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 Accurate direction-of-arrival (DOA) estimation is a critical requirement for 

massive multiple-input multiple-output (MIMO) systems operating in fifth-

generation (5G) and beyond (5G/B5G) wireless environments. Although 

sparse Bayesian learning (SBL)–based techniques have demonstrated 

improved robustness by exploiting signal sparsity, their performance is often 

limited by fixed hyperparameter selection, sensitivity to noise, and 

suboptimal residual error minimization. To address these challenges, this 

paper proposes an optimized sparse Bayesian least squares regression 

(SBLSR) framework in which grey wolf optimization (GWO) is employed 

to adaptively optimize Bayesian hyperparameters and regression 

coefficients. The proposed approach jointly enforces sparsity and minimizes 

estimation error, enabling robust DOA estimation under dynamic noise 

conditions and varying network density. Extensive simulations conducted in 

a massive MIMO environment demonstrate that the optimized SBLSR 

consistently outperforms conventional SBLSR and state-of-the-art 

benchmark techniques in terms of root mean square error (RMSE), closely 

approaching the Cramér–Rao lower bound (CRLB) across a wide range of 

signal-to-noise ratios, sensor configurations, and Monte Carlo trials. The 

findings validate that the suggested optimized SBLSR framework offers a 

noise-resilient solution for high-precision DOA estimation in practical 

massive MIMO and MIMO radar systems. 
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1. INTRODUCTION 

Future wireless communication systems need to support more applications, like smart cities, 

driverless cars, disaster monitoring, and large-scale internet of things (IoT) deployments. All above-mentioned 

technologies require accurate spatial sensing and low-latency signal processing [1]. Beyond fifth-generation 

(5G) networks meet these needs by using multiple-input multiple-output (MIMO) architectures, which 

enhance spectrum efficiency and spatial resolution by using a huge antenna array [2]. At the same time, 

mobile edge computing has become a key enabler for distributed intelligence and real-time processing, 

especially in mission-critical and unmanned aerial vehicle (UAV)-assisted sensing applications [3]. Present 

innovations in array design that include coprime and meta surface-assisted MIMO topologies have proved 

significant advancements in localization accuracy and angular resolution [4], [5]. Sparse antenna 
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reconfiguration methods have been introduced to decrease hardware while maintaining good direction-of-

arrival (DOA) estimation performance, which suits them for huge-scale MIMO setups [6]. 

Notwithstanding these inventions, the high computational complexity, susceptibility to noise, and 

decreased performance in low-signal-to-noise ratio (SNR) and correlated-signal conditions make DOA 

estimation difficult and challenging. Algorithms for DOA estimation, utilizing data driven and machine 

learning methodologies, have been explored to address these limitations, achieving enhanced accuracy in 

hybrid and massive MIMO infrastructures [5]. Still, their dependence on large amounts of training data and 

high processing costs makes them unsuitable for situations that change rapidly. Standard signal processing 

techniques, such as co-prime array-based DOA prediction methods, demonstrate reliable performance under 

certain conditions; however, they often lack robustness in real-time environments [7]. In practical situations, 

factors such as non-uniform noise, mutual coupling, and hardware issues make DOA estimation even less 

accurate. Suggested fast sensor array processing techniques aim to reduce computational overhead; however, 

their accuracy is compromised in noisy, snapshot-constrained environments [8]. 

Advanced radar architectures, such as frequency diversity array (FDA)-MIMO systems, have  

been developed to improve target localization by leveraging additional degrees of freedom, making  

reduced-dimension processing, and improving DOA estimation accuracy [9]. Proposed techniques for 

reduced complexity three-dimensional DOA estimate in auditory and electromagnetic sensors seek to 

optimize computing efficiency while keeping spatial resolution [7]. Nonetheless, these techniques frequently 

presuppose optimal noise scenarios and accurate array calibration. Noise-aware DOA estimation has attracted 

considerable demand in recent years. Spectrum-adaptive and colored-noise-resilient estimate methodologies 

have been devised to alleviate the effects of non-uniform noise conditions [10]. A lot of research has shown 

that many classical and modern DOA estimate methods don't work well in mixed-field and non-ideal 

situations, especially in large MIMO systems [11]. Researchers have used distributed MIMO setups and 

rotating array designs to improve accuracy in indoor and fading environments. However, these methods 

increase complexity [12]. Calibration-based techniques can make estimates more accurate, but they require 

precise hardware alignment and more power for processing [13]. 

Integrated sensing and communication (ISAC) systems have strengthened the connection between 

signal design and DOA estimation, highlighting the need for mixed optimization methods [14]. Changing 

antenna setups to estimate signal direction has made MIMO systems more flexible, especially in noisy 

settings. Sparse reconstruction methods use the fact that signals usually come from only a few directions, so 

they can estimate where signals come from with fewer measurements [11]. But traditional sparse solvers do 

not handle noise well and can give wrong results [15], automatically select the most important parts of a 

signal. This helps them perform better in noisy environments [16]. To make systems more robust, researchers 

have developed methods that focus on finding simpler solutions, such as ℓ₀-norm minimization and matrix 

completion. However, these methods often lead to optimization problems that are not convex [17]. 

Recent research has given importance to low complexity prediction techniques and tensor-based 

formulations to increase the accuracy of DOA prediction in massive MIMO and radar systems [18]. 

Techniques that can manage both coherent and uncorrelated sources demonstrate enhanced accuracy but 

encounter scaling challenges in extensive arrays [19]. Some techniques use the system’s layout to find and 

track signal sources in ISAC systems, but they are less effective when there is a lot of noise [20]. Dividing 

the antenna array and steering signals together can improve accuracy, but this also slows down the system 

and makes it more complex [21]. Other methods, such as CUSE-TD, break down signal data in special ways 

and work well even in difficult situations, but they require a lot of computing power [22]. Machine learning-

based MIMO receivers can improve signal direction and accuracy, but they also need significant computing 

resources [23]. Deep learning can help find signal sources in three dimensions, making the system more 

robust in moving vehicles and changing environments, but these methods are still hard to use in real time [24]. 

New signal processing methods for electromagnetic vector sensor (EMVS)-MIMO radar help the system 

handle noise better, but they require complex hardware. Beam space-based channel estimation methods work 

well for millimeter-wave systems, but they can be affected by noise and rounding errors [25]. Optimization 

methods like grey wolf optimization (GWO) are now more important for solving DOA estimation problems. 

Because of this, GWO is a strong option for adjusting hyperparameters when needed. 

Even though there have been big improvements in finding where signals come from, current 

methods still have problems in large MIMO systems. Common algorithms like MUSIC and ESPRIT are 

easily affected by noise, can make mistakes, and do not work as well when signals are similar or when there 

is not much data. Methods that use sparse recovery, like orthogonal matching pursuit (OMP), are more 

accurate, but they do not work as well when there is a lot of noise or when things change quickly. Most 

recent sparse Bayesian learning (SBL) methods focus on making results sparse, but they often do not do 

enough to reduce errors or handle noise. In real 5G and future wireless networks, where speed, noise 

resistance, and accuracy matter, these issues limit their usefulness. Sparse Bayesian least square regression 
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(SBLSR) is a strong option for next-generation wireless systems that need scalable DOA estimation and 

noise handling. It performs well in noisy environments and can be used in tests of large MIMO radar 

systems with both unrelated and related signals. This improves the accuracy of DOA measurements in  

real-world situations. 

The newness of this work lies in the integration of GWO with the SBLSR framework for adaptive 

DOA estimation. Unlike conventional SBL approaches that rely on fixed or heuristically selected 

hyperparameters, the proposed method employs GWO to dynamically optimize the Bayesian 

hyperparameters and regression coefficients, enabling joint sparsity enforcement and residual error 

minimization. This adaptive optimization enhances estimation accuracy, improves robustness under low-SNR 

and ensures stable convergence. Table 1 presents a comparison between the proposed approach and existing 

DOA estimation methods. In addition, the proposed framework maintains computational efficiency by 

avoiding expensive matrix decompositions, adapting to large-scale and real-time DOA estimation uses. 

 

 
Table 1. Comparison of DOA estimation methods 

Method Core principle Optimization 

strategy 

Noise robustness Computational 

complexity 

Key limitation 

MUSIC Subspace-based None Low (sensitive to noise 
and correlation) 

High (𝑂(𝑀3)) Requires eigen-
decomposition 

ESPRIT Subspace-based None Moderate High Requires array structure 

constraints 
OMP Sparse recovery Greedy selection Moderate Moderate Sensitive to noise and 

sparsity level 

SBLSR Bayesian + regression Fixed/heuristic 
parameters 

High Low (𝑂(𝐾𝑀2)) No adaptive optimization 

Proposed GWO-

SBLSR 

Bayesian + regression Adaptive  

(GWO-based) 

Very high Moderate 

(controlled) 

Slight optimization 

overhead 

 
 

2. METHOD  

The proposed method combines GWO and SBLSR to estimate the DOA accurately in challenging 

conditions. It starts by using a wide range of possible signal directions to simplify the received signals 

according to their angles. A Bayesian least squares regression model with Gaussian priors is used to estimate 

sparse source coefficients. Hyperparameters control the effects of sparsity and noise. GWO is used to 

adaptively tune these hyperparameters by minimizing the Bayesian reconstruction error. This makes 

convergence and estimation more accurate. After the optimized sparse coefficients are used to make a spatial 

spectrum, peak detection is used to find DOAs. This hybrid architecture is scalable for huge MIMO 

applications and offers strong performance in poor SNR and limited snapshots. 

 

2.1.  Massive multiple-input multiple-output system model 

Consider 𝑀 antenna elements in a uniform linear array (ULA) deployed at the base station of a 

massive MIMO system [5]. Let 𝐾 ≪ 𝑀 narrowband far-field sources arriving at antenna elements from 

unknown directions as given in (1). 

 
𝜃 = [𝜃1, 𝜃2, … , 𝜃𝐾] (1) 

 

The received signal at the antenna array for the 𝑡𝑡ℎ snapshot is modeled as given in (2). 

 
y(𝑡) = A(𝜃)s(𝑡) + n(𝑡) (2) 

 
Where y(𝑡) ∈ ℂ𝑀×1 is the received signal vector, A(𝜃) = [a(𝜃1), … , a(𝜃𝐾)] ∈ ℂ𝑀×𝐾 is the array manifold 

matrix, s(𝑡) ∈ ℂ𝐾×1 denotes source symbols, n(𝑡) ∼ 𝒞𝒩(0, 𝜎𝑛
2I) is additive white Gaussian noise. 

 
2.2.  Sparse representation framework 

The angular domain is discretized into a fine grid of 𝐺 potential directions as in (3). This yields an 

overcomplete dictionary as in (4). 

 

Θ = {𝜃̃1, 𝜃̃2, … , 𝜃̃𝐺}, 𝐺 ≫ 𝐾 (3) 

 

Φ = [a(𝜃̃1), a(𝜃̃2), … , a(𝜃̃𝐺)] ∈ ℂ𝑀×𝐺 (4) 
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The received signal is reformulated as in (5). 

 

Y = ΦX + N (5) 
 

Where Y ∈ ℂ𝑀×𝑇  is the measurement matrix and X ∈ ℂ𝐺×𝑇  is the sparse signal matrix, 𝑁 ∼ 𝐶𝑁(0, 𝜎𝑛
2 𝐼) 

represents noise. Only 𝐾 rows of X are non-zero, corresponding to the true DOAs [4]. 

 

2.3.  Sparse Bayesian least squares regression model 

In the proposed SBLSR [17] framework, sparsity in the angular domain is enforced by modeling 

each row of the source coefficient matrix X with a zero-mean complex Gaussian prior, as expressed in (6). 

The variance hyperparameters 𝛾𝑔 control the activity of each potential direction, enabling automatic 

relevance determination by promoting sparsity in the solution. The statistical relationship between the 

observed measurements and the sparse coefficients is captured through the Gaussian likelihood function 

given in (7), which assumes additive white Gaussian noise with variance 𝜎𝑛
2.  

 

𝑝(X ∣ 𝛾) = ∏ 𝒞𝒩𝐺
𝑔=1 (x𝑔 ∣ 0, 𝛾𝑔I) (6) 

 

𝑝(Y ∣ X, 𝜎𝑛
2) = 𝒞𝒩(Y ∣ ΦX, 𝜎𝑛

2I) (7) 

 

By applying Bayes’ theorem and minimizing the mean square error, the posterior mean of 𝑋 is 

obtained as (8). By jointly exploiting the prior and likelihood models, the posterior distribution of X is 

derived, and the Bayesian least squares estimator in (9) yields the posterior mean of the sparse coefficients. 

The diagonal matrix Γ, formed by the hyperparameters 𝛾𝑔, adaptively weights the contribution of each 

dictionary atom, leading to accurate and noise-resilient DOA estimation. 

 

𝑝(𝑋 ∣ 𝑌, 𝛾, 𝜎𝑛
2) ∝ 𝑝(𝑌 ∣ 𝑋, 𝜎𝑛

2) 𝑝(𝑋 ∣ 𝛾)  (8) 

 

X̂ = ΓΦ𝐻(ΦΓΦ𝐻+𝜎𝑛
2I)−1Y  (9) 

 

Where 𝑌 ∈ ℂ𝑀×𝑁 denotes the received signal matrix, Φ ∈ ℂ𝑀×𝐺  is the sensing (steering) matrix, 𝑋 ∈ ℂ𝐺×𝑁 

represents the sparse source coefficient matrix, and 𝑁 denotes additive noise. The hyperparameter vector  

𝛾 = [𝛾1, 𝛾2, … , 𝛾𝐺] controls sparsity, and Γ = diag(𝛾). The noise variance is denoted by 𝜎𝑛
2. 

 

2.4.  Grey wolf optimization -based hyperparameter optimization 

To further improve sparsity enforcement and accelerate convergence, GWO is incorporated to 

optimize the Bayesian hyperparameter vector 𝛾, as defined in (10). The optimization procedure is guided by a 

fitness function indicated in (11), that decreases the reconstruction error. The first part of the fitness function 

guarantees that the observed measurements and the reconstructed signals are exactly aligned. 

The next part controls high hyperparameter values to impart sparsity regularization. GWO follows 

the social and predatory character of ey wolves, with the alpha, beta, and delta wolves leading the search 

process [13]. Using repeated position adjustments and encircling strategies, GWO adaptively optimizes the 

hyperparameters, facilitating effective sparsity regulation, enhanced estimation precision, and consistent 

convergence in DOA estimation. In contrast to conventional SBLSR, where hyperparameters are updated 

using fixed or heuristic rules, the proposed method employs GWO to iteratively update the hyperparameter 

vector 𝛾. At each iteration, candidate solutions represent different hyperparameter configurations, and their 

fitness is evaluated using the objective function in (10). Based on the positions of the alpha, beta, and delta 

wolves, the hyperparameters are adaptively updated to minimize reconstruction error, leading to improved 

sparsity and estimation accuracy. 

 

𝛾 = [𝛾1, 𝛾2, … , 𝛾𝐺] (10) 

 

ℱ(𝛾) =∥ Y − ΦX̂ ∥𝐹
2+ 𝜆 ∑ 𝛾𝑔

𝐺

𝑔=1
 (11) 

 

The convergence behavior of the proposed approach is supported by the inherent properties of 

GWO, which balances exploration and exploitation through adaptive coefficient updates. This mechanism 

enables the algorithm to avoid local minima and converge toward a near-optimal solution. Combined with the 

Bayesian regression framework, which ensures stable estimation through prior modeling, the proposed 

GWO-SBLSR exhibits consistent convergence across different noise and snapshot conditions. 
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2.5.  Direction-of-arrival estimation 

Upon acquiring the optimized sparse coefficient estimates, the DOA information is derived by 

formulating a spatial power spectrum from the retrieved coefficients. As shown in (12), the squared ℓ2-norm 

of each estimated coefficient vector linked to the discretized angular grid is used to make the spatial  

spectrum [14]. The peaks in this spectrum show that there are sources of signals. Then, as shown in (13), the 

DOAs are found by finding the angular grid points that are connected to the main spectral peaks. This  

peak-search-based estimation links the sparse reconstruction results directly to the real source directions, so 

there is no need to break down the eigenvalues. 

 

𝑃(𝜃̃𝑔) =∥ x̂𝑔 ∥2
2 (12) 

 

𝜃̂ = arg max
𝜃̃𝑔

𝑃(𝜃̃𝑔) (13) 

 

2.6.  Grey wolf optimization-optimized sparse Bayesian least squares regression  

The GWO-optimized sparse least squares regression method initiates by creating an overcomplete 

steering dictionary using the discretized angular grid and setting the Bayesian hyperparameters and grey wolf 

population as described in Algorithm 1. During each iteration, sparse source coefficients are computed 

utilizing the SBLSR posterior mean formulation. A fitness function combining reconstruction error and 

sparsity regularization is then evaluated for all wolves, and the correct solutions are identified as 𝛼, 𝛽, and 𝛿 

wolves. The hyperparameters are adaptively modified according to the grey wolf leadership hierarchy and 

encircling mechanism to direct the search towards the ideal solution. This iterative step lasts until the 

convergence criterion is achieved. A spatial power spectrum is obtained from the optimized coefficients, and 

the DOA are predicted by finding dominating spectral peaks, resulting in precise and reliable estimates. 

 

Algorithm 1. GWO-optimized SBLSR 
Input Number of antennas 𝑀, number of snapshots 𝑇, angular grid Θ̃, received signal 
matrix Y, steering dictionary Φ, population size 𝑁𝑤, convergence threshold 𝛿, maximum 

iterations 𝑀↑ 

Output Estimated DOAs 𝜃 
Step 1 Start 

Step 2 Construct the overcomplete steering dictionary Φ using the discretized angular 

grid Θ̃ 

Step 3 Initialize Bayesian hyperparameters 𝛾(0) = [𝛾1
(0)

, 𝛾2
(0)

, … , 𝛾𝐺
(0)

] and set iteration counter 𝑙 = 1 
Step 4 Initialize Grey Wolf population (α, β, δ, and ω wolves) with candidate 

hyperparameter vectors 

Step 5 For loop (Repeat until convergence) 

Step 6  Estimate sparse coefficients X̂(𝑙)
using SBLSR: X̂(𝑙) = Γ(𝑙)Φ𝐻(ΦΓ(𝑙)Φ𝐻+𝜎𝑛

2I)
−1

Y 

Step 7  Evaluate fitness function for each wolf: ℱ(𝛾) =∥ Y − ΦX̂(𝑙) ∥𝐹
2 + 𝜆 ∑ 𝛾𝑔

𝐺

𝑔=1
 

Step 8  Identify α, β, and δ wolves based on minimum fitness values 

Step 9  Update hyperparameters 𝛾(𝑙)
using GWO encircling and hunting mechanisms 

Step 10  Check convergence: If ∥ 𝛾(𝑙) − 𝛾(𝑙−1) ∥< 𝛿 or 𝑙 ≥ 𝑀↑, then terminate 

Step 11 Increment iteration counter 𝑙 = 𝑙 + 1and repeat Step 5 

Step 12 Construct spatial spectrum 𝑃(𝜃̃𝑔) =∥ x̂𝑔 ∥2
2 

Step 13 Estimate DOAs by locating dominant peaks in the spatial spectrum 

Step 14 Stop 

 

 

3. RESULTS AND DISCUSSION  

The settings are automatically adjusted using the grey wolf leadership structure and search 

algorithm to identify the optimal solution. The optimized parameters are subsequently used to construct a 

spatial power spectrum, from which the DOAs are determined by identifying the prominent peaks. The DOA 

error is estimated using (14). 

 

𝑅𝑀𝑆𝐸 = √
1

𝑀𝑆
∑ ‖𝜃̂ − θ‖

2𝑀𝑆
𝑖=1  (14) 

 

Where the parameter 𝑀𝑆 refers to the number of Monte Carlo iterations, in this study, θ and 𝜃̂ are the real and 

predicted results of the DOA measurement models, respectively. Table 2 shows the parameters that were 

employed in this simulation investigation. All root mean square error (RMSE) results are averaged over 

multiple Monte Carlo trials (1,000–5,000 runs) to ensure statistical reliability. The proposed method has also 
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been evaluated under coherent signal conditions, where it maintains stable performance compared to 

benchmark techniques. 

 

 

Table 2. Parameters for the simulation 
Parameter Specification 

Tool used for simulation MATLAB 2019 

Proposed model Proposed model 
Benchmark models Benchmark models 

Antenna array configuration ULA 

Number of elements 8 to 16 elements 
Spacing between elements λ/2 

Number of sources 2 to 4 

SNR range −10 dB to 10 dB 
Number of snapshots 50 to 200 

Noise model Additive white Gaussian noise (AWGN) 

Types of signals Coherent and uncorrelated signals 
Optimization technique GWO 

GWO population size 20 to 30 wolves 

GWO iterations 50 to 100 

𝑀𝑐  1,000-5,000 

Evaluation parameter RMSE 

 

 

3.1.  Montecarlo iteration varied from 1,000 to 5,000 

Figure 1 illustrates the RMSE performance as a parameter of the number of elements for different 

DOA estimation techniques, including the proposed GWO-SBLSR, conventional SBLSR, CUSE-TD [20], 

H2AD [23], and theoretical CRLB. Two simulation scenarios are considered: Monte Carlo (Mc) size of 1,000 

as in Figure 1(a) and Monte Carlo (Mc) size of 5,000 as in Figure 1(b). In both cases, an overall reduction in 

RMSE is indicated as the sensor number increases, owing to the improved spatial resolution and enhanced 

array aperture. The consistent performance trends across different SNR levels, sensor configurations, and 

Monte Carlo trials.  

 

 

  
(a) (b) 

 

Figure 1. RMSE in relation to the number of antennas across different methods for: (a) Mc size of 1,000  

(b) Mc size of 5,000 

 

 

For Mc size of 1,000, the proposed GWO-SBLSR exhibits lower RMSE compared to the benchmark 

techniques across all sensor configurations, demonstrating improved robustness under limited statistical 

averaging. When the Mc size is raised to 5,000, all techniques yield more stable RMSE values due to 

increased statistical reliability. But the GWO-SBLSR still outperforms and is very close to the CRLB. The 

smaller RMSE gap in the higher Mc scenario shows how stable and efficient the optimized SBLSR 

framework is at converging. These findings indicate that the proposed technique works better for predicting 

DOA and can handle more sensors, even when the Monto Carlo conditions vary. 

 

3.2.  Variation in signal-to-noise ratio values 

For alternative DOA estimation algorithms, Figure 2 shows the RMSE at different SNR values 

between 10 dB and -10 dB. The RMSE corresponding to each SNR level is presented in Figures 2(a) to 2(e). 

Improved signal quality and higher spatial resolution with more sensors result in lower RMSE for all 

approaches at higher SNR levels (10 dB and 5 dB). Notwithstanding, the proposed GWO-SBLSR exhibits 
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nearly flawless estimation performance, consistently obtaining the lowest RMSE across all sensor 

combinations and maintaining a close proximity to the CRLB. However, the RMSE of standard SBLSR is 

higher, and the performance of CUSE-TD [20] and H2AD [23]differs substantially, particularly for smaller 

sensor arrays. As the SNR decreases to 0 dB, -5 dB, and -10 dB, noise becomes more noticeable, which 

raises the RMSE for all methods. In these hard-to-hear situations, the performance difference between the 

suggested GWO-SBLSR and benchmark techniques is quite noticeable. The improved SBLSR effectively 

manages noise, maintaining low and stable RMSE values across different sensor counts. GWO-based tuning 

enables robust performance even in challenging signal transmission environments. 

 

 

  
(a) (b) 

  

  
(c) (d) 

 

 
(e) 

 

Figure 2. RMSE in relation to the number of sensors across different techniques at: (a) SNR=10 dB,  

(b) SNR=5 dB, (c) SNR=0 dB, (d) SNR=-5 dB, and (e) SNR=-10 dB 

 

 

3.3.  Discussion 

Table 3 compares the RMSE values of the proposed GWO-SBLSR with existing techniques  

CUSE-TD [20], H2AD [23], and the SBLSR [17] SNR values varied from -10 dB to 10 dB. As SNR 

increased from -10 dB to 10 dB, all methods show a considerable reduction in RMSE, reflecting improved 

prediction in favorable noise conditions. The observed RMSE values exhibit low variation across trials, 

indicating stable convergence behavior. 

At low SNR values -10 dB and -5 dB, where the noise power is severely dominating signal power, 

the proposed technique indicates clear RMSE reduction compared to existing methods. This shows that 

GWO-based hyperparameter optimization is effective at reducing errors caused by noise, as shown in Figure 3. 

The optimized SBLSR keeps beating other methods at moderate and high SNR levels and comes very close 

to the theoretical performance limits. The RMSE comparison graph that goes with this shows the same trend 

and clearly shows that the suggested GWO-SBLSR works better over the whole SNR range. These results 
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confirm that the updated SBLSR framework provides a dependable and noise-resistant way to estimate DOA 

for large MIMO applications. 

 

 

Table 3. Comparing RMSE with current methods 
SNR  

(in dB) 

RMSE in CUSE-TD [20] 

(in deg) 

RMSE in H2AD [23] 

(in deg) 

RMSE in SBLSR [17] 

(in deg) 

RMSE in GWO SBLSR [Proposed] 

(in deg) 

-10 2.01 1.77  1.47 1.4 

-5 1.86 1.72 1.22 1.02 
0 1.52 1.34 0.82 0.72 

5 1.33 1.21 0.65 0.62 

10  0.76 0.86 0.57 0.42 

 

 

 
 

Figure 3. RMSE versus SNR performance comparison 

 

 

4. CONCLUSION  

This study presents an improved SBLSR framework for DOA estimation in extensive MIMO 

systems. The proposed approach employs GWO to dynamically optimize Bayesian hyperparameters and 

regression coefficients within the SBLSR model. This makes it possible to effectively enforce sparsity and 

reduce residual error even when the level of noise changes. This integration makes the estimates more stable 

and accurate while still keeping the structure easy to compute. Simulation results show that the proposed 

GWO-SBLSR always has a lower RMSE than traditional SBLSR and other DOA estimating algorithms, no 

matter what SNR level, sensor setup, or Monte Carlo trial is used. When it comes to both coherent and 

uncorrelated signals, the method works very well and gets results that are close to the Cramér–Rao lower 

bound (CRLB). The study of computational complexity indicates that enhanced estimation performance is 

associated with a minimal increase in runtime. These results show that the proposed improved SBLSR 

framework is a viable and scalable solution for practical applications of massive MIMO and MIMO radar. 

Future efforts may expand the framework to include wideband signal models and ISAC systems. The 

practical applicability of the proposed GWO-SBLSR framework extends to real-world massive MIMO 

systems in 5G and beyond (B5G) wireless communications, where accurate DOA estimation is essential for 

beamforming and user localization. The computational structure of the proposed method, which avoids 

expensive matrix decomposition operations, makes it suitable for scalable implementation in systems with a 

large number of antenna elements. In addition, the robustness of the method under low-SNR and  

snapshot-limited conditions enhance its suitability for dynamic wireless environments. Furthermore, the 

proposed framework can be effectively integrated into emerging ISAC systems, where joint radar sensing 

and communication functionalities require reliable direction estimation. The adaptive hyperparameter 

optimization enabled by GWO supports real-time operation and improves estimation stability, making the 

approach promising for practical deployment in next-generation wireless and radar platforms. 
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