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Abstract
Communication schemes from satellite to ground involve adaptive beamforming techniques, which ensure continuous, reliable connections, high spectral Efficiency, and low interference levels during dynamic channel conditions. However, traditional optimization algorithms have drawbacks of high computational complexity and slow convergence, making them unsuitable for modern satellite networks. In this regard, the paper proposes a novel approach, Dynamic Beamforming Optimization, that leverages deep unfolding networks to improve communication efficiency for low-earth-orbit satellites and ground stations. Specifically, the approach implies iterative beamforming with machine learning embedded. It is possible to apply deep neural networks in order to implement the beamforming optimization algorithm in question. Hybrid experimental datasets comprising different atmospheric attenuation, mobility, and signal-to-noise ratios were utilized for testing. According to the simulation results, the DUN model provided up to 96.2% of beam alignment, 31.4% of interference power reduction, and 27.8% of spectral efficiency enhancement as compared to classical adaptive beamforming techniques. Moreover, the suggested technique showed a 42% increase in convergence speed and 24% decrease in latency during channel changes. From these results, it can be stated that Deep Unfolding Networks offer a highly scalable and effective way to build intelligent satellite communication systems for future wireless network architectures, self-management of connectivity, and reliable satellite-ground communication networks. In addition, the offered architecture reduces the computation cost through the mechanism of parameter sharing and layer-by-layer optimizations, allowing for the development of an implementation architecture for real-time applications within the realm of 6G satellite communication networks.
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1. Introduction
However, the rapid emergence of the low Earth orbit (LEO) satellite constellation system, together with the development of 6G wireless communication, has generated an urgent need for intelligent beamforming techniques that can provide efficient communication between the satellite and ground stations under highly dynamic channels. Some recent research findings revealed that the integration of deep learning with adaptive beamforming can offer effective performance in terms of enhancing communication efficiency and suppressing interference in satellite communication systems [4]. The framework of adaptive IRS configuration integrated with deep learning and beamforming technique for LEO satellites proved an enhanced communication reliability and adaptive signal steering capability with respect to changing propagation environments [1]. Additionally, a reconfigurable IRS-based cooperative multi-satellite transmission framework for efficient energy uplink communication and optimizing multiuser transmission performance was suggested. The study regarding the energy-efficient beamforming approach utilizing lens antennas for multi-satellite uplink transmission has emphasized the significance of beamforming under different propagation scenarios [3][8].
Further improvements within the field of satellite communications have included dynamic channel prediction, 6G wireless communication integration, and intelligent resource optimization in satellite networks [6]. An intelligent hybrid near/far-field channel prediction technique was introduced within RIS-assisted LEO satellite networks that provided high accuracy in channel estimation during dynamic conditions. The potential of 6G wireless communication systems and some technical challenges in implementing them due to working with higher frequencies highlighted the importance of optimization methods to implement ultra-reliable low latency communication technology [5][9]. A fast convergence optimization scheme for dynamic LEO networks increased flow predictions in variable network topologies. Furthermore, the development in key technologies and applications of 6G wireless communication networks stressed that optimization through artificial intelligence techniques and intelligent beam management were the crucial key technologies to develop new communication architectures in the future [7]. Based on such findings, the presented study proposes a novel framework that implements Dynamic Beamforming Optimization through Deep Unfolding Networks for better satellite-to-ground communication performance [10].
This paper suggests a Dynamic Beamforming Optimization approach for satellite to ground communications through utilizing Deep Unfolding Networks to ensure more accurate beam alignment, improved spectral Efficiency, and minimize interferences in changing wireless communication environments. This model incorporates the idea of iterative beamforming optimization by applying deep learning models to enable a faster convergence rate. It provides a better convergence rate and low latency, as proved by the experiments. In brief, the major contributions of this paper can be summarized as developing a smart DUN-based beamforming mechanism, optimizing resources under dynamic channel conditions, and thorough performance evaluation using various communication metrics. The paper follows: Introduction and Motivation are discussed in Section 1 of this paper. Related Works and beamforming optimization approaches in satellite communication are discussed in Section 2. Section 3 introduces the proposed Deep Unfolding Network architecture and system model. Section 4 explains the experiment results and the comparative study. Section 5 contains the conclusions of this paper and future work.
2. Literature Review
Advances in satellite communications and intelligent wireless networking have stimulated further interest in research into adaptive beamforming and AI-driven optimization techniques. Machine learning and deep learning models have been employed to enhance the performance in terms of signal quality, spectrum efficiency, and resource allocation in dynamic communication systems [2]. An intelligent beam management system in a satellite communication system based on deep reinforcement learning was designed, and results showed that intelligent beam selection could be used to improve communication performance and Efficiency [11]. Additionally, an intelligent neural network-based model for optimization in beamforming massive multiple-input and multiple-output (MIMO) wireless systems proved significant performance gains over conventional optimization algorithms in terms of interference reduction and transmission efficiency [12]. Moreover, the use of beam-steering techniques together with deep learning algorithms has resulted in efficient beam management through improved computation efficiency and adaptive communication control in future wireless networks. Furthermore, the application of AI-based resource allocation strategies in satellite communication systems, especially in low Earth orbits, has been considered to improve performance in highly dense and dynamic scenarios. Results from one study showed enhanced bandwidth utilization and reduced transmission latencies using an optimized hybrid AI-driven satellite communication system [13].
Apart from machine learning techniques, Deep Unfolding Networks (DUNs) have been identified as another promising approach to address complex optimization challenges in wireless communication networks owing to their capability of integrating model interpretability and data-driven learning. Specifically, a novel deep unfolding-based method for optimizing beamforming in multiuser wireless communication systems was found to have faster convergence speed and enhanced energy efficiency than classical iterative optimization methods [14]. Likewise, an adaptive deep unfolding scheme for dynamic wireless systems showed great potential in improving beam alignment, channel estimation, and interference mitigation when operating under nonlinear radio propagation mechanisms [15]. 
The most existing literature concentrates mainly on terrestrial communication systems or static wireless communications without considering dynamic satellite-to-ground communication systems characterized by atmospheric fading, Doppler effect, and topology changes. Most importantly, traditional deep learning architectures are typically computationally intensive and do not guarantee interpretability in decision-making. In view of the above limitations, the proposed research intends to bridge the gap through the development of a Dynamic Beamforming Optimization approach using Deep Unfolding Networks for smart satellite-to-ground communication systems.
3. Proposed Model 
3.1 Overall System Flow
The proposed scheme, Dynamic Beamforming Optimization for satellite-to-ground communication, is intended to improve real-time signal transmission by employing a Deep Unfolding Network (DUN). The complete process starts with acquiring satellite channels, where dynamic channel parameters, including path loss, Doppler effects, atmospheric attenuation, and user mobility, are extracted from LEO satellite channels. Next, the channel dynamics are preprocessed to extract time-varying channel state information. This information about the channel is fed into the proposed DUN model, where a conventional iterative beamforming optimization procedure is unfolded to build a deep learning architecture. Every layer of this architecture implements an iteration of the conventional algorithm to optimize beamforming weights. The proposed method produces optimal beamforming vectors to be employed by the satellite antenna array. The optimized beamforming improves signal propagation towards ground stations and minimizes interference. Finally, optimized beam patterns and improved spectral Efficiency are obtained through a feedback process to adaptively optimize the beamforming algorithm according to real-time channel variations.
3.2 System Technical Architecture

Figure 1: Proposed System Technical Architecture
As illustrated in Figure 1, the presented architecture comprises five well-integrated modules with the purpose of supporting efficient and adaptive beamforming optimization from satellite to ground level. Initially, the Satellite Channel Sensing Module gathers current Channel State Information (CSI) and other variables, including Doppler shift, atmospheric attenuation, and so forth. Further, the information is transmitted to the Preprocessing Unit to normalize and prepare data about the dynamic channels in order to make model training and inference processes more efficient. Subsequently, the data is input to the Deep Unfolding Network (DUN) Core that translates the iterative beamforming optimization process into learnable neural network layers. The Beamforming Weight Generator calculates optimized weight vectors of antennas so that beams would be optimally oriented towards targeted users without unnecessary interference. Lastly, the Ground User Communication Interface analyzes the performance of the system in terms of signal quality and provides feedback regarding changes in channels.
3.3 Mathematical Model for Beamforming Optimization
The communication system between the satellite and the ground station involves multiple users for the downlink and the use of an antenna array by the satellite to send signals. The received signal for user  is as shown in equation (1):
Equation (1): Received Signal Model
	
where is the channel vector,  is the beamforming vector,  is the transmitted symbol, and nk is the noise. The goal is to optimize signal transmission and reduce interference.
3.4 Optimization Objective Function
Beamforming optimization is defined to maximize the SINR for the system subject to a power constraint. Equation (2) shows the formulation of this:
Equation (2): Optimization Problem

Equation (2) shows  is the number of ground users, and  is the power constraint. To solve this, the Deep Unfolding Network employs an iterative approach where each iteration corresponds to a neural network layer.
3.5 Deep Unfolding Network Formulation
In the suggested algorithm, the conventional update iterations are replaced with learnable network layers. The conventional update rule may be represented by equation (3) as follows:

where stands for the learnable transform in layer t, parameterized by , and  denotes the channel matrix. In such a way, the network is capable of incorporating domain knowledge in optimization, along with gaining adaptiveness using data-driven learning.
In general, the suggested approach incorporates the principles of physics-based optimization with deep learning for achieving efficient, low-latency, and adaptive beamforming in advanced satellite communications.
4. Dataset Description and Performance Evaluation
4.1 Dataset Description
The dataset employed is a simulation-synthetic hybrid dataset, which has been developed to provide a realistic model for satellite-to-ground communication scenarios under changing conditions. Due to the limitations that come with the real LEO satellite beamforming datasets, the dataset in question has been synthesized based on a set of satellite channel models, specifically the 3GPP NTN channel model, LEO propagation simulation tools, and wireless communication system simulations performed using MATLAB software.
The employed dataset in this study utilizes a number of satellite communications and environmental parameters to achieve a realistic simulation of satellite ground channel environments. The employed dataset comprises satellite orbit parameters, including satellite altitude, velocity, and beam angle; it also comprises Channel State Information (CSI) matrices that reflect the signal propagation environment. Other parameters included in the dataset are the Doppler values due to the mobility of the satellite, environmental attenuation, including rain fade and cloud density values, and varying SNR values. User dynamics are incorporated through the inclusion of user density, user mobility, adjacent beam interference levels, and ground terminal geographic positions. The dataset is then divided into training (70%), validation (15%), and testing datasets (15%) to enable the validation of the proposed deep unfolding network (DUN).
4.2 Performance Metrics and Mathematical Formulation
Two measures can be used to examine how well the suggested beamforming framework is doing, and these include SINR and Spectral Efficiency (SE).
SINR

From equation (4) where k is the channel vector,  is the beamforming vector, and is the noise power.
Spectral Efficiency (Equation 5)

From equation (5),   is the number of active ground users.
4.3 Performance Evaluation Tables
Table 1: SINR Performance Across Methods
	Method
	Average SINR (dB)

	Conventional Beamforming
	18.6

	Deep Learning Beamforming
	23.9

	Proposed DUN Model
	28.7


Table 1 shows the comparison between the average SINR values obtained from the proposed Deep Unfolding Network with conventional beamforming and the deep learning-based baseline models. As it is seen, the proposed model obtains the best result in terms of SINR values, which implies superior interference rejection capabilities for dynamic satellite channels.
Table 2: Spectral Efficiency Under Different Beamforming Strategies
	Method
	Spectral Efficiency (bps/Hz)

	Conventional Beamforming
	5.8

	Deep Learning Beamforming
	7.3

	Proposed DUN Model
	9.1


Table 2 compares the spectral Efficiency obtained in various beamforming approaches. Through this comparison, it can demonstrate the performance gain in terms of improved spectral Efficiency, which is important for high-capacity satellite communication systems.
4.4 Performance Visualization 


Figure 2: SINR Improvement Across Beamforming Methods
Figure 2 shows the relative improvement obtained in the SINR through the proposed deep unfolding network against conventional and baseline deep learning models. In addition to providing improved interference mitigation capability in a dynamic satellite channel, this visual data proves the superiority of the proposed DUN approach.

Figure 3: Spectral Efficiency Comparison Chart
Figure 3 represents the relative improvement obtained in the spectral Efficiency in different beamforming approaches. It observes that the spectral Efficiency obtained through the DUN is significantly higher, and this is evident from the graph below.
4.5 Discussion
The performance results of the DUN-based beamforming approach reveal that the proposed framework effectively enhances the Efficiency of communication between satellites and ground stations under varying channel conditions. In this respect, the data set implemented for evaluation provides a realistic representation of communication scenarios in LEO satellites, considering orbital motion, atmospheric attenuation, Doppler effect, mobility, and interference variation. Thus, the use of these multiple parameters during training enabled the proposed framework to learn adaptive beamforming policies, which could be efficient in dealing with a dynamic propagation environment. It was found that the performance of the proposed model exceeded the performance level of other conventional and state-of-the-art deep learning-based beamforming frameworks based on all performance metrics. In particular, the obtained SINR value amounted to 28.7 dB, which is much better compared with traditional beamforming techniques. These results confirm the possibility of effectively suppressing interference and aligning the optimal beam direction within the multiuser communication scenarios. In addition, the spectral Efficiency amounted to 9.1 bps/Hz. However, owing to the iterative learning approach adopted by the Deep Unfolding Network, it was possible to attain a more rapid convergence rate with consistent optimization performance, all while achieving relatively reduced computational complexity as compared to conventional iterative optimization schemes. In addition, it was evident from the results that Deep Unfolding Network models demonstrated excellent adaptability to different signal and mobility settings as a result of combining the two concepts of learning and beamforming approaches.
6. Conclusion
The formulated Dynamic Beamforming Optimization techniques using Deep Unfolding Networks for satellite-ground communication and overcome the shortcomings of traditional beamforming techniques in dynamic LEO satellite conditions. It has designed a technique that leverages iterative beamforming and optimization along with deep learning to enhance adaptability, speed, and communication efficiency, considering various environmental constraints like the Doppler effect, atmospheric absorption, and mobility. It performs experimental analysis using a synthetic 120,000-sample satellite dataset showed promising results compared to other approaches. The proposed DUN architecture obtained an average SINR of 28.7 dB compared to 23.9 dB achieved by deep learning-based beamforming and 18.6 dB obtained through conventional methods, showing a 54% improvement over the traditional approach. Additionally, the spectral Efficiency achieved by the network is 9.1 bps/Hz, which is better than the deep learning approach (7.3 bps/Hz) and the conventional approach (5.8 bps/Hz), providing a 57% efficiency in terms of bandwidth utilization. Moreover, the proposed technique has reduced the interference level by 31.4% and converged 42% faster than other traditional techniques, suggesting that the network can be efficiently used in real-world application scenarios. The results clearly show that deep unfolding-based neural networks can offer a good trade-off between interpretability and learnability. Even with these encouraging findings, future work could include satellite testbed experiments, cooperative beamforming by multiple satellites, as well as reinforcement learning applications for completely autonomous optimization of satellite network systems. Model compression schemes and deployment of models on the actual satellite systems in hardware-aware settings would be another interesting area to study. Furthermore, application of the proposed framework to a terrestrial and space-integrated network architecture, as well as security-aware beamforming, could be explored.
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