modified the physical layer of 5G NR that 

supports Multiple Inputs Multiple Outputs (MIMO), large bandwidths, and 

Beamforming [7], [9-10]. Various physical layer requirements are briefly listed 

below [12]: 

 NR should support diverse use cases i.e. eMBB, mMTC, and URLLC. To 

achieve that, it should support wide bandwidths, large frequencies, and 

various deployments. 
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 Also, the length of subframes should be short to support applications that 

required low latency. 

 It should provide dynamic access to backhaul and access links to support 

Vehicle to anything (V2X) and device to device (D2D) communication. 

 Massive MIMO is a key enabler to providing a high data rate in 5G, so NR 

should be able to unleash the full potential of massive MIMO. 

Being a spectrally efficient system in a multipath environment, OFDM is a key 

technique used in 4G Long Term Evolution (LTE) as it provides a high data rate. In 

LTE, Cyclic Prefix OFDM (CP-OFDM) is adopted only for Uplink transmission [8]. 

OFDM is indeed an exceptional choice for 5G NR due to following reasons: 

 Being a spectrally efficient system, the use of OFDM at 5G NR achieves 

extremely high data requirements in almost all types of links i.e. backhaul, 

Vehicle to X, UL, and DL. 

 OFDM is compatible with MIMO technology which plays an important role 

in providing a high data rate and greater coverage. Introduction of Multi user 

MIMO (MU-MIMO), Single user MIMO (SU-MIMO), and beamforming 

will enable high data rate and greater coverage. 

 With proper selection of subcarrier spacing and transmission of large 

bandwidth signals, OFDM provides robustness against channel time, 

frequency selectivity, and phase noise. 

 Also, OFDM receiver has the lowest baseband complexity among all other 

candidates. 

 OFDM is scalable and flexible by selecting the appropriate cyclic prefix and 

subcarrier spacing.     

 However, OFDM has a high Peak to Average Power Ratio (PAPR) that can 

be substantially reduced by various PAPR reduction techniques. 

Due to the above advantages offered by OFDM, the 3GPP approved scalable Cyclic 

Prefix OFDM (CP-OFDM) at the physical layer of 5G NR for all types of links i.e. 

downlink, uplink, Device to device, and backhaul transmission. The operating bands 

of 5G NR is sub 6 GHz (FR1) operating at below 6GHz and mmWave (FR2) 

operating at above 24 GHz [11]. To support various requirements and diverse 

scenarios of 5G NR, subcarrier spacing and cyclic prefix parameters of OFDM are 

flexible. The subcarrier spacing of OFDM can be chosen according to 2n x 15 kHz, 
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where n is an integer value. The choice of n relies on several factors i.e. service 

requirements, type of deployments, mobility, hardware impairments, performance, 

and implementation complexity. 

 

1.4 Synchronization issue in OFDM 

 

Despite many advantages offered by OFDM, the performance of OFDM degrades 

due to challenges i.e. Peak to Average Power Ratio (PAPR) and high sensitivity to 

synchronization errors i.e. timing and frequency offsets. OFDM is very sensitive to 

timing offsets and CFO, which results in imperfect synchronization, resulting in 

throughput loss. The performance of OFDM systems does not degrade if tolerable 

timing offsets and frequency offsets are maintained to a small extent [13].  The 

occurrence of large timing and frequency offsets is common in links such as satellite 

links, mobile digital radio links, and hostile propagation environments i.e. urban 

areas, and terrain areas because of fast and slow fading, small and large scale fading, 

oscillator instabilities, and Doppler shift [14]. The existence of carrier frequency 

offsets, symbol timing offsets, and sampling clock errors worsen the OFDM’s 

performance. The performance of OFDM is improved by estimating timing offsets 

and CFOs at the receiver side and compensating it. Inaccurate estimation of carrier 

frequency offsets and timing offsets destroys orthogonality between subcarriers 

resulting in a performance loss of OFDM due to occurrence of ICI and IBI [13], [15-

17]. In the pre-FFT stage, all offsets should be estimated and compensated to improve 

performance [18]. Blind and pilot aided estimation algorithms are in existence that 

estimate timing offsets and CFOs in OFDM. For complexity reduction, the estimation 

of fractional CFO and Integer CFO are performed separately. There are several 

synchronization algorithms implemented for OFDM. These impairments make OFDM 

system design difficult.  

1.4.1 Synchronization issue in OFDM CR 

 

OFDM has its challenges i.e. ICI, sensitivity to timing and carrier frequency offsets, 

and PAPR. CR also has its challenges i.e. interference avoidance, cross-layer 

adaption, and spectrum sensing. As discussed in section 1.2, OFDM is an excellent 

choice for CR as it fulfills requirements of CR. However, when OFDM is employed 

for CR, it creates multiple research challenges. These challenges are illustrated in fig. 
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1.5.  Recently, in wireless communication research challenges in OFDM based 

cognitive radio become major thirst areas. These challenges are signaling the 

transmission parameters, Multiband OFDM Design, Location awareness, 

Synchronization, and Mutual interference [6].  

 

 

 

 

 

 

 

 

 

 

 

 

In practice, the presence of synchronization errors like time, frequency, and phase 

offsets cannot be avoided. In addition to that, up-conversion at transmitter and down 

conversion at receiver can generate phase and frequency offset. Also, the mismatch 

between the transmitted carrier frequency and frequency generated at the receiver 

side by local oscillator generates frequency offsets. Furthermore, the Doppler effect 

is resulted due to movement transmitter/receiver and generating a frequency offset. 

Due to this, performance of spectrum sensing algorithms e.g. cyclostationary feature 

detector may degrade [19]. This worsens the performance of CR as it depends on 

spectrum sensing algorithms. So, synchronization to appropriate timing and carrier 

frequency is a stringent requirement in OFDM based CR to improve performance. 

 

 

1.4.2 Synchronization issue in 5G 

      

As discussed in 1.3, CP-OFDM is an optimum choice for Uplink (UL) and Downlink 

(DL) at Physical layer of 5G NR. However, OFDM suffers through major challenges 

i.e. sensitivity to timing and frequency offsets, and PAPR. To support use cases in 

5G, the physical layer of 5G NR is modified [7], [9-10]. In 5G, to support large 

FIGURE 1.5 OFDM and CR research challenges FIGURE 1.5 OFDM and CR research challenges 
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bandwidths, very high frequencies in mmWaves, new techniques i.e. MIMO and 

beamforming, etc., 3GPP introduced a new physical layer design [14]. The 

requirement of high carrier frequency increases synchronization challenge. The 

defined high carrier frequencies often result in large timing and frequency offsets. 

Due to large value of frequency offsets, Inter Carrier Interference (ICI) is increased. 

To make system free of ICI, precise and stable oscillators are required at both 

transmitter and receiver sides [15,16]. Furthermore, the occurrence of doppler shifts 

in received signal due to motion of transmitter or receiver degrades the performance 

[17]. Hence, it becomes important to address synchronization issues in 5G NR in 

order to improve performance of system. This can be achieved by estimating 

correcting timing and frequency offsets at the receiver side. Generally, carrier 

frequency offset values are normalized to subcarrier spacing. These normalized 

carrier frequency offsets are decomposed into two parts i.e. Integer Frequency 

Offsets (IFOs) and Fractional Frequency Offsets (FFOs). The orthogonality between 

subcarriers is destroyed due to occurrence of fractional frequency offsets (FFOs). 

Due to this, the performance of the system deteriorates and throughput is degraded.  

The occurrence of Integer Frequency Offsets (IFOs) creates an integer cyclic shift in 

the frequency domain samples resulting in performance degradation [18]. Timing 

offsets and FFOs are estimated and corrected before the FFT stage at the receiver 

side [19]. 

 

1.5 Need for Deep Learning in Wireless Communication 

 

Over a while, wireless communication is experiencing tremendous growth. This field 

deals with the methodology to model different types of channel models [20],[21], 

various hardware imperfections compensation [22], [23], and designing optimal 

signaling and detection schemes that ensure data transfer reliability [24]. So this field 

is mature and complex with many distinct research areas to improve performance. 

Any Deep Learning (DL) or Machine Learning (ML) based approach must give an 

improved performance to provide new benefits. In [25], authors show an insightful 

way to rethink conventional communication systems using DL approach that 

promises improved performance in complex communication scenarios. The use of 

DL approach makes the communication system fully learned. Apart from this, there 
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are potential benefits to using DL approach over conventional communication 

systems [25]. 

 In wireless communication, most signal processing algorithms are based on 

tractable mathematical models. However, a practical system has many 

nonlinearities and imperfections [23] that can be approximately captured by 

such conventional communication system models. The DL-based 

communication system doesn’t require a mathematically tractable model and 

it can be optimized for various channels and a specific hardware 

configuration. 

 The conventional communication system has a block-type structure where 

each block is defined to perform dedicated functions i.e. modulation, channel 

estimation, synchronization, channel/source coding, equalization, etc. This 

approach has been successful till now and leads to a versatile, efficient, and 

controllable system. However, it is not clear that optimization of individual 

blocks achieves the best performance e.g. A sub-optimal approach where 

channel and source coding are separated for various practical channels and 

short block lengths, as well as coding and modulation, are separated [26-27]. 

Joint optimization of each component leads to gains but results in a 

computationally complex system [28]. As deep learning-based 

communication system is not depending on a strict communication structure, 

it can optimize for better end to end performance. 

 In [29], it is shown that Neural Networks (NN) are universal function 

approximators and have the capacity to learn remarkably. These are known 

as Turing-complete [30]. It is apparent that these learned algorithms are faster 

in execution at lower complexity as compared to manually programmed 

blocks.  

 The use of Graphic processing units (GPUs) in which parallel processing 

architectures and distributed memory architectures proved to be energy 

efficient and provide incredible throughput when data is processed by 

concurrent algorithms [33-34].  

Recently, applications of DL and ML fields are studied in wireless communications 

that lead towards possibilities of intelligent wireless communications. This leads to 

a great number of open problems to solve [25].  
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In addition to this, advanced wireless applications such as virtual reality, augmented 

reality, diverse intelligent terminal access, and internet of things motivated wireless 

cellular networks to their fifth generation where focus is on achieving millisecond 

latency, massive connectivity, and thousandfold capacity. To achieve this, new 

promising technologies are introduced i.e. millimeter wave(mmWave), MIMO, and 

ultra-densification network (UDN). These technologies exhibit characteristics i.e. the 

capability to handle large wireless data. Due to certain limitations, conventional 

communication system fails in fulfilling to handle large data in complex scenarios 

and achieving ultra-high data rate. These limitations are discussed as below [35]: 

 In a communication system, the design of system is depending on practical 

channel scenario. And these real environments channel model are depending 

on mathematical models which struggles in complex scenario due to many 

imperfections and nonlinearities [25] e.g. in a massive MIMO system, an 

increased number of antennas at transmitter and receiver side changed the 

channel properties [36]. Also, in mmWave communication, a method to 

obtain CSI is not known [37]. In addition to that, for molecular and 

underwater communication [38],[43], the channels cannot be characterized 

by rigid mathematical models.  

 The nonlinearities are introduced due to the use of low-cost hardware such as 

low-resolution analog to digital converters with low energy consumption [39-

40]. To address this problem, a highly robust processing algorithm is required 

which increases computational complexity. In real-time, conventional 

algorithms i.e. MIMO data detection are having iterative reconstruction 

approaches [41]. The iterative approach creates a computational bottleneck 

in real time that creates delay. Also, the introduction of advanced 

technologies in 5G i.e. mmWave, massive MIMO, and UDN demand fast and 

effective large data processing in real-time. This requires parallel signal 

processing architecture for better efficiency and higher accuracy [36]. 

 The conventional communication system is consisting of a fixed block 

structure where each block is designed to perform a dedicated task i.e. source 

coding, channel coding, modulation, channel estimation, synchronization, 

etc. This conventional communication system’s performance is optimized by 

optimizing each block individually. However, overall optimum performance 

cannot be guaranteed [35]. However, existing algorithms are successful in 
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optimizing each module, because in communication problem depends on 

reliability of recovered message at the receiver side. This message is 

transmitted by transmitter and traverses a multipath channel [42]. So further 

improvement can be achieved by optimizing end to end performance instead 

sub optimizing each block.  

At upper layers of the communication system, Machine learning approach is already 

successful. At physical layer, use of deep learning will lead to performance 

improvement in comparison with the conventional communication system. In [44], 

the performance of deep learning based MIMO (Multiple Input Multiple Output), 

Non Orthogonal Multiple Access (NOMA), and millimeter-wave (mmWave) are 

evaluated. It is observed that the performance of deep learning methods is superior 

to the conventional communication system. 

1.6 Problem formulation 

 

When OFDM is used for cognitive radio applications, sensitivity to frequency offset 

remains an issue. These sensitivities to timing and frequency offset increase due to 

defined high carrier frequencies in 5G network. The sensitivities to frequency 

offsets result in carrier frequency offsets. In addition to that, a high mobility 

environment in 5G network creates large carrier frequency offsets. The occurrence 

of carrier frequency offsets (CFO) is an unavoidable impairment in wireless 

communications. Generally, carrier frequency offset is normalized with respect to 

subcarrier spacing. These normalized carrier frequency offsets (CFO) are 

decomposed into two parts: Fractional CFO (FFO) and Integer CFO (IFO). FFO 

destroys orthogonality between subcarriers and IFOs create shifts in subcarrier 

indices. In both cases, performance is degraded. This degraded performance results 

in reduced throughput. In order to improve performance, these frequency offsets 

must be estimated and corrected at the receiver side. Some carrier frequency offsets 

estimation algorithms for OFDM CR limit the acquisition range at an improved 

complexity. In addition to that, the synchronization process interferes with the 

presence of narrowband interference that is originating from licensed system. 

Conventional estimation algorithms for frequency offsets are based on a fixed block 

structured communication system. Recently, it is seen from literature reviews that 

deep learning methods are successful at physical layer as compared to conventional 

methods for channel estimation and modulation classification. Moving toward 
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intelligent communication systems, Deep learning based synchronization method 

can be an optimal solution to address synchronization issues in 5G networks. Deep 

learning methods to estimate CFOs are not addressed up to great extent. In this 

work, an estimation method based on deep learning is proposed to estimate Integer 

and Fractional Frequency Offsets in 5G networks. Here, a convolutional neural 

network (CNN) based approach is selected for estimation. Also, CNN based IFO 

estimator is proposed for 2x2 MIMO OFDM system model for 5G networks. 

 

1.7 Research Objectives 

 

1) optimize carrier frequency offset estimation algorithm using a deep learning 

approach.  

2) To increase the acquisition range of FFO estimation in presence of Narrowband 

Interference for OFDM CR system. 

3) To optimize performance of Integer Frequency Offsets (IFOs) estimation method 

using neural network and to detect sector ID. 

4) To compare and validate proposed neural network method with conventional 

schemes in a different channel fading environment. 

5) To optimize performance of Fractional Frequency Offsets (FFOs) estimation 

method using neural network. 

6) To compare and validate proposed neural network method with conventional 

schemes. 

7) To optimize performance of proposed CNN IFO estimator in 2x2 MIMO OFDM 

System. To validate the performance of the proposed estimation method in a 

different channel fading environment and compared it to conventional 

communication systems.  

 

1.8 Research Contribution 

In this work, the main focus is on optimizing estimation method of CFOs for wireless 

networks. Two Wireless systems are taken into consideration OFDM CR and CP-OFDM 

for 5G network.  
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1. Estimation of FFOs in presence of Narrowband Interference for OFDM CR 

Here, Morelli and Mengalli (M & M) method [45] is proposed for OFDM CR system 

in presence of narrowband interference. This method uses a training symbol where L 

identical parts are there. At the receiver side, these identical parts are correlated to 

estimate FFOs. Due to L identical parts in training symbol, the acquisition range is 

increased up to ±L/2. The performance of proposed M & M algorithm is compared 

with Schimdl and Cox algorithm [46] and narrowband interference robust 

synchronization (NIRS) method [47]. Simulation results show that proposed M&M 

method is performing exceptionally well when CFO exceeds ±0.5 of subcarrier 

spacing. 

2. Neural Network based CFO estimation method in 5G network 

Due to a limited block structure communication system, the performance of 

conventional communication systems cannot optimize globally. Each block needs to 

optimize locally to get optimum performance of system. Recently, deep learning is 

gaining attention at physical layer of the wireless system. The use of deep learning 

methods at physical layer for optimization is the next step toward an intelligent 

communication system. Here, to address the critical synchronization issue in 5G 

network, deep learning method is used. The convolutional neural network (CNN) 

based method is used here to estimate FFOs and IFOs for 5G network. The main 

contributions of this thesis are as follows: 

 The CNN estimator containing convolutional layers and a regression layer is 

proposed. The same is trained and evaluated in presence of various TDL channel 

models.  

 The perturbed received signals from channel impairments and different values of 

IFOs are given to an input layer of proposed CNN estimator. At the output of this 

estimator, the optimum signal will be obtained. Then, this proposed estimator 

will calculate the number of frequency cyclic shifts in the optimum signal 

predicated by proposed estimator in order to estimate IFO. The received signal is 

corrected with this estimated IFO and then correlated with three m-sequences to 

detect sector ID.  

 This proposed CNN estimator provides IFO estimation range of [-4,4] and 

exhibits superior performance under all TDL delay models against conventional 

estimation schemes. These TDL delay models are appropriately scaled to various 
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delay spreads while training and testing to include various 5G evaluation 

scenarios shown in [48]. 

 To estimate Fractional Frequency Offsets (FFO), the CNN based estimation 

method is proposed for a 5G network. This CNN is trained for distinct values of 

normalized FFOs selected from -0.5 to 0.5 with a resolution of 0.0001 and under 

various TDL models. 

 The distorted received signal from channel impairments and various FFOs values 

is applied to an input layer of CNN estimator. The optimum signal is found by 

this estimator and by applying estimation rules frequency offsets can be 

calculated. 

 In all TDL models, this proposed CNN based CFO estimator exhibits 

encouraging performance in comparison with conventional autocorrelation 

estimation methods. 

 Also, the CNN based IFO estimator is proposed for 2x2 MIMO OFDM system 

which achieves an improved performance against conventional IFO estimation 

schemes. 

 

1.9 Thesis Structure 

 

Chapter 2 discusses the literature review of existing carrier frequency offsets estimation 

schemes for OFDM. This includes fractional/fine frequency offset schemes and 

Integer/Coarse frequency offset schemes. This also discusses a literature review of 

existing CFO estimation schemes for OFDM based CR. Also, a Literature review of 

conventional existing CFO schemes for LTE and 5G applications is discussed. 

Furthermore, Deep learning based CFO estimation schemes for different applications is 

discussed. Based on the literature review, research gaps are identified. Based on these 

research gaps,  research objectives are defined accordingly in section 1.7.   

 

Chapter 3 presents conventional and proposed CFO estimation in OFDM CR. It starts 

with a discussion of NC-OFDM system model. The synchronization process in NC-

OFDM CR is elaborated. It also focuses on existing and proposed estimation schemes 

for OFDM based CR. This includes detailed discussions on Schimdl and Cox method, 
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Narrowband Interference Robust Scheme (NIRS), and proposed M & M method. This 

chapter ends with a discussion on the complexity analysis of all mentioned algorithms. 

 

Chapter 4 discusses 5G NR Physical layer. It also presents synchronization process in a 

5G NR system. This chapter elaborates 5G NR frame structure, physical signals and 

channels, and structure of Synchronization signal block (SSB). Furthermore, CP-OFDM 

system model and MIMO-OFDM system model are discussed in detail. It also elaborates 

on conventional Fractional CFO estimation schemes and conventional Integer CFO 

estimation schemes i.e. Autocorrelation schemes, Maximum likelihood Estimation, and 

sequential detection in detail.  

 

Chapter 5 starts with a discussion on CNN estimation. It also explains the proposed 

Neural network method for CFO estimation. First, CNN based IFO estimator is discussed 

followed by CNN based FFO estimator for 5G networks. After the Integer frequency 

offset is estimated, the received sequence is corrected using estimated IFO value. The 

same is discussed in this chapter. Afterward, CNN based IFO estimator is proposed for 

2x2 MIMO OFDM system.  

 

Chapter 6 presents simulation results of proposed algorithms. First, Proposed M & M 

method is simulated and compared with existing schemes i.e. SCA Method and NIRS 

method in presence of narrowband interference. Also, Proposed CNN based FFO and 

IFO estimator is simulated and evaluated in various Tapped Delay Line (TDL) delay 

models. These are compared with existing conventional autocorrelation and cross 

correlation methods. It is affirmatively proved that proposed CNN estimator exhibits 

good performance as compared to an existing conventional algorithm for 5G networks. 

Also, Proposed CNN based IFO estimator is simulated and evaluated for various TDL 

delay models for 2x2 MIMO OFDM system.  

 

1.10 Summary 

In this chapter, a brief introduction to OFDM is discussed. Also, how OFDM is satisfying 

need for cognitive radio is discussed in detail. Furthermore, CP-OFDM is discussed for 

LTE and 5G system. Also, existing synchronization issue is elaborated in OFDM CR and 

5G. How deep learning based physical layer is useful in achieving higher efficiency in 

wireless communication is also discussed. If synchronization between transmitter and 
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receiver is not maintained, then the performance of the system deteriorates and 

throughput is degraded. To improve performance and maintain synchronization, these 

frequency offsets must be estimated and compensated at the receiver side. Based on this, 

research problem is formulated. Research objectives are defined based on a formulated 

research problem. Also, research contribution is discussed in brief. This chapter ends 

with the thesis structure. 
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CHAPTER  2 

Literature Review 

As discussed in chapter 1, synchronization is a critical issue that needs to be addressed. If 

synchronization between transmitter and receiver is not properly maintained, performance 

of the wireless communication system is degraded and throughput is reduced. 

Synchronization is lost due to occurrence of frequency and timing offsets. These frequency 

and timing offsets resulted due to mismatching of local oscillator frequencies generated at 

transmitter and receiver side and Doppler effect. These offsets must be estimated and 

compensated at the receiver side to improve system performance. The carrier frequency 

offsets generally Here, a literature review is carried out on carrier frequency offsets 

estimations algorithm. This literature review is divided into three sections. In OFDM 

systems, CFO is usually normalized to its subcarrier spacing and this normalized CFO can 

be decomposed into two parts i.e. integer part usually known as Integer CFO (IFO), and a 

fractional part usually known as Fractional CFO (FFO). In IFO, integer value should be less 

than total number of subcarriers and in FFO, the value will be within ±1/2 of subcarrier 

spacing. In a situation, where CFO value exceeds the subcarrier spacing, receiver has to 

estimate and compensate both FFO and IFO. This estimation can be performed in Pre-FFT 

and Post-FFT stages for FFO and IFO respectively [49].  

2.1 Basics of CFO Estimation Schemes 

These CFO estimation methods are broadly classified into three categories. In fig. 2.1, These 

categories are shown and also briefly described below: 

 Blind (Non Pilot Scheme): 

In non-pilot or blind methods, special structure i.e. CP or virtual sub carriers (VCs) of OFDM 

is exploited to estimate the CFO. So, this type of scheme does not require extra overhead. In 

general, the VC based CFO estimators exploit ICI information in the VC when the frequency 

offset is present. This method is bandwidth efficient but performs well mostly for flat fading 

channels. The structure of received signal may destroy due to dispersive fading nature of 

wireless channels. So estimation is not performed well under frequency selective 
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fading. Also, these schemes have limitations i.e. convergence time, variance of estimation, 

and high computational complexity [50].  

 Data Aided (Pilot Based) Scheme 

 

In Pilot methods, the preamble blocks are inserted in the time domain or pilot subcarriers are 

inserted at different OFDM blocks. Additionally, accuracy, consistency in estimation, 

estimation range, and complexity of estimation algorithms is a critical issue that can be 

addressed by designing a special structure in the preamble or by estimating fractional and 

integer parts separately. Among these two, last method to estimate the integer part and 

fractional part separately is used to provide a consistent estimation.  

 

FIGURE 2.1 Classification of CFO estimation schemes 

Here, a literature review is taken to identify research gaps and the review is divided into 

four sections defined below: 

 Conventional Carrier frequency offsets estimation schemes for OFDM 

 Conventional Carrier frequency offsets estimation schemes for OFDM CR 

 Conventional Carrier frequency offsets estimation schemes for Cellular 

communication 

 Existing Deep learning based carrier frequency offsets estimation schemes 

 

2.2 Conventional Carrier Frequency Offsets Estimation Schemes for  

OFDM 

Usually, Joint estimation of timing offsets and CFO are performed. In some methods, Joint 

estimation of channel parameters, timing offsets, and CFOs are also performed. These types 

of methods exhibit high complexity. Some methods are estimating these parameters 

CFO Estimation Schemes 

Blind (Non Pilot 
Scheme)

Data aided (Pilot 
based scheme)
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separately to reduce the complexity. Also, some methods are estimating only a fractional 

part of CFOs and Some methods are estimating only the integer part of CFOs. Based on 

these, a literature review is carried out and analyzed in terms of performance metric, 

complexity, Acquisition range, and type (blind/pilot method).  

2.2.1 Blind CFO estimation Algorithms 

In [52], Van de Back proposed a method to estimate the timing of symbol using correlation 

with cyclic prefixes. This method is called blind estimation because of the use of cyclic 

prefix which is part of data. Maximum Likelihood estimation based on the polarity of In-

phase and Quadrature phase of received OFDM symbol. This low complex, averaging 

method is limited to AWGN channel and slowly fading radio channel. In [61], authors have 

proposed a blind CFO estimation algorithm for both SISO and MIMO OFDM systems. 

Authors have derived an algorithm that exhibits low complexity based on polynomial rooting 

method. Results show that proposed algorithm is robust to channel’s frequency selectivity 

and exhibits improved performance concerning the existing blind estimation method. Only 

flat fading channel is analyzed in this paper. In [64], a joint channel, CFO, and noise variance 

estimation algorithm is proposed. This is based on expectation and maximization algorithm 

and processes received data in the time domain. This is a blind algorithm and ML approach 

is used to estimate CIR, CFO, and noise variance. A blind CFO estimation algorithm for 

MIMO and SISO OFDM is proposed. In [73], authors have proposed low complexity blind 

CFO estimation algorithm for OFDM systems with constant modulus constellations. This 

proposed estimator known as “Power Difference Estimator (PDE)” is applied that assumes 

a slowly time varying channel. The cost function is designed to minimize power difference 

of all subcarriers. This exhibits low complexity as a three-point curve fitting approach is 

used. At high SNR, MSE of proposed system is lower as compared to other estimators. The 

Amplitude Difference Estimator known as “ADE-T” [74] in time domain is proposed for the 

same OFDM system with constant modulus constellations. This proposed estimator is 

compared with various existing estimators PDE-T [73], PDE-F [79]. Simulation results show 

that proposed ADE-T method performs better than the existing estimators at low complexity. 

The proposed estimation method in [75] is based on a covariance matrix that calculates 

circular shift of received OFDM signal. The estimation of CFO is obtained by minimizing 

the powers outside the band. And it is demonstrated that proposed method outperforms all 

conventional methods. A novel CFO estimator based on minimum reconstruction error 

(MRE) is proposed in [76]. In this, OFDM system with ICI is considered as Multi carrier 

CDMA (MC-CDMA) signal with unknown spreading. The normalized CFO is quantized 
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into M discrete values resulting in M different spreading codes. The received data are 

obtained by decoding received signals with M spreading codes. The Euclidean distance is 

calculated between M received signals and actual received signals and based on this 

normalized CFO is selected. A blind estimation based on Viterbi and Viterbi (VAV) 

algorithm for QAM modulated OFDM system is proposed [77]. This proposed algorithm has 

performance improvement of 12 dB and 20 dB for AWGN and mild fading channel 

respectively at high and moderate SNR. In [78], proposed algorithm estimates CFO based 

on a cost estimation function that calculates a distance between two OFDM symbols. This 

proposed method outperforms existing methods as per simulation results. Table 2.1 shows a 

comparison of different conventional blind CFO estimation for OFDM.  

TABLE 2.1 Comparison of blind CFO estimation algorithms for OFDM 

Algorithm 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Van de back 

algorithm 

ML estimation [52] 

±1/2 of the 

subcarrier 

spacing 

Low complexity 
Error 

Variance 

A Blind CFO 

tracking algorithm 

[61] 

(-0.5,0.5] 

Line search 

Normalised 

MSE 

Real Additions 2N2 + 4N-2 

Real 

Multiplications 

2N2 + 

5N)/step 

Rooting Method 

Real Additions O(N3) 

Real 

Multiplications 
O(N3) 

A joint CFO, CIR 

and Noise 

Estimation [64] 

±1/2 of the 

subcarrier 

spacing 

Real Additions 4NcL 
Normalised 

MSE 
Real 

Multiplications 
2NcL 

A hybrid time-

frequency domain 

technique “Power 

Difference 

Estimator (PDE)” 

[73] 

(-0.5,0.5) 

Low complexity as required 

only 3 trial values to estimate 

CFO 

MSE 

CFO estimation 

scheme using 

circular shift of 

OFDM block [75] 

[-0.5,0.5) 

O(NbN) 

Similar to PDE scheme 

Nb is number of OFDM blocks, 

N is number of subcarriers 

MSE 

A CFO estimator 

based on Minimum 

Reconstruction 

Error (MRE)[76] 

(-0.5,0.5] 

Matrix 

Multiplication 
2M 

MSE 

Comparisons M 
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Algorithm 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Viterbi and Viterbi 

(VAV) estimation 

[77] 

(-0.5,0.5) 
Additions ~N MSE 

Multiplications ~18N 

A novel 

deterministic CFO 

estimation [78] 

[-0.5,0.5) 
No. of FFT 

operations 
2x3 FFTs MSE 

 

2.2.2 Pilot aided CFO estimation Algorithms 

Moose [51] has proposed pilot aided Maximum Likelihood estimation which works in 

frequency domain with assumption that timing offset is already estimated and corrected. The 

acquisition range achieved by this is only ±1/2 of subcarrier spacing, which shows estimation 

of only half of the fractional Carrier Frequency Offset. A shorter training symbol will 

increase the acquisition range but will increase timing offset due to averaging over a small 

no. of samples. Furthermore, distortion will occur if length of training symbol is less than 

the guard interval. 

Nagomi and Nagashima algorithm [53] estimates both timing period offset and frequency 

offset simultaneously using only one pilot symbol. The null symbol positioned at beginning 

of OFDM frame is used to find out starting point of a pilot symbol by detecting a drop in 

received power. In [54], null symbols are used to estimate coarse timing offset. In Burst 

transmission, it is difficult to identify the difference between null symbol and quite period 

which makes use of null symbol inappropriate [46].  

Schimdl & cox [46] modifies Classen’s method [55] for synchronization to reduce 

complexity and achieve a large acquisition range. In classen’s method [55], Frequency offset 

is estimated on an experimental basis where carrier frequency is increased over entire 

acquisition range to find the correct frequency, which makes this method computationally 

complex. In [46], two specially designed preamble is used to estimate time and frequency 

offset. The first training symbol is of two identical halves in time domain, which will remain 

same after deteriorating effect of channel except for phase difference resulting due to carrier 

frequency offset. Symbol timing is detected by maximum timing metric. The carrier 

frequency offset is estimated by measuring phase change between two identical halves of 

first preamble. The second preamble is consisting of a PN sequence modulated with QAM 

techniques used to estimate SNR of sub channels and to remove ambiguity in estimated 

carrier frequency offset. The estimation accuracy is almost achieved to Cramer Rao bound 

(CRB) with the help of two preambles. Simulations have been carried out in presence of 
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AWGN Channel and Frequency Selective Channel. The estimation range of CFO for this 

algorithm is ±1/2 of subcarrier spacing. 

Morelli and Mengali [56] proposed a change in the first training symbol used by Schimdl & 

Cox (SCA) algorithm. They have shown estimation accuracy is slightly superior to the S & 

C algorithm with only one preamble. The first training symbol consists of L identical halves, 

which increase estimation range up to ± L/2 of the subcarrier spacing with increased 

computational complexity. For L/2 channel Impulse response, the required real products and 

additions are (3N+1)L/2-N and 3LN/2-N-2 respectively for the suggested method (Extended 

SCA Algorithm) while the required real products and additions are 2N + 1 and 2(N - 1) 

which is slightly higher. The key advantage of this algorithm is increased estimation range 

with the use of only one preamble, which leads to saving of bandwidth due to overhead 

reduction. 

ML estimation proposed by Morelli & Mengali jointly estimates channel response and 

carrier frequency offset [57]. They proposed three estimation schemes that are based on 

known training sequences. Cramer-Rao bound is achieved by first scheme. The estimation 

range is as large as ±50% of the symbol rate. The implementation accuracy of first scheme 

can be reduced by a specially designed training sequence. This training sequence is 

composed of L identical parts, which reduced complexity by L with the same estimation 

range, proposed in the second scheme. The training sequence in the third scheme is periodic 

and it achieves Cramer Rao bound at a high signal-to-noise ratio without grid search. 

In [58], a joint estimation of carrier frequency offset and Channel response is proposed using 

maximum likelihood method for Orthogonal Frequency division multiple access. Iterative 

method is used to reduce multidimensional optimization problems into one dimensional 

optimization, which results in lower computational complexity. Two algorithms were 

proposed named “Alternating Projection Frequency Estimator (APFE)” and “Approximate 

APFE (AAPFE)” for SISO (Single Input Single Output) and SIMO (Single Input Multiple 

Output). Simulation results confirmed the robustness of these algorithms against near-far 

effect compared with Morelli and Mengalli algorithm proposed in [57]. With an increase in 

no. of users, performance of APFE decreases. 

In [59], authors have proposed a novel preamble based joint estimation method to estimate 

channel, timing, and carrier frequency offsets for OFDM in high mobility situations. This 

joint estimation method is based on ML criterion. This proposed algorithm shows lower 

computational complexity at an improved MSE. In this, they have proposed basic expansion 

modeling (BEM) which captures channel’s time variations to reduce unknown channel 
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parameters. And Maximum likelihood approach is employed to estimate BEM coefficient, 

CFOs, and timing offsets. Joint carrier synchronization and equalization algorithm [63] is 

proposed for OFDM in the tracking stage. This scheme is based on a dual loop structure 

where an outer loop is dealing with phase offsets often induced due to occurrence of CFO in 

a time domain and an inner loop is dealing with a phase tracking loop to cope with phase 

distortions. A Joint algorithm based on MMSE criterion is proposed to estimate channel 

impairment and CFO and simulated for AWGN and multipath fading environment [62]. 

Authors in [65] have proposed a joint estimation of CFO and In-phase/Quadrature phase 

(I/Q) imbalance in OFDM for uncertain timing. This proposed method achieves Cramer Rao 

Bound (CRB) for CFO estimate and exhibits superior performance in simulation. In [66], A 

joint estimation of CFO and CIR based on order recursive method is proposed for OFDM. 

In this method, a higher order taylor expansion (Q≥3) is addressed. From Qth order CFO, 

Q+1th order CFO is obtained using recursive relation. This results in a more accurate 

approximation and eventually improved the joint estimation. The algorithm based on 

expectation conditional maximization is proposed to estimate CFO, channel, and oscillator 

phase noise in OFDM system [67]. This is two steps algorithm where an extended kalman 

filter (EKF) is utilized to track PHN and CFO is estimated by minimizing negative likelihood 

function. In [68], A joint ML decoupled estimation (MLDE) of residual CFO and sampling 

frequency offset (SFO) is proposed based on single dimensional search. This results in 

reduced complexity making it feasible for practical implementation. In the intermediate SNR 

regions, proposed algorithm approaches the corresponding CRBs, error floor observed at 

high SNR due to ICI induced by frequency. Compared to various existing schemes, this 

method exhibits a larger estimation range. A joint ML frequency tracking and channel 

estimation is presented in [69] in OFDM over a mobile wireless channel. This algorithm 

gives better performance at the cost of increased complexity. Using LMMSE combiner with 

ML frequency offset estimator, the proposed algorithm addressed the problem of arising 

local extrema or problems due to multidimensional log likelihood function. In [70], authors 

have proposed low complexity joint estimation of CFO and channel coefficient using EM 

algorithm in presence of a high mobility environment. An autoregressive model based on 

basis expansion model (BEM) is proposed to characterize time variations of complex 

channel gains. Simulation results show that proposed EM algorithm performs same as 

maximum posterior estimator at lower computational complexity. A joint estimation based 

on Recursive Least Squares (RLS) and Maximum a posteriori (MAP)/Maximum likelihood 

(ML) is proposed for CFO and channel coefficients [71]. It is shown that MAP based 
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estimation provides comparable performance to Bayesian Cramer Rao Bound (BCRB) in 

low Signal to Noise (SNR) region. [72] shows two new modified algorithms based on least 

squares (LS) and Schimdl and Cox (SCA) to estimate fractional CFO. The modified SC 

requires only one training symbol whereas in original SCA required two training symbols 

reducing requirement of overhead and complexity. Based on slope of the received pilot 

symbols, LS algorithm estimates CFO. Phase unwrapping is required for estimation and also 

for deciding complexity based on the requirement of accuracy. Table 2.2 shows a comparison 

of various conventional pilot-aided CFO estimation schemes for OFDM.  

TABLE 2.2 Comparison of pilot-aided CFO estimation algorithms for OFDM 

Algorithm Method 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Moose ML 

estimation 

[51] 

Pilot 

based 

estimation 

±1/2 of the 

subcarrier 

spacing 

Low complexity 

Relative 

frequency 

offset 

estimate 

Nagomi and 

Nagashima 

algorithm 

[53] 

Pilot 

based 

estimation 

Not given Not given 

Frequency 

Estimate 

variance 

Schimdl and 

Cox 

algortihm 

[46] 

Pilot 

based 

estimation 

(two 

training 

preamble) 

±1/2 of the 

subcarrier 

spacing 

For h=L/2, 

Error 

Variance 

Real Products 

2n+1 

Real Additions 

2(n-1) 

Morelli and 

Mengali 

algorithm[56] 

Pilot 

based 

estimation 

(only one 

training 

preamble) 

±l/2 of the 

subcarrier 

spacing 

For h=L/2 

Mean Square 

Estimation 

Error 

(MSEE) 

Real Products 

L(3n+1)/2-n 

Real Additions 

3ln/2-n-2 
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Algorithm Method 
Acquisition 

Range 
Complexity 

Performance 

Metric 

ML 

estimation 

proposed by 

Morelli and 

Moretti [57] 

Pilot based 

estimation 

±50% of the 

symbol rate 

MLE#1: 

Mean Square 

Error (MSE) 

Real Products 

2n[2n+2+kηlog2(kn)] 

Real Additions 

N[3n+1+3 kηlog2(kn)] 

MLE#2: 

Real Products 

2n[n+l+kηlog2(kn/l)]/l 

Real Additions 

N[2n+2l-2+3kη 

Log2(kn/l)]/l 

AHE (Adhoc estimator) 

Real Products 

2m(2n-ml-l)+m 

Real Additions 

2m(2n-ml-l)-2 

 Joint ML 

Estimation of 

Timing, 

Frequency 

offsets 

algorithm [59] 

Pilot based 

estimation 

(only one 

training 

preamble) 

±1/2 of the 

subcarrier 

spacing 

Number of Multiplication 

 

Mean Square 

Error (MSE) 
N(N + 1) + (log2M)(log2M 

− 1) +2(N + log2M − 

1)log2N 

A novel cross 

Ambiguity 

function  

(CAF) based 

IFO estimator 

[60] 

Pilot based 

(QPSK 

Symbols) 

Normalized 

IFO Full 

Acquisition 

Range N/2 

where 

N=128 

Real Multiplications: 

Probability of 

Failure 

2NNg(1+log2N) 

Real Additions 

NNg(1+2log2N)-LNg(Ng-

L-1) 

Joint 

estimation of 

CFO and I/Q 

imbalance 

[65] 

Pilot based 

(QAM 

symbols) 

(-0.5,0.5] 

O(NL2
cpNw) 

Where Nw= No. of grid 

points 

L= length of CP 

N= No. of Subcarriers 

Mean Square 

Error (MSE) 

Joint 

Estimation 

based on 

expectation 

conditional 

maximization 

[67] 

Pilot based (-0.5,0.5] 

Complex Additions 

Mean Square 

Error (MSE) 

[7N+1+L(N-

1)(2N+1)+N(N-

1)(L+1)+N(L-

1)]tECM+[2N+L(N-

1)(2N+1)+N(N-

1)(L+1)+N(L-

1)]tintialize+N(N-1)(N+L) 

Complex Multiplications 

[17N+LN(2N+1)+N(N2+L

(N+1))]tECM+[3N+lN(2N+

1)+N(N2+L(N+1))]tintialize

+N2(N+L) 

file:///C:/Users/HP/AppData/Roaming/Microsoft/Word/References_latest.pptx
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Algorithm Method 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Morelli & 

Moretti 

Algorithm 

[68] 

Pilot based cfo≤5*10-2 Np(K-1)(4K+8Nξ+7) 
Mean Square 

Error (MSE) 

Adaptive 

Iteration 

Algorithm 

[69] 

Pilot based 

Chu 

sequences 

(-0.5,0.5] 

Complex Multiplications 

Mean Square 

Error (MSE) 

 

N3+3N2+5N-5 

Complex Divisions 

N 

Arctangent Operations 

N-1 

A joint 

estimation 

based on EM 

(Expectation 

maximization) 

algorithm [70] 

Pilot based [-1.1,1.2] 

Matrix inversion required 

Mean Square 

Error (MSE) 

LNc x LNc 

Where L is number of 

paths and Nc are the basis 

function 

A joint 

estimation 

based on RLS 

and ML/MAP 

[71] 

Pilot based 

[-N/2, N/2] 

where N= 

No. of 

Subcarriers 

RLS 

Normalized 

MSE 

No. of Complex Additions 

(8Q3L3+12Q2L2+8QL+2)

NP 

No. of Complex 

Multiplications 

(G+QL)(N2P2-1) 

ML/MAP 

No. of Complex Additions 

(8Q3L3+20Q2L2+20QL+6)

NP 

No. of Complex 

Multiplications 

G(3N2P2+NP-

1)+QLNP(NP+1) 

A new LS and 

new modified 

SC algorithm 

[72] 

Pilot Based 
-

1/N<fϵ<1/N 

New LS algorithm 

Error 

Variance 

No. of Operations 

Between O(N) and O(N 

log N) 

New modified SC 

algorithm 

No. of Operations 

O(N log N) 

 

2.3 Conventional Carrier frequency offsets estimation schemes for 

OFDM CR 

The cognitive radio allows spectrum access for secondary users (Unlicensed Users) without 

interfering the performance of PUs (LUs). As shown in fig. 2.2 based on spectrum access 
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strategy, cognitive radio paradigm is classified into three parts [49]: 

 

FIGURE 2.2 Classification of spectrum access in OFDM CR 

In interweave cognitive networks, the licensed spectrum is sensed by SUs to detect the 

presence of PUs and find the spectrum holes. Various methods i.e. cyclostationary detection, 

energy detection, matched filtering, covariance detection, and wavelet detection are used to 

sense the spectrum. These are known as spectrum sensing algorithms. In [80], for OFDM 

CR system, the effect of CFO on spectrum sensing algorithm is evaluated under the Rayleigh 

fading environment. The performance of OFDM cognitive radio depends on various sensing 

parameters i.e. false alarm probability, detection probability, and different OFDM 

transmission parameters. In the absence of a CFO, PU’s interference degrades the 

performance of OFDM CR. The presence of ICI generates error floors that can be observed 

in simulation results.  The OFDM CR system is more vulnerable to ICI as compared to PU’s 

interference and due to ICI, BER curve is affected.  

Zsolt and Peter show in [81], that various synchronization errors i.e. phase noise, timing and 

frequency offsets, and IQ imbalance make OFDM cognitive radio system vulnerable. The 

performance of OFDM CR is degraded by 1 dB for a frequency error of 0.03 of subcarrier 

spacing. Improper synchronization results in performance loss and eventually throughput 

degradation. Morelli and Moretti presented in [82] show that in presence of narrowband 

interference, conventional synchronization algorithms for OFDM are not enough for OFDM 

cognitive radio. An ML method for joint estimation of each subcarrier interference power 

and CFO is proposed. A training sequence containing two symbols is used to estimate CFO 

and power of subcarrier. The training sequence’s first block consists of Lth repetitive parts 

resulting in acquisition/estimation range for CFO is ±L/2. And in frequency domain, a known 

Underlay Cognitive 
Networks

• SUs can concurrently 
use spectrum occupied 
by PUs with acceptable 

interference [87]

• Channel gains of SUs 
must known to PUs

Overlay Cognitive 
Networks

• Active cooperation 
and tight interaction is 
maintained between 

PUs and SUs

• Use of sophisticated 
signal processing 

algorithm to improve 
PU trasnmrission

Interweave 
Cognitive Networks

• SUs transmit only 
when PUs are silent 

[88]. 

• SUs sense the 
environment 

periodically in order 
to determine PUs 

ooccupancy.
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PN sequence is used to estimate IFO. In this, Bluetooth interference is considered a 

narrowband interference.  

In [83], authors have proposed an adaptive synchronization scheme for non-contiguous (NC) 

OFDM CR based on a modified training sequence. The synchronization requirement is 

stringent in NC-OFDM as compared to OFDM. The accuracy of frequency estimate is 

improved by inserting zeros between adjacent symbols in initial training sequence “Constant 

Amplitude Zero Autocorrelation Sequences (CAZAC)” of length N. Furthermore, the 

frequency offset estimate accuracy is degraded with an increase in pool allocation. To 

estimate frequency offset, the correlation method is used that is proposed by schimdl & cox 

in [46] is used to estimate the frequency offset. In [84], a novel ML estimation scheme that 

estimates CFO in the absence of SSI (Spectrum Synchronization Information) information 

is shown. As this is NC-OFDM, pilot symbols are transmitted only on active sub-channels. 

The training symbol containing two identical parts is used to estimate CFO. The 

conventional CFO schemes for OFDM are not applicable to OFDM CR system due to 

unavailability of SSI. The hard decision method is used to identify active and inactive 

subchannel. After identification of active subchannel, Maximum Likelihood Algorithm 

(MLA) is applied to estimate the CFO.  

The iterative synchronization scheme for OFDM CR applications is presented in [85]. To 

estimate FFO, Maximum Likelihood method is used. Monte carlo method is used to conduct 

simulations. As this method is depending on iteration, the complexity is proportional to the 

total number of iterations that are 500. To reduce complexity and require less memory space, 

the required number of iterations should be as small as possible. Furthermore, in presence of 

ICFO, the proposed algorithm does not perform satisfactorily as it estimates FCFO only.  In 

[86], authors have proposed a robust algorithm to estimate time and frequency offset in the 

presence of narrowband interference. Time and frequency offsets are estimated by 

correlation method. In this, performance is improved at the cost of increased complexity. In 

[47], the same authors have proposed a low complexity algorithm that achieves an estimation 

range of ±1/2 of subcarrier spacing only. The Zadoff-chu sequence is used as a preamble for 

the estimation of CFO. The autocorrelation between N/4 constant delay received samples is 

calculated to estimate CFO. In [89], a low delay and low complexity based on Extended 

Kalman Filter (EKF) to estimate CFO is proposed. Here, EKF design is proposed for 

multiple TX users at multiple RX antennas. Also, estimation performance is approaching to 

Cramer Rao Bound (CRB) in simulation results. Author in [90] has proposed iterative blind 

CFO estimation for OFDM CR. This iterative scheme refines estimation results and thus 
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increases accuracy at each step. Simulation results show that proposed estimation algorithm 

performs well in presence of Rayleigh fading channel and AWGN. In table 2.3, a comparison 

of various conventional CFO estimation methods is presented.  

TABLE 2.3 Comparison of CFO estimation algorithms for OFDM CR 

Algorithm Method 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Modified 

Maximum 

Likelihood 

Algorithm 

(MMLE) [82] 

Pilot 

Based 

±L/2 

Where L= 

No. of 

Identical 

Parts in the 

preamble  

Low complexity 

Mean Square 

Estimation 

Error 

(MSEE) 

 

Zhou and Qiu 

Scheme[83] 

Pilot 

Based 
±1/2 Not given 

Variance of 

Frequency 

Estimate 

 

ML estimation 

and  active 

subchannel 

detection [84] 

Pilot 

Based 
±1/2 Not given 

Mean Square 

Estimation 

Error 

(MSEE) 

 

Iterative 

Synchronization 

assisted OFDM 

signal detection 

[85] 

Cyclic 

Prefix 

based 

(Blind) 

±1/2 

Complex multiplication 

required 

Probability of 

Detection 

 

3M(ix2NG+N-NG) Where  

NG= Length of Cyclic 

prefix  

N=No. of subcarriers, 

M=Symbols 

i= no. of iterations 

Licensed User 

Insensitive 

Synchronization 

Algorithm  

(LUISA)[86] 

Pilot 

based 
±3 

Real Additions 

Normalized 

Frequency 

MSE 

 

3Nlog2N-N+12[υM]+5 

Real Multiplications 

Nlog2N+N+18[υM]+6 

Where N= no. of 

subcarriers 

υM= CFO 

Narrowband 

Interference 

Robust 

Synchronization 

for NC-OFDM 

Cognitive Radio 

[47] 

Pilot 

based 

 

±1/2 

For N=256, 

Real 

Additions/Subtractions 
Normalized 

Frequency 

MSE 

 

24 

Real 

multiplications/divisions     

24 
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2.4 Conventional Carrier frequency offsets estimation schemes for 

Cellular communication 

Wireless communication under high mobility is a frequently occurring scenario in 5G 

communication and has gained considerable attention during past few years. [100-102] The 

future generation cellular communication that offers high spectral efficiency, and high data 

rate i.e. LTE, 5G impose stringent synchronization requirement. If synchronization between 

User Equipment (UEs) and Base station (BSs) is not properly maintained, performance is 

degraded. The performance of the system degraded more in high mobility scenarios. In [91], 

A joint estimation of CFO and Doppler shift is proposed for high mobility scenarios. The 

received signal is projected to different orthogonal subspaces. Weighted Least squares 

Estimation (WLSE) is utilized to estimate Doppler shift and CFO jointly. Simulation results 

and analysis show that proposed algorithm achieves better performance as compared to 

conventional algorithms. Authors in [92] have proposed a pilot aided iterative joint ML 

estimation method for CFOs and Doubly Selective Channel (DSCs) in the absence of channel 

statistics. From simulation results, it can be seen that proposed estimation scheme is 

performing well even in a high mobility scenario. In [93], authors have proposed a joint 

estimation of time and frequency offsets for LTE downlink. This algorithm estimates both 

fractional and integer parts of CFOs along with start position of radio boundary. Using 

autocorrelation method, FFO is estimated. After FFO correction, received signal is correlated 

with nine possible primary synchronization signals (PSS) in the frequency domain. 

Simulation results show that proposed algorithm gives accurate estimates of CFO even if 

CFO is large. Various methods are investigated for IFO estimation using PSS for LTE 

system. Joint estimation of IFO and sector ID detection using maximum likelihood is 

proposed in [94] for LTE system. Here, the assumption is that frequency and timing offsets 

Algorithm Method 
Acquisition 

Range 
Complexity 

Performance 

Metric 

Extended 

kalman Filter 

(EKF) 

estimation 

algorithm [89] 

Pilot 

based 
[-2,2] 

No. of Complex 

Multiplications 

MSE 
L3

max+ 10L2
max+14 Lmax+2 

Where Lmax= 3 non zero 

paths in time-domain in 

channel response 

Blind iterative 

synchronization 

method [90] 

Blind 0.5 Not analysed MSE 
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are already estimated and compensated. In this, Channel Frequency Response (CFR) is 

represented by Approximated Minimum Mean Square Criterion (AMMSE) reduced rank 

presentation that proved to be robust in multipath environments and residual timing errors 

and performed better at an increased complexity. Despite this, this is a promising candidate 

for 5G. In [95], IFO and sector ID are estimated sequentially. It is shown that this method 

performs well and achieves high accuracy at lower computational complexity as compared 

to conventional Maximum Likelihood (ML) methods. Joint estimation of IFO and Cell ID 

(CID) algorithm is proposed in [96] which exhibits low complexity.  

For 5G systems, to estimate CFOs, autocorrelation and cross correlation based methods are 

demonstrated [14]. When Carrier Frequency Offsets (CFOs) exceed subcarrier spacing then 

FFOs can be estimated by an autocorrelation based algorithm while IFOs can be estimated 

by calculating frequency shifts of the received synchronization signal. For 5G NR, authors 

in [97] have proposed the sequential estimation of IFO and Sector ID detection without prior 

knowledge of PSS. This scheme exhibits low complexity at the cost of slight performance 

loss. Authors have proposed a joint clock and frequency synchronization estimation 

technique in OFDM based cellular communication for mobile station [98]. The proposed 

scheme is estimating first sampling frequency offset and after that residual CFO is estimated. 

In [99], a modified synchronization signal that is a concatenation of zadoff-chu sequences 

and their conjugate is proposed for LTE. This proposed signal results in lower searcher 

complexity than LTE and gives improved performance. Table 2.4 shows a comparison of 

various existing methods to estimate FFO and IFO in OFDM based cellular communication 

for LTE and 5G network. 

TABLE 2.4 Comparison of Conventional CFO estimation algorithms for LTE and 5G NR 

Algorithm Method 
Acquisitio

n Range 
Complexity 

Performanc

e Metric 

Joint ML 

Estimation of 

Carrier 

Frequency Offsets 

(CFOs) and 

Channel [91] 

Pilot Based (-0.5,0.5) 

No. of Complex 

Multiplication 
Mean 

Square 

Error (MSE) 

nr
2 

No. of Complex 

Additions 

nr(nr-1) 

Space 

Alternating 

Generalized 

Expectation 

Maximization-

Maximum 

Pilot Based (-0.5,0.5) 

No. of Complex 

Multiplications: 
Normalized 

Mean 

Square 

Error (MSE) 

[PL{2QLK + (3 + 

PL)NCG+(7 + 2PL)Nǫ + 

3} + Nǫ]Niter 

No. of Complex 

Additions: 
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Likelihood 

(SAGE-ML) 

algorithm [92] 

[PL{(QL − 1)K + 

PL(NCG + 3Nǫ) 

−(NCG + Nǫ) + 2} − 

QL]Niter 

Joint ML Time 

and Frequency 

Offsets 

Estimation- [93] 

Pilot Based 

(Zadoff -

Chu 

sequences) 

& CP based 

Both FFOs 

and IFOs 
Not analysed 

Root Mean 

Square 

Error 

(RMSE) 

Maximum 

Likelihood (ML) 

Estimation 

Joint estimation 

of IFO and Sector 

ID [94] 

Pilot Based 

(Zadoff -

Chu 

sequences) 

Search 

range={0,±

1,±2,±3} 

291+1116Nv+ 

1494NvP 

Probability 

of Failure 

For both 

IFO and 

Sector ID 

Sequential 

Detection of IFO 

and Sector ID [95] 

Pilot Based 

(Zadoff -

Chu 

sequences) 

Search 

range={0,±

1,±2,±3} 

No. of Multiplications 

Detection 

Error Rate 

1341 

No. of Additions 

2811 

Joint Cell Search 

and Frequency 

Synchronization 

Algorithm-

Computationally 

Efficient [96] 

Pilot Based 

(Zadoff -

Chu 

sequences) 

Search 

range={0,±

1,±2,±3} 

3Np/2 − 3 flops for 

each IFO hypothesis 

Probability 

of Detection 

Failure 

Sequential 

Detection of IFO 

and PSS for 5G 

NR [97] 

m-

sequences 

Search 

range={0,±

1,±2,±3,} 

(2G+ 1)(5M− 6) + 

3(2M− 3) Flops 

G- IFO trial Values 

M= 

Probability 

of Detection 

Failure 

A joint clock and 

frequency 

synchronization[9

8] 

Pilot 

Symbols 

Fine and 

Coarse 

CFOs 

Not analyzed 

Root Mean 

Square 

Error 

(RMSE) 

An algorithm 

based on modified 

synchronization 

sugnal [99] 

Frequency 

domain PS 

and SS 

signal 

0.6667 

No. of real 

multiplications 
Detection 

Error Rate 

(DER) 4 

 

2.5 Conventional CFO estimation algorithms in Multi antenna (MIMO) 

system 

Due to the demand for high data rates in future generation broadband cellular or wireless 

communication, MIMO OFDM gained considerable attention in recent years [104-105]. 

MIMO offers high throughput and OFDM avoids ISI in multipath fading, due to these MIMO 

OFDM is preferred in a future wireless communication system. However, sensitivity to 

frequency offsets remains same in MIMO OFDM. Large frequency offsets result in 
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performance degradation. To improve performance, estimation correction of frequency 

offsets should be performed at the receiver side. A joint ML method to estimate CFO and 

channel Impulse response (CIR) is proposed in the presence of timing ambiguity [103]. Due 

to multidimensional search, complexity is increased at improved performance. A lower 

complexity algorithm is also proposed but it exhibits little performance loss. In [106], a 

hybrid blind CFO estimator is proposed for MIMO OFDM systems in high frequency 

selective fading environment. A robust CFO estimator is designed by minimizing the power 

difference among all subcarriers in two space time code (STC) block.  

In [107], a joint estimation of CFO and channel estimation based on extended kalman H∞ 

filter is proposed. This works well in absence of knowledge of noise distributions. Simulation 

results show more robustness in presence of unknown disturbances as compared to the 

conventional extended kalman filter (EKF) based method [108-110]. In [111], same 

preamble used to estimate CFO and channel is formed by orthogonal codes. In this, authors 

have focused only on FFOs. The proposed estimator performs well as compared to Moose 

[51] and classen [55] techniques. Authors in [112] have proposed a joint estimation method 

that uses distorted preamble due to insufficient CP. In addition to that, it relies on all samples 

of a preamble. This proposed scheme outperforms all existing work. 

In [113] and [116], blind joint estimation for OFDM with multi antenna receiver. This 

performs better even in the presence of null subcarriers. In [114], an autoregressive model 

based on BEM is built to estimate CFO and channel amplitude (CA) jointly for MIMO 

OFDM. Simulation results show good performance even in a high mobility environment. 

Authors in [115] have modified pilot symbols to cascaded orthogonal pilot symbols that are 

used to estimate CFO. This proposed algorithm is robust to residual CFOs and channel 

errors. In [117], a new method based on channel residual energy (CRE) is proposed to 

estimate I/Q imbalance, CFO, and channel response. Moreover, low complexity two-step 

approach is proposed that gives same performance to CRBs. Table 2.5 shows a comparison 

of various CFO estimation algorithms for MIMO OFDM. 

TABLE 2.5 Comparison of conventional CFO estimation schemes for MIMO OFDM 

Algorithm Method 

Acquisit

ion 

Range 

Complexity 
Performance 

Metric 

A novel joint 

ML Estimation 

of Carrier 

Frequency 

Offsets (CFOs) 

Pilot Based 

[-

0.31,0.31

] 

Complex Products 

Mean Square 

Error (MSE) 

M(NL + 1)K 

Complex Additions 

MNL(K-1) 
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and Channel 

[103] 

CFO estimator 

based on power 

difference [106] 

Blind (-0.5,0.5) Low 
Mean Square 

Error (MSE) 

 A novel 

Algebraic CFO 

estimator [111] 

Pilot aided [-0.5,0.5] 

O(4(ncnt)
3+ ncnt) 

Where nc= total 

subcarrier, nt= no. of 

OFDM modulators 

Variance 

Iterative joint 

estimation of 

CFO and 

channel 

parameters 

[112] 

Pilot aided 

(Symmetric 

sequence) 

{0.2,0.4} 

After Compensation 

NtNrN (6 + 1/2 (L − 

LCP)+ +7/2 (L − LCP)N + 

43/4 (L − LCP)2N) cycles 

Mean Square 

Error (MSE) 

A blind ML 

CFO estimation 

[113] 

blind (-0.5,0.5) 

No. of complex 

multiplications 

Mean Square 

Error (MSE) 

O(α(MLsN+MLsNlog2N

+P(M2Ls/2+M3))) 

Where M=Parts 

N= No. of subcarriers 

α= no. of CFO trial 

values 

Ls= No. of OFDM blocks 

Joint estimation 

of CFO and 

Channel 

amplitude (CA) 

[114] 

Pilot [-0.1,0.1] O(N3
RN3) 

Mean Square 

Error (MSE) 

A joint 

estimation of 

CFO and 

channel based 

cascaded 

orthogonal 

pilots [115] 

Cascaded 

Orthogonal 

Pilot 

symbols 

[-0.5,0.5] O(QKNtL) 
Mean Square 

Error (MSE) 

One shot Blind 

CFO estimation 

[116] 

Blind (-0.5,0.5) 

O(MLsN+MLsNlog2N+N

M2(Ls/2+L-1)) 

 

Mean Square 

Error (MSE) 

Joint estimation 

of I/Q 

imbalance, CFO 

and channel 

[117] 

Pilot based 

Arbitrary 

Training 

sequence 

[-1,1) low 
Mean Square 

Error (MSE) 

 

2.6 Deep learning based carrier frequency offsets estimation schemes 

In [118], Deep learning architecture is used to estimate CFO of a complex sinusoid. The 
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estimation range of CFO is [0.2,0.25]. Deep Neural Network (DNN) schemes have been 

investigated and demonstrated to estimate CFO and detect packets for the emerging IEEE 

802.11ah standard in [119]. In this paper, the model is trained by Convolution Neural 

Network (CNN), and Recurrent Neural Network (RNN) architectures. It can be observed 

from simulation results that DNN methods give superior performance to conventional 

methods. The acquisition range of estimated FFOs is in the range [0.5,0.5]. Authors have 

proposed an Extreme Learning Machine (ELM) based synchronization method in [120] to 

estimate residual carrier frequency offset and symbol timing, which exhibits superior 

performance as compared to conventional methods. The performance of the scheme is 

evaluated under AWGN channels and frequency selective fading channels. 

TABLE 2.6 Deep Learning based CFO estimation algorithms 

Estimation of 
Normalized 

Estimation range 

Deep learning 

Method used 
Applications 

Performance 

Metric 

Carrier 

frequency 

offsets of 

sinusoid noise 

[118] 

[0.2,0.25] with a 

uniform distribution 

ANN 

RNN 

CNN 

MIMO-

OFDM 

Mean Square 

Error (MSE) 

Carrier 

Frequency 

Offset [119] 

[-0.5,0.5] 

ReLU DNN 

1D CNN for 

packet detection 

OFDM IEEE 

802.11ah 

Mean 

Absolute 

Error (MAE) 

Residual 

Symbol 

Timing 

Offsets and 

Residual 

Frequency 

Offsets [120] 

[-0.0025,0.0025] 

[-0.0030,0.0030] 

[-0.05,0.05] 

ELM 
MIMO-

OFDM 

Mean Square 

Error (MSE) 

Coarse 

carrier 

frequency 

offsets [121] 

2019 

(-0.5,0.5] 

Neural network 

with dense 

layer, LSTM 

layer and 

activation 

function 

MIMO-

OFDM 

Probability of 

Success 

 

The coarse CFO estimator based on NN approach for MIMO is proposed in [121]. In this 

paper, the estimation problem is converted into a classification problem and a training dataset 

is generated across a normalized FFO range [-0.5,0.5].  Furthermore, the model is trained for 

the slow fading channel, multipath channel, and AWGN channel for the different number of 

antennas [121]. These all estimation schemes perform well when CFOs are less than one half 

of subcarrier spacing. These schemes are considered for different system models and also 
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used for different applications. Table 2.6 shows comparison of deep learning based CFO 

estimation scheme for various wireless system. 

2.7 Research gaps 

2.7.1 Findings in OFDM and OFDM CR 

1. The deployment of OFDM in CR increases synchronization challenge.  

2. Most of the estimation algorithms achieve an estimation range of ±1/2 subcarrier 

spacing. In some CFO estimation algorithms, complexity is reduced at the cost of a 

limited acquisition range. 

3. The conventional frequency offset estimation methods designed for OFDM do not 

give satisfactory performance when utilized in OFDM CR system.  

2.7.2 Findings in Cellular System 

1. With an increase in carrier frequency, synchronization becomes a stringent 

requirement. 

2. Conventional Maximum Likelihood Estimation algorithms are already extensively 

used to estimate Fractional Frequency Offsets(FFOs) and Integer Frequency Offsets 

(IFOs). These algorithms are based on a fixed block structure communication system. 

3. Recently, Deep learning approach is explored for estimation of Carrier Frequency 

Offsets (CFO) in various other Wireless Systems. 

4. However, Deep learning-based approach to estimate IFOs and FFOs is not been 

extensively explored in 5G NR system. 

2.8 Summary 

In this, a Review of various CFO estimation schemes has been presented. At first, a 

comparative analysis of CFO estimation schemes for OFDM is shown. As the requirement 

for stringent synchronization remains same in OFDM CR, a comparative analysis of CFO 

estimation schemes for OFDM CR is also provided. Also, conventional CFO estimation 

schemes for cellular communication and MIMO OFDM are discussed and compared for their 

complexity and acquisition range.
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CHAPTER  3 

 

Conventional and Proposed CFO estimation in 

OFDM CR 
 

 

3.1 Non-Contiguous OFDM Cognitive Radio (NC-OFDM CR) System 

Model 

Here, the non-contiguous OFDM (NC-OFDM) system is considered for cognitive radio. 

In NC-OFDM, subcarriers that are not used by primary users (PUs) are allocated to 

secondary users (SUs). Dynamic spectrum sensing is utilized to decide active subcarriers. 

Doing so will avoid interference with PUs. A general block diagram of NC-OFDM CR is 

shown in Fig. 3.1.  

 

 

 

 

 

 

 

 

 

 

Input data/symbols are modulated by any digital modulation scheme i.e. M-QAM, M-

PSK, etc. After that, those modulated data are mapped on to parallel stream. These 

modulated data will be mapped only onto active subcarriers. Here active subcarriers are 

the frequencies that are unoccupied in spectrum bands. The spectrum is dynamically 

FIGURE 3.1 NC-OFDM CR block diagram 
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sensed to determine these active subcarriers and channel coefficients are estimated to 

improve performance [122]. In the next step, these data are converted into frequency 

domain. In OFDM system, input data or symbols are assumed in frequency domain. Then, 

a cyclic prefix of length equal to or greater than the multipath channel delay spread is 

added in order to avoid ISI. These time domain OFDM samples are amplified and up 

converted to desired frequency and transmitted through multipath fading and AWGN 

channel.  

At the receiver side, first down conversion of received signal is performed. After that 

synchronization and channel estimation are performed to improve the performance of the 

system. This synchronization process is explained in detail in the next section. Once the 

timing offsets and FFOs are estimated and corrected, cyclic prefix is removed. 

Subsequently, received signals are converted into frequency domain using FFT. The IFOs 

are estimated in Post-FFT stage.  The estimated channel SNR is now utilized by an 

equalizer to reduce the effects caused by the multipath channel.  

3.2 Synchronization Process in NC-OFDM CR 

The synchronization process in OFDM CR is same as in OFDM. The detailed process is 

shown in Fig. 3.2. In the first step, fractional/fine frequency offset estimation is performed 

in time domain. Various methods have been explored for OFDM and OFDM CR. Here, 

two methods i.e. Schimdl and Cox method and NIRS method have been taken into 

consideration for comparison concerning the proposed method. Then this estimated 

fractional CFO is compensated. Integer CFO will be estimated and corrected after 

conversion of received time domain samples into frequency domain samples. For correct 

Integer part estimation, FFO must be compensated before FFT.  

3.3 Schimdl & Cox method for NC-OFDM CR 

Schimdl and Cox have proposed a correlation method to estimate fractional/fine 

frequency offsets in OFDM [46]. The same algorithm is slightly modified in [47] for 

NC-OFDM CR. 

3.3.1 Structure of Preamble 

Received 
OFDM 
training 
symbol

Fractional 
CFO 

estimation

Fractional 
CFO 

correction
FFT

Integer part 
Estimation

FIGURE 3.2 Synchronization Process in OFDM CR 
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This estimation scheme is pilot based where pilot symbols/preamble is designed in specific 

manner. Here, in Fig. 3.3 first OFDM symbol structure is presented containing two identical 

time domain sequences of N/2 samples. These two identical halves are marked with orange 

and green respectively and also inverse of each other.   

 

 

 

 

In this preamble, only even indexed subcarriers are modulated and multiplied by √2 in 

order to maintain same power as data symbols. And the odd subcarriers are assigned with 

zero amplitudes. This structure will generate two identical halves in time domain. The 

repeatability of preamble will remain intact due to insertion of cyclic prefix. In table 3.1, 

an example of first training symbol is shown. 

TABLE 3.1 First symbol training sequence in SCA 

 

 

 

 

 

 

  

Only on available subcarriers, preamble is transmitted in NC-OFDM. The fractional part 

of CFO is estimated by correlating these two identical halves at the receiver side. It is 

important to note that this whole process can get affected by presence of narrowband 

interference. 

3.3.2 Mathematical Signal Model 

Here, a Non-contiguous OFDM (NC-OFDM) system containing N subcarriers is 

considered for Cognitive Radio. Each NC-OFDM symbol experiences ISI due to multipath 

fading that can be reduced by insertion of the cyclic prefix of NCP samples. The transmitted 

sample after IFFT is given by 

𝑥𝑛
(𝑝)

=  
1

√𝑁
 ∑ 𝑑𝑘

(𝑝)
𝑒𝑗2𝜋

𝑛𝑘

𝑁
𝑁 2⁄ −1
𝑘=−𝑁 2⁄        , 𝑓𝑜𝑟 − 𝑁𝐶𝑃 < n < 𝑁 − 1  (3.1) 

            = 0, Otherwise  

Frequency No. First Training Symbol c1,k vk = √𝟐
𝒄𝟏,𝒌

𝒄𝟐,𝒌
 

1 0  

2 7+7j -j 

3 0  

4 -7+7j J 

5 0  

6 7-7j -1 

CP First Half of N/2 Second Half of N/2 CP 

FIGURE 3.3 Preamble Structure 
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where 𝑑𝑘
(𝑝)

is a complex OFDM symbol transmitted in pth symbol on the kth Subcarrier. Out 

of N subcarriers, only β subcarriers are modulated using PSK/QAM technique. A vector L 

={Lj } for j = 1, ... , β and Lj ∈{−N/2, ..., N/2 − 1} indicates indices of occupied subcarriers. 

Those indices which are not included in L are kept to zero to protect Primary users/ 

Licensed Users (Pus/LUs) transmission, i.e., 𝑑𝑘
(𝑝)

= 0 𝑓𝑜𝑟 𝑘 ∉ 𝐿. 

Each signal consisting of P NC-OFDM symbols is transmitted in frames. The discrete-time 

NC-OFDM frame containing a series of NC-OFDM symbols occupying pth symbols is 

represented as: 

 �̃�(𝑛) =  ∑ 𝑥𝑛−𝑝(𝑁+𝑁𝐶𝑃)
(𝑝)𝑃−1

𝑝=0        (3.2) 

The presence of CFO, multipath fading channel, and NBI  distort the received signal. The 

distorted received signal is repsresented  as: 

                         𝑟(𝑛) = 𝑦(𝑛)𝑒𝑗2𝜋
𝑣𝑛

𝑁 + √𝜎𝑖
2𝑒𝑗2𝜋

𝑓𝑐𝑛

𝑁
+𝑗∅𝑛 + 𝑤(𝑛)    (3.3) 

Where  

                                      𝑦(𝑛) = ∑ �̃�(𝑛 − 𝑙)ℎ(𝑙)𝐿−1
𝑙=0     (3.4) 

is the distorted received NC-OFDM signal due to multipath fading, ν is the normalized 

CFO with respect to SCs spacing , h(l) is the channel coefficient at lth instant, L is the total 

number of channel paths gain, and w(n) is a zero mean and variance σw
2 complex white 

Gaussian noise. Here NBI is characterized by normalized frequency fc to the subcarrier 

spacing, slowly varying phase with time ϕn, and power of σi2. The second term of eq.(3.3) 

is representing NBI. This is valid for narrowband systems having a phase component of: 

 

 ∅𝑛 = ∑ 𝑎𝑖𝑛
𝑖∞

𝑖=0   (3.5) 

 

Where ai are the coefficients of polynomials.  

Here, the phase variations of NBI are assumed to be slow in time and sampling frequency 

is usually higher than the bandwidth of NBI. Also, polynomial coefficient ai is non-zero for 

a given n. Thus, eq (3) can be rewritten as 

 

𝑟(𝑛) = 𝑦(𝑛)𝑒𝑗2𝜋
𝜗𝑛

𝑁 + √𝜎𝑖
2𝑒𝑗2𝜋

𝑓𝑛

𝑁
+𝑗∅0 + 𝑤(𝑛)             (3.6) 
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Where 

𝑓 = 𝑓𝑐 +
𝑎1𝑁

2𝜋
        (3.7) 

is the instantaneous normalized NBI’s frequency to SCs spacing and φ=a0 is the phase of 

NBI signal. Here, NBI model given in [123] is considered. 

The received signal and its delayed version by N/2 is auto correlated to calculate G(n) and 

this metric is defined as: 

 

                                      𝐺(𝑛) = ∑ 𝑟∗(𝑛 + 𝑚)𝑟 (𝑛 +
𝑁

2
+ 𝑚)𝑁 2⁄ −1

𝑚=0    (3.8) 

 

Where ( )∗ denotes a complex conjugate, G(n) is a metric that defines the autocorrelation, 

and. The energy metric M(n) of received signal over N/2 samples can be calculated by 

 

𝑀(𝑛) = ∑ |𝑟(𝑛 +
𝑁

2
+ 𝑚)|

2𝑁

2
−1

𝑚=0    (3.9) 

 

The timing metric is denoted as �̂�𝑆𝐶𝐴 is determined by  

 

          �̂�𝑆𝐶𝐴 = 𝑎𝑟𝑔𝑛𝑚𝑎𝑥 |
𝐺(𝑛)

𝑀(𝑛)
|
2

     (3.10) 

 

The maximum value of estimated timing metric decides the starting point of the frame. 

The estimate of CFO can be obtained as 

 

                                               𝑣𝑆𝐶𝐴 = 𝑎𝑟𝑔 {
𝐺(�̂�)

𝜋
}   (3.11) 

 

Where arg{·} is the argument of a complex number. The achieved estimation range is (-

1;1). 

 

3.4 NIRS method for NC-OFDM CR 

A new Synchronization method robust against narrowband interference is proposed in [47]. 

This method provides low complexity but limits the estimation range. In this, the CFO’s 
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value is assumed to be less than the subcarrier spacing. This algorithm removes the false 

synchronization scenario in S & C method when NBI is more dominant than the noise. 

3.4.1 Structure of Preamble 

The same preamble defined in section 3.3.1 is transmitted before actual data transmission. 

Preamble will be assigned only to the available subcarrier. To estimate fractional CFO, 

identical parts of first OFDM are correlated at the receiver side. 

3.4.2 Mathematical Signal model 

A defined new function Q(n) calculated the autocorrelation of a received signal with N/4 

delay. 

 𝑄(𝑛) =
1

2
∑ [

𝑟∗(𝑚 + 𝑛)𝑟 (𝑚 + 𝑛 +
𝑁

4
) + 2𝑟∗ (𝑚 + 𝑛 +

𝑁

4
)

. 𝑟 (𝑚 + 𝑛 +
𝑁

2
) + 𝑟∗(𝑚 + 𝑛 +

𝑁

2
)𝑟(𝑚 + 𝑛 +

3𝑁

4
)
]𝑁 4⁄ −1

𝑚=0  (3.12) 

 

GNIRS(n) is thus: 

 

                                𝐺𝑁𝐼𝑅𝑆(𝑛) = 𝐺(𝑛) − |𝑄(𝑛)|𝑒𝑗2𝑎𝑟𝑔{𝑄(𝑛)}   (3.13) 

 

The timing metric �̂�𝑁𝐼𝑅𝑆 is calculated by 

 

�̂�𝑁𝐼𝑅𝑆 = 𝑎𝑟𝑔𝑛𝑚𝑎𝑥 |
𝐺𝑁𝐼𝑅𝑆(𝑛)

𝑀(𝑛)
|
2

   (3.14) 

 

The CFO can be estimated as 

 

                                     𝑣𝑁𝐼𝑅𝑆 = 𝑎𝑟𝑔 {
𝐺𝑁𝐼𝑅𝑆(�̂�)

𝜋
}    (3.15) 

 

This NIRS algorithm prevents false synchronization scenarios from occurring in SCA 

algorithm and also proposes a low complexity solution, but this algorithm limits estimation 

range to [-1;1].  

3.5 Proposed M & M method for NC-OFDM CR 

The achieved estimation range in SCA method and NIRS method are ±1/2 of the subcarrier 

spacing and ±1 normalized to subcarrier spacing respectively. Here, M & M method [45] 

is suggested to increase estimation range. The estimation range is extended by increasing 

no. of identical parts in the training sequence. The estimation range is increased up to ±L/2 
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of the subcarrier spacing when L identical parts are present in the training symbol. The M 

& M method is proposed for OFDM CR in presence of narrowband interference (NBI) 

here. 

3.5.1 Mathematical Signal Model 

Here, the assumption is that timing synchronization is already performed using the schimdl 

and cox method [46]. 

This method uses the correlation of the received signal.   

 

                 𝐶(𝑚) =
1

𝑁−𝑚𝑀
∑ 𝑟(𝑘)𝑟∗(𝑘 − 𝑚𝑀)        0 ≤ 𝑚 ≤ 𝐻𝑁−1

𝑘=𝑚𝑀       (3.16) 

 

Where M=N/L, length of samples in identical parts, and H is a design parameter. 

The CFO estimator is known as Best Linear Unbiased Estimator (BLUE) [124] is given 

by  

 

                                          𝑣 =
𝐿

2𝜋
∑ 𝑤(𝑚)∅(𝑚)𝐻

𝑚=1          (3.17) 

 

       Where 

 

                        𝑤(𝑚) = 3
(𝐿−𝑚)(𝐿−𝑚+1)−𝐻(𝐿−𝐻)

𝐻(4𝐻2−6𝐿𝐻+3𝐿2−1)
          1 ≤ 𝑚 ≤ 𝐻                     (3.18) 

 

                               ∅(𝑚) ≜ [arg{𝐶(𝑚)} − arg {𝐶(𝑚 − 1)}]2𝜋        (3.19) 

 

Here, C(m-1) and C(m) represent correlation terms at m-1th and mth instant respectively. 

The argument of any variable will reduce its value to a given interval i.e. [a]2π will reduce 

a to the interval [-π, π). We take the design parameter, H= L/2 because the first L/2 

samples are enough to find ∅. 

 

3.6 Complexity Analysis 

In the literature review presented in chapter 2, it is observed that there is trade-off between 

accuracy of estimation and complexity. Here, complexity of all three FCFO estimation 

algorithms is analyzed. 
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3.6.1     SCA algorithm 

SCA algorithm is a low complexity algorithm but it has a limited estimation range of up 

to ±1/2 of subcarrier spacing. As per analysis done in [45], SCA algorithm requires 2(N-

1) no. of real additions and 2N+1 real multiplication for OFDM. In [47], complexity of 

SCA algorithm for OFDM CR is calculated. Both parts of timing metric (Eq. 3.10) are 

calculated iteratively and are given by 

 

𝐺(𝑛) = 𝐺(𝑛 − 1) − 𝑟∗(𝑛 − 1)𝑟 (𝑛 − 1 +
𝑁

2
) + 𝑟∗(𝑛 +

𝑁

2
− 1)𝑟(𝑛 − 1 + 𝑁) (3.20) 

 

𝑀(𝑛) = 𝑀(𝑛 − 1) − |𝑟 (𝑛 +
𝑁

2
− 1)|

2

+ |𝑟(𝑛 + 𝑁 − 1)|2        (3.21) 

 

The number of arithmetic operations needed to calculate the timing metric �̂�𝑆𝐶𝐴 decides 

the computational complexity of SCA for a single n. It is important to note that calculation 

of CFO estimate �̂�𝑁𝐼𝑅𝑆 requires one complex division. Here, for NC-OFDM, preamble 

will be transmitted only on available subcarriers. So, the same complexity defined for 

OFDM in [45] can be considered for comparison. The number of real additions and real 

multiplication required for SCA is shown in table 3.2. 

 

3.6.2      NIRS algorithm 

In NIRS algorithm, a new metric Q(n) is defined. There is an additional operation required 

to calculate metric GNIRS defined in eq (3.13). Significantly, iterative calculation of Q(n) 

is given by 

 

𝑄(𝑛) = 𝑄(𝑛 − 1) +
1

2
(𝑟∗ (𝑛 +

3𝑁

4
− 1) 𝑟(𝑛 − 1 + 𝑁) − 𝑟∗(𝑛 − 1)𝑟 (𝑛 − 1 +

𝑁

4
) +

𝑟∗ (𝑛 +
𝑁

2
− 1) 𝑟 (𝑛 − 1 +

3𝑁

4
) − 𝑟∗(𝑛 − 1 +

𝑁

4
)𝑟(𝑛 − 1 +

𝑁

2
))          (3.22) 

 

For each iteration, eq. (3.22) needs only one complex multiplication. So, the calculation 

of Q(n) requires 6 real multiplications and 10 real additions/subtractions. Another 

important point to note is Q(n) argument is doubled and given by 

 

|𝑄(𝑛)|𝑒𝑗2arg {𝑄(𝑛)} =
𝑄(𝑛)2

|𝑄(𝑛)|
      (3.23) 



Conventional and Proposed CFO estimation in OFDM CR 

46 

 

 

The numerator of eq. (3.23) requires 1 real addition and 4 real multiplications and the 

denominator requires 1 square root operation and 2 real multiplications, and 1 addition. 

And lastly, to calculate GNIRS(n), one complex subtraction and two real divisions are 

needed. It is important to note that calculation of CFO estimate �̂�𝑁𝐼𝑅𝑆 requires 1 complex 

division that is same as SCA defined in section 3.6.1. NIRS algorithm requires 24 real 

additions per single input sample and 24 multiplications per single input sample. So, total 

complexity for NIRS is shown in Table 3.3.  

 

3.6.3    M & M algorithm 

In M & M method [45], it requires the computations of H angles φ(m), which results in 

3LN/2- N-2 real additions and L(3N+1)/2-N real multiplications for H=L/2.  

Here, N denotes total no. of subcarriers and L denotes no. of identical parts in training 

symbol.  

 

3.6.4     Comparative Analysis 

In table 3.2, computational complexity of SCA, NIRS, and M & M method is shown. 

Here, N denotes number of subcarriers and L denotes no. of identical parts in first training 

symbol. 

 

TABLE 3.2 Complexity Analysis of SCA, NIRS, and M & M 

Sr. 

No. 
Algorithm 

No. of Real 

Addition 

Required 

No. of Real 

Multiplications 

required 

1. 
Schimdl and Cox 

Algorithm 
2(N-1) 2N+1 

2. 
Narrowband Interference 

Robust Synchronization 

24 operations per 

single input 

sample 

24 operations per 

single input sample 

3. 
Morelli and Mengali 

Method 

3𝐿𝑁

2
− 𝑁 − 2 

𝐿(3𝑁 + 1)

2
− 𝑁 

 

Specifically for N=64 and L=4, table 3.3 shows complexity analysis for SCA, NIRS, 

and M & M.  
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TABLE 3.3 Complexity Analysis of SCA, NIRS, and M & M for N=64 

Sr. 

No. 
Algorithm 

No. of Real 

Addition Required 

No. of Real 

Multiplications 

required 

1. 
Schimdl and Cox 

Algorithm 
126 129 

2. 
Narrowband Interference 

Robust Synchronization 
1536 1536 

3. 
Morelli and Mengali 

Method 
318 322 

 

From comparative analysis, it is clear that the proposed M & M method requires more 

no. of real additions and multiplications as compared to SCA method and less number 

of operations required than the NIRS method. This is due to an increase in a number of 

identical parts. But the proposed M & M method achieves a high estimation range equal 

to ±L/2 as compared to both methods i.e. SCA and NIRS.  

 

3.7 Summary 

In this section, the structure of OFDM CR is discussed in detail. Also, the Non-

contiguous OFDM CR system is explained in detail. Furthermore, synchronization 

process in NC-OFDM CR is elaborated. Conventional methods to estimate CFOs i.e. 

SCA and NIRS are discussed in detail with help of mathematical background. Also, in 

this section M & M method for OFDM CR is proposed which increases the estimation 

range at moderate complexity. This section ends with the analysis of computational 

complexity of all algorithms i.e. SCA, NIRS, and M & M.
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CHAPTER  4 

5G New Radio (NR) PHY Structure and 

Conventional CFO Estimation 

 

4.1 The 5G New Radio (NR) Physical Layer 

The new radio (NR) is a fifth generation wireless access technology designed by 3rd 

Generation Partnership project (3GPP). The 5G NR is mainly focused on three use cases 

i.e. Device to Device (D to D) Communication, Ultra Reliable Low Latency 

Communication (URLLC), and enhanced Mobile Broadband (eMBB). To support these 

use cases, physical layer of 5G is modified and defined as “New Radio”. The 5G NR 

operates into two bands i.e. sub 6 GHz (FR1- below 6 GHz) and mmWave (FR2- above 

24 GHz) [11].  At lower carrier frequencies, there will typically be more coverage per 

base station (macro sites), and at higher carrier frequencies a limited coverage area per 

base station (micro and pico sites). Licensed spectrum and unlicensed spectrum utilize to 

provide high service quality, optimal reliability, higher data rates, and eventually boost 

capacity [125].  The main elements of 5G NR system are waveform and multiple access, 

modulation schemes, frame structure, synchronization/reference signals, multi-antenna 

transmission, and channel coding. 

 Waveform and Multiple Access  

As in LTE, Cyclic Prefix OFDM (CP-OFDM) is adopted for 5G NR with a scalable 

numerology in both Uplink (User Equipment (UE) to gNodeB (gNb)) and downlink 

(gNodeB (gNb) to User Equipment (UE)). In scalable numerology, subcarrier spacing and 

cyclic prefix length are variable. Device to Device (D to D communication) and wireless 

backhauling are the use cases where both UL and DL use CP-OFDM waveform. For the 

scenario where coverage is limited, DFT-OFDM is preferred. Here, CP-OFDM system 

model is considered and synchronization issue is addressed for this system model [125]. 
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The orthogonal Multiple Access (OMA) used in all previous generation cellular standards 

continues to play an important role in both UL and DL links where a single user can 

access each frequency/time block. This supports only a limited number of users. Massive 

connectivity and system capacity can be increased by Non-Orthogonal Multiple Access 

(NOMA) transmission, which allows multiple users to share same frequency/time block. 

This NOMA scheme supports more users resulting in capacity improvement. The 5G NR 

supports both types of multiple access. Frequency Division Duplex (FDD) and Time 

Division Duplex (TDD) are enabled to support paired and unpaired spectrum 

transmission. Fig. 4.1 shows waveform and multiple access techniques employed in 5G 

NR. 

Table 4.1 shows 3GPP references that depict 5G NR specifications in detail with a scope 

of each standard. 

 

 

 

 

Downlink(DL) 
Waveform 

• Cyclic Prefix (CP)-OFDM

Uplink (UL) 
Waveform

• CP-OFDM

• DFTs-OFDM

Orthogonal Multiple 
Access (OMA)

• Core to all previous and 
current wireless networks

• Supports only limited no. of 
users

Non Orthogonal 
Multiple Access 

(NOMA)

• Add on and introduced in 
5G

• Supports more users

Waveform Multiple Access 

FIGURE 4.1 Waveform and Multiple access in 5G NR 
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TABLE 4.1 3GPP 5G NR specifications [127] 

Specifications and 

Version 
Title Scope 

TS 38.201 V15.0.0 

[127] 

General 

Description 

of 5G NR 

PHY layer 

NR radio interface protocol architecture 

around the physical layer 

 Multiple Access 

 Modulation and Physical channels 

 Channel Coding 

 Physical layer procedures and 

measurements. 

TS 38.202 V16.1.0 

[128] 

Services 

provided by 

the physical 

layer 

 Physical layer’s functions and services 

 UE physical layer model 

 Measurements provided by the physical 

layer 

 Parallel transmission of simultaneous SRS 

and physical channels 

TS 38.211  V 15.4.0 

[7] 

Physical 

channels and 

Modulation 

 Definition of the uplink and downlink 

physical channels; 

 Physical resources and frame structure 

 Modulation schemes (BPSK, QPSK, etc); 

 Generation of OFDM signal 

 Scrambling, modulation, and up-

conversion; 

 Layer precoding and mapping 

 Physical shared channel in downlink and 

uplink 

 Reference signal in uplink and downlink; 

 Physical random access channel; 

 Primary and secondary synchronization 

signals. 

TS 38.212 V15.4.0 

[9] 

Multiplexing 

and Channel 

Coding 

 Channel coding schemes and Rate 

matching 

 Uplink and downlink transport channels 

and control information 

TS 38.213 V15.4.0 

[10] 

Physical layer 

procedures 

and control 

 Synchronization procedures 

 Uplink power control 

 Random access procedure 

 UE procedure for reporting and receiving 

control information 

TS 38.214 V15.3.0 

[129] 

Physical layer 

procedures 

for Data 

 Power control; 

 Physical uplink and downlink shared 

channel related procedures 

TS 38.215 V16.2.0 

[130] 

Physical layer 

measurements 

 Control of UE/NG-RAN measurements; 

 Measurement capabilities for NR. 
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 Modulation schemes 

5G NR supports modulation schemes i.e. QPSK, 16QAM, 64QAM and 

256QAM. For better power efficiency in DFTs OFDM in uplink at a lower data rate, 

5G NR introduces π/2-BPSK, necessary for mMTC services. 

 

 Physical signals and channels 

In [7], Physical signals and channels utilized in 5G NR are represented. Various DL and 

UL physical channels and signals are listed in table 4.2. 

TABLE 4.2 List of physical channels and signals in UL and DL 

Downlink 

Physical Signals Physical Channels 

Primary synchronization signal (PSS) Physical DL Shared Channel 

(PUSCH) 

Secondary synchronization signal 

(SSS) 

Physical DL Control Channel 

(PUCCH) 

Phase tracking reference signal 

(PTRS) 

Physical Broadcast Channel (PBCH) 

Demodulation reference signal 

(DMRS) 

 

Channel state Information reference 

signal (CSI-RS) 

 

Uplink 

Physical Signals Physical Channels 

Phase tracking reference signal 

(PTRS) 

Physical random Access Channel 

(PRACH) 

Sounding Reference signal (SRS) Physical UL Shared Channel 

(PUSCH) 

Demodulation reference signal 

(DMRS) 

Physical UL Control Channel 

(PUCCH) 

 

4.1.1 5G NR Frame Structure 

In [7], 5G NR frame structure is shown. The entire frame of 5G NR consists of 10 sub-



5G New Radio (NR) PHY Structure and Conventional CFO Estimation 

52 

 

frames each having 10ms duration and denoted by 𝑁𝑠𝑢𝑏𝑓𝑟𝑎𝑚𝑒
𝑓𝑟𝑎𝑚𝑒

. Unlike LTE, numerology 

μ decides the number of slots in each 5G NR subframe which are flexible. Subsequently. 

The time slot is equal to 1ms/2μ. And for normal/extended cyclic prefix, there is 14/12 

OFDM symbol in each slot that is denoted by 𝑁𝑆𝑦𝑚
𝑆𝑙𝑜𝑡. According to this, symbol duration 

is defined as 1ms/[2μx14/12 (normal CP/extended CP)]. The complete 5G NR frame 

structure is shown in Fig.4.2. 

 

FIGURE 4.2 5G NR Frame structure [14] 

Similar to LTE, in frequency domain, a Resource Block (RB) of 12 consecutive 

subcarriers is defined. As discussed earlier, subcarrier spacing denoted as Δf is flexible. 

This Δf is dependent on numerology μ e.g. Δf=2μ.15 kHz. Table 4.3 lists subcarrier 

spacing and cyclic prefixes for different values of numerology μ. 

TABLE 4.3 Supported transmission numerologies 

μ Cyclic Prefix Δf = 2μ x 15 (KHz) 

0 Normal 15 

1 Normal 30 

2 Normal, Extended 60 

3 Normal 120 

4 Normal 240 
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In Fig 4.3, time-frequency structure of synchronization signal block (SSB) is shown. In 

four OFDM symbols, Synchronization Signals (SS) i.e. PSS, SSS, and PBCH are 

transmitted. This SSB contains 240 contiguous subcarriers. In four consecutive OFDM 

symbols, PSS, PBCH, SSS, and PBCH signals are transmitted respectively. 

 

 

FIGURE 4.3 Time and frequency representation of SSB 

This SSB structure supports all the numerology defined in 5G NR. However, for a half-

frame, the number and first symbol indexes for candidate SSBs are different and 

determined according to the corresponding subcarrier spacing as follows [10]: 

 Case A 

15 KHz subcarrier spacing 

Indexes of first symbols of SSB is {2,8}+14.n 

n=0,1 for carrier frequencies ≤ 3GHz 

n=0,1,2,3 for carrier frequencies >3GHz 

 Case B 

30 KHz subcarrier spacing 

Indexes of first symbols of SSB is {4,8,16,20}+28.n 

n=0 for carrier frequencies ≤ 3GHz 

n=0,1 for 3GHz <carrier frequencies ≤ 6 GHz 
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 Case C 

30 KHz subcarrier spacing 

Indexes of first symbols of SSB is {2,8}+14.n 

n=0,1 for carrier frequencies ≤ 3GHz for paired spectrum 

n=0,1,2,3 for 3GHz <carrier frequencies ≤ 6 GHz for paired spectrum 

n=0,1 for carrier frequencies ≤ 2.4GHz for unpaired spectrum 

n=0,1,2,3 for 2.4GHz <carrier frequencies ≤ 6 GHz for unpaired spectrum 

 Case D 

120 KHz subcarrier spacing 

Indexes of first symbols of SSB is {4,8,16,20}+28.n 

n= 0,1,2,3,5,6,7,8,10, 11, 12, 13, 15, 16, 17, 18 for carrier frequencies > 6GHz 

 Case E 

240 KHz subcarrier spacing 

Indexes of first symbols of SSB is {8,12,16,20,32,36,40,44}+56.n 

n= 0,1,2,3,5,6,7,8 for carrier frequencies > 6GHz 

 

4.1.2 Synchronization Signals 

In 5G, two synchronization signals i.e. Primary Synchronization Signal (PSS) and 

Secondary Synchronization Signal are used to detect sector identity (SID), cell identity 

(CID), and frame boundary by User equipments (UEs). In 5G NR, cell identity is used to 

define a serving cell ID. Total 1008 cell IDs are there and these are arranged into 336 

different groups. This group is denoted by 𝑔 ∈ {0,… . , 335}. These cell IDs are arranged 

further into 3 sectors that is denoted by u ∈ {0,1,2}. So, the physical cell ID of a serving 

cell is computed by 

𝑁𝐼𝐷
𝑐𝑒𝑙𝑙 = 3𝑔 + 𝑢     (4.1) 

 

Where u is sector ID and g is integer valued group ID. The next section discusses 

generation of SS i.e. PSS and SSS. 

4.1.2.1 Primary Synchronization Signal 

The PSS symbols are transmitted on 144 subcarriers out of 240 subcarriers. For PSS signal 

generation, three m-sequences containing 127 symbols are generated. The UE detects u 

from PSS and g from SSS. 

These 3 possible m-sequences are given by [7] 
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𝑑𝑃𝑆𝑆(𝑛) = 1 − 2𝑥(𝑚)    (4.2) 

  

 𝑝 = [𝑞 + 43𝑢]𝑚𝑜𝑑 127,              0 ≤ 𝑞 < 127   (4.3)  

  

 

𝑏(𝑗 + 7) = [𝑏(𝑗 + 4) + 𝑏(𝑗)] 𝑚𝑜𝑑 2                                         (4.4) 

  

 

[𝑏(6) 𝑏(5) 𝑏(4) 𝑏(3) 𝑏(2) 𝑏(1) 𝑏(0)] = [1 1 1 0 1 1 0]   (4.5) 

 

4.1.2.2 Secondary Synchronization Signal  

Group of cell ID is detected with detection of SSS. This group ID has total 336 

combinations defined below [7]: 

 

𝑑𝑆𝑆𝑆(𝑞) = [1 − 2𝑏0([𝑞 + 𝑝0] 𝑚𝑜𝑑 127)] × [1 − 2𝑏1([𝑞 + 𝑝1] 𝑚𝑜𝑑 127)]  (4.6) 

 

Where, 

𝑝0 = 15 [
𝑔

112
] + 5𝑢      (4.7) 

  

 𝑝1 = 𝑔 𝑚𝑜𝑑 112,    0 ≤ 𝑛 ≤ 127     (4.8) 

  

 𝑏0(𝑗 + 7) = [𝑏0(𝑗 + 4) + 𝑏0(𝑗)] 𝑚𝑜𝑑 2          (4.9) 

 

𝑏1(𝑗 + 7) = [𝑏1(𝑗 + 4) + 𝑏1(𝑗)] 𝑚𝑜𝑑 2    (4.10) 

And, 

[𝑏0(6) 𝑏0(5) 𝑏0(4) 𝑏0(3) 𝑏0(2) 𝑏0(1) 𝑏0(0)] = [0 0 0 0 0 0 1]  (4.11) 

 

[𝑏1(6) 𝑏1(5) 𝑏1(4) 𝑏1(3) 𝑏1(2) 𝑏1(1) 𝑏1(0)] = [0 0 0 0 0 0 1]  (4.12) 

 

4.2 Synchronization process in 5G 

The 5G NR synchronization and cell search procedure are summarized in Fig. 4.4. the 

synchronization process starts with beam sweeping, measurement, and determination. 

The gNB periodically transmits SS bursts in which multiple SSBs are there. Initially, UE 

starts with detection of PSS and  SSS and using synchronization algorithms i.e. 



5G New Radio (NR) PHY Structure and Conventional CFO Estimation 

56 

 

autocorrelation and cross-correlation method timing, fractional CFOs, and frame starting 

are estimated and corrected in pre-FFT stage. In post FFT stage, integer CFO is detected 

and corrected by evaluating no. of shifts in received signal. After IFO correction, Sector 

ID u is detected by cross-correlating corrected received signal with 3 different m 

sequences, which represents sequence for sector ID 0,1 and 2. After PSS detection, cell 

id group v (GID) is detected using SSS and SID. Hence, serving physical cell id can be 

calculated using Eq. (4.1).  

 

FIGURE 4.4 Synchronization process in 5G NR 

After PSS and SSS detection, channel is estimated by PBCH detection. 
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4.3 CP-OFDM System Model 

Let us consider the OFDM system with a variable length of Cyclic Prefix (CP) widely 

known as “CP-OFDM” consisting of N subcarriers and separated by subcarrier spacing 

of ∆f. The block diagram of CP-OFDM is shown in fig 4.5.  At the transmitter side, 

frequency domain modulated complex data are converted into time domain using IFFT. 

In this time-domain OFDM generated symbol, a cyclic prefix of NCP samples is added to 

avoid ISI. OFDM supports both normal and extended CP configurations in 5G. The 

increased symbol duration of OFDM is given by Nt=Ncp+N. 

At the transmitter side, the OFDM symbol sm(n) in mth period is given by 

 

𝑠𝑚(𝑛) = ∑ 𝑆𝑚(𝑘)𝑒𝑗2𝜋𝑘𝑛𝑁−1
𝑘=0      (4.13) 

               

where n= discrete index of time i.e. -Ncp, -Ncp+1,…….., N-1 

 Sm(k) is a kth subcarrier complex transmitted signal,      

 k=subcarrier indices 

The multipath fading is characterized by discrete time impulse response hm(n). The 

transmitted signal is distorted with the addition of AWGN. Further, CFO occurrence 

deteriorates the transmitted signal. Further, the occurrence of FFOs destroys the 

orthogonality between subcarriers and eventually that results in performance loss. And 

the occurrence of IFOs creates shifts in subcarrier indices that increase bit error rate 

(BER) eventually resulting in performance loss. At the receiver side, in the first step, 

timing offsets are estimated and corrected. After timing corrections, FFOs are estimated 

and corrected. Then in the post-FFT stage, frequency domain signal is generated by 

applying Fast Fourier Transform (FFT). 

In the pre-FFT stage, the time domain received signal for the mth period is denoted as 

 

𝑦𝑚(𝑛) = [𝑠𝑚(𝑛) ∗  ℎ𝑚(𝑛) + 𝑤𝑚(𝑛)] exp (
𝑗2𝜋𝑣𝑛

𝑁
)   (4.14) 

 

 where n=-NCP , -NCP +1,. , N-1. 
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4.4 MIMO-OFDM System Model 

The Cyclic Prefix-OFDM with 2x2 MIMO System model is shown in fig 4.6. It consists 

of N subcarriers separated by Δf subcarrier spacing. The time domain OFDM symbol is 

generated by performing N point-IFFT on modulated complex data at the transmitter side. 

A CP of Ncp samples is added to OFDM symbol as a prefix to avoid ISI. In 5G, normal 

and extended CP configurations are supported. In this, P transmitter antennas and Q 

receiver antennas are there. The frequency domain transmitted sequence from pth 

(p=1,2,…,P) transmitter antennas is represented by Sp,k, where k=1,2,…,K represents the 

kth OFDM subcarrier. Post this, using space time block coding (STBC) schemes, P 

streams of coded transmitted signals are generated. This transmitted signal is distorted by 

a multipath fading channel having an impulse response of hp,q,k. The occurrence of CFO 

deteriorates the transmitted signal further. Then, complex Additive White Gaussian Noise 

(AWGN) is added to the distorted transmitted signal. The received signals from all Q 

receiver antennas are combined using STBC. After this,  timing offset and FFOs are 

estimated and corrected. Post-FFT, IFO, and sector id are estimated jointly or 

sequentially. The received signal by qth antenna in frequency domain is given by 

FIGURE 4.5 Block diagram of CP-OFDM 
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                𝑌𝑞,𝑘(𝑛) = ∑ 𝐻𝑞,𝑝,𝑘(𝑛 − 𝑣)𝑆𝑝,𝑘(𝑛 − 𝑣)𝑒
𝑗2𝜋(𝑛−𝑣)

𝐾 + 𝑊𝑞,𝑘   
𝑃
𝑝=1                            (4.15)        

                                      |𝑣| ≤ 𝐺 

 

where   υ is normalized IFO to subcarrier spacing,  

Hq,p,k(n) is channel frequency response between pth transmitter antenna  and qth receiver 

antenna over kth subcarrier,  

Sp,k is the transmitted symbol by pth transmitter antennas over kth subcarrier,  

Wq,k is the frequency response of zero mean additive white Gaussian noise (AWGN),  

and G is the maximum value of IFO. 

4.5 Conventional IFO estimation in 5G NR  

The conventional methods are presented in [94] and [97] for 5G system model to estimate 

IFO and sector ID.  

4.5.1 ML based IFO estimation in 5G NR 

In [94], Joint estimation of IFO and to detect PSS is performed using Maximum 

Likelihood estimation method. In this, the concentrated likelihood function maximized 

for different values of IFO and sector ID is given by 

FIGURE 4.6 Block diagram of 2x2 MIMO OFDM 
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�̂�𝑀𝐿 = 𝑎𝑟𝑔𝜑𝑚𝑎𝑥{𝑓(�̂�)}     (4.16) 

 

This likelihood function 𝑓(�̂�) is defined by eq (39) 

 

𝑓(�̂�) =
1

63‖𝑌𝑚‖2
|∑ 𝑍𝑚(�̂�, 𝑣; 𝑘)31

𝑘=−31 |              (4.17) 

 

Where 𝑍𝑚(�̂�, 𝑣; 𝑘) = 𝑌𝑚(𝑘 + 𝑣)𝑑𝑃𝑆𝑆
∗(𝑘)  

 

Estimated values will be the ones for which likelihood function given in eq. (4.16) will 

be maximized. 

 

4.5.2 Sequential IFO estimation in 5G NR 

In [97], IFO and sector id is estimated in a sequential manner.  In first step, a metric ∅(𝑚) 

is calculated by cross-correlating received signal with summed PSS sequences. This 

function is defined as 

 

∅(𝑚) = ∑ 𝑌𝑚(𝑘 + 𝑚)182
𝑘=57 �̅�∗(𝑘)         (4.17) 

 

Where 𝐷∗̅̅̅̅ (𝑘) = ∑ 𝐷𝑤(𝑘)2
𝑤=0  is summed NR PSS, m={-4,-3,-2,….,2,3,4} trial values of 

IFO and Dw(k) (w=0,1,2) represents three m sequences. The cross-correlation of these m-

sequences is nearly zero as these sequences are cyclically shifted versions of each other. 

This proposed method is based on this fact. This objective function is maximized for 

different hypothesized values of IFO. The estimated IFO is the one for which objective 

function is maximized. The estimated IFO is given by 

 

        𝑣 = 𝑎𝑟𝑔𝑚𝑚𝑎𝑥ℜ{∅(𝑚)}       (4.18) 

 

Where ℜ indicates real part of the quantity. After IFO estimation, Sector ID is sequentially 

detected using 

 

�̂� = 𝑎𝑟𝑔𝑤 maxℜ{∑ 𝑌𝑚(𝑘 + 𝑣)182
𝑘=57 𝐷𝑤

∗ (𝑘)}      (4.19) 
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Where w ϵ {0,1,2} is trial values of Sector ID. 

 

4.6 Autocorrelation based FFO estimation in 5G NR 

In the Maximum Likelihood (ML) Autocorrelation method, the received signal is 

correlated with the CP [14]. This autocorrelation function is defined as follows: 

                                          

                             𝛾(𝜃) = ∑ 𝑦(𝑛)𝑦∗(𝑛 + 𝑁)
𝜃+𝑁𝐶𝑃−1
𝑛=𝜃     (4.19) 

 

where NCP is the length of Cyclic Prefix and theta is the estimated timing metric 

To estimate FFOs, Maximum Likelihood (ML) is used as follows: 

 

  𝑣𝑓 = −
1

2𝜋
∠(𝛾(𝜃))        (4.20) 

 

4.7 Summary 

In this section, the 5G NR physical layer is discussed along with its frame structure and 

structure of synchronization block. Two types of synchronization signals i.e. PSS and SSS 

are discussed. Also, the flow of synchronization process is discussed. Two system models 

i.e. CP-OFDM and 2x2 MIMO OFDM are elaborated in detail. This section ends with a 

discussion on conventional IFO estimation and sector ID detection schemes and FFO 

estimation scheme. These schemes are considered here for comparison with a proposed 

estimator.  
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CHAPTER 5 

Proposed Neural Network based CFO estimation 

5.1 Basics of CNN Estimation 

Convolutional Neural Networks (CNNs) have been proven efficient in computer vision, 

image classification problems, and time-series data [119]. The temporal and spatial 

correlation is successfully captured by CNN through the application of convolution filters 

of different kernel sizes. Here, on a received signal, a 2-D convolution layer is applied. 

The CNN estimator containing the input layer, hidden convolutional layers, and output 

regression layer is proposed here. In Fig 5.1, the typical structure of CNN architecture is 

shown. 

 

 

FIGURE 5.1 Typical architecture of Convolutional Neural Network (CNN) 
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5.2 Proposed CNN IFO estimator for 5G NR 

Here, the estimation problem is considered as a regression problem, and CNN based 

estimation approach is proposed to estimate IFO and sector ID. The proposed CNN based 

IFO estimator architecture is shown in fig 5.2. 

 

FIGURE 5.2 Architecture of CNN  IFO estimator 

This proposed neural network is trained for several epochs to minimize MSE. When an 

impaired signal is applied to proposed NN estimator, it gives optimum performance. This 

proposed CNN estimator takes received signal, learns estimation rule, and gives the best 

IFO candidate near to true IFO value. The training process is divided into three steps i.e. 

training data generation, testing the model, and validating the model. First, training 

datasets are generated for different values of IFO and under different TDL channel delay 

models scaled to various desired delay spreads [48].  To avoid overfitting, the training 

datasets are divided into training data and validation data. First, training data is used to 

train the model and validation data is used to examine the performance. This model is 

trained for several epochs and during the next epochs, the loss function is minimized. 

After the model is trained, test data set is given to trained CNN estimator to find optimal 

IFO nearest to true IFO and sector ID.   

The same system model CP-OFDM defined in section 4.3 is considered here. Let us 

consider the transmitted preamble  s∈ ℂ𝑁.  
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The received signal is given by 

𝒚 = 𝒔𝒇𝒉 + 𝒘     (5.1) 

𝑓 =

[
 
 
 
 𝑒

𝑗2𝜋𝜗𝑛

𝑁
.0 0 ⋯ 0

0 𝑒
𝑗2𝜋𝜗𝑛

𝑁
.1 ⋱ ⋮

⋮ ⋱ ⋱ 0

0 … 0 𝑒
𝑗2𝜋𝜗𝑛

𝑁
.(𝑁−1)]

 
 
 
 

 is the CFO matrix 

 

This received signal y contains a 

 

Y=FFT(RemoveCP(y))    (5.2) 

 

Post-FFT stage, received signal after cyclic prefix removal is written by  

 

𝑌𝑚(𝑘) = [𝑆𝑚(𝑘 − 𝜗)𝐻𝑚(𝑘 − 𝜗) exp (−
𝑗2𝜋(𝑘−𝜗)

𝑁
) + 𝑊𝑚(𝑘)] (5.3) 

 

Where H(k) is channel frequency response over kth subcarrier with variance 𝜎𝐻
2,   

𝑊𝑚(𝑘) is complex zero-mean additive white Gaussian noise with variance 𝜎𝑊
2  and  

υ is the normalized IFO to subcarrier spacing and G is the maximum value of IFO. 

 

CNN based IFO estimator accepts a real and complex value of  received signals separately 

i.e. ℜ[𝑌𝑚(𝑘)] 𝑎𝑛𝑑 ℑ[𝑌𝑚(𝑘)]. ℜ[𝑌𝑚(𝑘)] returns the real part of a received signal and 

ℑ[𝑌𝑚(𝑘)] returns imaginary part of the received signal. After removal of CP, a column 

vector of 432 complex symbols is applied to the first convolutional layer. In this layer, 

432 complex symbols are convolved with 250 filters of 9x9 kernel size.  Next layer is a 

Rectified Linear Unit (ReLU) activation function that generates 250 outputs. The ReLU 

is the most commonly used activation function in deep learning models. This activation 

function is given by 

𝑓(𝑥) = max (0, 𝑥)    (5.4) 

 

Above eq. returns 0 for negative valued x and the same value for positive valued x. 

Subsequently, six convolution layers of 5x5 filters are used followed by ReLU activation. 

Table 5.1 shows in detail neural network layers and their configurations. The output layer 

is a regression layer that computes mean square error (MSE). At the output layer, an 
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estimated real and imaginary part of the received signal is obtained that is nearer to the 

true values of the real and imaginary part of the perturbed signal with IFO. 

At the output of the regression layer, the predicted signal is given by 

 

�̂�𝑚(𝑘) = 𝑋𝑚𝑎 + 𝑏     (5.5) 

 

Where Xm corresponds to features of training datasets and a is the weight vector and b is 

bias.  

The mean square error of CNN estimation is given by 

 

𝑀𝑆𝐸 = ∑
(�̂�𝑚(𝑘)−𝑌𝑚(𝑘))2

𝑅

𝑅
𝑖=1     (5.6) 

 

And the loss function of CNN estimation is given by 

 

𝐿𝑜𝑠𝑠 =
1

2
∑

(�̂�𝑚(𝑘)−𝑌𝑚(𝑘))2

𝑅

𝑅
𝑖=1     (5.7) 

 

Where R is the number of responses, �̂�𝑚(𝑘) is predicted output at the regression layer 

and 𝑌𝑚(𝑘) is target Output. 

TABLE 5.1 Neural network layers and its configurations 

Layer Name Specifications 

Input Layer 1x432 

Convolution layer 250 filters of size 9x9 

ReLU layer 

Convolution layer 250 filters of 5x5 

ReLU layer 

Convolution layer 250 filters of 5x5 

ReLU layer 

Convolution layer 100 filters of 5x5 

ReLU layer 

Convolution layer 50 filters of 5x5 

ReLU layer 

Convolution layer 25 filters of 5x5 

ReLU layer 

Convolution layer 1 filter of 5x5 

Regression Layer 
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After this, IFO can be estimated by calculating the number of cyclic shifts in the estimated 

received signal �̂�𝑚(𝑘). The performance is measured in terms of the probability of failure 

that is defined by Pfv = Prob{(�̂�) ≠ (v)}. 

The estimated received signal is corrected by estimated IFO in order to detect sector ID. 

The sector ID is detected by correlating corrected received sequence and three m-

sequences. The performance of sector ID detection is measured in terms of probability of 

failure which is defined by Pfu = Prob{(�̂�) ≠ (u)}. 

 

5.3 Proposed CNN FFO estimator for 5G NR 

In pre-FFT stage, estimation of FFO is performed and corrected. The CP-OFDM system 

model elaborated in section 4.3 is considered. Here assumption is that timing offsets are 

already estimated and corrected before. In the pre-FFT stage, the received signal in mth 

period is given by 

𝑦𝑚(𝑛) = [𝑠𝑚(𝑛) ∗  ℎ𝑚(𝑛) + 𝑤𝑚(𝑛)] exp (
𝑗2𝜋𝑣𝑛

𝑁
)   (5.8) 

where n=-NCP , -NCP +1,. , N-1. 

hm(n) discrete time impulse response of multipath fading channel 

wm(n) additive white Gaussian noise  

v fractional frequency offset 

 

CNN FFO estimator accepts real and complex values of received signal ym(n) separately 

i.e. ℜ[𝑦𝑚(𝑛)] 𝑎𝑛𝑑 ℑ[𝑦𝑚(𝑛)]. ℜ[𝑦𝑚(𝑛)] returns the real part of received signal and 

ℑ[𝑦𝑚(𝑛)] returns imaginary part of the received signal. In fig. 5.3 architecture of CNN 

FFO estimator is shown. After this, a vector of 556 symbols is convoluted with 128 filters 

of kernel size 9x9 followed by Rectified Liner Unit (ReLU). Then, these outputs are 

processed by several layers of convolutional layers containing a different number of filters 

of different kernel sizes and ReLU activation functions. The details of each hidden layer 

are listed in Table 5.2.  

At the output regression layer, optimum signal is received and by applying estimation 

rules to optimum received signal, FFO will be calculated. Here, training datasets are 

generated for different values of FFO in the range [-0.5,0.5] with the resolution of 0.0001 

and under various TDL delay models. Using these datasets, the proposed CNN model is 

trained. These TDL delay models are scaled to various delay spreads. To avoid 

overfitting, these datasets are divided into training and validation datasets. Using training 
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datasets and validation datasets, training and validation of the proposed model are 

completed and validated respectively. This proposed CNN estimator is trained for several 

epochs until the loss function is minimized.  

 

FIGURE 5.3 Architecture of CNN FFO estimator 

 

At the output of regression layer, a predicted signal is given by 

 

�̂�𝑚(𝑛) = 𝑋𝑚𝑎 + 𝑏     (5.9) 

 

Where Xm corresponds to features of training datasets and a is the weight vector and b is 

bias.  

The mean square error of CNN estimation is given by 

 

𝑀𝑆𝐸 = ∑
(�̂�𝑚(𝑛)−𝑦𝑚(𝑛))2

𝑅

𝑅
𝑖=1     (5.10) 
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And the loss function of CNN estimation is given by 

 

𝐿𝑜𝑠𝑠 =
1

2
∑

(�̂�𝑚(𝑛)−𝑦𝑚(𝑛))2

𝑅

𝑅
𝑖=1     (5.11) 

 

Where R is the number of responses, �̂�𝑚(𝑛) is predicted output at the regression layer 

and 𝑦𝑚(𝑛) is target Output. 

 

Once the proposed CNN estimator is trained, it will find an estimated FFO value that is 

close to the true value of FFO when test data is given to the trained CNN estimator. 

TABLE 5.2 Neural network layers and their configurations for FFO estimation 

Layer Name Specifications 

Input Layer 1x556 

Convolution layer 128 filters of size 9x9 

ReLU layer 

Convolution layer 64 filters of 5x5 

ReLU layer 

Convolution layer 32 filters of 5x5 

ReLU layer 

Convolution layer 16 filters of 5x5 

ReLU layer 

Convolution layer 32 filters of 5x5 

ReLU layer 

Convolution layer 64 filters of 5x5 

ReLU layer 

Convolution layer 32 filters of 5x5 

ReLU layer 

Convolution layer 1 filter of 5x5 

Regression Layer 

 

At the output layer, an estimated received signal is obtained. After this, estimated FFO 

can be calculated by applying the estimation rule. 

The estimated FFO can be calculated from optimum received signal using 
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       𝑑(𝜃) = ∑ �̂�
𝑚
(𝑛)�̂�∗

𝑚
(𝑛)𝜃+𝑁𝐶𝑃−1

𝑛=𝜃      (5.12) 

 

where NCP is the length of Cyclic Prefix and theta is estimated timing metric 

 

 𝑣𝑐𝑛𝑛 = −
1

2𝜋
∠(𝑑(𝜃))        (5.13) 

The performance metric for this proposed estimator is means square error. This MSE is 

given by 

    𝑀𝑆𝐸 = (𝜗 − 𝑣𝑐𝑛𝑛)2      (5.14) 

 

 

5.4 Proposed CNN IFO estimator for 2x2 MIMO OFDM 

Here, 2x2 MIMO OFDM system model discussed in section 4.4 is considered having P 

transmitter antennas and Q receiver antennas. To estimate IFO, a neural network 

containing CNN layers, Rectified Linear Unit (ReLU) activation layers and regression 

layer is proposed. The received signal is given by 

 

𝒚 = 𝒉𝒇𝒔 + 𝒘      (5.15) 

 

where 

𝑦 ∈  ℂ𝑁𝑥𝑞 

ℎ = [ℎ𝑝,𝑞]  ∈  ℂ𝑝𝑥𝑞, ℎ𝑝,𝑞=1, channel coefficient from pth transmitter antenna to qth 

receiver antenna 

𝑤 = [𝑤𝑞]𝑞=1:𝑄  ∈  ℂ𝑁𝑥𝑞, noise at the receiver 

𝑓 =

[
 
 
 
 𝑒

𝑗2𝜋𝜗𝑛

𝑁
.0 0 ⋯ 0

0 𝑒
𝑗2𝜋𝜗𝑛

𝑁
.1 ⋱ ⋮

⋮ ⋱ ⋱ 0

0 … 0 𝑒
𝑗2𝜋𝜗𝑛

𝑁
.(𝑁−1)]

 
 
 
 

 is the CFO matrix 

In post FFT stage, cyclic prefix is removed. and ℜ[𝑌𝑞,𝑘(𝑛)] 𝑎𝑛𝑑 ℑ[𝑌𝑞,𝑘(𝑛)] of received 

signal 𝑌𝑞,𝑘(𝑛) is applied to first convolutional layer of proposed CNN estimator followed 

by ReLU activation layer. Post this, output of this layer is processed through several 

convolutional layers of a different number of filters of various kernel sizes. The 

architecture of proposed CNN estimator and details of hidden layers are shown in fig 5.4. 
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FIGURE 5.4 Architecture of CNN IFO estimator for 2x2 MIMO OFDM 

At the output layer, an estimate of real and imaginary part of the received signal is 

obtained that is nearer to true values of the real and imaginary part of the perturbed signal 

with IFO. At the output of regression layer, predicted signal is given by 

 

�̂�𝑞,𝑘(𝑛) = 𝑋𝑞,𝑘𝑎 + 𝑏     (5.16) 

 

Where 𝑋𝑞,𝑘 corresponds to features of training datasets and a is the weight vector and b 
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is bias.  

The mean square error of CNN estimation is given by 

 

𝑀𝑆𝐸 = ∑
(�̂�𝑞,𝑘(𝑛)−𝑌𝑞,𝑘(𝑛))2

𝑅

𝑅
𝑖=1     (5.17) 

 

And the loss function of CNN estimation is given by 

 

𝐿𝑜𝑠𝑠 =
1

2
∑

(�̂�𝑞,𝑘(𝑛)−𝑌𝑞,𝑘(𝑛))2

𝑅

𝑅
𝑖=1    (5.18) 

 

Where R is the number of responses, �̂�𝑞,𝑘(𝑛) is predicted output at the regression layer 

and 𝑌𝑞,𝑘(𝑛) is target Output. 

After this, estimated IFO can be calculated by finding the number of cyclic shifts in the 

estimated received signal by CNN estimator. The estimated received signal is corrected 

by estimated IFO in order to detect sector ID. The sector ID is detected by correlating 

corrected received sequence and three m-sequences. The performance metric of proposed 

CNN estimator is Psv=Prob{(𝑣) = (v)}for IFO and Psu = Prob{{(�̂�)=(u)}} for sector ID 

detection. 

 

5.5 Summary 

In this chapter, convolutional neural network based estimation schemes are proposed. 

First, CNN based IFO estimator for 5G NR specifications are defined and explained. After 

that, CNN based FFO estimator for 5G NR is proposed and explained. Then, CNN based 

IFO estimator is extended for MIMO OFDM system. Once IFO is estimated, received 

signal is corrected using estimated IFO. Post that Sector ID is detected which is also 

explained in this chapter. Also, the specifications of each neural network are discussed. 
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CHAPTER 6 

Result Analysis, Conclusion and Future Scope 

 In this chapter, the performance of proposed algorithms is evaluated and compared with 

existing algorithms. The simulation has been carried out in MATLAB 9.12.0 version 

R2022a software. It has a wide variety of toolboxes i.e. 5G toolbox, and deep learning 

toolbox. Due to these reasons, MATLAB is selected for simulation. Three wireless 

communication systems have been considered here i.e. OFDM CR, CP-OFDM, and 

MIMO OFDM. The performance metric of estimation algorithms will be discussed in 

respective section. 

6.1 Simulation set up for OFDM CR 

Here, SCA preamble is generated and considered for all estimation methods i.e. SCA, 

NIRS, and proposed M & M method. In SCA and NIRS methods, two identical parts are 

present in preamble while in proposed M & M 4 identical parts in preamble are 

considered. Here, OFDM CR system containing N=64 subcarriers is considered. The 

cyclic prefix of N/16 is considered to avoid ISI and IBI. To include the multipath fading 

effect of channel, COST 207 6-path urban Rayleigh fading channel is selected. To 

consider the effect of white Gaussian noise, AWGN channel is considered. As preamble 

used for M & M method contain 4 identical segments, the achieved estimation range is 

±2.  

 

Two types of narrowband interference are considered here i.e. Ideal NBI and Practical 

NBI. Ideal NBI is defined as an unmodulated complex sinusoid of normalized frequency 

24.5. practical NBI is defined as an FM modulated signal of bandwidth 200 kHz [47]. The 

performance metric for the evaluation of estimation algorithm is mean square error 

(MSE). In the next section, performance of proposed M & M is evaluated and compared 

with SCA [46] and NIRS algorithm [47] for various Signal to Interference (SIR) values. 

 

6.1.1 Performance analysis of SCA and NIRS 

In Fig. 6.1, MSE is plotted with respect to SNR in AWGN channel for both SCA and 
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NIRS algorithms. Error floors can be observed after 10 dB at 10-4 and between 10-4 

to 10-5 for SCA and NIRS respectively. 

MSE of frequency estimate of SCA algorithm is plotted with respect to SNR for various 

SIR in Fig. 6.2. For SIR 10dB and 100dB, MSE is decreasing with an increase in SNR. 

And for negative SIR -10dB and -100 dB, MSE is constant despite an increase in SNR. 

 

In Fig. 6.3, 6.4, 6.5, MSE of frequency estimate of SCA and NIRS is plotted with respect 

to SNR for SIR values -10 dB, 10 dB, and 100 dB respectively in presence of ideal NBI. 

For SIR=-10 dB, NIRS performs well as MSE is decreasing with SNR increasing as 

compared to SCA algorithm. For SIR=10 dB also, NIRS achieves less MSE as compared 

to SCA at low SNR. For SIR=100 dB, the performance gap is reduced between NIRS and 

SCA with an increase in SNR. In all three discussed cases, considered CFO is 0.4435. 

In all simulation results, it can be seen that NIRS performs better as compared to SCA. 

NIRS achieves an estimation range of [-1,1] normalized to subcarrier spacing and SCA 

achieves an estimation range of [-05,0.5] normalized to subcarrier spacing. The proposed 

M & M method achieves an estimation range of [-2,2] normalized to subcarrier spacing. 

   

FIGURE 6.1 MSE of Frequency estimate of SCA and NIRS under AWGN 

channel 
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FIGURE 6.2 MSE of frequency estimate of SCA for various SIR in presence of 

ideal NBI 

FIGURE 6.3 MSE vs. SNR of frequency estimate of SCA and NIRS for SIR=-

10 dB 
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FIGURE 6.4 MSE vs. SNR of frequency estimate of SCA and NIRS for SIR=10 dB 

 

 

FIGURE 6.5 MSE vs. SNR of frequency estimate of SCA and NIRS for SIR=100 dB 
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6.1.2 Performance evaluation of proposed M & M, SCA, and NIRS for 

various SIR 

 

Here, the performance of proposed M & M algorithm is evaluated and compared to SCA 

and NIRS algorithms in presence of practical NBI. The CFO value is considered between 

1 and 2. In fig. 6.6, MSE is plotted concerning SNR for M & M, NIRS and SCA for SIR 

= -10dB. The achieved MSE in M & M is less as compared to SCA and NIRS. 

As seen in fig 6.7, for positive SIR = 10 dB, proposed M & M perform well as compared 

to NIRS and SCA. As both algorithms i.e. SCA and NIRS have limited estimation range, 

these algorithms fail to perform well when considering CFO value is between 1 and 2.  

As discussed complexity in section 3.6, Proposed M & M method has moderate 

complexity as compared to SCA and NIRS. The estimation range is depending on number 

of identical parts in preamble. As no. of identical parts increases, estimation range can 

also increase, and eventually, complexity will also increase due to more number of 

correlation operations of received signal. The proposed M & M algorithm achieves better 

performance and acquisition range up to ±L/2. 
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FIGURE 6.6 MSE vs. SNR of frequency estimate of SCA, NIRS and proposed 

M & M for SIR=-10 dB 
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6.2 Simulation set up for 5G NR 

 

The 5G NR of 40 MHz system is considered operating at 6 GHz [97]. The considered 

simulation parameters i.e. subcarrier spacing, no. of subcarriers, symbol duration etc for 

CP-OFDM system are listed in table 6.1. The PSS is transmitted on 56 to 182 subcarriers 

out of 240 subcarriers. To include nonlinearities effect of fading channel, 5G channel 

model i.e. Tapped Delay Line (TDL) is considered. The delay profiles of this TDL are 

classified into Non-Line of Sight (NLOS) i.e. TDL-A, TDL-B, TDL-C, and Line of sight 

(LOS) i.e. TDL-D, TDL-E models. In [48], Power delay profiles of these channel models 

are described in [48]. In practice, normalized IFO value is from -3 to 3, considering the 

stability of commercial oscillator of ±20 ppm for mobile applications [97]. The 

normalized IFO from [-4,4] with a resolution of 1 and FFO from [-0.5,0.5] with a 

resolution of 0.0001 are considered in simulation. 
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Figure 6.7 MSE vs. SNR of frequency estimate of SCA, NIRS and proposed M 
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TABLE 6.1 Simulation parameters of CP-OFDM and 2x2 MIMO OFDM 

Parameter Value 

Carrier frequency 40 MHz 

Symbol duration Ts 0.016μs 

Subcarrier spacing 30KHz 

Guard Interval Ng 144 

FFT size, NFFT 512 

No. of Transmitter Antenna 2 

No. of Receiver Antenna  2 

Channel Model AWGN and Tapped Delay Line (TDL) 

TDL delay profiles TDL-A, TDL-B, TDL-C,TDL-D, TDL-E 

Delay Spreads 

very long delay spread (1000ns), long 

delay spread (300ns), nominal delay 

spread (100ns), short delay spread (30ns), 

and very short delay spread (10ns)  

 

Here, the performance of IFO estimator and sector id detection is separately shown. The 

probability of failure is a metric considered for performance evaluation of proposed CNN 

IFO and conventional IFO estimator.  

The probability of failure of IFO estimator is given by 

 

𝑃𝑓𝑣 = 𝑃𝑟𝑜𝑏{(�̂�) ≠ (𝜗)}    (6.1) 

 

The probability of failure of sector ID detection is given by 

 

𝑃𝑓𝑢 = 𝑃𝑟𝑜𝑏{(�̂�) ≠ (𝑢)}    (6.2) 

 

The normalized MSE that is performance metric of FFO estimator is defined as 

 

     𝑀𝑆𝐸 =
(�̂�−𝜗)

2

𝑁
     (6.3) 

 

6.2.1 Simulation parameters of Neural Network 

 Generation of training datasets 

Two different training datasets for CNN IFO estimator and CNN FFO estimator are 

generated. Using these training datasets, proposed CNN estimators have been trained. The 

CNN IFO estimator is trained for random values of IFO ranging from [-4,4] and for 
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randomly selected delay models. In training datasets, total 1,00,000 frames are generated 

which are perturbed from randomly selected IFO values from [-4,4] and randomly 

selected delay models. The validation batch size for this estimator is set to 1,000. The 

performance of proposed CNN IFO estimator is tested for SNR ranging from -5 to 20dB.  

This proposed estimator is compared with ML IFO estimation [94] and sequential IFO 

estimation [97].  

The CNN FFO estimator is trained for random FFO values ranging from [-0.5,0.5] and 

for randomly selected models. These FFOs are generated at resolution of 0.0001 i.e. ([-

0.5, - 0.4999, -0.4998,…….,0.4999 ,0.5)]. In training datasets generation, total 20,000 

frames are generated. And the validation batch size is set to 2,000 frames. The 

performance of proposed CNN FFO estimator is tested for SNR ranging from -10 to 15 

dB. The performance of proposed CNN FFO estimator is compared with Conventional 

estimation [14].  The parameters values used in neural network for simulation is listed in 

Table 6.2. 

The training datasets for proposed CNN IFO estimator in 2x2 MIMO OFDM are 

generated for randomly selected IFO [-3,3] in the resolution of 1, and for randomly 

selected delay profiles. Here, indoor delay spread i.e. 10 ns is considered. In this way, 

total 5000 frames are generated for training datasets. And the proposed CNN IFO 

estimator is tested for Signal to Noise Ratio (SNR) from 0dB to 20dB and for different 

delay profiles. These results are compared with conventional ML estimator [94]. 

 

During training process, SNR is set to high to avoid noise distortion in training datasets. 

These TDL channel models are scaled to various delay spread to include various scenarios 

i.e. indoor, office, etc. [48]. This delay spreads along with other parameters of neural 

network are listed in table 6.1. ADAM optimizer is selected with an initial learning rate 

of 3e-4.  
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TABLE 6.2 Proposed neural network parameters for simulation 

Parameter Value 

CNN based IFO estimator 

Total training datasets 1,00,000 

Validation datasets 1,000 

Initial learning rate 3e-4 

Maximum Epochs 20 

Optimization method ADAM optimizer 

IFO range [-4,4] with a resolution of 1 

CNN based FFO estimator 

Total training datasets 20,000 

Validation datasets 2,000 

Initial learning rate 3e-4 

Maximum Epochs 25 

Optimization method ADAM optimizer 

FFO range [-0.5,0.5] with a resolution of 0.0001 

CNN based IFO estimator for 2x2 MIMO OFDM 

Total training datasets 5,000 

Validation datasets 500 

Initial learning rate 3e-4 

Maximum Epochs 10 

Optimization method ADAM optimizer 

IFO range [-3,3] with a resolution of 1 

 

 Minimization of MSE of proposed CNN IFO estimator 

In fig 6.8, MSE minimization during training process is shown. The validation RMSE is  

0.1125. It requires total 5 epochs to reach to this RMSE. 

 

FIGURE 6.8 MSE of proposed CNN IFO estimator training 
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 Minimization of MSE of proposed CNN FFO estimator 

In fig 6.9, MSE minimization during training process is shown. The validation RMSE is 

0.023377. It requires total of 25 epochs to reach this RMSE. 

 

FIGURE 6.9 MSE of proposed CNN FFO estimator training 

6.2.2 Performance evaluation of Proposed IFO estimator 

 

Here, the performance of proposed CNN IFO estimator is evaluated and compared with 

ML estimation [94] and sequential estimation [97]. Fig 6.10 shows Pfv vs. SNR plot of 

IFO estimation in NLOS delay profiles i.e. TDL-A, TDL-B, and TDL-C. The proposed 

CNN estimator achieves Pfv of 10-2 at 7dB, 4 dB, and 8.5 dB for TDL-A, TDL-B, and 

TDL-C models respectively, while conventional algorithm fails to achieve this  

probability of failure.   

 

For LOS delay models i.e. TDL-D and TDL-E, Pfv vs. SNR is plotted in fig. 6.11. For  Pfv 

of 10-2, proposed CNN estimator realizes 2.5 dB and 3 dB for TDL-D and TDL-E, while 

same realizes at 7 dB and 6dB by ML estimator for TDL-D and TDL-E respectively. The 

sequential estimation does not achieve same probability of failure in LOS TDL delay 

models. 
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FIGURE 6.10 Pfv. SNR of IFO estimation for NLOS delay models 

 

Table 6.3 shows achieved SNR at Pfv of 10-2 for Proposed CNN estimation, ML 

estimation, and sequential estimation. 

TABLE 6.3 SNR at Pfv at 10-2 for NLOS and LOS delay models in IFO estimation 

Delay 

Models 

Proposed CNN 

estimation 
ML estimation 

Sequential 

estimation 

TDL-A 7 dB Not achieving Not achieving 

TDL-B 4 dB Not achieving Not achieving 

TDL-C 8.5 dB Not achieving Not achieving 

TDL-D 2.5 dB 7 dB Not achieving 

TDL-E 3 dB 6 dB Not achieving 

 

In all simulation results, it can be seen that proposed CNN IFO estimator exceptionally 

performs well in all delay models as compared to conventional estimation algorithms i.e. 

ML and sequential estimation. This happened due to proposed CNN estimator being 

trained for different values of IFO and different channel delay models. When test data is 

applied to the trained model, it finds optimum signal. IFO is estimated by calculating 

circular shifts in this optimum signal. 
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FIGURE 6.11 Pfv vs. SNR of IFO estimation for LOS delay models 

In fig. 6.12 and 6.13, probability of failure Pfv concerning IFO estimation range is shown 

in NLOS and LOS delay models respectively.  As the proposed CNN estimator is trained 

for estimation range [-4,4], it exhibits less probability of failure for this estimation range 

in all delay models as compared to ML and sequential estimation.  

 

In fig 6.13, the proposed CNN estimator and ML estimator performs almost same in TDL-

D and TDL-E but it performs well as compared to sequential estimation. 
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FIGURE 6.12 Pfv vs. normalized IFO for NLOS delay models 

FIGURE 6.13 Pfv vs. normalized IFO for LOS delay models 
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6.2.3 Performance evaluation of Sector ID detection 

Here, the performance of sector ID detection is evaluated and compared with ML estimation 

[94] and sequential estimation [97]. Once the IFO is estimated, the received signal is 

corrected using this estimated IFO value. This corrected received signal is correlated with a 

three m- sequence at the receiver side to find sector ID u. The performance metric of sector 

ID detection is a probability of failure denoted as Pfu. Fig 6.14 shows Pfu vs. SNR plot for 

NLOS delay profiles. The proposed CNN estimator achieves less failure probability in sector 

ID detection at 6 dB, 2.5 dB, and -4 dB SNR for TDL-A, TDL-B, and TDL-C respectively. 

ML and Sequential estimation fail to realize the same failure probability in all NLOS-delay 

models. 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

In fig 6.15, Pfu vs. SNR has plotted in the presence LOS delay models. The proposed 

estimator achieves 10-2 failure probability at 7dB and -3 dB in TDL-D and TDL-E delay 

models respectively, while ML achieves the same at SNR 7 dB and 5 dB in TDL-D and 

TDL-E respectively. The sequential estimation fails to achieve the same failure probability. 

Table 6.4 shows achieved SNR at Pfu of 10-2 for Proposed CNN estimation, ML estimation, 

and sequential estimation in sector ID detection. 

 

   

  

 

FIGURE 6.14 Pfu vs. SNR of sector ID detection for NLOS delay models 
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FIGURE 6.75 Pfu vs. SNR of sector ID estimation for LOS delay models 

 

TABLE 6.4 SNR at Pfv 10-2 for NLOS and LOS delay models in sector ID detection 

Delay 

Models 

Proposed CNN 

estimation 
ML estimation 

Sequential 

estimation 

TDL-A 6 dB Not achieving Not achieving 

TDL-B 2.5 dB Not achieving Not achieving 

TDL-C 4 dB Not achieving Not achieving 

TDL-D 7 dB 7 dB Not achieving 

TDL-E -3 dB 5 dB Not achieving 

 

It is affirmatively proved from simulation results that proposed CNN IFO estimator 

exhibits good performance in sector ID detection also concerning conventional estimation 

i.e. ML and sequential estimation. 

 

6.2.4 Performance evaluation of Proposed FFO estimator 

Here, the performance of proposed FFO estimator is evaluated and compared with 

conventional estimation [14]. This conventional estimation is based on autocorrelation 

using CP. The performance of both estimator is evaluated in terms of MSE. The 

performance of proposed CNN FFO estimator and conventional estimator is shown in fig. 

6.16 in presence of NLOS delay models. It can be observed proposed estimator achieves 

10-2 MSE at SNR 6.5 dB, -1 dB, and -3 dB in TDL-A, TDL-B, and TDL-C respectively 
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and conventional estimator achieves same MSE at SNR 10 dB, 3 dB, and -1 dB in TDL-

A, TDL-B, and TDL-C respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

It is observed that proposed CNN FFO estimator achieves less MSE at low SNR as 

compared to conventional estimation in all delay models that show performance 

improvement. As seen in fig. 6.17, proposed CNN FFO achieves 2 dB performance an 

improvement as compared to conventional estimation 10-2 MSE in TDL-D and TDL-E. Table 6.5 

FIGURE 6.86 MSE vs. SNR for FFO estimation for NLOS delay models 

FIGURE 6.17 MSE vs. SNR for FFO estimation for LOS delay models 
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shows achieved SNR at MSE of 10-2 for proposed CNN FFO estimator, ML estimation in all 

NLOS and LOS delay models. 

 
TABLE 6.5 SNR at MSE 10-2 for NLOS and LOS delay models in CNNFFO estimation 

Delay 

Models 

Proposed CNN 

estimation 

Conventional 

estimation 

TDL-A 6.5 dB 10 dB 

TDL-B -1 dB 3 dB 

TDL-C -3 dB -1 dB 

TDL-D -4 dB -2 dB 

TDL-E -4 dB -2 dB 

 

It is affirmatively seen in all simulation results, proposed CNN FFO estimator performs 

well in all delay models as compared to conventional estimation. This is due to model 

being trained for training datasets impaired from FFO and various delay models. When 

test data is given to the trained network, it finds optimum signal and by applying 

estimation rule, FFO can be estimated. 

 

The performance of the proposed estimator is also evaluated concerning normalized 

Fractional Frequency offset (FFO). In fig. 6.18, normalized FFO is plotted with respect 

to normalized FFO ranging from [-1,1] with resolution of 0.1 in NLOS delay models. As 

proposed CNN FFO estimator is trained for FFO values ranging from -0.5 to 0.5, it 

performs exceptionally well in all NLOS delay models. Conventional ML estimator 

performs well in between -0.2 to 0.2 FFO values.  

 

For FFO values greater/less than 0.5/-0.5 respectively, performance of ML is gradually 

decreasing while performance proposed estimator fails. In fig 6.19, same performance of 

proposed estimator is observed. The proposed estimator achieves less MSE (~0.001) for 

FFOs values ranging from -0.5 to 0.5. 
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FIGURE 6.18 MSE vs. normalized FFO for NLOS delay models 

 

 

FIGURE 6.19 MSE vs. normalized FFO for LOS delay models 

 

6.2.5 Performance evaluation of Proposed IFO estimator in 2x2 MIMO OFDM 

Here, the performance of proposed CNN IFO estimator is evaluated for MIMO OFDM 

system in presence of NLOS and LOS delay models. The considered performance metric 



Result Analysis, Conclusion and Future Scope 

90 

 

is probability of success i.e. Psv=Prob{(𝑣) = (v)}for IFO and Psu = Prob{{(�̂�) = (u)}} for 

Sector ID. This proposed CNN estimator is compared with ML estimation [94]. The 

performance of proposed estimator is tested for SNR ranging from 0 dB to 20 dB. In fig. 

6.20, Psv vs. SNR is plotted in NLOS delay models. It is observed that with an increase in 

SNR, probability of success is increasing while same remains constant in conventional 

ML estimator for all NLOS delay models. In TDL-C, proposed estimator achieves a 

higher probability of success faster than TDL-B and TDL-A.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In fig. 6.21, Psv vs. SNR is plotted in presence of LOS delay models. In TDL-D, proposed 

CNN estimator achieves higher Psv rapidly as compared to TDL-E. Also, the proposed 

estimator’s Psv increases with an increase in SNR while conventional ML estimation fails 

to achieve the same level of Psv in LOS delay profiles. 

This occurred due to training of neural network for various value IFO estimation ranges 

[-3,3] and various delay models. Here, only one delay spread i.e. indoor delay spread is 

considered. This proposed estimator will calculate the number of frequency shifts in 

optimum received signal given by trained neural network. 

 

 

FIGURE 6.20  Psv vs. SNR for NLOS delay models in 2x2 MIMO OFDM 
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FIGURE 6.21 Psv vs. SNR for LOS delay models in 2x2 MIMO OFDM 

 

6.2.6 Performance evaluation of Sector ID detection 

Here, performance of proposed CNN IFO estimator is evaluated for sector ID detection. In fig. 

6.22, 6.23 Psu vs. SNR is plotted for Sector ID estimation in NLOS and LOS delay profiles 

respectively. The process to detect sector ID is same as discussed in section 6.2.3. In fig. 6.22, it 

can be observed that proposed estimator performs well in TDL-B and TDL-C concerning 

Conventional ML estimation. However, in lower SNR regions the performance proposed 

estimator is degraded and then improved with an increase in SNR. The proposed CNN 

estimator is obtaining higher Psu in LOS delay profiles i.e. TDL-D and TDL-E as observed 

in fig. 6.23. In all simulation results, it is observed that proposed CNN estimator performs 

exceptionally well in all TDL delay models. This is achieved due to proposed CNN 

estimator being trained for datasets containing frames perturbed from different IFO values 

ranging from -3 to 3 and nonlinearities of all TDL delay profiles. Due to limited block 

structure type communication, conventional ML estimator fails to achieve good 

performance. With an increased exploration of deep learning based methods for physical 

layer, this proposed CNN based estimator could be an optimal solution to estimate IFO 

and detect sector ID. 
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FIGURE 6.23 Psu vs. SNR for LOS delay models in 2x2 MIMO OFDM 

 

 

 

 

 

FIGURE 6.22 Psu vs. SNR for NLOS delay models in 2x2 MIMO OFDM 
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6.3 Conclusion  

 

In this work, Synchronization issue has been addressed for OFDM CR and 5G network 

by estimating frequency offsets. Firstly, Estimation range of FFO is increased to ±L/2 for 

OFDM CR in presence of narrowband interference using M & M method. This proposed 

M & M method is compared with SCA and NIRS methods and shows an improved 

performance when considering normalized FFO is greater than ±0.5. Theoretical and 

practical values are considered for Narrowband interference while performing simulation. 

For 5G network, Deep learning based estimation IFO and FFO estimation schemes are 

proposed. These estimation schemes are evaluated under various TDL delay models. And 

to consider various scenarios of frequency selective fading channels, these TDL delay 

models are scaled to appropriate various values of delay spreads. These proposed methods 

are compared with conventional methods i.e. autocorrelation and cross-correlation 

methods. Simulation results show an improved performance for both IFO and FFO 

estimation as compared to the conventional methods. For IFO estimation, the proposed 

neural network is trained for various values from the range [-4,4] considering various 

TDL models. For FFO estimation, the proposed neural network is trained for various 

values from the range [-0.5,0.5] in the resolution of 0.0001 considering various TDL 

models. Due to this training, when test data is given to proposed estimators, it gives an 

optimum received signal. And by applying estimation rules, IFO and FFO are estimated. 

Once the IFO is estimated, received signal is corrected by estimated IFO value and sector 

ID is detected using this corrected received sequence. For sector ID detection also, 

proposed CNN based estimator showed improved performance as compared to 

conventional methods. This CNN  IFO estimator is also proposed for 2x2 MIMO OFDM 

system model for 5G network. This proposed estimator is evaluated under various TDL 

models and compared with conventional schemes. Simulation results show a higher 

probability of success as compared to conventional schemes. Moving toward intelligent 

communication systems, Deep learning based estimation method could be an encouraging 

solution to address the critical synchronization issue in the 5G network. 
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6.4 Future Scope 

These proposed CNN FFO and IFO estimator can be extended to 4x4, 8x8, and Massive 

MIMO-OFDM system. Further optimization in performance as well as in complexity 

using deep learning approach can be done. This proposed estimator can be extended for 

NOMA OFDM in 5G system. A hybrid LSTM and CNN based approach can be employed 

to estimate FFO and IFO. The proposed estimator can be applied to cognitive cellular 

network and NB-IoT in 5G. The proposed estimator Can be extended to 5G Integrated 

LEO SATCOM. 
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Appendix A 

 

Tapped Delay Line Power Delay Profile 

[48] 

TDL-A 

 
Tap # Normalized delay Power in [dB] Fading distribution 

1 0.0000 -13.4 Rayleigh 

2 0.3819 0 Rayleigh 

3 0.4025 -2.2 Rayleigh 

4 0.5868 -4 Rayleigh 

5 0.4610 -6 Rayleigh 

6 0.5375 -8.2 Rayleigh 

7 0.6708 -9.9 Rayleigh 

8 0.5750 -10.5 Rayleigh 

9 0.7618 -7.5 Rayleigh 

10 1.5375 -15.9 Rayleigh 

11 1.8978 -6.6 Rayleigh 

12 2.2242 -16.7 Rayleigh 

13 2.1718 -12.4 Rayleigh 

14 2.4942 -15.2 Rayleigh 

15 2.5119 -10.8 Rayleigh 

16 3.0582 -11.3 Rayleigh 

17 4.0810 -12.7 Rayleigh 

18 4.4579 -16.2 Rayleigh 

19 4.5695 -18.3 Rayleigh 

20 4.7966 -18.9 Rayleigh 

21 5.0066 -16.6 Rayleigh 

22 5.3043 -19.9 Rayleigh 

23 9.6586 -29.7 Rayleigh 

 

 



 

 

 

 

TDL- B 
  

Tap # Normalized delay Power in [dB] Fading distribution 

1 0.0000 0 Rayleigh 

2 0.1072 -2.2 Rayleigh 

3 0.2155 -4 Rayleigh 

4 0.2095 -3.2 Rayleigh 

5 0.2870 -9.8 Rayleigh 

6 0.2986 -1.2 Rayleigh 

7 0.3752 -3.4 Rayleigh 

8 0.5055 -5.2 Rayleigh 

9 0.3681 -7.6 Rayleigh 

10 0.3697 -3 Rayleigh 

11 0.5700 -8.9 Rayleigh 

12 0.5283 -9 Rayleigh 

13 1.1021 -4.8 Rayleigh 

14 1.2756 -5.7 Rayleigh 

15 1.5474 -7.5 Rayleigh 

16 1.7842 -1.9 Rayleigh 

17 2.0169 -7.6 Rayleigh 

18 2.8294 -12.2 Rayleigh 

19 3.0219 -9.8 Rayleigh 

20 3.6187 -11.4 Rayleigh 

21 4.1067 -14.9 Rayleigh 

22 4.2790 -9.2 Rayleigh 

23 4.7834 -11.3 Rayleigh 



 

 

 

TDL- C 

 
Tap # Normalized delays Power in [dB] Fading distribution 

1 0 -4.4 Rayleigh 

2 0.2099 -1.2 Rayleigh 

3 0.2219 -3.5 Rayleigh 

4 0.2329 -5.2 Rayleigh 

5 0.2176 -2.5 Rayleigh 

6 0.6366 0 Rayleigh 

7 0.6448 -2.2 Rayleigh 

8 0.6560 -3.9 Rayleigh 

9 0.6584 -7.4 Rayleigh 

10 0.7935 -7.1 Rayleigh 

11 0.8213 -10.7 Rayleigh 

12 0.9336 -11.1 Rayleigh 

13 1.2285 -5.1 Rayleigh 

14 1.3083 -6.8 Rayleigh 

15 2.1704 -8.7 Rayleigh 

16 2.7105 -13.2 Rayleigh 

17 4.2589 -13.9 Rayleigh 

18 4.6003 -13.9 Rayleigh 

19 5.4902 -15.8 Rayleigh 

20 5.6077 -17.1 Rayleigh 

21 6.3065 -16 Rayleigh 

22 6.6374 -15.7 Rayleigh 

23 7.0427 -21.6 Rayleigh 

24 8.6523 -22.8 Rayleigh 

 
 

 

 

 



 

 

 

TDL- D 

 
Tap 

# 

Normalized 

delay 

Power in 

[dB] 

Fading 

distribution 

1 0 -0.2 LOS path 

0 -13.5 Rayleigh 

2 0.035 -18.8 Rayleigh 

3 0.612 -21 Rayleigh 

4 1.363 -22.8 Rayleigh 

5 1.405 -17.9 Rayleigh 

6 1.804 -20.1 Rayleigh 

7 2.596 -21.9 Rayleigh 

8 1.775 -22.9 Rayleigh 

9 4.042 -27.8 Rayleigh 

10 7.937 -23.6 Rayleigh 

11 9.424 -24.8 Rayleigh 

12 9.708 -30.0 Rayleigh 

13 12.525 -27.7 Rayleigh 

NOTE: The first tap follows a Ricean distribution with a K-factor of K1 = 13.3 dB and a 

mean power of 0dB. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

TDL- E 
 

Tap 

# 

Normalized 

delay 

Power 

in [dB] 

Fading 

distribution 

1 0 -0.03 LOS path 

0 -22.03 Rayleigh 

2 0.5133 -15.8 Rayleigh 

3 0.5440 -18.1 Rayleigh 

4 0.5630 -19.8 Rayleigh 

5 0.5440 -22.9 Rayleigh 

6 0.7112 -22.4 Rayleigh 

7 1.9092 -18.6 Rayleigh 

8 1.9293 -20.8 Rayleigh 

9 1.9589 -22.6 Rayleigh 

10 2.6426 -22.3 Rayleigh 

11 3.7136 -25.6 Rayleigh 

12 5.4524 -20.2 Rayleigh 

13 12.0034 -29.8 Rayleigh 

14 20.6519 -29.2 Rayleigh 

NOTE: The first tap follows a Ricean distribution with a K-factor of K1 = 22 dB 

and a mean power of 0dB. 

 


