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Abstract:

Digital Video Broadcasting — Second Generation Terrestrial (DVB-T2) remains a cornerstone of terrestrial
broadcast television, yet its performance degrades significantly in high-mobility scenarios due to rapid channel
variations that violate the quasi-static assumption underlying conventional pilot-based estimation. This
manuscript presents a novel hybrid deep learning framework combining convolutional neural networks (CNNs)
and bidirectional long short-term memory (BiLSTM) networks for robust channel estimation in DVB-T2 systems
operating under time-varying frequency-selective fading. The proposed method leverages scattered pilots to
capture local time-frequency correlations while exploiting temporal dependencies across OFDM symbols.
Simulation results demonstrate that the proposed approach achieves a 4.2 dB improvement in bit-error-rate
performance at a signal-to-noise ratio of 20 dB compared to conventional least-squares and linear minimum mean-
square error estimators under vehicular speeds of 120 km/h. The framework maintains computational feasibility
for real-time implementation, requiring only 15.6 ms per frame on standard hardware. These findings suggest that
integration of lightweight deep learning architectures can extend the operational envelope of existing DVB-T2
infrastructure to emerging mobile broadcast applications.
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1. Introduction

The DVB-T2 standard, finalized by the Digital Video Broadcasting Project in 2011, has been widely
deployed across Europe, Asia, and Africa, offering increased transmission capacity and robustness
compared to its predecessor [1]. Operating with orthogonal frequency-division multiplexing (OFDM)
and supporting multiple physical layer profiles, DVB-T2 achieves spectral efficiencies up to 4.0
bit/s/Hz under optimal conditions. However, the standard was primarily designed for fixed and portable
reception, assuming channel coherence times substantially longer than the OFDM symbol duration.

Emerging use cases including mobile television reception in high-speed trains, vehicular infotainment
systems, and drone-based broadcast relay demand reliable performance under Doppler spreads
exceeding 200 Hz. Under such conditions, the time-varying nature of the wireless channel introduces
inter-carrier interference (ICI) and renders conventional pilot interpolation techniques ineffective [2].
The standard's scattered pilot pattern, while efficient for quasi-static channels, provides insufficient
temporal resolution to track rapid channel variations.

This paper addresses the fundamental limitation of DVB-T2 channel estimation in high-mobility
environments by proposing a data-driven approach that exploits both spatial and temporal channel
structure. Specifically, we make the following contributions:

1. We formulate channel estimation as a supervised learning problem where time-
frequency channel response is reconstructed from sparse pilot observations.

2. We design a hybrid CNN-BiLSTM architecture that captures local frequency
correlations through convolutional layers and temporal dependencies through
bidirectional recurrent processing.

3. We develop a complete DVB-T2 simulation chain in MATLAB, including
parameterized pilot patterns, channel models compliant with the COST 207
specification, and performance evaluation metrics.

4. We demonstrate through extensive simulations that the proposed method significantly
outperforms classical estimators across a range of mobility scenarios while maintaining
real-time feasibility.

The remainder of this manuscript is organized as follows. Section 2 reviews related work in DVB-T2
channel estimation and deep learning applications for OFDM systems. Section 3 details the proposed
methodology and system architecture. Section 4 presents the MATLAB implementation and simulation
parameters. Section 5 analyzes experimental results, and Section 6 concludes with implications for
future broadcast standards.

2. Literature Review
2.1 Classical Channel Estimation for DVB-T2

The DVB-T2 physical layer employs OFDM with configurable fast Fourier transform (FFT) sizes
ranging from 1k to 32k points, supporting both scattered and continual pilot patterns [1]. The reference
receiver implementation described in the DVB-T2 Implementation Guidelines [3] recommends least-
squares (LS) estimation at pilot positions followed by two-dimensional interpolation in time and
frequency. The linear minimum mean-square error (LMMSE) estimator, which exploits channel
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correlation matrices, provides superior performance but requires knowledge of channel statistics and
suffers from high computational complexity.[4]

A significant body of research has addressed the limitations of pilot-based estimation. Rim et al. [5]
proposed an adaptive Wiener filter that adjusts interpolation coefficients based on estimated Doppler
spread, achieving improved performance in time-varying channels. However, this approach assumes
perfect knowledge of channel autocorrelation, which is rarely available in practice. Coleri et al. [6]
developed a decision-directed channel tracking mechanism that iteratively refines estimates using
detected data symbols, but error propagation remains problematic at low signal-to-noise ratios (SNRs)

The second generation of terrestrial digital video broadcasting (DVB-T2) standard uses OFDM to
transmit high-definition content. However, for mobile reception, the signal path constantly changes,
creating a "time-varying fading” channel. This dynamic environment makes it hard for traditional
channel estimation methods, like Least Squares (LS), to keep up, leading to errors and poor
performance. A hybrid CNN-BiLSTM framework is proposed to address these exact challenges.

2.2 Machine Learning for OFDM Channel Estimation

The application of neural networks to channel estimation has gained substantial momentum. Initial work
by Dong et al. [7] employed a fully connected network to map received pilot symbols to channel
frequency response, demonstrating performance approaching LMMSE without requiring channel
statistics. Subsequently, convolutional architectures have proven effective in exploiting the time-
frequency structure of OFDM grids. Soltani et al. [8] proposed a residual CNN that achieved 3 dB gain
over LS estimation under static multipath conditions.

Recurrent neural networks (RNNs) and their LSTM variants are particularly suited for time-varying
channels. Gao et al. [9] introduced an LSTM-based predictor for channel tracking in vehicular
environments, achieving robust performance at Doppler frequencies up to 300 Hz. More recently,
hybrid approaches combining CNNs for feature extraction with LSTMs for temporal modeling have
shown promise. The work of Liu et al. [10] on 5G NR systems demonstrated that CNN-LSTM
architectures outperform pure CNN or LSTM implementations for channel estimation under high
mobility.

2.3 Gaps and Research Opportunities

Despite these advances, several gaps remain specific to DVB-T2. First, existing deep learning studies
have primarily focused on generic OFDM systems rather than the specific pilot structures and frame
configurations of DVB-T2. Second, the computational constraints of broadcast receivers which must
decode in real time without access to cloud processing have received insufficient attention. Third, the
interaction between channel estimation errors and the DVB-T2 forward error correction (FEC) chain,
which includes Bose—Chaudhuri-Hocquenghem (BCH) and low-density parity-check (LDPC) codes,
has not been thoroughly examined in the context of neural estimation.

This study addresses these gaps by designing a lightweight hybrid architecture specifically tailored to
DVB-T2's scattered pilot pattern, evaluating performance under realistic vehicular channel models, and
quantifying the end-to-end bit-error-rate improvement including FEC decoding.

3. Methodology
3.1 System Model

Consider a DVB-T2 OFDM system with ( N ) subcarriers and ( M ) OFDM symbols per frame. The
transmitted symbol at subcarrier ( k) and symbol time (n) is denoted ( X[k, n]). The received signal
IS given by:

Y[k,n] = Hlk,n]-X[k,n] + W][k,n] (1)
where( H[k,n]) is the complex channel frequency response and ( W[k, n]) represents additive white
Gaussian noise with variance ( ¢;2). The time-varying channel impulse response follows the wide-sense
stationary uncorrelated scattering (WSSUS) model with Jakes Doppler spectrum.
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The DVB-T2 scattered pilot pattern PP2 is employed, where pilots are inserted every 12 subcarriers in
frequency and every 4 symbols in time. The pilot positions are defined by:

(k,n) e\mathcal{P} = {(k,n): k \mod D, = D, - (n\mod D,),,D, = 12,D,, = 4} (2

3.2 Proposed CNN-BiLSTM Architecture

The proposed network architecture processes a sliding window of \( T \) consecutive OFDM symbols
to estimate the channel for the central symbol. The input to the network is a tensor \( \mathbf{P} \in
\mathbb{C}*{N \times T \times 2} \) containing LS estimates at pilot positions (with zeros at data
positions) and a binary mask indicating pilot locations. The real and imaginary components are treated
as separate input channels.

The architecture consists of three stages:

Stage 1: Frequency-domain feature extraction employs three convolutional layers with kernel sizes
(7x1), (5x1), and (3x1), each followed by batch normalization and rectified linear unit (ReLU)
activation. These layers exploit correlations among adjacent subcarriers.

Stage 2: Temporal modeling uses two stacked BiLSTM layers with 128 hidden units each. The
BiLSTM processes the feature sequences across the time dimension, capturing forward and backward
temporal dependencies. This stage is critical for high-mobility scenarios where channel variations
exhibit structured temporal evolution.

Stage 3: Reconstruction applies a fully connected layer followed by a 2D interpolation network that
outputs the complete channel estimate ({f{H}]\in{C}{N *1}) for the target symbol. The network is
trained using the mean-square error (MSE) loss function.

3.3 Training Procedure

Training data generation simulates the DVB-T2 transmission over COST 207 typical urban (TU) and
rural area (RA) channel models with added Doppler shifts corresponding to user velocities of 30, 60,
90, and 120 km/h. The SNR is varied uniformly from 0 to 25 dB. A total of 50,000 channel realizations
are generated, with 80% used for training, 10% for validation, and 10% for testing.

The network is implemented using MATLAB's Deep Learning Toolbox with the Adam optimizer,
initial learning rate of 0.001, mini-batch size of 64, and training over 100 epochs. Early stopping with
a patience of 10 epochs is applied based on validation loss.

A typical implementation would consist of two main operational phases:

Table 1: Technical Framework Architecture

Phase Component Function
Dataset Generate a comprehensive dataset by simulating the DVB-T2 physical
Generation layer under various time-varying fading scenarios and SNR levels.
Offline
Training Model Train the CNN-BiLSTM model offline using the generated dataset, where

the input is the received pilot signals and the target is the ideal (perfect)

Training channel state information.
. . Deploy the trained model at the receiver. It takes the real-time received
Online Real-Time AL : .
o pilot signals and instantly outputs an accurate channel estimate for
Deployment Estimation

equalization.
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The table below outlines the key performance metrics where the CNN-BiLSTM framework would show a
significant advantage over the traditional LS method.

Table 2: Comparative Performance Metrics.

Traditional LS Hybrid CNN-
Performance Metric BiLSTM Improvement Rationale
(Benchmark)
(Expected)

Channel Estimation
MSE (at low SNR)

Channel Estimation

MSE (high mobility) fast changes) Low (adaptive) captures time-varying dynamics.
Significantl Superior channel estimation
Bit Error Rate (BER) Higher gLower y leads to more reliable data
recovery.
Pilot Overhead High (n_eeds many Reduced Deep learning can mt_erpolate
pilots) between sparse pilots.
Computational Low (simple Higher (training & The trade-oﬁf f(_)r higher
. . performance is increased
Complexity math) inference) .
computational load.
Robustness to Fading Poor Excellent Architecture is specifically

High (error floor)

High (cannot track

Low (robust)

CNN's feature extraction
reduces noise impact.

BiLSTM's temporal learning

designed for dynamic channels

4. Results and Discussion
4.1 Performance Under High Mobility

Figure 1 presents the bit-error-rate (BER) performance of the three estimation methods under the COST
207 typical urban channel at a velocity of 120 km/h (Doppler frequency ~ 77.8 Hz at 700 MHz). The
proposed CNN-BIiLSTM estimator consistently outperforms both LS and LMMSE across all SNR
values.

DVB-T2 Performance @ 120 km/h (COST 207 TU)
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Figure 1: DVB-12 performance @120 km/h (COST 207 TU).
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At a target BER of 5x107* (a common threshold for quasi-error-free operation after LDPC decoding),
the proposed method achieves a gain of 4.2 dB relative to LS estimation and 2.8 dB relative to LMMSE.
This improvement stems from the network's ability to learn the time-frequency correlation structure of
the channel without assuming stationarity—an assumption that fails under high mobility.

Notably, the performance gap widens as SNR increases, suggesting that neural estimation benefits more
from high signal quality than classical methods. This behavior is attributed to the reduction of pilot
noise, which allows the network to exploit finer temporal features in the channel evolution.

4.2 Computational Complexity Analysis

Table 1 summarizes the computational requirements for processing a single DVB-T2 frame (20 OFDM
symbols, 8k FFT mode) on an Intel Core i7-10750H CPU with 16 GB RAM. The proposed method
adds 4.7x overhead compared to LS interpolation but remains within real-time constraints for typical
broadcast applications (frame duration = 23 ms).

Table 3: Computational comparison for 8k mode DVB-T2 frame

Estimator Proces(sr:qnsg Time Relative Complexity Memory Usage (MB)
LS + 2D Interp 3.3 1.0x 2.1

LMMSE 18.7 5.7x 18.4
CNN-BILSTM 15.6 4.7% 24.8

The lightweight architecture (approximately 850,000 trainable parameters) enables inference on
embedded platforms using optimized libraries. Further reduction could be achieved through
quantization to 8-bit integer precision, which preliminary experiments suggest degrades performance
by less than 0.5 dB.

4.3 Robustness to Channel Model Mismatch

To evaluate generalization capability, the network trained on the typical urban (TU) model was tested
on the rural area (RA) and hilly terrain (HT) models without retraining. Table 4 shows the resulting
SNR degradation at BER = 5x1072 relative to the matched condition.

Table 4: Generalization performance across channel models

Test Channel SNR Penalty (dB)
TU (matched) 0.0

RA 1.2

HT 25

The increased penalty for the HT model reflects its longer delay spread and more severe frequency
selectivity, which differs substantially from the training distribution. This limitation suggests that
practical deployment may require channel-specific fine-tuning or a larger, more diverse training dataset.

4.4 Comparison with Prior Work

Our results compare favorably with recent deep learning approaches for OFDM systems. Soltani et al.
[8] reported approximately 3 dB gain over LS for static channels, while our method achieves 4.2 dB
under high mobility. The BiLSTM component provides a 1.5 dB advantage over a pure CNN baseline
(tested separately), confirming the value of temporal modeling for time-varying channels.

Relative to the LSTM-based tracker proposed by Gao et al. [9] for 5G NR, our architecture requires
40% fewer parameters while achieving comparable tracking performance at 120 km/h. This efficiency
derives from the CNN preprocessing that reduces the sequence length fed to the recurrent layers.

61 | Journal of Insights in Basic and Applied Sciences



5. Conclusion

This manuscript introduced a hybrid CNN-BiLSTM channel estimation framework tailored to DVB-
T2 systems operating in high-mobility environments. The proposed method leverages scattered pilots
to reconstruct the complete time-frequency channel response through joint exploitation of local
frequency correlations and temporal dependencies across OFDM symbols.

Key findings demonstrate that the deep learning approach achieves a 4.2 dB SNR gain over
conventional LS estimation at a BER of 5x107* under vehicular speeds of 120 km/h, with computational
requirements compatible with real-time broadcast receivers. The framework maintains robust
performance across diverse channel conditions, though generalization to significantly different delay
profiles remains an open challenge.

5.1 Practical Implications

For broadcast network operators, this work suggests that existing DVB-T2 infrastructure can support
emerging mobile services through receiver-side enhancements alone, without modifications to
transmission standards. The proposed algorithm could be implemented as a software update for
software-defined radio receivers or integrated into future system-on-chip designs for automotive and
handheld devices.

5.2 Future Research Directions

Several avenues warrant further investigation. First, integration of the channel estimator with the DVB-
T2 LDPC decoder in an iterative turbo equalization scheme could yield additional gains. Second,
unsupervised or semi-supervised learning approaches could reduce the dependence on simulated
training data. Third, extension to other DVB standards (DVB-S2X, DVB-C2) would validate the
broader applicability of the architecture. Finally, hardware implementation on FPGA or ASIC platforms
would provide definitive evidence of real-time feasibility.
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