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1. INTRODUCTION

In recent years, there has been significant interest in massive multiple-input multiple-output
(MIMO) systems due to their potential to greatly enhance the spectral efficiency (SE) of wireless
communication networks [1]. This technology is crucial in enabling the realization of fifth-generation (5G)
wireless communication networks. To achieve the best system SE and throughput in a real massive MIMO
system, the base station (BS) relies on having accurate channel state information (CSI) for efficient design
[2]. Precise acquisition of the CSI matrix is crucial for the BS in large MIMO systems, especially in
multiuser communications that are affected by interference. In TDD systems, the BS can directly estimate the
uplink CSI by utilizing a pilot sequence transmitted by a user equipment (UE). By leveraging channel
reciprocity, the estimate can be utilized to predict the corresponding downlink CSI [3]. Nevertheless, FDD
methods are widely utilized in modern cellular networks. Comprehending the CSI in FDD can pose a
challenge when the channel reciprocity is disrupted by transmitting the (CSI) from a UE back to the BS is
crucial in frequency division duplex (FDD) systems [4]-[7] have demonstrated that the feedback signaling
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overhead of CSI for massive MIMO increases as the number of BSs antennas and active UEs grows, both at
the link and network levels. It is important to develop an effective CSI feedback or re-evaluate the feedback
channel. In various computer vision domains, deep learning (DL) has proven to be highly effective due to its
impressive ability to extract features and transfer knowledge across different domains [8], [9]. The growing
interest in DL in wireless communication has been driven by its accomplishments in interdisciplinary
research [10]. Advanced physical-layer technologies, such as precoding designs utilizing DL, channel
estimation methods enhanced by DL, MIMO detection approaches based on DL, and security technologies
empowered by DL, need to be redesigned to fully leverage the capabilities of DL [11]. DL has been utilized
to develop efficient CSI reconstruction and compression for systems that require large-scale MIMO CSI
feedback, enabling optimal utilization of its capabilities. Research conducted in [12] has demonstrated the
significant potential of CSI feedback methods that utilize DL. These methods have proven to be more
effective than traditional restricted feedback techniques in revealing the underlying structures of the CSI and
improving overall performance. This is due to the sparsity of massive MIMO channels. A cutting-edge
network called CsiNet was developed to tackle the difficulties of CSI compression and reconstruction. This
model combines a residual convolutional neural network (CNN) with a fully-connected neural network
(FNN). This approach was inspired by the impressive accomplishments of the residual network (ResNet) in
the field of computer vision. The CsiNet showcased exceptional performance when compared to various
conventional techniques, such as [13]-[15], in terms of both algorithms running time and CSI reconstruction
accuracy. Various methods are investigated to improve the effectiveness of large-scale MIMO CSI feedback
with the help of CsiNet. The primary objective was to develop various neural networks that enhance the
precision of CSI reconstruction and cater to practical requirements. In previous times, DL techniques
commonly regarded the channel matrix as a two-channel image. Compression can be viewed as introducing
noise to the image [16], [17]. Decompression can be seen as a method of eliminating unwanted noise in order
to improve clarity. Deep convolutional networks have demonstrated impressive effectiveness in denoising, as
indicated by their ability to extract complex patterns from data. If the primary objective of CSI feedback is to
improve reconstruction speed, employing a deep decoder network may offer a viable solution. The process of
reducing CSI feedback overhead involves a compression and decompression process, similar to the addition
and subsequent elimination of noise [18]-[20].

The motivation for the research into advanced CSI estimation methodologies stems from the critical
role that CSI plays in the optimization of massive MIMO systems, which are foundational to the current and
future generations of wireless communication networks, particularly 5G and beyond. Accurate CSI is pivotal
for effective beamforming and throughput maximization in such systems. The challenges in acquiring
reliable CSI in frequency division duplexing (FDD) systems, due to the lack of channel reciprocity,
necessitate innovative approaches to reduce feedback signaling overhead without compromising the quality
of information. DL presents a promising frontier in this regard, proven in other fields such as computer vision
for its superior pattern recognition and feature extraction capabilities. By applying DL to the design of
efficient CSI compression and reconstruction, there is potential to significantly enhance SE and system
performance. The motivation is further amplified by the limitations of traditional feedback methods and the
demonstrated superiority of DL-based models in exploiting the inherent sparsity of massive MIMO channels
for improved CSI reconstruction. This research aims to build upon these advancements, proposing a
methodology that not only contributes to the theoretical understanding of CSI management but also provides
practical solutions to meet the demands of rapidly evolving wireless networks.

—  Development of a deep learning-based spatial delay feature aware encoder decoder module (SDFEFD)
for improved CSI feedback in Massive MIMO systems.

— Integration of spatial delay feature extraction with parameter tuning optimization, enhancing CSI
processing efficiency.

—  Comprehensive performance evaluation using the COST 2100 dataset, demonstrating SDFEFD's
superiority in reducing Normalized Mean Squared Error compared to existing methods.

—  lllustration of SDFEFD's potential in optimizing wireless network performance, particularly in massive
MIMO scenarios.

The research in this paper is organized in 4 sections: the section 1 introduces investigates CSI
eedback mechanisms in massive MIMO systems, focusing on enhancing downlink CSI compression and
feedback for 5G and beyond. The section 2 introduces a proposed methodology as a novel deep learning-
based approach. The section 3 evaluates the results in the form of graphs and tables, the proposed method is
compared with state-of-art techniques validated using the COST 2100 channel dataset and 3GPP
specifications.
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2. METHOD
2.1. Preliminary analysis

The preliminary including downlink CSI (Jf), uplink CSI (J,,), the number of algorithm iterations
(V), and the number of filters in convolutional layers (h;), suggests a comprehensive approach to address the
intricacies of CSI management in wireless communication systems. By specifying the spatial-delay domain
for both downlink and uplink CSI, the methodology emphasizes the significance of capturing spatiotemporal
characteristics for more accurate transmission. The inclusion of the number of iterations (V) and filters (hy,)
underscores the iterative and DL aspects of the algorithm, indicating a commitment to enhancing the quality
of CSI recovery. Overall, this preliminary analysis suggests that the methodology is poised to leverage
advanced techniques to optimize CSI handling in complex communication environments.

2.2. System model and problem formulation

In this section, the methodology begins by introducing a single-cell downlink massive MIMO
system, featuring B, transmit antennas at the BS and one antenna at the UE, operating over P, subcarriers.
The received signals, including channel vectors, precoding vectors, data-bearing symbols, and additive noise,
are described. The use of the proposed model to transform channel matrices into the delay domain is
highlighted, leading to truncated matrices for efficient processing. The methodology also emphasizes the
need for dimensionality reduction due to massive MIMO systems, which is achieved through linear sensing.
The ultimate goal is to recover downlink CSI while considering the sparsity in the delay domain and
exploiting auxiliary uplink CSI to enhance accuracy.

2.3. Proposed spatial delay optimized encoder decoder-based network

This section presents the core of the proposed methodology, a Shrinkage Algorithm for CSI
recovery. The network architecture comprises a compression module and a reconstruction module, with the
latter consisting of multiple iterations (V). Each iteration involves Auto-encoders, and spatial delay
constraints for uplink and downlink CSI. A pivotal component is the spatial delay optimized Encoder
Decoder, designed to learn spatial delay and inverse transforms for both uplink and downlink CSI. The Info
module complements this by mapping spatial delay representations of uplink CSI to minimization, further
improving recovery accuracy. Convolutional layers and rectified linear units (ReLU) are deployed within the
integrated spatial delay optimized Encoder Decoder to extract essential values from transformed CSls. The
methodology of this research provides a comprehensive approach to compressing and recovering CSI in
massive MIMO systems, emphasizing spatial delay features, and leveraging advanced neural network
components for enhanced accuracy. Figure 1 shows the proposed spatial delay optimized encoder decoder-
based network. Algorithm 1 shows the proposed architecture.
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Figure 1. Proposed spatial delay optimized encoder decoder based network
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2.4. Algorithm

The algorithm is an advanced procedure for reconstructing downlink CSI in the spatial-delay
domain for massive MIMO systems. Initially, it takes in the CSI for both downlink and uplink, and other
parameters like the number of iterations and convolutional filters. The process begins with the vectorization
of downlink CSi, followed by its compression using a fully connected layer to reduce dimensionality. It then
embarks on an iterative reconstruction phase, where in each iteration, the algorithm updates an intermediary
variable through a formula that refines the previous CSI estimate by incorporating the compressed version
and applying a correction factor. This is followed by a integrated spatial delay feature optimized Encoder
Decoder that learns the spatial delay feature features and inverses them for recovery. A thresholding
operation is applied to eliminate insignificant features, and the inverse transform reconstructs the downlink
CSI. This cycle repeats for a set number of iterations. Concurrently, an information module uses uplink CSlI
to adjust the weights in the reconstruction, enhancing accuracy. The final output is the meticulously
reconstructed downlink CSI, expected to significantly improve the performance of wireless communication
networks. Algorithm 1 shows the proposed architecture.

Algorithm 1. Proposed architecture

Input: Downlink CSI in spatial-delay domain Jf
Uplink CSI in spatial-delay domain JV¥
Number of iterations for the algorithm,V
Number of filters in convolutional layers, hp

Step 1: Vectorize Downlink CSI:

— convert]f into vectorized form jf
Step 2: Compression Module:

— Compress jf to u using a fully connected (FC) layer, denoted as i(.)
Step 3: Initialization:
— Initialize iterative variables jf_; andt,
Step 4: Iterative Reconstruction (v Iterations):
— For t from 1 to v do:
— Update t, using the formula:
ty = j{/—l + ‘9VY(u - l(]\f/—l))
— Apply the integrated spatial delay optimized Encoder Decoder to learn the

spatial delay feature/inverse transform for t,, yielding h, (t,)
Apply the soft thresholding function:

h, (15) = soft(h,(t,),8y)

— Apply the inverse transform to hZGS) to obtain jf
Step 5: Info Module for Support Information:

— For each iteration, obtain the support information of the transformed uplink CSI
(uinvec)

— Map uinvec to weights y using two convolutional layers and a ReLU
Step 7: Final Output:

The output after the v-th iteration, ﬁ, is the reconstructed downlink CSI J%¥
Output: Reconstructed downlink CST J%W

The output of the proposed methodology, based on the provided elements of downlink CSI (Jf),
uplink CSI, the number of iterations for the algorithm (V), and the number of filters in convolutional layers
(hp), is expected to be a highly refined and reconstructed CSI dataset. Through the algorithm's iterative and
DL processes, it aims to compress and recover the spatial-delay domain CSI with improved accuracy. The
final output, represented by the reconstructed CSI, holds the potential to enhance the performance and
efficiency of massive MIMO systems in wireless communication, ultimately contributing to more reliable
and resource-efficient data transmission.

3. RESULTS AND DISCUSSION

The evaluation of various models for CSI estimation, as presented in the tables, reveals a consistent
trend of improvement in performance across different environments. Starting with CsiNet, which consistently
shows the least effectiveness in both indoor and outdoor settings across the tables, there is a notable
progression in the performance of subsequent models. CRNet and CLNet demonstrate slight improvements
over CsiNet, with marginally better scores in both environments. DCRNet, TransNet, and STNet each present
further enhancements, particularly in indoor settings, indicating their improved capability in more controlled
environments.
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3.1. Dataset details

This section provides comprehensive details about the Cost 2100 [21] database. The COST
(European Cooperation in Science and Technology) 2100 channel model is a geometric stochastic channel
model (GSCM) designed to replicate the stochastic characteristics of MIMO channels across time, frequency,
and space dimensions. It characterizes a multipath component (MPC) in terms of delay and both departure
and arrival angles (specifically, azimuth of departure (AoD), elevation of departure (EoD), azimuth of arrival
(AoA), and elevation of arrival (EoA)). The MATLAB implementation of the cost 2100 channel model
(C2CM) accommodates both single and multiple MIMO channel links. It is applicable in various channel
scenarios, including indoor environments at 285 MHz and semi-urban environments at 5.3 GHz. The dataset
encompasses information from two distinct environments: an indoor cellular environment and an outdoor
cellular environment. The indoor environment data is collected at a frequency of 5.3 GHz, while the outdoor
environment data is gathered at a higher frequency of 300 GHz.

3.2. Results

In Figure 2 and Table 1 the compression ratio for 1/4 is evaluated for various models for CSI
estimation, the performance is quantified by values in both indoor and outdoor settings. CsiNet, with -17.36
indoor and -8.75 outdoor, is the least effective. In the evaluation of various models for CSI estimation, the
performance is quantified by values in both indoor and outdoor settings. CsiNet, with -17.36 indoor and -8.75
outdoor, is the least effective. The performance progressively improves with CRNet (-26.99 indoor, -12.7
outdoor), CLNet (-29.16 indoor, -12.09 outdoor), DCRNet (-30.61 indoor, -13.72 outdoor), and further with
TransNet (-32.38 indoor, -14.86 outdoor) and STNet (-31.81 indoor, -12.91 outdoor). ES shows a significant
improvement in outdoor settings (-16.35) compared to its indoor performance (-32.61). The Proposed Model
outshines all with the most effective performance, scoring -35.94 indoor and -19.87 outdoor, indicating its
superior methodology in CSI estimation under both environmental conditions.

Methodology
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Figure 2. CSI Reconstruction results for compression ratio % from 0 to -40

Table 1. CR results for ¥4
CR Classical CSI methods  Indoor  Outdoor

CsiNet [19] -17.36  -8.75
CRNet [20] 2699 -12.7
CLNet [21] -29.16  -12.09
DCRNet [22] -30.61 -13.72
1/4  TransNet [23] -32.38  -14.86
STNet [24] -31.81 -12.91
ES [25] -32.61 -16.35
Proposed Model -35.94  -19.87

In Figure 3 and Table 2 the compression ratio for 1/8 is evaluated for various models for CSlI
estimation, the performance is quantified by values in both indoor and outdoor settings. CsiNet, with -17.36
indoor and -8.75 outdoor, is the least effective. The provided table compares the performance of various
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models in CSI estimation for indoor and outdoor environments. The models are CRNet, CLNet, DCRNet,
TransNet, STNet, ES, and a Proposed Model. CRNet and CLNet show moderate performance with CRNet
scoring -16.01 indoor and -8.04 outdoor, and CLNet with -15.6 indoor and -8.29 outdoor. DCRNet marks an
improvement, especially indoors, with -19.92 indoor and -10.17 outdoor. TransNet and STNet show further
enhancements, with TransNet at -22.91 indoor and -9.99 outdoor, and STNet scoring -21.28 indoor and -8.53
outdoor. ES performs comparably, especially well outdoors (-11.04), with -22.13 indoor. The Proposed
Model outperforms all others, scoring -25.36 indoor and -14.78 outdoor, indicating its superior capability in
CSI estimation in both environments. This progression from CRNet to the Proposed Model reflects
continuous advancements in the field.
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Figure 3. CSI reconstruction results for compression ratio 1/8 from 0 to -40

Table 2. CR results for 1/8
CR  Classical CSI methods  Indoor  Outdoor

CRNet [15] -16.01 -8.04
CLNet [16] -156  -8.29
DCRNet [18] -19.92  -10.17
1/8  TransNet [19] -2291  -9.99
STNet [20] -21.28 -8.53
ES [21] 2213 -11.04
Proposed Model -25.36  -14.78

In the comparison of various models for CSI estimation, the table reflects their performance in both
indoor and outdoor settings. Starting with CsiNet, it shows the least effectiveness, scoring -8.65 indoor and -
4.51 outdoor. CRNet and CLNet demonstrate improvements, with CRNet at -11.35 indoor and -5.44 outdoor,
and CLNet slightly behind at -11.15 indoor and -5.56 outdoor. DCRNet marks a significant enhancement,
particularly indoors, scoring -14.02 indoor and -6.35 outdoor. TransNet and STNet further advance the
performance, with TransNet achieving -15 indoor and -7.82 outdoor, and STNet showing -15.28 indoor and -
5.72 outdoor. ES is comparable, scoring -15.29 indoor and -7.04 outdoor. The Proposed Model outshines all,
leading with the most effective scores of -18.98 indoor and -9.76 outdoor, indicating its superior ability in
CSI estimation across both environments. This progression indicates ongoing advancements in CSI
estimation methodologies, with the Proposed Model at the forefront.

4. CONCLUSION

This research advances the field of wireless communication by introducing a deep learning-based
spatial delay feature aware encoder decoder module (SDFEFD) for enhanced CSI Feedback in Massive
MIMO systems. The novel approach combines spatial delay feature extraction with parameter tuning
optimization, improving CSI processing in uplink and downlink scenarios. The research demonstrates
SDFEFD's effectiveness through rigorous evaluation using the COST 2100 dataset, where it significantly
outperforms existing methods in terms of Normalized Mean Squared Error. This indicates its potential to
revolutionize CSI feedback in massive MIMO systems, marking a substantial progression in the optimization
of wireless network performance.
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