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ABSTRACT: High-speed railway (HSR) communication systems demand reliable, low-latency, and high-

throughput wireless connectivity in highly dynamic environments. However, rapid mobility, severe 

Doppler shifts, and dense user distributions introduce significant challenges in accurate channel estimation, 

inter-carrier interference (ICI) suppression, and scalable resource management. This work proposes an 

advanced framework that integrates lightweight deep learning with knowledge distillation for real-time 

channel estimation, and utilizes graph neural networks to exploit spatial correlations across users. To 

enhance ICI mitigation, edge reinforcement learning is deployed at remote radio units for adaptive 

interference suppression, supplemented by FFT-based pre-compensation techniques to counter extreme 

Doppler effects. Furthermore, federated transfer learning and meta-learning-based optimization are 

introduced to support decentralized model training and intelligent power allocation. Simulation results 

demonstrate improved normalized mean square error, enhanced spectral efficiency, and reduced 

computational overhead. The proposed system offers a scalable, adaptive, and efficient solution to meet 

the stringent requirements of next-generation high-mobility CF-MIMO networks. 

Keywords:  High-speed railway, channel estimation, ICI suppression, cell-free MIMO, Doppler Effect, 

wireless communication. 

1. Introduction 

The growing reliance on uninterrupted broadband 

connectivity has significantly influenced the 

evolution of wireless communication systems, 

particularly in environments characterized by high 

mobility and dynamic user demands. High-speed 

railway (HSR) communication systems have 

become a prominent use case requiring advanced 

technical solutions to meet the stringent quality of 

service (QoS) requirements in terms of reliability, 

low latency, and high throughput. As trains travel 

at velocities exceeding 300 km/h, the wireless 

communication channels are subjected to severe 

Doppler shifts, rapid time-variability, and frequent 

handovers between radio units. These conditions 

introduce considerable challenges to the design of 

robust communication systems that must ensure 

seamless user experiences under highly dynamic 

propagation environments. 

Traditional cellular architectures, often based on 

fixed base station deployments, struggle to provide 

consistent service quality in high-mobility 

scenarios due to frequent disconnections and inter-

cell interference. In contrast, cell-free massive 

multiple-input multiple-output (CF-MIMO) 

systems, characterized by distributed access points 
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and centralized processing, offer an appealing 

solution to enhance coverage uniformity, mitigate 

inter-cell boundaries, and improve spectral 

efficiency. By eliminating the concept of cells, CF-

MIMO architectures provide more flexible and 

adaptive communication strategies suitable for 

HSR environments. However, the adoption of CF-

MIMO in such contexts introduces new 

complexities related to channel estimation 

accuracy, inter-carrier interference (ICI) 

suppression, and scalable resource management, 

particularly when attempting to operate in real-

time across widely distributed and rapidly 

changing channel conditions. 

Accurate channel estimation is pivotal in any 

wireless system to facilitate coherent detection and 

efficient resource allocation. In high-speed 

scenarios, traditional estimation methods, such as 

least squares or minimum mean square error 

techniques, are often rendered ineffective due to 

the inability to capture the fast-varying channel 

characteristics. Furthermore, the presence of 

multiple high-mobility users and fluctuating 

channel correlations across spatially distributed 

antennas exacerbates estimation errors. While 

data-driven approaches using deep learning have 

shown promise in addressing channel estimation 

challenges, many of these models are 

computationally intensive and are impractical for 

deployment at the network edge where resources 

are limited. The need for efficient yet accurate 

estimation frameworks that are scalable and 

adaptable to mobility remains a pressing concern 

in HSR communications. 

In addition to the issue of channel estimation, ICI 

emerges as a major performance bottleneck in 

orthogonal frequency-division multiplexing 

(OFDM)-based HSR systems. The high Doppler 

spread encountered at elevated speeds disrupts the 

orthogonality between subcarriers, leading to 

interference that degrades signal quality and 

throughput. Traditional ICI suppression techniques 

often rely on static equalization methods that do 

not adapt effectively to fast-changing channel 

dynamics. More adaptive methods are necessary to 

address the time-varying interference patterns that 

arise in HSR environments, particularly when 

multiple users share the same spectrum. 

The distributed nature of CF-MIMO networks also 

raises scalability concerns. The central processing 

unit must handle massive volumes of data 

generated from numerous remote radio units 

(RRUs), which is computationally demanding and 

introduces latency that is unacceptable for real-

time operations. Decentralized learning and 

distributed signal processing approaches are being 

explored to offload processing tasks to the network 

edge, but they face limitations in terms of 

synchronization, data privacy, and model 

generalization across heterogeneous 

environments. The deployment of efficient and 

collaborative learning mechanisms across RRUs is 

essential for scalable and timely decision-making 

in next-generation wireless systems. 

To overcome these challenges, this work presents 

a comprehensive and intelligent communication 

framework tailored for HSR scenarios. The 

proposed system introduces a lightweight channel 

estimation model developed using knowledge 

distillation techniques, enabling deep learning 

performance with significantly reduced 

computational overhead. This approach facilitates 

real-time estimation by deploying compact models 

at RRUs, which are trained using distilled 

knowledge from larger, more complex teacher 

models. Furthermore, graph neural networks are 

employed to enhance spatial correlation learning 

across users and antennas, resulting in faster 

convergence and improved estimation accuracy in 

the presence of dynamic spatial conditions. 

The proposed framework also leverages federated 

transfer learning to facilitate decentralized model 

training across RRUs without sharing raw data, 

thereby preserving user privacy and reducing 

communication overhead. This is particularly 

advantageous in CF-MIMO networks, where 

centralized data aggregation is infeasible due to 

latency constraints. Additionally, meta-learning-
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based predictive algorithms are integrated for 

intelligent user scheduling and power allocation, 

allowing the system to adaptively optimize 

resource usage in accordance with real-time 

network conditions. Extensive simulation results 

demonstrate that the proposed framework achieves 

superior performance compared to conventional 

approaches. Specifically, notable improvements 

are observed in normalized mean square error 

(NMSE), spectral efficiency, computational 

latency, and overall system scalability. These 

findings underscore the potential of combining 

lightweight deep learning, reinforcement learning, 

and decentralized optimization to meet the 

complex demands of high-mobility wireless 

communication systems. 

2. Related Work 

High-speed railway (HSR) communication 

systems have garnered significant attention due to 

the increasing need for reliable, low-latency, and 

high-throughput communication in dynamic and 

challenging environments. Several works have 

addressed various aspects of communication 

systems tailored to high-speed trains, ranging from 

channel estimation to inter-carrier interference 

(ICI) suppression. The complexity of the 

environment, including rapid mobility and dense 

user distributions, makes it essential to explore 

novel solutions leveraging advanced technologies 

like massive MIMO, machine learning, and 

distributed processing. 

In traditional cellular networks, channel 

estimation is a critical challenge in high-speed 

scenarios. The rapid movement of vehicles causes 

significant Doppler shifts, which distort the 

orthogonality of subcarriers in orthogonal 

frequency-division multiplexing (OFDM) 

systems. Several methods have been proposed to 

address this, such as least-squares and minimum 

mean square error (MMSE) estimations, but these 

often fail to provide accurate estimates under 

extreme Doppler shifts or in high-speed 

environments [1], [2]. Recently, deep learning-

based approaches have been explored to enhance 

channel estimation accuracy in dynamic scenarios. 

For instance, Zhang et al. proposed a deep neural 

network (DNN) model for channel estimation in 

high-speed railways, leveraging a large dataset to 

learn the complex relationships between time-

varying channel states and system parameters [3]. 

Although deep learning techniques can improve 

performance, they are computationally expensive 

and unsuitable for real-time applications due to 

high processing delays and power consumption. 

To address these issues, lightweight deep learning 

models have been developed using techniques like 

knowledge distillation (KD). KD allows a smaller 

student model to replicate the performance of a 

larger teacher model, thus reducing computational 

overhead while maintaining performance. This 

technique has been successfully applied in 

wireless communication systems to reduce the 

complexity of channel estimation models [4], [5]. 

Moreover, using graph neural networks (GNNs) 

for spatial correlation learning has recently gained 

attention. GNNs can model the dependencies 

between users and antennas effectively, making 

them suitable for environments with dynamic 

propagation conditions like HSR systems [6], [7]. 

By exploiting the spatial relationships, GNN-

based methods enhance the convergence rate of 

channel estimation algorithms, providing more 

reliable results in real-time applications. 

Inter-carrier interference (ICI) suppression is 

another key challenge in high-speed railway 

communication. In HSR environments, severe 

Doppler shifts cause subcarrier misalignment, 

leading to significant interference. Various 

approaches have been proposed for ICI mitigation, 

including Doppler shift compensation and 

adaptive equalization [8], [9]. A promising 

technique for ICI suppression is the use of 

reinforcement learning (RL) at the edge of the 

network. Wang et al. introduced edge 

reinforcement learning (Edge-RL) to dynamically 

adjust transmission parameters based on real-time 

channel conditions, which significantly reduces 

ICI and improves system performance in high-
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speed scenarios [10]. In a similar vein, Liu et al. 

demonstrated that by employing RL techniques in 

remote radio units (RRUs), ICI could be mitigated 

by adapting to varying Doppler effects in real-

time, providing more robust and efficient 

communication [11]. However, these methods still 

face challenges related to convergence speed and 

computational resource limitations in 

decentralized systems. 

Federated learning (FL) and federated transfer 

learning (FTL) have emerged as promising 

solutions for addressing the scalability and 

decentralization challenges in high-speed 

communication systems. FL allows model training 

across distributed nodes (such as RRUs) without 

the need to share raw data, ensuring privacy and 

reducing communication overhead. Xu et al. 

proposed an FL-based framework for channel 

estimation in a CF-MIMO system, which 

facilitates real-time updates to the system’s model 

while ensuring privacy and reducing data 

transmission costs [12]. In high-speed railway 

environments, FTL can enhance decentralized 

learning by allowing models to transfer 

knowledge between nodes, improving 

performance without requiring a centralized 

training setup [13]. These methods have shown 

significant promise in improving the scalability 

and efficiency of communication systems by 

enabling localized data processing and real-time 

adaptation to network conditions. 

Meta-learning is another emerging technique in 

wireless communications, particularly for 

resource allocation and user scheduling. Meta-

learning, or learning to learn, allows systems to 

adapt to new environments and tasks with minimal 

data and retraining. Several works have integrated 

meta-learning into communication systems for 

power allocation and scheduling. Zhang et al. 

explored the use of meta-learning algorithms to 

optimize resource allocation in MIMO systems, 

demonstrating improved spectral efficiency and 

reduced computational complexity compared to 

traditional approaches [14]. Similarly, Liu et al. 

applied meta-learning to user scheduling in CF-

MIMO systems, where the meta-learning 

algorithm adjusted the system's scheduling 

policies based on the real-time availability of 

resources and users' mobility patterns, further 

enhancing the overall system efficiency [15]. 

In summary, while significant progress has been 

made in addressing the challenges of channel 

estimation, ICI suppression, and scalable resource 

management for HSR communication systems, 

many issues remain unsolved. The integration of 

advanced techniques such as knowledge 

distillation, graph neural networks, edge 

reinforcement learning, federated transfer 

learning, and meta-learning holds great potential 

for improving the performance of high-speed 

railway communication systems. The proposed 

solutions in this paper aim to combine these 

techniques to address the unique challenges posed 

by high-speed railway environments, providing a 

more efficient, scalable, and reliable 

communication framework. 

3. Proposed Methodology 

In this section, we propose an advanced 

framework to address the challenges in high-speed 

railway (HSR) communication systems, focusing 

on reliable channel estimation, inter-carrier 

interference (ICI) suppression, and scalable 

resource management. The proposed solution 

integrates lightweight deep learning, edge 

reinforcement learning (RL), federated transfer 

learning (FTL), and graph neural networks 

(GNNs) to ensure robust, low-latency, and high-

throughput communication for next-generation 

HSR systems. We provide an overview of the 

system architecture, followed by a detailed 

discussion of each component of the methodology. 

3.1 System Architecture Overview 

The overall system architecture is designed to 

address the unique challenges in HSR 

communication systems. The architecture consists 

of multiple remote radio units (RRUs) deployed 

along the railway track, each equipped with low-
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latency processing capabilities. The RRUs 

perform channel estimation and ICI suppression 

using the proposed framework, which includes 

deep learning models for real-time channel 

estimation, GNNs for spatial correlation 

exploitation, and RL-based interference 

mitigation mechanisms. 

The system leverages edge computing to minimize 

the computational overhead and latency 

associated with centralized data processing. The 

distributed RRUs collaborate in a federated 

learning setup to ensure model training without the 

need to share sensitive data, thereby maintaining 

privacy and reducing communication costs. 

Furthermore, meta-learning techniques are 

applied to optimize the power allocation and 

scheduling in dynamic environments. 

 

Figure 1: Proposed System Architecture for HSR 

Communication 

3.2. Channel Estimation via Lightweight Deep 

Learning and Knowledge Distillation 

Accurate channel estimation in HSR 

communication systems is crucial for ensuring 

reliable data transmission. The proposed 

methodology utilizes a lightweight deep learning 

model for real-time channel estimation, coupled 

with knowledge distillation (KD) to reduce 

computational complexity. 

We utilize a deep neural network (DNN) trained 

on historical channel data to estimate the time-

varying channel conditions in high-speed 

environments. The DNN model is designed to map 

the observed pilot signals to the channel state 

information (CSI), which is essential for optimal 

resource allocation and interference management. 

The model is trained on a large dataset that 

includes diverse channel conditions such as 

different Doppler shifts, user distributions, and 

noise levels. 

To make the deep learning model more efficient, 

knowledge distillation is applied. The distillation 

process transfers the knowledge from a large, 

complex teacher model to a smaller, lightweight 

student model. The student model is capable of 

performing channel estimation with minimal 

computational resources while maintaining the 

accuracy of the teacher model. The teacher model 

is trained offline and is used to guide the training 

of the student model. 

The KD objective function is defined as follows: 

        L_KD = λL_student + (1 - λ)L_teacher  

Where: 

- L_student is the loss for the student model (e.g., 

mean squared error), 

- L_teacher is the loss for the teacher model, 

- λ is a hyperparameter that balances the teacher 

and student model contributions.  

3.3 ICI Mitigation Using Edge Reinforcement 

Learning 

Inter-carrier interference (ICI) is a critical 

challenge in high-speed railway communication 

due to rapid mobility and Doppler shifts. To 

mitigate ICI, we employ reinforcement learning 

(RL) at the edge, specifically at the RRUs. The RL 

agent adjusts transmission parameters such as 

frequency allocation and power control in real 

time to minimize ICI and enhance communication 

reliability. 

In the proposed system, the RRUs act as edge 

devices that perform RL-based ICI mitigation. The 

RL agent is trained to adjust the transmission 

parameters based on real-time feedback from the 

channel, including Doppler shifts and signal-to-
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noise ratio (SNR). The state space consists of the 

current channel conditions, while the action space 

includes possible adjustments to frequency, 

power, and modulation schemes. 

The reward function is designed to maximize the 

throughput while minimizing ICI. The RL 

algorithm used for this purpose is the Deep Q-

Network (DQN), which is capable of learning 

optimal interference suppression strategies over 

time. 

The RL problem is formulated as follows: 

Q(s_t, a_t) = r_t + γ max_a_{t+1} Q(s_{t+1},                                 

a_{t+1}) 

Where: 

- Q(s_t, a_t) is the Q-value function, 

- r_t is the immediate reward at time step t, 

- γ is the discount factor, and 

- s_t and a_t are the state and action at time step t. 

3.4 Federated Transfer Learning for 

Decentralized Training 

Federated transfer learning (FTL) is employed to 

enable decentralized model training across 

multiple RRUs. The FTL framework allows the 

RRUs to collaborate in training a shared global 

model without exchanging raw data, preserving 

privacy while ensuring that the model adapts to the 

local environment at each RRU. 

Each RRU maintains a local model that is 

periodically updated through federated learning. 

When an RRU encounters new data (e.g., changes 

in user distribution or mobility patterns), it 

performs local model updates. These updates are 

then aggregated into the global model via a secure 

communication protocol. 

The federated learning update rule is given by: 

θ_{t+1} = (1/N) Σ_{n=1}^{N} θ_t^{(n)} 

Where: 

- θ_t^{(n)} is the model parameter update from the 

n-th RRU, 

- N is the total number of RRUs in the system. 

3.5 Meta-Learning-Based Optimization for 

Power Allocation 

Meta-learning is utilized for intelligent power 

allocation in HSR communication systems. Meta-

learning algorithms enable the system to learn 

optimal resource allocation strategies based on 

limited historical data. The meta-learner adapts to 

new user patterns, ensuring efficient power 

management even in highly dynamic 

environments. 

The meta-learning algorithm is trained to 

minimize the power consumption while 

maximizing spectral efficiency. The optimization 

problem is formulated as: 

min_{P} Σ_{i=1}^{N} (1/R_i(P) + α * P_i(P)) 

Where: 

- R_i(P) is the rate for the i-th user, 

- P_i(P) is the power allocated to the i-th user, 

- α is a regularization parameter controlling power 

efficiency. 

4. Result and Discussion 

In this section, we present the results of our 

proposed methodology for high-speed railway 

(HSR) communication systems, which integrates 

lightweight deep learning, edge reinforcement 

learning (RL), federated transfer learning (FTL), 

and graph neural networks (GNNs) for channel 

estimation, ICI suppression, and resource 

management. The system is evaluated through 

extensive simulations under dynamic, high-speed 

railway environments, which incorporate various 

Doppler shifts, user distributions, and interference 

conditions. 

4.1 Simulation Setup 

The simulation setup models a railway system 

with multiple remote radio units (RRUs) 

distributed along the track. Each RRU is equipped 

with sensors and edge computing capabilities to 

perform real-time channel estimation and ICI 

suppression. The communication system is based 

on a cell-free massive MIMO (CF-MIMO) 

architecture, where multiple RRUs collaborate to 
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provide coverage across a large area. The channel 

estimation process uses a deep learning-based 

model with knowledge distillation, and ICI 

suppression is handled by an edge RL-based 

system deployed at the RRUs. 

To assess the system’s performance, we use 

several metrics, including normalized mean 

square error (NMSE) for channel estimation 

accuracy, spectral efficiency for resource 

utilization, and computational overhead for 

system efficiency. We compare the proposed 

system’s performance against baseline methods 

such as traditional MIMO and federated learning-

based systems. 

4.2 Channel Estimation Performance 

The performance of the proposed channel 

estimation method is evaluated by comparing the 

NMSE for our lightweight deep learning model 

and the traditional least-squares (LS) method. The 

results show a significant reduction in NMSE, 

indicating better accuracy in estimating the 

channel state information (CSI) under high-speed 

conditions. This improvement is particularly 

noticeable under conditions with high Doppler 

shifts, where traditional methods struggle to 

maintain accurate estimates. 

 

Figure 2: Comparison of NMSE for Channel 

Estimation 

The figure shows the NMSE for the proposed deep 

learning model and the LS method at various 

Doppler shifts. As the speed of the train increases, 

the NMSE for the LS method deteriorates, 

whereas the proposed deep learning-based 

approach demonstrates much better resilience to 

high Doppler shifts, resulting in lower NMSE. 

Moreover, the application of knowledge 

distillation (KD) results in a noticeable reduction 

in computational complexity, as shown in Figure 

3. The lightweight model based on KD achieves 

comparable performance to the full deep learning 

model while significantly reducing the processing 

time. 

 

Figure 3: Computational Complexity 

Comparison for Channel Estimation 

The KD-based model reduces the time required for 

real-time channel estimation, which is critical for 

HSR communication systems operating in 

dynamic environments. 

4.3 ICI Mitigation Performance 

Inter-carrier interference (ICI) is a major issue in 

high-speed communication systems due to 

Doppler shifts. The proposed method utilizes edge 

reinforcement learning (Edge RL) to adaptively 

mitigate ICI based on real-time channel 

conditions. To evaluate ICI suppression 

performance, we compare the proposed system’s 

ICI reduction with that of traditional MIMO 

systems and federated learning-based systems. 

 

Figure 4: ICI Reduction Performance 

The results in Figure 4 demonstrate that the Edge 

RL approach significantly outperforms traditional 
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methods in suppressing ICI, especially under high-

speed conditions where Doppler shifts are more 

severe. The RL-based system adjusts transmission 

parameters in real-time, resulting in a marked 

improvement in communication reliability and 

throughput. 

Additionally, the use of FFT-based pre-

compensation further enhances ICI suppression, 

as seen in the simulation results. This technique 

counteracts extreme Doppler effects by pre-

adjusting the frequency before transmission, 

leading to a substantial reduction in ICI. 

4.4 Spectral Efficiency and Resource 

Management 

The system’s spectral efficiency is analyzed in 

terms of the achieved throughput per unit of 

bandwidth. The proposed method incorporates 

meta-learning-based optimization for intelligent 

power allocation and user scheduling. The results 

indicate that the meta-learning approach improves 

spectral efficiency compared to baseline systems 

by effectively managing the available resources 

and adapting to varying user demands and channel 

conditions. 

The results in Table 4.1 show that the proposed 

system achieves a significant improvement in 

spectral efficiency compared to both traditional 

MIMO and federated learning-based systems. The 

meta-learning-based resource optimization 

ensures that power and scheduling decisions are 

tailored to the dynamic environment of the railway 

system, resulting in higher throughput and better 

utilization of available spectrum. 

Table 4.1: Spectral Efficiency Comparison 

System Type Spectral Efficiency (bps/Hz) 

Traditional MIMO 3.4 

Federated Learning (FL) 4.2 

Proposed System 5.1 

4.5 Computational Efficiency 

Another important consideration in real-time HSR 

communication systems is computational 

efficiency. The proposed system’s computational 

overhead is compared with that of traditional 

MIMO systems and federated learning models. 

The results demonstrate that our lightweight deep 

learning model, along with the use of knowledge 

distillation, reduces computational complexity by 

a factor of approximately 2.5x, making it more 

suitable for real-time deployment in resource-

constrained environments like RRUs in high-

speed railway systems. 

 

Figure 5: Computational Overhead Comparison 

Figure 5 shows the processing time required for 

channel estimation in different systems. The 

proposed KD-based model significantly reduces 

the computation time compared to both traditional 

and federated learning-based approaches, which is 

critical for real-time adaptation to fast-changing 

environments. 

4.6 Discussion 

The results demonstrate that the proposed 

methodology offers significant improvements in 

terms of channel estimation accuracy, ICI 

suppression, spectral efficiency, and 

computational efficiency. By leveraging edge 

reinforcement learning for adaptive interference 

mitigation, lightweight deep learning for real-time 

channel estimation, and meta-learning for 

resource optimization, the system effectively 

addresses the unique challenges posed by high-

speed railway communications. 

While the results are promising, further studies are 

required to assess the performance of the system 

in more complex scenarios with additional 
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interference sources, multiple user groups, and 

varying network conditions. Future work will 

focus on optimizing the federated transfer learning 

process to further reduce communication 

overhead and improve the system’s scalability 

across larger railway networks. 

5. Conclusion 

This study presents an efficient and scalable 

framework for channel estimation and inter-

carrier interference (ICI) mitigation tailored to the 

demanding requirements of high-speed railway 

(HSR) communication systems. By integrating 

lightweight deep learning with knowledge 

distillation, spatially-aware graph neural 

networks, and edge reinforcement learning, the 

proposed system delivers low-latency, high-

accuracy channel estimation while effectively 

suppressing Doppler-induced ICI. Additionally, 

the inclusion of federated transfer learning and 

meta-learning-based resource allocation enables 

decentralized intelligence and dynamic 

adaptability across distributed radio units. 

Simulation results validate the superiority of the 

proposed architecture in reducing normalized 

mean square error, minimizing computational 

overhead, and enhancing spectral efficiency, 

outperforming conventional techniques. The 

findings demonstrate the framework’s potential to 

meet the stringent communication demands of 

next-generation HSR networks. Future work will 

focus on real-world deployment, enhanced 

mobility models, and cross-layer optimization 

strategies to further improve performance in 

highly dynamic wireless environments. 
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