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ABSTRACT- Accurate channel estimation plays a major 

role in the performance of orthogonal frequency division 

multiplexing (OFDM). The channel estimation performance 

depends on how effectively the channel state information can 

be extracted using known pilot symbols. The placement of 

these pilot symbols influences both channel estimation and 

subsequent detection performance, and the conventional 

fixed comb- or block-type pilot arrangements may not 

always provide the best results in time-varying channel 

conditions. Therefore, this work presents a Convolutional 

Neural Network (CNN)-based pilot position selection 

approach. In the proposed work, we generate a set of various 

time-varying channel realizations under six different 3GPP 

channel conditions and utilize the generated dataset to train 

the CNN. We evaluate these channel realizations using 

different pilot patterns, enabling the trained CNN to select 

pilot positions effectively in time-varying channel 

conditions. To evaluate the effectiveness of the proposed 

learning-based pilot position selection, we compare the 

results with Particle Swarm Optimization (PSO)-based pilot 

position selection and fixed diamond pilot arrangement 

methods. The simulation results indicate that both the CNN- 

and PSO-based pilot arrangements achieve better Bit Error 

Rate (BER) and Normalized Mean Squared Error (NMSE) 

than the diamond pilot arrangement, with the CNN achieving 

slightly better performance than the PSO-optimized one. 

Therefore, a trained CNN is a promising approach for 

adaptive pilot position selection without using an iterative 

approach under time-varying channel conditions. 

KEYWORDS- CNN, MIMO, OFDM, PSO, Time-

Frequency Grid  

I. INTRODUCTION 

Because of higher spectral efficiency and robustness against 

multipath delay spread, OFDM is very widely adopted in 

wireless communication, e.g., 4G Long-Term Evolution 

(LTE), Wi-Fi 6 (IEEE 802.11ax), and 5G New Radio (NR). 

Similar to other communication standards, the performance 

of OFDM depends on the accuracy of channel estimation. 

Though the OFDM offers robust performance in multipath 

delay spread, it suffers from inter-carrier interference (ICI) 

in a high-mobility environment. For reliable channel 

estimation, the accurate extraction of channel-state 

information is necessary, which demands the inclusion of 

pilot symbols in OFDM [1], [2]. 

In OFDM systems, pilot-assisted channel estimation is 

widely used, where known pilot symbols are inserted within 

transmitted frames to estimate the channel response. 

Conventional pilot arrangements, including comb-type and 

block-type pilot patterns, provide satisfactory performance 

under slowly varying channels, but they often become 

inefficient in highly dynamic wireless environments. Fixed 

pilot placement may reduce spectral efficiency or increase 

estimation error due to unnecessary pilot overhead [3], [4]. 

To circumvent these limitations, various optimization 

techniques have been proposed for adaptive pilot placement. 

In this regard, evolutionary algorithms such as Genetic 

Algorithm (GA), Differential Evolution (DE), Ant Colony 

Optimization (ACO), and Particle Swarm Optimization 

(PSO) have been utilized to search for optimal pilot positions 

that minimize channel estimation error while maintaining the 

transmission rate high [5]-[10]. The PSO algorithm is one of 

the most promising approaches due to its ease of 

implementation, fast convergence, and powerful exploration 

capability. However, PSO does not learn the characteristics 

of wireless channels and may not perform well in different 

channel realizations. Recently, machine learning (ML) and 

deep learning (DL)-based approaches have been attracting 

increasing interest in the field of wireless communications 

[11]-[15]. Several recent studies have further explored deep 

learning-based OFDM receivers, where deep learning 

methods replace or complement conventional estimation and 

equalization blocks. These approaches have shown 

improvement in performance metrics over conventional 

approaches, making them attractive candidates for next-

generation wireless communication systems, including 5G 
and beyond [16]-[18]. In addition to channel estimation, due 

to their ability to learn complex patterns in data, deep 

learning techniques are emerging as tools for pilot design in 

OFDM. In [19] a feature-selection-based pilot pattern design 

was proposed. For feature selection, the proposed work uses 

a concrete AE, with a concrete layer as an encoder and a 

multilayer perception (MLP) as a decoder. In the training 

phase, the concrete layer identifies the most informative 

locations on the time-frequency grid, and using the 

information transmitted in the selected pilot locations, MLP 

regenerates the channel. It further trains the ChannelNet for 

ideal channel estimation. The results shown that this 
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proposed gain performance improvement over the 

conventional uniformly distributed pilot pattern. The authors 

in [20] present a pilot design and channel estimation method 

for MIMO OFDM. The proposed work designs the 

frequency-aware pilot using a fully connected NN layer, and 

for channel estimation, it utilizes a convolutional NN. To 

exploit long-range correlations in the channel, this work uses 

an attention module. Additionally, by removing less 

significant neurons from the NN layers, the proposed work 

achieves a reduction in pilot overhead. The work [21] 

presented a deep-learning-based pilot sequence allocation to 

multiple users using a fully connected feed-forward network 

with two hidden layers for massive MIMO. For optimal pilot 

allocation, the FNN is trained on the interference patterns and 

users' characteristics. The proposed work outperforms the 

traditional random and greedy approaches in terms of pilot 

optimization. 

Recent studies demonstrate the growth of deep learning 

in pilot optimization. However, deep learning in pilot 

optimization is limited to optimizing the pilot sequence 

through feature selection or joint optimization of pilot and 

channel estimation, rather than optimizing the pilot position 

by learning from the performance of pilot patterns under 

various channel conditions. Therefore, in this work, we 

propose a CNN-based pilot position selection scheme. To 

identify the pilot positions on the time-frequency grid, we use 

various time-varying channel realizations and evaluate them 

using different pilot patterns to train the CNN. 

The major contributions of this work are as follows: 

 Development of a Convolutional Neural Network 

(CNN)-based model for intelligent pilot placement 

prediction. We used various time-varying channel 

realizations under different 3GPP channel conditions and 

evaluated each realization using a set of pilot 

configurations with different pilot locations. This enables 

the CNN framework to learn the relationship between 

channel response and pilot positions during training and 

to select pilot locations in time-varying channel 

conditions. 

 To verify the effectiveness of pilot positions selected 

using the proposed learning-based method, we compare 

the performance metrics of the proposed work with the 

PSO-based pilot optimization techniques. 

The remainder of the paper is organized as follows. Section 

II presents the OFDM system model. We present the problem 

formulation in section III. In section IV we discuss the 

conventional PSO-based Pilot position optimization. Section 

V presents the results and discussions. Finally, section VI 

presents the conclusion of the work. 

II. OFDM SYSTEM MODEL 

In OFDM, the transmitted data symbols along with pilot 

symbols are mapped in a time-frequency plane consisting of 

M sub carriers and N time slots/OFDM symbols. The 

mapping of the information symbols in the time-frequency 

grid formed the information symbol matrix 𝑿 ∈ ℂ𝑀×𝑁with N 

OFDM symbols. Using the Inverse Fast Fourier Transform 

(IFFT) operation, the information symbols consisting of data 

and pilots are transformed into the time domain. To eliminate 

inter-symbol interference, a cyclic prefix (CP) is appended to 

the time-domain OFDM signal before transmission through 

the physical wireless channel. At the receiver, after removal 

of CP and applying the Fast Fourier Transform (FFT) 

operation, the time-frequency domain input-output relation 

for  𝑛𝑡ℎ OFDM symbol can be expressed as [22]: 

 

                               (1) 

Where 𝒚𝒏 ∈ ℂ𝑀×1represents received symbol, 𝒙𝑛 ∈ ℂ𝑀×1 

denotes the transmitted symbol vector symbol, 𝑯𝑛 ∈ ℂ𝑀×𝑁 

and 𝒘𝑛 represents the channel matrix and the AWGN noise 

vector for  𝑛𝑡ℎ OFDM symbol, respectively. 

III. PROBLEM FORMULATION 

An OFDM system consists of 𝑀 sub carriers and 𝑁 time 

slots. The transmitted symbols are placed on the𝑀 × 𝑁 time-

frequency grid. The transmitted symbols consist of 𝑁𝑝 pilot 

symbols and the remaining data symbols. OFDM estimates 

the channel coefficients using the transmitted pilot symbols, 

which are then used to detect the transmitted data symbols. 

Due to the doubly dispersive nature of the wireless channel, 

channel characteristics may vary over the time-frequency 

grid Therefore, pilots placed at fixed positions on the time-

frequency grid may not achieve optimal performance in 

varying channel conditions. Therefore, to adapt pilot 

positions on the time-frequency grid under varying channel 

conditions, we propose optimizing these using a CNN. We 

use different pilot configurations with 𝑁𝑝 pilots under 

various time-varying channel realizations to train CNN. By 

learning the relationship between channel characteristics and 

pilot locations in the time-frequency plane, CNN can select 

suitable pilot positions for a new channel condition. 

A. Dataset Generation 

In this work, we generate 𝐶 = 12,000 time-varying channel 

realizations using six different 3GPP channel conditions as 

listed in Table 1. For each channel condition, we consider 

2000 independent channel realizations. We generate these 

2000 independent channel realizations for each 3GPP 

channel condition by keeping channel model parameters and 

Doppler frequency fixed while varying the random fading 

realization. We split the complete dataset into two parts in an 

80/20 manner, 𝒞𝑡𝑟𝑎𝑖𝑛= 9600 (1600 realizations per channel 

condition) for training and 𝒞𝑡𝑒𝑠𝑡= 2400 (400 realizations per 

channel condition) for testing. For each channel realization, 

we use 𝑄= 80 different pilot configurations placed on various 

indices of the 𝑀 × 𝑁 time-frequency grid. All pilot 

configurations use 𝑁𝑝 pilots, but their positions on the time-

frequency grid are different. The position of the 𝑝𝑡ℎ pilot in 

the time-frequency grid for the 𝑞𝑡ℎ pilot configuration can be 

expressed as follows:  

𝒫𝑞 = (𝑚𝑞,𝑝, 𝑛𝑞,𝑝),   𝑝 = 1, ⋯ 𝑁𝑝, 𝑞 = 1, ⋯ 𝑄        (2) 

 

Where 𝑞 = 1, ⋯ 𝑄is the number of pilot configurations used 

to train the CNN, and 𝑝 = 1, ⋯ 𝑁𝑝is the number of pilots 

present in each configuration. 𝑚𝑞,𝑝 ∈ (1, ⋯ , M) and 𝑛𝑞,𝑝 ∈

(1, ⋯ , N)  refers to the sub carrier and time slot index of 𝑞𝑡ℎ 

pilot configurations, respectively. We use these pilot patterns 

to generate training labels. For every 𝒞𝑡𝑟𝑎𝑖𝑛 channels and 

𝑄 pilot patterns, the channel coefficients are estimated at 

pilot positions using Least Squares (LS) estimation. 

Therefore, for 𝑐𝑡𝑟
𝑡ℎ channel realization 𝐇𝑐𝑡𝑟

, the estimated 
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Table 1: Channel Model 

SL 

No. 

Channel 

Model 

Doppler 

Frequency (Hz) 

Number of 

realizations 

1 EPA 5 2000 

2 EVA 5 2000 

3 EVA 70 2000 

4 ETU 30 2000 

5 ETU 70 2000 

6 ETU 300 2000 

 

channel coefficients at the pilot location 𝒫𝑞  for the 𝑞𝑡ℎ pilot 

configuration can be expressed as 

 

ℎ̂𝑞
𝑐𝑡𝑟[𝑚, 𝑛] =

𝑦𝑞
𝑐𝑡𝑟[𝑚, 𝑛]

𝑥𝑞
𝑐𝑡𝑟[𝑚, 𝑛]

 
              (3) 

Here, 𝑐𝑡𝑟 ∈ (1, ⋯ , 𝒞𝑡𝑟𝑎𝑖𝑛) denotes the number of channel 

realizations available for training. 𝑦𝑞
𝑐𝑡𝑟[𝑚, 𝑛] and 𝑥𝑞

𝑐𝑡𝑟[𝑚, 𝑛] 

represent the received and transmitted pilots for the 𝑞𝑡ℎ pilot 

configuration, respectively. ℎ̂𝑞
𝑐𝑡𝑟[𝑚, 𝑛] denotes the estimated 

channel coefficients at the [𝑚, 𝑛] ∈ 𝒫𝑞-th location of pilot 

symbols corresponding to the 𝑞𝑡ℎ pilot configurations of the 

𝑐𝑡𝑟
𝑡ℎ channel realization. The main objective of the proposed 

work is to design a CNN that can exploit the 2D time-

frequency response of the estimated channel. Therefore, the 

estimated 𝑁𝑝 channel coefficients are interpolated over 𝑀 ×

𝑁 as follows: 

𝐇̂𝑞
𝑐𝑡𝑟 = ℐ({ℎ̂𝑞

𝑐𝑡𝑟})              (4) 

Here, ℐ(. )  indicates the interpolation operation. After, 

interpolation, the NMSE performance for the 𝑞𝑡ℎ pilot 

pattern for 𝑐𝑡𝑟
𝑡ℎ channel realization is evaluated as: 

NMSE𝑞
𝑐𝑡𝑟 =

‖𝐇𝑐𝑡𝑟
− 𝑯̂𝑞

𝑐𝑡𝑟‖
2

‖𝑯𝑞
𝑐𝑡𝑟‖

2  

        

        (5) 

Here, 𝐇𝑐𝑡𝑟
 refers to the 𝑐𝑡𝑟

𝑡ℎ training channel realization. In 

this work, we use 𝑄 different pilot patterns under 𝒞𝑡𝑟𝑎𝑖𝑛 time-

varying channel realizations. In each channel realization, we 

evaluate the NMSE performance of all 𝑄 different pilot 

configurations. Therefore, the pilot configuration that 

provides the lowest NMSE for each time-varying channel 

condition is identified as  

𝑞∗(𝑐𝑡𝑟) = arg min
𝑞=1,…𝑄

NMSE𝑞
𝑐𝑡𝑟     (6) 

The pilot positions of the pilot configuration with the lowest 

NMSE for a channel condition are transformed into a spatial 

pilot binary mask, constructed on the entire 𝑀 × 𝑁 time-

frequency grid as follows: 

ℳ𝑐𝑡𝑟
∗ [𝑚, 𝑛] = {

1, if [𝑚, 𝑛] ∈ 𝒫𝑞∗(𝑐𝑡𝑟))

0,  otherwise
 

     

    (7)                           

Thus ∑ ℳ𝑐𝑡𝑟
∗

𝑚,𝑛 [𝑚, 𝑛] = 𝑁𝑝. This generated spatial pilot 

binary mask has exactly 𝑁𝑝 entries, as 1 corresponds to the  

pilot positions of the configuration with the lowest NMSE 

for a channel realization. However, time-frequency locations 

masked as 1 under a channel condition can be assigned 0 

under a different channel realization. It indicates that specific 

time-frequency locations of the 𝑀 × 𝑁 time-frequency grid 

considered as a pilot for a particular channel condition may 

not achieve the same result under different channel 

conditions. Therefore, along with 2-D channel responses for 

Table 2: CNN Architecture 

Stage Operation Output Size 

Input 𝐙cnn
𝑐𝑡𝑟

= [Re{𝐇𝑐𝑡𝑟
},Im{𝐇𝑐𝑡𝑟

}] 

M×N×2 

Convolutional 1 Convo+BN+ReLU M×N×32 

Convolutional 2 Convo+BN+ReLU M×N×64 

Convolutional 3 Convo+BN+ReLU M×N×128 

Global Avg. 

Pooling 
Average over   𝑀 × 𝑁 128x1 

Global Feature 

Vector 

Desnse+ReLU 128x1 

Feature Vector 128 global+128 local 

features 

M×N×256 

Intermediate 

Feature Layer 

1×1 Convo +ReLU M×N×64 

Output Feature 

Layer 

1×1 Convo +Sigmoid M×N×1 

Pilot position 

selection 
𝑁𝑝 highest scoring feature 𝑁𝑝 pilot 

positions 

 

various pilot configurations under different time-varying  

channel conditions, this spatial pilot binary mask is used as a 

training data set as it enables the CNN to learn the 

relationship between channel response and pilot positions. 

Therefore, the training data set can be expressed as follows: 

𝒟𝑐𝑛𝑛,𝑡𝑟𝑎𝑖𝑛 = {𝐇𝑐𝑡𝑟
, 𝑀𝑐𝑡𝑟

} 𝑐𝑡𝑟 = 1, … , 𝐶𝑡𝑟𝑎𝑖𝑛        (8)             

B. CNN Architecture 

The real and imaginary parts of the complex-valued 2D 

time-frequency response 𝐇𝑐𝑡𝑟
 for the 𝑐𝑡𝑟

𝑡ℎ channel response  

are considered as two input channels of the CNN. 

𝐙cnn
𝑐𝑡𝑟 = [Re{𝐇𝑐𝑡𝑟

},Im{𝐇𝑐𝑡𝑟
}] ∈ ℝ𝑀×𝑁×2       (9)           

Here, 𝐙cnn
𝑐𝑡𝑟  is the input of the CNN for the 𝑐𝑡𝑟

𝑡ℎ channel 

realization.  

CNN is trained to extract spatial features, such as frequency 

selectivity, time-frequency correlation, and temporal 

variation, from the 2D time-frequency response. To achieve 

this, CNN uses three 3 × 3 convolutional layers with batch 

normalization and ReLU activation. The input is applied to 

the first convolutional layer as follows: 

𝑭1,𝑐𝑡𝑟
= ReLU (BN(𝐖1 ∗ 𝐙cnn

𝑐𝑡𝑟 + 𝐛1))                      (10)          

Where, BN is batch normalization, * denotes convolution 

operations, and 𝑭1,𝑐𝑡𝑟
 is the output of the first convolutional 

layer. 𝐖1 and 𝐛1 denote the convolutional kernel and the bias 

of the first layer, respectively. The initial layers of the CNN 

capture local patterns from neighboring time-frequency 

samples, and by combining the extracted features, the 

successive layers generate higher-level characteristics of the 

channel response. In the 𝑙𝑡ℎ layer, the feature mapping can 

be expressed as follows: 

𝐅𝑙,𝑐𝑡𝑟
= ReLU (BN(𝐖𝑙 ∗ 𝐅𝑙−1,𝑐𝑡𝑟

+ 𝐛𝑙))     (11)             

Here, l is the number of convolutional layers. In our proposed 

work, we consider l=3. 𝐅𝑙,𝑐𝑡𝑟
 denotes the extracted features 

or output corresponding to the 𝑐𝑡𝑟
𝑡ℎ channel realization in the 

𝑙𝑡ℎ convolutional layer. 𝐛𝑙  and 𝐖𝑙 denote the biases and 

convolutional kernels of the 𝑙𝑡ℎ layer, respectively. The first, 
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second, and third convolutional layers generate a feature map 

of size 𝐅1,𝑐𝑡𝑟
= 𝑀 × 𝑁 × 32, 𝐅2,𝑐𝑡𝑟

= 𝑀 × 𝑁 × 64, and 

𝐅3,𝑐𝑡𝑟
= 𝑀 × 𝑁 × 128, respectively. 

 

 
Figure 1: CNN Architecture 

Thus, the output of the third convolutional layer 𝐅3,𝑐𝑡𝑟
 

captures channel response at every time-frequency location. 

However, in addition to local characteristics, for optimal 

pilot selection, it is necessary to extract overall channel 

conditions (fast or frequency-selective fading). Therefore, 

global averaging pooling is applied to the final feature map, 

where all the extracted feature maps are averaged over all 

128 feature channels to form a single vector. Therefore, the  

global averaging pooling for the 𝑓𝑡ℎ feature channel can be 

expressed as 

gavg,f =
1

𝑀𝑁
∑ ∑ 𝐹3,𝑞

𝑁

𝑛=1

𝑀

𝑚=1

[𝑚, 𝑛,f] 
   

  (12)         

Here, f = 1,2, … ,128 represents the feature channel index. 

Therefore, to provide global channel characteristics the 

global feature vector gavg = [gavg,1 , gavg,2, … , gavg,128]
𝑇

∈

ℝ128×1 is transformed using a fully connected layer as 

follows: 

    𝐠𝐚𝐯𝐠
′ = ReLU(𝐖𝐚𝐯𝐠𝐠𝐚𝐯𝐠 + 𝐛𝐚𝐯𝐠) ∈ ℝ128×1    (13) 

 

Where, 𝐖𝐚𝐯𝐠 ∈ ℝ128×128 and 𝐛𝐚𝐯𝐠 ∈ ℝ128×1  denote 

learnable weight matrix and bias vector, respectively. 

The obtained 𝐠𝐚𝐯𝐠
′  is then combined with the local feature 

map to generate the fused feature vector G𝑐𝑡𝑟
 in every time-

frequency grid: 

G𝑐𝑡𝑟
[𝑚, 𝑛, : ] = [𝐅3,𝑐𝑡𝑟

[𝑚, 𝑛, : ]; 𝐠𝐚𝐯𝐠
′ ] ∈ ℝ256×1       (14)         

Therefore, the combination of 128 local and 128 global 

features that every time-frequency location is characterized 

by a total of 256 features. This fused feature vector 

G𝐜𝐭𝐫
[𝑚, 𝑛, : ] is then processed through two 1x1 convolution 

layers, where the first convolutional layer generates a refined 

intermediate feature vector as follows: 

     I[𝑚, 𝑛, : ] = ReLU(𝐖1𝐆𝑐𝑡𝑟
[𝑚, 𝑛, : ] + 𝐛1) ∈ ℝ64×1   (15)                                                                                                           

Where, 𝐖1 ∈ ℝ64×2 denotes the weight matrix of the first 

layer. It transforms the fused feature vector G𝑐𝑡𝑟
 to 64x1 

refined vector and  𝐛1 denotes 64x1 bias vector. 

The second layer transforms this intermediate feature vector 

into a scalar value, which indicates the final pilot selection  

score of the time-frequency grid for a channel condition 

𝑠𝑐𝑡𝑟
[𝑚, 𝑛] = 𝜎(𝒘2𝑮[𝑚, 𝑛, : ] + 𝑏2) ∈ ℝ𝑀×𝑁     (16) 

Here, 𝐰2 ∈ ℝ64×1and 𝑏2 denote the weight vector and bias 

of the output layer, respectively. 𝜎(. ) denotes the sigmoid 

activation function used to assign a pilot selection score 𝑠𝑐𝑡𝑟
 

for every time-frequency grid. Finally, after assigning the 

pilot selection score, the CNN selects the top 𝑁𝑝 highest 

scoring locations to transmit pilot symbols. The details of the 

proposed CNN architecture are summarized in Table 2. The 

block diagram of proposed CNN architecture is illustrated in 

figure 1. 

C. CNN Training and Testing 

The data sets as stated in (8) are used for CNN training. 

CNN is trained using the generated data set to minimize the 

loss function between the predicted pilot selection score 𝑠𝑐𝑡𝑟
 

and the corresponding spatial pilot binary mask ℳ𝑐𝑡𝑟
∗  as 

follows: 

ℒ(𝜃) = −
1

𝐶𝑡𝑟𝑎𝑖𝑛

∑ ∑ ∑[

𝑁

𝑛=1

𝑀

𝑚=1

𝐶𝑡𝑟𝑎𝑖𝑛

𝑐𝑡𝑟=1

ℳ𝑐𝑡𝑟
∗ [𝑚, 𝑛]log𝑠𝑐𝑡𝑟,𝜃[𝑚, 𝑛]

+ (1 − ℳ𝑐𝑡𝑟
∗ [𝑚, 𝑛])log(1 − 𝑠𝑐𝑡𝑟,𝜃[𝑚, 𝑛]) 

         (17) 

Here, ℒ(𝜃)) denotes the loss function. Therefore, the optimal 

CNN parameter is: 

       𝜃∗ = argmin
𝜃

ℒ(𝜃)                                                   (18) 

Following training, we perform testing using the time-

varying channel conditions 𝐶𝑡𝑒, reserved for testing. 

Similarly to training as stated in (9), in testing, CNN 

considers the channel response 𝐇𝑐𝑡𝑒
associated with 𝐶𝑡𝑒𝑠𝑡  

samples as input 

          𝐙𝑐𝑛𝑛
𝑐𝑡𝑒 = [Re{𝐇𝑐𝑡𝑒

},Im{𝐇𝑐𝑡𝑒
}]                                 (19)  
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Algorithm 1 Pilot Position optimization using CNN 

1: Input: Number of sub carriers M, number of OFDM 

symbols N, 𝐶𝑡𝑟𝑎𝑖𝑛 time-varying channel conditions 

for training and 𝐶𝑡𝑒𝑠𝑡 channel conditions for testing, 

Q pilot configurations 𝒫𝑞 ,for 𝑞 = 1, … 𝑄,  Number 

of pilots in each configuration 𝑁𝑝, CNN parameter 

𝜃, Training set 𝒟𝑐𝑛𝑛,𝑡𝑟𝑎𝑖𝑛 

2: Initialize: Training set 𝒟𝑐𝑛𝑛,𝑡𝑟𝑎𝑖𝑛 = ∅  
3: for 𝑐𝑡𝑟 = 1, … , 𝐶𝑡𝑟 
4:  Construct the channel response 𝐇𝑐𝑡𝑟

    

5:  Construct the input for CNN  

𝑍cnn
𝑐𝑡𝑟 = [Re{𝐇𝑐𝑡𝑟

},Im{𝐇𝑐𝑡𝑟
}] ∈ 𝑅𝑀×𝑁×2 

6:   for 𝑞 = 1, … , 𝑄  
7:    Estimate ℎ̂𝑞

𝑐𝑡𝑟 at the pilot location 𝒫𝑞   using 

LS as stated in (9)  
8:    Construct 𝐇̂𝑞

𝑐𝑡𝑟 using interpolation 

operation 
9:    

Compute   NMSE𝑞
𝑐𝑡𝑟 =

‖𝐇𝑐𝑡𝑟−𝑯̂𝑞
𝑐𝑡𝑟‖

2

‖𝑯𝑞
𝑐𝑡𝑟‖

2  

10:   end for 
11:  Select the pilot configuration with lowest NMSE  

          𝑞∗(𝑐𝑡𝑟) = arg min
𝑞=1,…𝑄

NMSE𝑞
𝑐𝑡𝑟 

12:  Generate spatial pilot binary mask over entire 

M×N grid,   

ℳ𝑐𝑡𝑟
∗ [𝑚, 𝑛] = {

1, if [𝑚, 𝑛] ∈ 𝒫𝑞∗(𝑐𝑡𝑟))

0,  otherwise
 

13:  Generate the dataset for training  

𝒟𝑐𝑛𝑛,𝑡𝑟𝑎𝑖𝑛 = {𝐇𝑐𝑡𝑟
, 𝑀𝑐𝑡𝑟

} 𝑐𝑡𝑟 = 1, … , 𝐶𝑡𝑟𝑎𝑖𝑛 

14:  Using 𝒟𝑐𝑛𝑛,𝑡𝑟𝑎𝑖𝑛 train the CNN  
15:  Calculate pilot selection score 𝑠𝑐𝑡𝑟

 using (16) 
16:  Calculate the loss function ℒ(𝜃) using (17) 
17: end for 
18: Optimize CNN parameters using  𝜃∗ = argmin

𝜃
ℒ(𝜃) 

19: for 𝑐𝑡𝑒𝑠𝑡 = 1, … , 𝐶𝑡𝑒𝑠𝑡  
20:  Construct the CNN input for testing using (19) 
21:  Calculate the pilot score map 𝑠𝑐𝑡𝑒

= 𝑓𝜃∗(𝐙𝑐𝑛𝑛
𝑐𝑡𝑒 ) 

22:  Select 𝑁𝑝 highest scoring time-frequency indices 

as pilot locations 𝒫𝑐𝑡𝑒𝑠𝑡
 

23:  Using 𝒫𝑐𝑡𝑒𝑠𝑡
 perform LS estimation and 

Interpolation 
24:  

Compute NMSE𝑐𝑡𝑒
=

‖𝐇𝑐𝑡𝑒−𝐇̂𝑐𝑡𝑒‖
2

‖𝐇̂𝑐𝑡𝑒‖
2  

25: end for 
 Calculate the average NMSE over all the test 

channel realization  

NMSE𝑎𝑣𝑔 =
1

𝐶𝑡𝑒𝑠𝑡

∑ NMSE𝑐𝑡𝑒

𝐶𝑡𝑒𝑠𝑡

𝑐𝑡𝑒=1

 

26: Output: 𝒫𝑐𝑡𝑒𝑠𝑡
, NMSE𝑎𝑣𝑔 

 

The trained CNN produces the pilot score map as 

        𝑠𝑐𝑡𝑒
= 𝑓𝜃∗(𝐙𝑐𝑛𝑛

𝑐𝑡𝑒 )                                                      (20) 

here, 𝑐𝑡𝑒 = [1, … 𝐶𝑡𝑒𝑠𝑡] denotes the time-varying channel 

conditions reserved for test. Based on the estimated pilot 

score map 𝑠𝑐𝑡𝑒
, the CNN selects the 𝑁𝑝 highest-scoring time-

frequency indices as pilot locations 𝒫𝑐𝑡𝑒𝑠𝑡
.  Using the selected 

pilot positions 𝒫𝑐𝑡𝑒𝑠𝑡
, the LS estimation and interpolation 

operations are performed, and the NMSE performance is  

evaluated as  

NMSE𝑐𝑡𝑒
=

‖𝐇𝑐𝑡𝑒
− 𝐇̂𝑐𝑡𝑒

‖
2

‖𝐇̂𝑐𝑡𝑒
‖

2  
   

  (21) 

Here, 𝐇̂𝑐𝑡𝑒
 denotes the estimated channel matrix using pilot 

positions 𝒫𝑐𝑡𝑒𝑠𝑡
 generated by CNN.  

Finally, the performance of the CNN is evaluated by 

computing the average NMSE over all the test channel 

responses as: 

NMSE𝑎𝑣𝑔 =
1

𝐶𝑡𝑒𝑠𝑡

∑ NMSE𝑐𝑡𝑒

𝐶𝑡𝑒𝑠𝑡

𝑐𝑡𝑒=1

 

       

        (22) 

After training and testing, the trained CNN is deployed to 

select 𝑁𝑝  positions on the 𝑀 × 𝑁 grid as pilot positions in a 

given channel condition. CNN generates the pilot score map 

and selects the 𝑁𝑝 highest-scoring time-frequency locations 

for pilot symbol transmission. After selecting pilot locations 

on the time-frequency grids, the transmitted pilot symbols 

are used for channel estimation using LS and subsequent data 

detection. The steps of proposed CNN-based pilot section 

method are summarized in Algorithm 1. 

 

IV. PSO BASED PILOT POSITION 

OPTIMIZATION 

In this work, we use a CNN to select 𝑁𝑝 locations on the 

𝑀 × 𝑁 time-frequency grid as pilot positions. To verify the 

efficiency of CNN-selected pilot positions, under the under 

the same time-varying channel condition, we use PSO to 

search for 𝑁𝑝 pilot positions. Unlike CNN, we use PSO at the 

deployment stage and do not train or evaluate the PSO using 

different channel conditions. The PSO-selected pilot 

positions are used to estimate the channel using LS and 

subsequently detect the data using NMSE. The obtained 

NMSE and BER results are then compared with those 

generated by CNN. The PSO-based pilot selection steps are 

summarized in algorithm 2 [10].  

To select positions of pilots, the proposed work needs three 

3x3 Convolutional layer for feature extraction, followed by 

Global feature extraction and combination and finally the 

position wise scoring and 𝑁𝑝 highest scoring selection. For a 

𝑀 × 𝑁 time-frequency grid, all these operations needs a 

fixed per channel computational cost as 𝐶𝑐𝑛𝑛 = 𝒪(𝑀𝑁). On 

the other hand, the PSO relies on iterative search operations 

for selection of 𝑁𝑝 pilot positions.  For a system with S 

number of particles and 𝑖𝑚𝑎𝑥  number of iterations, the PSO 

performs 𝑆(𝑖𝑚𝑎𝑥 + 1) fitness evaluation using LS 

estimation, interpolation and calculating NMSE over the 

𝑀 × 𝑁 grid. Hence the computational complexity is 

calculated as 𝐶𝑝𝑠𝑜 = 𝒪(𝑆(𝑖𝑚𝑎𝑥 + 1)𝑀𝑁).  

V. RESULTS AND DISCUSSIONS 

In this section, we present the simulation results of the 

proposed pilot position selection using CNN. To compare 

proposed pilot position selection using CNN. To compare the 

efficiency of the proposed work, we also consider two 

different state-of-the-art pilot arrangements: diamond pilot 

symbol arrangement and a PSO-optimized pilot 

arrangement. In both state-of-the-art arrangements, we 

consider the same number of pilots as in our proposed work. 

The system parameters are listed in Table 3. 
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Algorithm 2 Pilot Position optimization using PSO 

1: Input: Swarm size S=200, Maximum number of 

iterations 𝑖𝑚𝑎𝑥=20, Number of pilot positions 𝑁𝑝, 

w=0.9, 𝑐1 = 𝑐2=1.4, the time-varying channel 

conditions and the corresponding channel response 

𝐇𝑝𝑠𝑜 ∈ ℂ𝑀×𝑁  

2: for 𝑘 = 1, … , 𝑆 
3:  For each particle randomly select the 𝑁𝑝 pilot 

positions on M×N time-frequency grid 

𝑋𝑝𝑠𝑜,𝑘
0 = (𝑚

𝑘

𝑝𝑝 , 𝑛
𝑘

𝑝𝑝), 𝑚
𝑘

𝑝𝑝 ∈ {0, … , 𝑀 − 1}, 

𝑝𝑝 = 1, … , 𝑁𝑝, 𝑛
𝑘

𝑝𝑝 ∈ {0,1, … , 𝑁 − 1} 

4:  Initialize velocity  v𝑘
0=0 

5:  LS channel estimation and interpolation and 

compute the corresponding fitness (NMSE) 

 𝑓𝑝𝑠𝑜𝑘
0 =

‖𝐇𝑝𝑠𝑜−𝐇̂𝑝𝑠𝑜,𝑘
0 ‖

2

‖𝐇̂𝑝𝑠𝑜,𝑘
0 ‖

2  

6:  Initialize Personal best  𝑃𝑏𝑒𝑠𝑡,𝑘
0 ← 𝑋𝑝𝑠𝑜,𝑘

0  

7:  Initialize fitness as 𝑓𝑏𝑒𝑠𝑡,𝑘
0 ← 𝑓𝑝𝑠𝑜𝑘

0   

8: end for 

9: Select the particle with lowest NMSE as personal 

best  

𝑗 = arg min
𝑘=1,…,𝑆

𝑓𝑝𝑠𝑜𝑘
0  

10: Initialize the Global best 𝐺𝑏𝑒𝑠𝑡 = 𝑃𝑏𝑒𝑠𝑡,𝑗
0   

11: while 𝑖 < 𝑖𝑚𝑎𝑥  

12:  for 𝑘 = 1, … , 𝑆 

13:   Update Velocity: v𝑘
𝑖 = 𝑤v𝑘

𝑖−1 +

𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡,𝑘 −                               𝑋𝑝𝑠𝑜,𝑘
𝑖−1 ) +

𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡 − 𝑋𝑝𝑠𝑜,𝑘
𝑖−1 ) 

𝑟1, 𝑟2 ∈ [0,1]  
14:   Update position:   𝑋𝑝𝑠𝑜,𝑘

𝑖 = 𝑋𝑝𝑠𝑜,𝑘
𝑖−1 + v𝑘

𝑖  

15:   Compute 𝐇̂𝑝𝑠𝑜,𝑘
𝑖  by LS channel estimation, 

interpolation and update corresponding 

fitness.  

𝑓𝑝𝑠𝑜𝑘
𝑖 =

‖𝐇𝑝𝑠𝑜 − 𝐇̂𝑝𝑠𝑜,𝑘
𝑖 ‖

2

‖𝐇̂𝑝𝑠𝑜,𝑘
𝑖 ‖

2  

16:    if  𝑓𝑝𝑠𝑜𝑘
𝑖 < 𝑓𝑏𝑒𝑠𝑡,𝑘

𝑖−1  

17:     Update Personal best and fitness    

𝑃𝑏𝑒𝑠𝑡,𝑘
𝑖 ← 𝑋𝑝𝑠𝑜,𝑘

𝑖  , 𝑓𝑏𝑒𝑠𝑡,𝑘
𝑖 ← 𝑓𝑝𝑠𝑜𝑘

𝑖  

18:    else 
19:     Retain previous solutions 

20:    end if 

21:  end for 

22:  Calculate 𝑗 = arg min
𝑘=1,…,𝑆

𝑓𝑏𝑒𝑠𝑡,𝑘
𝑖  

23:  Update 𝐺𝑏𝑒𝑠𝑡 = 𝑃𝑏𝑒𝑠𝑡,𝑗
𝑖  

24: end while 

25: Select 𝑁𝑝 best pilot positions in 𝑿𝑝𝑠𝑜 

26: Output: time-frequency grid 𝑿𝑝𝑠𝑜 with pilots in 

𝑁𝑝 positions 

 

Table 4 presents the runtime analysis of the proposed 

CNN-based pilot selection approach and compares the 

results with those of the PSO-based approach. For the ETU 

channel model with a Doppler shift of 300Hz, the CNN 

requires an average of 181.22 ms per pilot selection to select 

16 pilot positions in a 64x64 time-frequency grid, whereas 

the PSO-based method needs an average of 24991 ms for the  

Table 3: System Parameter 

SL No. Parameter Value 

1 Number of sub-carrier (M) 64 

2 Number of OFDM symbol (N) 64 

3 Number of pilots (𝑁𝑝) 16 

4 Sub-carrier spacing (Δ𝑓) 15 kHz 

5 Modulation QPSK 

 

Table 4: System Runtime Analysis 

Approach Mean 

Time 

(ms) 

Standard 

Deviation 

(ms) 

Median 

Time (ms) 

CNN-based 

pilot selection 

181.22 58.001 162.52 

PSO-based 

pilot selection 

24991 5809.6 27018 

 

same. Unlike the PSO-based method, which relies on 

iterative fitness-search operations, the proposed trained CNN 

selects the pilot positions with 137.90 times lower latency 

without using iteration. 

Figure 2 illustrates the selected pilot positions using the 

CNN and PSO. In our proposed work, the CNN selects pilot 

locations based on the learned relationship between channel 

response and pilot locations; the selected pilot locations 

differ from those of PSO, whereas PSO directly searches for 

pilot positions by iteratively evaluating the objective 

function. On the other hand, the diamond pilot uses fixed 

pilot positions separated equally. 

Figure 3 presents the NMSE performance of the proposed 

work and compares it with the PSO-based pilot selection 

method and fixed diamond pilot arrangement. The 

simulation results demonstrate that both the proposed CNN-

based pilot selection and PSO-based pilot selection methods 

achieve better NMSE results than the fixed diamond pilot 

arrangement. In addition, compared to PSO-based pilot 

selection, the proposed work achieves slightly better NMSE 

throughout the considered SNR range. For instance, at 25 dB 

SNR, CNN reaches an NMSE of approximately 2×10-7, 

while the PSO-based pilot selection method and the 

rectangular pilot arrangement method remain around 6×10-7 

and 6×10-6, respectively. The lower estimation error 

indicates that the trained CNN can effectively select pilot 

positions according to channel conditions, using its 

knowledge of the relationship between the channel 

representation and pilot relevance 

Figure 4 illustrates the BER of the proposed work and 

compares the result with the PSO-based pilot selection 

method and diamond pilot arrangements. Both the CNN- and 

PSO-based pilot selection methods significantly outperform 

the Diamond pilot arrangement, with the CNN-based pilot 

selection method slightly improving performance over PSO, 

indicating the effectiveness of CNN in selecting pilot 

positions under time-varying channel conditions. For 

instance, at 25 dB SNR, CNN offers a BER of approximately 

6×10-8, while the PSO-based pilot selection method and the 

diamond pilot arrangement methods have a BER of around 

1×10-7 and 1×10-5, respectively.                            
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Figure 2: Comparison of pilot positions of CNN, 

PSO and conventional Diamond pattern 

 

Figure 3: NMSE comparison of CNN-based pilot selection, 

PSO-based pilot selection and Diamond pilot arrangement 

 

 

Figure 4: BER performance comparison 

 

VI. CONCLUSION 

This work presents a CNN-based adaptive pilot-position 

selection method for OFDM. Using six different 3GPP time-

varying channel conditions, the proposed work generates a 

dataset of 12000 different time-varying channel realizations. 

These 12000 samples are divided in an 80/20 manner for 

training and testing purposes. The proposed work considers 

different pilot configurations and trains a CNN by evaluating 

the channel realizations reserved for training with these pilot 

configurations. This process allows the CNN to learn the 

relationship between the channel realization and the pilot 

positions and to select pilot positions in time-varying channel 

conditions. After selecting the pilot positions, pilot symbols 

are transmitted, and LS estimation, interpolation, and data 

detection operations are performed to evaluate the efficiency 

of the pilot selection. The results are then compared with 

those from the PSO-based pilot position selection method 

and the diamond pilot arrangement method. The simulation 

results verify that the trained CNN effectively selects pilot 

positions, achieving significantly improved NMSE and BER 

performance over the fixed diamond pilot arrangement and 

slightly better performance compared to the PSO-based pilot 

selection method. The results indicate that, without an 

iterative evaluation used in PSO, a trained CNN can 

adaptively select pilot positions depending on time-varying 

channel conditions. Therefore, a trained CNN is a promising 

approach for adaptive pilot position selection under time-

varying channel conditions. 
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