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Abstract 

 

Accurate channel estimation remains a fundamental challenge for next-generation orthogonal frequency-division 

multiplexing (OFDM) systems, especially in environments with high mobility, sparse pilot allocation, and time-

varying multipath fading. Traditional pilot-based methods, such as Least Squares (LS) and Minimum Mean Square 

Error (MMSE), are easy to implement but suffer from noise sensitivity, high computational costs, and a reliance on 

prior channel statistics. Recently, deep learning techniques have shown promising results; yet many do not fully 

capture the joint spatial and temporal characteristics of wireless channels or overlook realistic pilot-grid structures. 

This study introduces a pilot-grid-aware hybrid deep learning model that integrates Convolutional Neural Networks 

(CNNs) for spatial feature extraction with Long Short-Term Memory (LSTM) networks for temporal sequence 

modeling. The model is trained using the Root Mean Square Propagation (RMSprop) optimizer, selected for its 

robustness in adapting learning rates and effectively capturing dependencies across both spatial and temporal 

dimensions. Benchmark evaluations against conventional estimators and theoretical limits under different 

modulation formats demonstrate that the proposed model consistently achieves a lower estimation error and bit 

error rate across a wide range of signal-to-noise ratios. The results confirm that the hybrid architecture provides a 

scalable and reliable solution for future wireless systems including sixth-generation (6G) networks, vehicular 

communications, and satellite applications where both adaptability and robustness are essential. 

 

Keywords: Channel Estimation, Deep Learning, OFDM, Hybrid CNN-LSTM 

1.Introduction 

Orthogonal Frequency-Division Multiplexing (OFDM) 

has become a cornerstone of modern wireless 

communications, powering standards such as Fourth-

Generation Long-Term Evolution (4G LTE) and Fifth-

Generation New Radio (5G NR); it is expected to remain 

central in emerging Sixth-Generation (6G) technologies 

due to its high spectral efficiency and robustness against 

multipath fading [1]. However, the performance of 

OFDM systems is fundamentally constrained by the 

accuracy of channel estimation, particularly under high 

mobility, frequency-selective fading, and sparse pilot 

allocation. Reliable channel state information is essential 

for coherent detection, reduced bit error rate, and 

efficient resource allocation in next-generation wireless 

systems [2]. Traditional pilot-based (TPB) estimators, 

such as Least Squares (LS) and Minimum Mean Square 

Error (MMSE), are attractive for their simplicity and 

strong theoretical basis; yet they suffer from critical 

limitations. The LS estimator is highly sensitive to noise, 

while the MMSE requires prior statistical knowledge and 

imposes a considerable computational cost. 

In recent years, deep learning (DL) based models have 

emerged as a powerful and transformative approach for 

physical-layer signal processing. Convolutional Neural 

Networks (CNNs) have demonstrated effectiveness in 

exploiting local spatial correlations in the time-frequency 

domain [3, 4], while Long Short-Term Memory (LSTM) 

networks have shown promise in capturing temporal 

dependencies in rapidly varying channels [5]. However, 

CNN-only approaches often fail to model temporal 

dynamics, and LSTM-only designs struggle with high-

dimensional spatial features. Hybrid CNN-LSTM 

architectures have been proposed to address these issues, 

yet significant gaps remain:  

i) Lack of pilot-grid awareness: Most existing models fail 

to account for practical two-dimensional pilot 

placements, which are essential in modern OFDM 

systems.  
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ii) Limited benchmarking against theoretical bounds: 

Many studies neglect comparisons with the Cramér-Rao 

Lower Bound (CRLB) or perfect channel state 

information, leaving questions about proximity to 

theoretical performance limits. 

 

This paper addresses these gaps by introducing a pilot-

grid-aware hybrid CNN-LSTM channel estimation 

framework that jointly exploits spatial and temporal 

features under practical two-dimensional pilot 

placements. The key contributions of this work are: 

• Novel architecture: We design a hybrid CNN-LSTM 

model that integrates LS-based initial estimates with 

spatial-temporal feature learning, enhancing 

robustness in dynamic channel conditions. 

• Comprehensive benchmarking: We evaluate 

performance against LS, CRLB, and perfect CSI 

across both quadrature phase-shift keying (QPSK) 

and 16-quadrature amplitude modulation (16-QAM), 

demonstrating consistent superiority across signal-to-

noise ratio regions. 

 

By bridging theoretical improvements with practical 

feasibility, this study advances DL-based channel 

estimation from conceptual enhancements toward 

deployable solutions for 6G wireless systems, including 

high-mobility vehicular networks, satellite links, and 

ultra-reliable low-latency communication scenarios. 

 

1.1. Literature Review 

 

Traditional pilot-based estimators such as LS and MMSE 

remain widely used in OFDM systems due to their 

simplicity and strong theoretical foundations. However, 

their performance deteriorates sharply in realistic 

environments characterized by high user mobility, 

hardware impairments, and sparse pilot allocation. These 

limitations have driven the exploration of data-driven 

models, particularly DL-based approaches. CNN-based 

channel estimation has been an important early direction. 

For example, Ye et al. [4] demonstrated that treating pilot 

and subcarrier data as images allows CNNs to outperform 

LS and approach MMSE performance without relying on 

prior channel statistics. Later works [6, 7] introduced 

stacked convolutional layers, residual connections, and 

multi-scale kernels, further improving denoising and 

interpolation capabilities. Also, Siriwanitpong et al. [8] 

introduced a 1D-CNN-based channel estimation method 

for OFDM systems in high-speed railway environments, 

effectively mitigating Doppler and multipath effects. The 

proposed model outperformed LS and bi-GRU estimators 

in NMSE and BER performance while reducing 

computational complexity using scattered pilot symbols. 

However, CNN-only models have a critical shortcoming: 

while they effectively exploit local spatial correlations in 

the time-frequency domain, they fail to capture temporal 

dynamics of channels that vary rapidly over time, 

particularly in high-Doppler scenarios. 

 

LSTM-based methods emerged as a response to this 

weakness. By leveraging memory cells and gating 

mechanisms, LSTMs can model sequential dependencies 

in communication signals, making them suitable for 

tracking time-varying channels [9, 10]. Yet, standalone 

LSTMs often struggle with high-dimensional spatial 

features, leading to suboptimal performance when the 

number of subcarriers is large. 

 

To overcome these complementary shortcomings, hybrid 

CNN-LSTM architectures have recently been proposed. 

Studies such as [11, 12, 13] highlight that CNNs can 

extract local spatial features from OFDM symbols while 

LSTMs capture temporal correlations across successive 

symbols, enabling improved tracking in Doppler-rich 

environments. De Filippo and Amatetti [14] 

demonstrated the ability of hybrid CNN-LSTM models 

to predict future channel states in non-terrestrial 

networks, while Thoong et al. [15] showed robustness 

under doubly selective fading channels. And Massalay et 

al. [16], investigates the performance of various deep 

learning models for channel estimation in dynamic and 

noisy environments. Nevertheless, existing hybrid 

designs often come with high computational cost, lack 

systematic evaluation against theoretical benchmarks 

like the CRLB, and are rarely tested across different 

modulation orders or realistic pilot grid structures.  

 

Despite promising progress, several important gaps 

remain: (i) prior works largely focus on CNN-only or 

LSTM-only designs, or hybrids without optimized pilot-

grid integration, which limits robustness under practical 

pilot placements; and (ii) benchmarking against the 

Cramér-Rao Lower Bound (CRLB) and perfect channel 

state information (CSI) baselines is not systematically 

conducted, leaving open questions about how closely 

these methods approach theoretical limits. 

 

This study addresses these shortcomings by proposing a 

pilot-grid-aware hybrid CNN-LSTM model that 

explicitly combines spatial and temporal learning, 

incorporates detailed complexity analyses, and 

benchmarks performance against traditional pilot-based 

estimators as well as theoretical bounds. These 

contributions position our work beyond incremental 

improvements, moving toward a rigorously validated and 

practically deployable DL-based channel estimator for 

next-generation wireless systems. 

 

2. OFDM Channel Estimation 

 

OFDM is a widely implemented modulation technique in 

modern wireless communication systems, valued for its 

ability to combat frequency-selective fading and 

minimize inter-symbol interference (ISI). By dividing a 

frequency-selective channel into several parallel flat-

fading sub-channels, OFDM enables efficient and 

coherent signal demodulation. Nevertheless, the overall 

system performance is highly dependent on the precise 
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estimation of CSI at the receiver [17]. In practical 

applications, CSI is not inherently available and must be 

derived from the received signal. Channel estimation 

strategies generally fall into two primary categories: TPB 

approaches and DL-based methods. The following 

sections present a detailed overview of these two classes 

of estimation techniques. 

 

2.1. Traditional Pilot-Based Channel Estimation  

 

In OFDM systems, TPB-CE is a widely used estimation 

technique due to its low computational complexity. The 

aim of this technique is to use inserted pilot symbols at 

certain locations in the OFDM time-frequency lattices to 

estimate the channel [18]. In the channel estimation 

several techniques can be implemented but this research 

will utilize LS estimator. This study examines these 

estimation algorithms by using the following general 

linear data model:  

 

𝑌 = 𝑋𝐻 + 𝑁             (2.1) 

 

In this system our aim is to estimate channel matrix 𝐻 

with the knowledge of the received signal vector 𝑌 and 

transmitted signal vector 𝑋. The frequency domain 

channel matrix 𝐻 is also expressed as 𝐻 = 𝐹ℎ, where 𝐹 

is the fast Fourier transform matrix and ℎ is the time 

domain channel vector. Thus, the LS estimator is given 

as: 

𝐻̂𝐿𝑆 = 𝑋−1𝑌  (2.2) 

 

which minimizes (𝑌 − 𝑋𝐹ℎ)𝐻(𝑌 − 𝑋𝐹ℎ), without any 

knowledge of the statistics of the channels. The LS 

estimator is calculated with very low complexity, but it 

suffers from a high mean square error.  

 

In pilot-based channel estimation, the placement of pilot 

symbols within the time-frequency lattice is a critical 

factor influencing estimation accuracy. Depending on the 

channel conditions and system design, pilot symbols may 

be inserted across all subcarriers (frequency domain), 

across all OFDM symbols (time domain), or scattered in 

both dimensions. The selection of a pilot placement 

strategy such as block-type, comb-type, or two-

dimensional (2D) scattered directly affects the 

estimator’s ability to capture channel variations in 

frequency-selective and time-varying environments. 

Figures 2.1(a) and (b) illustrate the block-type and comb-

type pilot insertion strategies, respectively. In these 

conventional models, channel estimation is performed in 

one dimension (1D) either time or frequency.  Once the 

channel coefficients at pilot positions are estimated, 

interpolation techniques such as linear, cubic, spline, or 

DFT-based methods are employed to reconstruct the full 

channel response. In the block-type approach, pilot tones 

are inserted into all subcarriers of specific OFDM 

symbols. As a result, interpolation is carried out along the 

time axis. This method is particularly suitable for slowly 

varying channels. Conversely, the comb-type strategy 

places pilot tones on selected subcarriers within every 

OFDM symbol, requiring interpolation only along the 

frequency axis. This configuration is more appropriate 

for fast-fading channels [19]. 

 

 
Figure 2.1. (a) Block type pilot arrangement (b) Comb-

type pilot arrangement [20]. 

 

In addition to these one-dimensional structures, a more 

generalized and flexible method is the 2D scattered pilot 

placement, where pilot symbols are distributed 

throughout the time-frequency grid in both dimensions. 

This approach provides a denser sampling of the channel, 

enabling better tracking of rapid variations in both time 

and frequency domains. As such, 2D scattered pilot 

structures are especially advantageous in highly dynamic 

environments, such as high-mobility scenarios or doubly 

selective channels.  In this pattern, pilot symbols are 

distributed at certain locations in time-frequency grid and 

the channel is estimated both in the time and the 

frequency axes. The pilots are spaced far from each other 

with a distance 𝐷𝑓 in the frequency axes and 𝐷𝑡  in the 

time axes as seen in Figure 2.2.  

 

 
Figure 2.2. 2D pilot insertion and two 1D pilot-based 

channel estimation [2]. 

 

Mathematical expressions of the distances are given in 

Equation (2.3) and (2.4), receptively, where 𝜏𝑑 is the 

maximum delay spread, ∆𝑓 is the minimum frequency 

spacing between two subcarriers, 𝑓𝑑𝑚𝑎𝑥  is the maximum 

Doppler frequency and 𝑇𝑂𝐹𝐷𝑀+𝐶𝑃 is the OFDM symbol 

duration. These distance conditions are maintained to 

satisfy the sampling theorem.  
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𝐷𝑓  <  
1

𝜏𝑑∆𝑓
                          (2.3) 

 

𝐷𝑡  <  
1

 2𝑓𝑑𝑚𝑎𝑥𝑇𝑂𝐹𝐷𝑀+𝐶𝑃
            (2.4) 

 

2.1.1. System model  

 

In this section, pilot based OFDM channel estimation 

system model is examined. The block diagram of the 

system model is shown in Figure 2.3.  

 

 
Figure 2.3. OFDM Block diagram with channel 

estimation. 

 

According to this diagram, the transmitter begins with 

input data, which is modulated and intermixed with pilot 

symbols before being converted from serial to parallel 

and passed through an Inverse Fast Fourier transform 

(IFFT). A cyclic prefix (CP) is then added to guard 

against inter-symbol interference, and the signal is 

serially transmitted through a frequency-selective 

channel with AWGN. At the receiver, the reverse steps 

occur serial-to-parallel conversion, CP removal, Fast 

Fourier transform (FFT), pilot extraction, followed by 

channel estimation and equalization, demodulation, and 

finally output data recovery. At the receiver side, the pilot 

symbols are extracted and used for the channel 

estimation. Using the received signals at pilot’s position, 

LS channel estimation algorithm can be performed in the 

frequency domain as:  

 

𝐻̂𝑛(𝑘) =
𝑌𝑛(𝑘)

𝑋𝑛(𝑘)
= 𝐻𝑛(𝑘) +

𝑁𝑛(𝑘)

𝑋𝑛(𝑘)
             (2.5) 

 

where 𝑘 and 𝑛 represent the places of pilot symbols in the 

frequency and the time axes respectively and 𝐻̂𝑛(𝑘) are 

the estimated channel coefficients belonging to the pilot 

subcarriers. After estimating the channel coefficients at 

the pilot positions in both time and frequency domains, 

the complete 2D channel matrix can be reconstructed 

using interpolation techniques. In this study, a two-step 

one-dimensional interpolation approach is employed: 

linear interpolation is applied along the time axis, 

followed by DFT-based interpolation along the frequency 

axis to obtain the full channel estimates.  

 

2.2. DL-Based Channel Estimation  

 

In this study, a DL-based CE method is proposed to 

address the limitations of TPB techniques such as LS and 

MMSE, which are often hindered by sensitivity to noise, 

high computational demands, and limited adaptability to 

rapidly varying channel conditions. The proposed 

approach targets OFDM systems and employs a hybrid 

CNN-LSTM architecture. In this method, initial channel 

estimates are obtained using LS estimator. These 

preliminary results are then refined through DL models 

trained on paired datasets containing both the initial 

estimates and the corresponding true channel responses. 

This combined model-based and data-driven framework 

leverages the strengths of both approaches, enabling 

more accurate and robust channel estimation. The block 

diagram of the proposed system is presented in Figure 

2.4, illustrating the integration of conventional estimation 

with deep learning refinement. 

 

 
Figure 2.4. The proposed DL-based OFDM-CE 

 

2.2.1. Proposed Hybrid CNN-LSTM Architecture 

 

The proposed Hybrid CNN-LSTM model integrates 

spatial and temporal learning for enhanced OFDM 

channel estimation. As illustrated in Figure 2.5, the 

model accepts an input of size [64 × 64 × 2], representing 

the OFDM grid, Subcarrier, and symbol channels of real 

and imaginary components of the LS-estimated channel 

matrix. The CNN module comprises two convolutional 

layers, each employing 32 filters with a 3×3 kernel size, 

followed by batch normalization and Rectified Linear 

Unit (ReLU) activation to ensure efficient training and 

mitigate gradient vanishing. The output feature maps are 

reshaped into a [2 × 4096] sequence suitable for 

sequential processing. 

 

The reshaped sequence is then passed to the LSTM 

module, which captures temporal dependencies across 

OFDM symbols. The LSTM network consists of two 

stacked LSTM layers, each with 128 hidden units, 
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followed by two fully connected (dense) layers used for 

regression. The model is trained to minimize mean 

squared error (MSE) between the predicted and actual 

channel coefficients. This hybrid structure leverages the 

CNN’s capability to learn localized spatial features and 

the LSTM’s ability to model temporal correlations, 

resulting in robust and accurate channel estimation under 

dynamic channel variations. 

 

 
Figure 2.5. Data Flow and Architecture of the Hybrid 

CNN-LSTM-Based Estimator 

 

3. Results and Discussion  

 

This study proposes a hybrid CNN–LSTM architecture 

for channel estimation in OFDM systems. The model is 

designed and implemented in MATLAB using the DL 

Toolbox, with the aim of improving estimation accuracy 

and robustness under diverse wireless channel 

conditions. A 2D pilot insertion scheme is employed, 

where known pilot symbols are strategically distributed 

across both the time and frequency domains of the 

OFDM resource grid. This arrangement improves 

channel tracking capability, particularly in rapidly time-

varying environments. The estimation process begins 

with an initial LS estimation at the pilot positions to 

obtain coarse channel estimates. These preliminary 

estimates are then refined by the hybrid CNN-LSTM 

model, which learns to map LS-based inputs to their 

corresponding true channel responses, enabling accurate 

prediction of the complete channel state across the entire 

OFDM frame. The CNN component captures local 

spatial dependencies in the channel estimates, while the 

LSTM component models temporal correlations, 

allowing the system to adapt to dynamic channel 

variations. The model is trained using datasets generated 

from 1000 Monte Carlo trials for both quadrature phase-

shift keying (QPSK) and sixteen-quadrature amplitude 

modulation (16-QAM) schemes, over a signal-to-noise 

ratio range of 0-15 dB. The root mean square propagation 

(RMSProp) optimizer is applied to accelerate 

convergence and minimize the loss function during 

training. The detailed OFDM system and channel model 

parameters are presented in Table 3.1, and the 

configuration settings of the hybrid CNN-LSTM 

architecture are summarized in Table 3.2. 

 

 

 

Table 3.1.  OFDM simulation parameters  

Parameter  Value Description  

IFFT Size 64 Number of OFDM 

subcarriers 

Guard Interval  16  Cyclic Prefix (CP) 

length 

OFDM Symbol 

Duration  

100 µs Including CP 

Symbols per 

Frame  

64 Total OFDM symbols 

per frame 

Subcarrier 

spacing  

1.25 µs Time spacing b/w 

subcarriers 

Pilot Grid size 8 x 8 Time x Frequency 

pilot layout 

Total Pilots per 

frame  

64 Total number of 

pilots inserted 

Maximum 

Doppler shift 

100 Hz Simulates high 

mobility channel 

SNR range 

(Eb/N0) 

0:3:15 

dB 

Simulated channel 

conditons 

Modulation 

Scheme 

QPSK, 

and 

16QAM 

Modulational order 

Training samples  1000 Number of Monte 

Carlo training trials 

 

Table 3.2.  Hybrid CNN–LSTM model parameters  

Parameter Value  Description 

Optimizer RMSProp  
Tested across the 

models and datasets 

Learning Rate 0.001 
Adaptive schedule for 

stable training 

Batch Size 64 
Number of samples 

per training iteration 

Epochs  100  Early stopping used 

to prevent overfitting  

Loss Function MSE Measures prediction 

accuracy 

Dropout  20% Prevents overfitting 

L2 Weight 

Decay  

0.001 Adds regularization to 

weights 

 

Additionally, the study examined two key performance 

metrics MSE and BER to compare traditional methods 

with DL-based approaches. MSE quantifies the average 

squared deviation between the predicted and actual 

channel values, directly reflecting the estimation 

accuracy of the model. This metric was also 

benchmarked against the theoretical CRLB to evaluate 

each estimator’s efficiency. BER, on the other hand, 

measures the ratio of incorrectly received bits to the total 

transmitted bits, providing an indication of the system’s 

robustness to noise and errors. The mathematical 

formulations for MSE and BER are presented in 

Equations (3.1) and (3.2), respectively. 
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𝑀𝑆𝐸 =
1

𝑁
∑ |𝐻̂𝑖 − 𝐻𝑖|

2𝑁
𝑖=1          (3.1) 

 

 

𝐵𝐸𝑅 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐵𝑖𝑡 𝐸𝑟𝑟𝑜𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑒𝑑 𝐵𝑖𝑡𝑠 
  (3.2) 

 

Figure 3.1. Training progress of the hybrid CNN–LSTM 

under QPSK modulation.  

 

 

 
Figure 3.2. MSE performance comparison for QPSK. 

 

In Figures 3.1 to 3.5, the DL-based training outputs, 

MSE, BER, and both frequency and time-domain 

tracking results are illustrated. Figure 3.1 shows that the 

Hybrid CNN-LSTM model achieves stable training 

convergence across QPSK, with an RMSE of 0.29868 

over 100 epochs and 1200 iterations, requiring a total 

training time of 22 minutes and 17 seconds. This 

indicates robust generalization under varying SNR 

conditions. Figure 3.2 illustrates the MSE performance of 

the proposed DL-based channel estimation method in 

comparison with the traditional pilot-based LS estimator 

and the theoretical CRLB across a range of 𝐸𝑏/𝑁0values. 

As shown, the traditional pilot-based estimator exhibits 

relatively higher MSE, especially at low to moderate 

SNR levels, due to its sensitivity to noise. The proposed 

DL-based approach consistently achieves lower MSE by 

effectively learning and compensating for the distortions 

and noise present in the initial estimate. Moreover, the 

DL-based estimator demonstrates performance closer to 

the CRLB, which represents the minimum achievable 

error for unbiased estimators. This indicates that the 

proposed method approaches near-optimal estimation 

efficiency and significantly outperforms the conventional 

pilot-based estimator across the tested SNR range. In 

Figure 3.3, the proposed DL-based model achieved the 

lower BER compared to the TPB method across all SNR 

values. Its performance is approaching to the Perfect CSI, 

which serves as a benchmark for channel estimation. 

Both the MSE and BER results demonstrate the 

robustness and effectiveness of the DL-based approach 

for channel estimation. Figure 3.4 shows the frequency-

domain channel tracking, where the proposed DL-based 

model closely follows the Perfect CSI curve and 

outperforms the TPB method. Finally, Figure 3.5 

illustrates the time-domain channel tracking, where the 

DL-based model again maintains stable and accurate 

channel estimation, surpassing the TPB approach and 

closely approximating the ideal Perfect CSI scenario. 

Collectively, these results highlight the robustness, 

accuracy, and transformative potential of the proposed 

DL-based model for channel estimation in modern 

wireless communication systems. 

 

 
Figure 3.3.  BER performance comparison for QPSK.  
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Figure 3.4. Frequency-domain channel tracking for 

QPSK. 

 

 
Figure 3.5.  Time-domain channel tracking for QPSK.  

 

Figure 3.6: Training progress of the hybrid CNN–LSTM 

under 16-QAM modulation. 

 

 
Figure 3.7: Comparison of MSE performance for 16-

QAM  

 

 
 

Figure 3.8: Comparison of BER performance for 16-

QAM 

 

 

 

 
 

Figure 3.9: Frequency-domain channel tracking for 16-

QAM 

 

The results are also applied for 16-QAM modulation, 

which offers higher data rates compared to QPSK, in 
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Figures 3.6 to 3.10. The figures present a detailed 

performance evaluation of the proposed DL-based CE 

model for 16QAM modulation systems, highlighting its 

superiority over the TPB method. Figure 3.6 illustrates 

the DL-based training output with a learning rate of 

0.00025, achieving an RMSE of 0.38954 in a shorter 

training time of 16 minutes and 9 seconds under the same 

number of iterations. Figure 3.7 demonstrates that, 

similar to the QPSK case, the proposed DL-based model 

consistently attains lower MSE values than the TPB 

estimator and achieves performance closer to the CRLB. 

This indicates that the improvement provided by the DL-

based approach is maintained even under 16QAM 

modulation. Figure 3.8 presents the BER results, which 

closely resemble those obtained for QPSK. Once again, 

the proposed DL-based model outperforms the TPB 

method across all SNR values, while closely 

approximating the Perfect CSI benchmark at higher SNR 

levels. Figure 3.9 demonstrates the model’s adaptability, 

maintaining nearly ideal amplitude stability compared to 

the fluctuating performance of the TPB approach. 

Finally, Figure 3.10 highlights the proposed DL-based 

architecture’s ability to sustain a lower error floor than 

TPB by effectively extracting both temporal and spatial 

features under higher data rates (16QAM). Collectively, 

these findings confirm the scalability, precision, and 

resilience of the proposed model in handling complex 

modulation schemes, offering a promising advancement 

for higher-order wireless communication systems. 

 

 
Figure 3.10: Time-domain channel tracking for 16-

QAM.  

 

3.1. Discussion of the results:  

 

From the results, the training performance in Figures 3.2 

and 3.6 show stable training convergence across QPSK 

and 16-QAM, with RMSE values of 0.29868 and 

0.38954, respectively. Despite using a moderate dataset 

of 1000 Monte Carlo trials, the model achieved fast 

convergence with the RMSProp optimizer, indicating 

robust generalization under varying SNR conditions. 

This stability highlights the effectiveness of the hybrid 

architecture in capturing both spatial and temporal 

dependencies, unlike CNN-only or LSTM-only 

baselines, which typically converge more slowly and 

exhibit higher variance. 

 

Additionally, across both modulation schemes, the 

proposed DL-based model consistently achieved the 

lowest MSE and BER relative to TPB (Figures 3.2-3.3 

and 3.7-3.8). Gains were most pronounced at medium-to-

high SNR values (≥ 6 dB), where the DL-based model 

closely approached the CRLB, indicating near-optimal 

estimation. TPB estimator’s performance poorly in 

capturing the spatial-temporal correlation. Notably, 

under 16-QAM, where estimation is more challenging, 

the proposed DL-based model maintained a clear margin 

over TPB, reinforcing its scalability to higher-order 

modulations. 

 

While DL-based models naturally offer higher training 

complexity, the inference stage is relatively lightweight 

compared to TPB, making real-time deployment feasible. 

On a single CPU, the proposed model required only 22 

minutes (QPSK) and 16 minutes (16QAM) of training for 

the same iterations, with inference times on the order of 

milliseconds per frame. This demonstrates that the 

approach is not only accurate but also computationally 

practical for real-world receivers.  

 

4. Conclusion and Suggestions 

 

This paper presented a comprehensive investigation of 

CE for OFDM-based wireless communication systems, 

comparing TPB methods with DL-based architectures. 

The study primarily aimed to address the limitations of 

TPB techniques, such as LS, particularly under low-SNR 

and time-varying channel conditions, by evaluating the 

performance of a data-driven Hybrid CNN-LSTM 

model. The evaluation was conducted through extensive 

MATLAB simulations incorporating two modulation 

schemes (QPSK and 16-QAM), the RMSProp optimizer, 

and frequency and time-domain tracking against the 

Perfect CSI, across varying SNR ranges (0-15 dB). 

Performance metrics included MSE and BER. 

Collectively, the findings demonstrated that DL-based 

CE methods consistently outperformed TPB estimators 

in terms of estimation accuracy and robustness across all 

channel conditions. In future work, the proposed DL-

based channel estimation framework can be extended to 

emerging 6G technologies, where highly dynamic and 

dense wireless environments will demand more adaptive 

estimation strategies. Moreover, integrating the model 

with Reconfigurable Intelligent Surfaces (RIS) [21] to 

address the unique channel estimation challenges posed 

by RIS-assisted communication systems represents a 

promising research direction. 
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