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1. Abstract 

 

In cognitive radio and 5G networks, the Orthogonal Frequency Division Multiplexing (OFDM) is a 

favorable technology used at physical layer. In multipath fading environment, OFDM is evolving as a 

spectrally efficient system and providing 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 a 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 

performance of the system and also decrease throughput as synchronization lost between transmitter and 

receiver. Traditional estimation algorithms for OFDM are not enough to address 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 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 system gaining much attention in order to make 

intelligent communication system. Here, Deep learning methods are proposed to estimate fractional and 

integer frequency offsets. The neural network containing input layer, hidden layers and 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 

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 an improved 
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performance for proposed CNN based IFO estimator as compared to conventional estimator of 2x2 MIMO 

OFDM. 

2. Brief description on the state of the art of the research topic 

 
Cognitive Radio (CR) is a more personalized form of Software Defined Radio (SDR) that allows the use 

of a licensed spectrum intelligently [1].  Cognitive radio offers the opportunity of spectrum pooling on a 

rental basis to fulfil the high demand for limited resources for mobile multimedia applications [2]. FCC 

(Federal Communication Commission)’s Spectrum Task Force published a report and one of the major 

findings of the report is “In many bands, spectrum access is a more significant problem than physical 

scarcity of spectrum, in large part due to legacy command and control regulation that limits the ability of 

potential spectrum users to obtain such access” [3]. The Orthogonal Frequency Division Multiplexing 

(OFDM) is a good fit at physical layer for CR as it fulfills the requirement of CR. Since OFDM has some 

challenges i.e. Inter-Carrier Interference (ICI), synchronization, Peak to Average Power Ratio (PAPR), and 

also CR has its challenges i.e. spectrum sensing, cross-layer adaption, and interference avoidance, etc. 

Hence, employing OFDM in CR creates multiple research challenges [23]. Recently, OFDM based 

cognitive radio research challenges become major thirst areas in Wireless Communication. These 

challenges are Multiband OFDM Design, Location awareness, Signaling and the transmission parameters, 

Synchronization, and Mutual interference. 

Synchronization errors like frequency, time, phase offsets and drifts are present in practice. Up conversion 

and down conversion at the end of transmitter and receiver respectively can generate frequency and phase 

offset. Also, Frequency offset occurs due to the mismatch between the transmitted carrier frequency and 

frequency generated by a local oscillator at the receiver side. In addition to this, the moving 

transmitter/receiver results in a Doppler effect and create a frequency offset. This may degrade the 

performance of spectrum sensing algorithms i.e. cyclostationary feature detector [4]. 

The Fifth Generation New Radio (5G NR) system is a new interface technology developed by the 3rd 

Generation Partnership Project (3GPP), an extended version of the Long Term Evolution-Advance (LTE-

A) standard. It focuses mainly on three use cases, Ultra-Reliable Low Latency Communication (URLLC), 

Enhanced Mobile Broadband (eMBB), and Massive Machine Type Communications (mMTC) [5]. To 

support use cases, 3GPP modified the physical layer of 5G NR that supports large bandwidths, Multiple 

Inputs Multiple Outputs(MIMO), and Beamforming [5-7].  OFDM is a key technique used in 3G and 4G 

Long Term Evolution (LTE) because it provides high data rate and spectral efficiency in a multipath 

environment. To support services defined in 5G, OFDM numerology is suitable for 5G NR physical layer 

[5]. OFDM used in 5G network also suffers through loss of synchronization between User Equipment 
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(UE)/Nodes/Sensors and Base station(BS). Synchronization is extremely required to achieve better 

performance. The main operating bands of 5G NR are FR1 known as sub-6 GHz (below 6 GHz) and FR2 

known as mmWave (above 24 GHz) [8]. Despite many advantages offered by OFDM, it faces major 

challenges i.e. High sensitivity to timing and frequency offsets and Peak to Average Power Ratio (PAPR). 

The frequency and timing offset sensitivities increases as defined carrier frequencies are high in 5G. This 

leads to challenges in synchronization due to the occurrence of Inter-Carrier Interference (ICI). The large 

value of frequency offsets resulted in increased ICI. The transmitter and receiver oscillators should be 

precise and stable to make system Inter-Carrier Interference free [9], [10]. Furthermore, frequency offsets 

in received signal occur due to doppler effect generated because of transmitter’s/receiver’s movement 

results in loss of performance [11]. The performance of the system can be improved by estimating and 

correcting carrier frequency offsets (CFOs) at the receiver side. This will increase the throughput of the 

system. The considered carrier frequency offsets are often normalized to subcarrier spacing. Generally, to 

reduce the complexity of estimation algorithms, this normalized carrier frequency offset is decomposed 

into two parts i.e. fractional frequency offsets (FFOs) and integer frequency offset (IFO). The occurrence 

of fractional frequency offsets destroys orthogonality between subcarriers and the occurrence of integer 

frequency offsets result in shifting of subcarrier indices. In both, the performance of the system degrades 

[12]. 

Recently, the Deep learning approach has gained attention for physical layer in wireless communication 

due to the limitations of a conventional communication system. The conventional communication system 

is a limited block structure type communications system consisting of several signal processing blocks i.e. 

source coding/decoding, channel encoding/decoding, modulation/demodulation, detection, channel 

estimation, etc. To optimize the performance of conventional communication systems, each block is 

optimized locally. Thus, an optimal communication system cannot guarantee globally [13]. In addition to 

that, advanced wireless applications i.e. virtual and augmented reality, intelligent terminal access, and 

Internet of Things (IoT) demand thousandfold capacity, millisecond latency, and massive connectivity 

make system design a more challenging task. The design of the system is significantly dependent on the 

practical channel condition. In a conventional system, these practical channel conditions are characterized 

by various mathematical channel models. In a complex scenario, a conventional communication system 

struggles to perform due to many imperfections and nonlinearities [14]. In [14], Deep Learning (DL) 

methods are reviewed for the Physical layer of a wireless communication system that creates a new DL 

based architecture. And It is shown that DL based algorithms exhibit good performance with less 

complexity and latency. However, Deep learning based estimation methods are not explored extensively. 

In this work, Deep learning based estimation method is proposed to address synchronization problem in 5G 

network. 
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3. Definition of Problem 

 
When OFDM is used for cognitive radio applications, sensitivity to frequency offset remains an issue. 

These sensitivities to timing and frequency offsets increases due to defined high carrier frequencies in 

5G network. The sensitivities to frequency offsets results into carrier frequency offsets. In addition to 

that, 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. This normalized carrier 

frequency offsets (CFO) are decomposed in two parts: Fractional CFO (FFOs) and Integer CFO (IFO). 

FFOs destroy orthogonality between subcarriers and IFOs create shifts in subcarrier indices. In both 

cases, performance is degraded. This degraded performance results into 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 limits the acquisition range at an improved 

complexity. In addition to that, synchronization process interfered from the presence of narrowband 

interference originating from licensed system. Conventional estimation algorithms for frequency offsets 

are based on 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 method for 

channel estimation and modulation classification. Moving towards 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 paper, 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. This proposed estimator is also extended to 2x2 MIMO OFDM system model for 

5G networks. 

 

4. Objective and Scope of Work 
 

Firstly, estimation range is increased for OFDM CR system using more identical parts in training 

symbol. Deep learning methods to estimate Fractional and Integer frequency offsets for 5G network are 

extensively explored. Based on research gaps identified from literature review, objectives are defined 

as below: 

1. To increase acquisition range of FFO estimation in presence of Narrowband Interference for OFDM 

CR system. 

2. To optimize performance of Integer Frequency Offsets (IFOs) estimation method using neural network 

and to detect sector ID. 
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3. To compare and validate proposed neural network method with conventional schemes in different 

channel fading environment. 

4. To optimize performance of Fractional Frequency Offsets (FFOs) estimation method using neural 

network. 

5. To compare and validate proposed neural network method with conventional schemes. 

6. To extend proposed CNN based IFO estimator in 2x2 MIMO OFDM System. 

 

5. Original contribution by thesis 

 
In this work, 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.  

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

Here, Morelli and Mengalli (M & M) method [15] is proposed in presence of narrowband 

interference for OFDM CR system. This method uses 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 [16] and narrowband interference 

robust synchronization (NIRS) method [17]. Simulation results shows 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 limited block structure communication system, performance of conventional communication 

system cannot optimize globally. Each block need to optimize locally to get optimum performance 

of system. Recently, deep learning is gaining attention at physical layer of wireless system. Use of 

deep learning methods at physical layer for optimization is next step towards intelligent 

communication system. Here, to address critical synchronization issue in 5G network, deep learning 

method is used. 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 proposed NN estimator consisting Convolution layers and regression layer is trained and tested 

for various TDL channel models.  

 The received signals perturbed from IFOs and channel impairments are given to an input layer of 

proposed NN estimator. This estimator will find optimum received signal and will calculate number 

of cyclic shifts in the signal in order to estimate IFO and to detect sector ID.  

 This proposed NN estimator gives promising performance in all TDL delay models as compared to 

conventional estimation schemes and also provides wide IFO acquisition range of [-4,4]. To 
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consider various 5G evaluation scenarios shown in [18], this TDL delay models are scaled to various 

delay spreads while training and testing.  

 The CNN based estimation method is proposed to estimate Fractional Frequency Offsets (FFOs) for 

a 5G network. This CNN is trained under various TDL models and for distinct values of normalized 

FFOs selected from -0.5 to 0.5. 

 The received signal is distorted from FFOs and channel impairments. This impaired signal is applied 

to an input layer of CNN estimator. The optimum signal is found by this estimator and will calculate 

frequency offsets. 

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

compared to conventional autocorrelation estimation methods. 

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

improved performance as compared to conventional IFO estimation schemes. 

6. Methodology of Research 

 
For OFDM CR, the Schimdl & Cox Algortihm (SCA) provides an estimation range up to ±1/2 of the 

subcarrier spacing. The Narrowband Interference Robust Scheme (NIRS) algorithm gives estimation 

range up to ±1 normalized to subcarrier spacing. The M & M method [15] suggest an improved frequency 

offset estimator with an increase in estimation range. The estimation range is further extended by 

increasing no. of identical parts in the training symbol in the preamble. The estimation range for L 

identical parts in the training symbol is ±L/2 of the subcarrier spacing. These identical parts in the received 

signal is correlated at the receiver side to estimate CFOs. For simulation, Non Contiguous (NC) - OFDM 

system is considered where preamble is transmitted only on the available subcarriers.  

For 5G networks, let us consider the OFDM system with a variable length of Cyclic Prefix (CP). It consists 

of N subcarriers which are separated by ∆f in the frequency domain. The CP-OFDM block diagram is 

shown in Figure 1. At the transmitter side, modulated complex data are assumed in the frequency domain. 

On modulated complex data at the transmitter side, N point inverse fast Fourier transforms (IFFT) is 

performed to generate time domain OFDM symbol. Inter Symbol Interference (ISI) is avoided by addition 

of a cyclic prefix (CP) of length Ncp in the OFDM symbol. Preferably, CP length is larger than the channel 

delay spread. In 5G, OFDM supports both normal and extended CP configurations [5]. The symbol 

duration of OFDM is increased due to the insertion of CP, resulting in a total time duration of Nt=Ncp+N. 

The distortion occurs in the transmitted signal due to multipath fading. This multipath fading is 

characterized by discrete time impulse response hm(n). The transmitted signal is distorted with the 

addition of additive white gaussian noise (AWGN). Further, the transmitted signal deteriorates as a result 

of occurrence of CFO. At the receiver side, in the first step, timing offsets are estimated and corrected 
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[19]. After timing corrections, FFOs are estimated and corrected. Here, Convolutional Neural Network 

(CNN) is used to estimate FFOs in the time domain. Then in the post FFT stage, frequency domain signal 

is generated by applying Fast Fourier Transform (FFT). 

 
Figure 1 Cyclic Prefix (CP) OFDM block diagram 

 

The estimation problem is converted into a regression problem. The output layer of this proposed 

architecture is the regression layer that calculates half squared Mean Square Error (MSE). 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. To 

minimize training MSE, the proposed convolutional neural network is trained for several epochs. 

 Proposed NN based IFO estimator and Sector ID detection 

 

The optimum performance is given by proposed CNN estimator when the distorted signal due to 

nonlinearities of channel and IFO is given to this trained proposed network as compared to conventional 

algorithms. 

1. The received signal is separated into real and imaginary dataset.  

2. In the next convolution layer, the column vector of 432 symbols is processed by 250 9x9 filters of 

convolution layers with a Rectified Linear Unit (ReLU) activation function to generate 250 

outputs. 

3. Subsequently, six convolution layers of 5x5 filters are used followed by ReLU activation.  

4. At the output layer, an estimated 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. 

5. After this, estimated IFO can be calculated by finding the number of cyclic shifts in the estimated 

received signal by NN.  
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6. 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.  

7. This proposed estimator is compared with conventional IFO estimator i.e. Maximum Likelihood 

(ML) Estimator [20] and sequential estimator [21]. 

 Proposed CNN based FFO estimator 

1. The real and complex part of a received signal is given to the proposed CNN based CFO estimator 

separately in the first step.  

2. After this, a vector of 556 symbols is convoluted with 128 filters of kernel size 9x9 followed by 

Rectified Liner Unit (ReLU).  

3. Furthermore, this output is processed through several convolutional layers of a different number 

of filters containing different kernel sizes.  

4. At the output layer, an estimated received signal is obtained.  After this, estimated FFO can be 

calculated by applying the estimation rule. 

5. This proposed estimator is compared with conventional FFO estimator i.e. Autocorrelation method 

[22]. 

 Proposed CNN based IFO estimator for 2x2 MIMO OFDM system 

1. The received signal that is complex signal and first it is separated in real and imaginary signal.  

2. This separated signal is given to next layer of CNN. Total nine convolution layers followed by 

ReLU layers are used. 

3. At last, regression layer is applied to processed signal.   

4. At the output layer, an estimated 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.  

5. This proposed CNN estimator is evaluated and compared with conventional IFO estimator i.e. 

Maximum Likelihood (ML) Estimator [20] and sequential estimator [21] for 2x2 MIMO OFDM 

system. 

7. Results 

The experimentation of proposed algorithm is carried out in MATLAB simulation environment.   

 Proposed M & M scheme for OFDM CR 

 Two types of narrowband interference are considered here i.e. ideal NBI and practical NBI.  The 

unmodulated complex sinusoid of normalized frequency 24.5 is considered as “Ideal” NBI. And the FM 

modulated signal with a bandwidth of 200 kHz is considered as “Practical NBI” [17].  

As shown in figure 2, M & M method performs better in the presence of practical narrowband interference 

with SIR=10dB where SIR is signal to interference ratio. In figure 3, comparison of MSE is shown in the 
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presence of practical NBI with SIR=-10dB. Also, the Integer frequency offset value between 1 and 2 is 

considered. M&M method performs better in the presence of narrowband interference and also provides an 

increased estimation range.    

 

 

 

 

 

 

 

 

 

    Figure 2 MSE for practical NBI with SIR=10 dB         Figure 3 MSE for practical NBI with SIR=-10dB  

 Performance of Proposed NN estimator for IFO estimation and sector ID detection 

For simulation, a 40 MHz 5G NR system is considered with the number of subcarriers N=512, symbol 

duration Ts= 0.016μs, Δf=30KHz which is operating at 6 GHz [21]. As per normal mode, a cyclic prefix of 

44 symbols length is added. PSS of 127 symbols is transmitted on 56 to 182 subcarriers out of 240 

subcarriers. For 5G channel model, the tapped delay line (TDL) model is considered with different delay 

profiles. These delay profiles 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. Power delay profiles of these channel models are 

described in [18]. Here, normalized IFO value is considered from -3 to 3, by considering the stability of 

commercial oscillator of ±20 ppm for mobile applications [21]. Here, the performance of the estimation of 

IFO and sector id is separately shown. The performance metric is the probability of failure that is expressed 

as Pfv = Prob{(�̂� ≠ 𝜗)} for IFO and Pfu = Prob{(�̂� ≠ 𝑢)} for Sector ID.  

Here, the training dataset is generated across normalized IFO range [-4,4] with resolutions of 1 and for 5 

channel models as discussed earlier. There are 127 symbols in the PSS signal on 56 to 182 subcarriers. In 

training process, to avoid disturbance from noise, SNR is set to an infinite value. The proposed NN is 

trained for random value of IFO selected from the interval [-4,4], and for randomly selected delay profiles. 

These generated delay profiles can be scaled to desired delay spread. We considered here five cases of 

delay spread very short delay spread (10ns), short delay spread (30ns), nominal delay spread (100ns), long 

delay spread (300ns), and very long delay spread (1000ns) while training the neural network.  

In this way, 1,00,000 frames for training datasets are generated and these frames are perturbed from random 

IFO and random TDL profile with desired scaled delay spread. Frequency selective fading environment is 

selected for training as well as testing purpose. 
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Figure 4 Pfv vs. SNR of IFO estimation for                            Figure 5 Pfv vs. SNR of IFO estimation for LOS 

                     NLOS delay profiles                                                                         delay profiles  

                                  

The batch size for validation is set to 10000 in the training of the proposed NN estimator. Test data is 

given to the proposed NN estimator and tested for SNR value from -6dB to 15dB and for different delay 

profiles. These simulation results are compared with the traditional ML estimator presented in [20] and 

sequential estimator presented in [21]. 

 

 
Figure 6 Pfu vs. SNR of IFO estimation for                            Figure 7 Pfu vs. SNR of IFO estimation for LOS 

                     NLOS delay profiles                                                                         delay profiles  

 

In figure 4, It is seen that the proposed NN estimator achieves less probability of failure in less than 11 dB 

region for NLOS delay profiles. At failure probability of “10-2”, proposed NN estimator realizes 4 dB, 7dB 

and 9 dB SNR in TDL-B, TDL-A and TDL-C delay profiles respectively. However, ML and sequential 

methods fails to achieve same failure probability. As seen in figure 5, proposed estimator achieves “10-2” 

failure probability at SNR 3dB and 4dB in TDL-D and TDL-E delay profiles respectively. The same can 
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be achieved at 6dB and 7dB SNR in ML method. However, sequential method fails to achieve same 

probability of failure. Figure 6 shows that to achieve Pfu of 10-2, proposed NN estimator requires 2 dB, 4 

dB, and 6 dB SNR for TDL-B, TDL-C, and TDL-A respectively. However, ML and sequential methods do 

not achieve the same even for high SNR region. As seen in figure 7, the proposed NN estimator has SNR 

improvement in TDL-D profile as compared to ML and sequential estimation. The proposed NN estimator 

shows SNR improvement of 8 dB at 10-2 for TDL-E profile with respect to ML estimation. But, sequential 

method does not achieve the same target.  

The performance of the proposed estimator is also shown concerning the IFO range. This performance is 

shown in terms of the probability of failure. Figure 8 and figure 9 show the performance of the proposed 

NN based IFO estimator to sequential and ML estimator for NLOS and LOS delay profiles respectively. 

The NN estimator is trained for IFO range -4 to 4, so it exhibits a low probability of failure in the specified 

range. when IFO exceeds the specified range, failure probability is increased. 

From all simulation results, it is proved that proposed NN based estimator is performing exceptionally well 

as compared to ML estimator and sequential estimator in all TDL profiles. To include all scenarios, these 

delay profiles are scaled to appropriate delay spread. 

 Performance of Proposed CNN estimator for FFO estimation 

A same 5G NR system is considered for simulation of proposed CNN estimator as stated in above section. 

Here, the normalized FFO value is considered from -0.5 to 0.5 with a resolution of 0.0001. The 

performance metric is the Mean Square Error (MSE). 

Here, for normalized FFO range [-0.5,0.5] with resolutions of 0.0001([-0.5,-0.4999,-

0.4998,……,0.4999,0.5) the training datasets are generated. The SNR is set to an infinite value to avoid 

disturbance arising from noise. The training of the proposed CNN is completed under a randomly selected 

value of FFO from the interval [-0.5,0.5], and for randomly selected delay models. These delay models 

are scaled to the desired delay spread to include all nonlinearities of all Scenarios. Five different values 

of delay spreads are considered which are very short (10ns), short (30ns), nominal (100ns), long (300ns), 

and very long delay spread (1000ns). 

Accordingly, training datasets containing 20,000 frames are generated. Random value of FFOs and 

randomly selected TDL model scaled to random delay spread perturbed these generated frames. For 

training and testing, a Frequency selective fading environment is selected. In the proposed CNN 

estimator, the validation batch size is set to 2000. The proposed CNN estimator is tested for -10dB to 

15dB SNR values and for different delay profiles. To validate results in a different scenario, LOS and 

NLOS models are considered and scaled with different values of delay spreads while testing. Simulation 

results under these delay models are compared with the conventional autocorrelation method shown in 
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[22]. 

 
 Figure 8 Pf vs. Normalized IFO for NLOS profiles             Figure 9 Pf vs. Normalized IFO for NLOS profiles  

 

As seen in figure 10 For model TDL-A, at MSE 10
-2

, the Proposed CNN estimator exhibits the 

improved performance of 4 dB. At the same MSE of 10-2, the proposed estimator improves performance 

by 4 dB for TDL-B. and for TDL-C also, the proposed estimator exhibits performance improvement of 

2 dB. And also figure 11 shows for TDL-D and TDL-E, at MSE of 10-2, the proposed CNN estimator 

exhibits an improved performance of 2dB. 

 

      Figure 10 MSE vs. SNR for TDL NLOS models                  Figure 11 MSE vs. SNR for TDL NLOS models   
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 Performance of Proposed CNN estimator for IFO estimation and Sector ID detection for 

2x2 MIMO OFDM 
 

The performance metric is probability of success Psv=Prob{(𝑣) = (v)}for IFO and Psu = Prob{{(�̂�) = 

(u)}} for Sector ID. The proposed NN  is trained for random value of IFO selected from the interval [-

4,4], and for randomly selected delay profiles. Here, indoor delay spread i.e. 10ns is considered. In this 

way, total 5000 frames are generated for training datasets. And the proposed CNN 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.  

In figure 12, Psv is plotted for NLOS delay profiles. It can be observed that proposed CNN estimator is 

achieving higher probability of success as compared to conventional ML estimator. With an increase in 

SNR, Probability of success is also increasing in proposed CNN estimator while Psv remains constant 

in conventional ML estimator. The performance of proposed CNN estimator under LOS delay profiles 

is shown in figure 13. It can be observed that, Proposed CNN estimator achieves higher probability of 

success with an increase in SNR while again conventional ML estimator fails to achieve higher 

probability of success. Also, Proposed CNN estimator achieves higher Psv in TDL-D profile rapidly as 

compared to TDL-E delay profile. 

 In figure 14 and 15, Psu is plotted with respect to SNR for Sector ID estimation in NLOS and LOS delay 

profiles respectively. In figure 14, It is observed that Proposed CNN estimator is achieving higher Psu 

faster as compared to conventional ML estimator in TDL-A and TDL-C delay profiles. In TDL-B delay 

profile, for low SNR, proposed estimator is achieving less Psu. But with increase in SNR, it achieves 

again higher Psu. The proposed CNN estimator is obtaining higher Psu in LOS delay profiles i.e. TDL-D 

and TDL-E. The same can be observed in figure 15. 

 

Figure 12 Psv vs. SNR for TDL NLOS models                   Figure 13 Psv vs. SNR for TDL LOS models                                              



14 | P a g e  
 

 
    Figure 14 Psu vs. SNR for TDL NLOS models                   Figure 15 Psu vs. SNR for TDL LOS models                                              
 

8. 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 method and shows an improved performance when considered 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 scenario of frequency selective fading channels, these TDL delay models are scaled to appropriate 

various value 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 conventional method. 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 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 optimum received signal. And by applying estimation rules, IFO and FFO are 

estimated. Once the IFO is estimated, received signal is corrected by IFO and sector ID is detected using 

this received sequence. For sector ID detection also, proposed NN based estimator showed an improved 

performance as compared to conventional methods. This proposed CNN based IFO estimator is also 
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extended to 2x2 MIMO OFDM system model for 5G network. This proposed estimator is evaluated under 

various TDL models and compared with conventional schemes. Simulation results shows higher 

probability of success as compared to conventional schemes. Moving towards intelligent communication 

systems, Deep learning based estimation method could be an encouraging solution to address critical 

synchronization issues in 5G network. 
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