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Abstract: This paper presents a comparative analysis of two Generalized Block Orthogonal Matching 
Pursuit (G-BOMP) techniques for recovering block sparse signals in noisy compressive sensing 
environments. While the conventional G-BOMP relies on maximum correlation for block selection, 
the proposed method integrates QR decomposition to enhance numerical stability and prevent 
redundant block selection. Through extensive MATLAB simulations, the improved G-BOMP with 
QR decomposition demonstrates a 31.31% higher noise reduction compared to the standard 
approach, achieving a recovery error reduction of 67.90% versus 36.59% under identical conditions. 
Complexity analysis reveals comparable computational costs, but the QR-based method exhibits 
superior robustness in ill-conditioned measurement matrices. The results underscore the efficacy of 
QR decomposition in mitigating noise propagation and improving reconstruction accuracy, 
particularly in high-noise scenarios. 

Keywords: block sparse signals; compressive sensing; QR decomposition; noise reduction; 
orthogonal matching pursuit 
 

1. Introduction 

Block sparse signal recovery has emerged as a critical challenge in compressive sensing (CS), 
with applications ranging from medical imaging to wireless communications [1]. Traditional CS 
methods, such as Orthogonal Matching Pursuit (OMP) [2], struggle with block-structured sparsity 
due to their atom-by-atom selection strategy. Generalized Block OMP (G-BOMP) addresses this by 
selecting entire blocks, leveraging structural sparsity to improve recovery [3]. However, conventional 
G-BOMP suffers from numerical instability and redundant block selection in noisy environments [4]. 
Recent advancements integrate matrix factorization techniques, such as QR decomposition, to 
stabilize coefficient estimation [5]. While existing works like [6] employ QR for single-block recovery, 
its application to generalized block sparsity remains underexplored. Early works like Block OMP 
(BOMP) [7] extended OMP to block sparsity but lacked robustness to measurement noise. Chen et al. 
[8] introduced adaptive block size estimation, while Needell et al. [9] developed theoretical 
guarantees for block RIP conditions. Wu et al. [10] demonstrated QR decomposition’s role in 
mitigating ill-conditioning, inspiring our integration into G-BOMP. 

Despite progress, challenges persist in high-noise regimes and dynamic sparsity patterns [11]. 
Hybrid approaches combining machine learning and CS [12] show promise but require further 
exploration. Palangi et al. [13] proposed a convolutional neural network (CNN)-BOMP hybrid that 
automates block size estimation, achieving a 40% reduction in recovery error for image signals. 
Similarly, Zhang et al. [14] designed a reinforcement learning agent to dynamically prioritize block 
selection, outperforming conventional G-BOMP in 5G channel estimation tasks. For non-stationary 
signals, Nguyen et al. [15] introduced a transformer-based architecture that jointly optimizes 
measurement matrices and recovery, demonstrating robustness to adversarial noise. Beyond QR 
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decomposition, singular value decomposition (SVD) has been leveraged to address ill-conditioned 
matrices. Wu et al. [16] developed a truncated SVD-BOMP variant that discards unstable singular 
vectors, reducing reconstruction MSE by 25% in MRI applications. Karami et al. [17] combined LU 
factorization with iterative reweighting to enhance stability in underdetermined systems. 
Comparative analyses by Gupta et al. [18] showed that QR-based methods outperform Cholesky 
decomposition in FPGA implementations due to lower numerical error propagation. Chen et al. [19] 
proposed a Kalman-filter-integrated G-BOMP that updates support sets recursively, achieving real-
time radar signal recovery with 95% accuracy. 

For IoT sensor networks, Al-Jawad et al. [20] designed a distributed G-BOMP framework where 
nodes collaboratively estimate shared sparsity patterns, reducing communication overhead by 60%. 
Liang et al. [21] implemented a pipelined QR-G-BOMP on Xilinx Zynq, achieving 2.1 Gbps 
throughput for millimeter-wave communications. In contrast, Park et al. [22] optimized memory 
access patterns for GPU-based BOMP, attaining 12× speedup over CPU implementations in video 
compressive sensing. Mishra et al. [23] derived block-RIP bounds for heavy-tailed measurement 
matrices, enabling recovery with non-Gaussian sampling. For structured dictionaries, Bahmani et al. 
[24] proved linear convergence rates for G-BOMP when blocks exhibit tree-sparse correlations. Guo 
et al. [25] customized G-BOMP for accelerated MRI by incorporating anatomical priors, reducing scan 
times by 50%. Rahman et al. [26] applied quantized G-BOMP to massive MIMO channel estimation, 
achieving 4.8 dB lower NMSE than LASSO-based methods. Awan et al. [27] developed an energy-
efficient BOMP variant for wearable EEG sensors, cutting power consumption by 33%. Singh et al. 
[28] integrated wavelet denoising into G-BOMP’s residual update, enhancing recovery SNR by 8 dB 
in underwater acoustic signals. 

For impulsive noise, Zhou et al. [29] replaced ℓ2-norm minimization with Huber loss, improving 
robustness by 35% in automotive radar systems. Tavakoli et al. [30] combined G-BOMP with 
subspace pursuit for multi-stage recovery, reducing runtime by 40% in large-scale SAR imaging. 
Conversely, Li et al. [31] fused G-BOMP with Bayesian learning to quantify uncertainty in coefficient 
estimates, critical for medical diagnostics. While prior studies have advanced numerical stability [16–
18] and noise resilience [28,29], none systematically integrate QR decomposition with block 
independence checks to mitigate both redundancy and ill-conditioning. This paper bridges this gap 
by proposing a QR-augmented G-BOMP algorithm that enforces linear independence among selected 
blocks, reducing noise amplification. 

2. Materials and Methods 

2.1. System Model 

Consider a block sparse signal 𝒙 ∈ ℝ𝑵represented as: 
x = ∑ b୩

୏
୩ୀଵ  (1) 

Where 𝐛𝐤represents the k-th block of non-zero coefficients, each of size b. This signal can be observed 
through a linear transformation as: 

𝐲 = 𝐀𝐱 + 𝐧 (2) 
Where 𝐀 ∈ ℝ𝐌∗𝐍 denotes the measurement matrix, and n stands for Additive White Gaussian Noise 
(AWGN) with variance of 𝝈𝟐 

Thus, it is possible to assess the performance of the G-BOMPS methods using the recovery error 
expression in equation 3. 

Recover 𝐞𝐫𝐫𝐨𝐫‖𝐱 − 𝐱ො‖𝟐 (3) 
Where x ̂ represent the estimated signal. Therefore, it is theoretically possible to provide recovery 
guarantees under certain conditions, such as the measurement matrix A’s mutual coherence. 

2.2. Methodology 

The two G-BOMP methods are implemented using the two algorithms: 
Algorithm 1: Standard G-OMP 
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Algorithm 2: Proposed improved G-OMP with Q.R. Decomposition 

 

2.3. Computational Complexity 

The computation complexity of each method is crucial in understanding their efficiency. 
Complexity analysis helps determine how the algorithms will perform as the size of the input data 
increases, which is particularly important in real-time applications. Both methods have the same 
complexity for correlation calculation, which is given by O(M.K) as demonstrated in Table 1, and the 
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coefficient estimation for both methods is also similar. Still, the improved G-BOMP may provide 
better numerical stability in practice due to the Q.R. decomposition. 

Table 1. Computational comparison between standard G-BOMP and Improved G_BOMP with Q.R. 
decomposition. 

 

3. Results 

The ability of the standard G-BOMP to cancel out noise and recover the original signal to its 
initial state is shown in Figure1. The following parameters used to simulate were fixed to N = 128, M 
= 512, K =  4, block size = 16, and SNR_dB = 0. Each parameter represents N- Signal length, M- 
Number of measurements, K- Number of non-zero blocks, block size- Size of each block, SNR_dB- 
Signal-to-noise ratio in dB. 

 
Figure 1. 

Figure 2 shows the ability of the improved G-BOMP with Q.R. decomposition to cancel out 
noise and return the original signal to its initial state. The same parameters used in the previous 
example were fixed and simulated. 
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Figure 2. 

Using the same parameters, the improvement made by the improved G-BOMP with Q.R. 
decomposition is shown in Figure 3, where the G-BOMP with Q.R. decomposition has managed to 
cancel the noise by 67.90%. In comparison, the standard G-BOMP has just canceled 36.59%. 
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Figure 3. 

By analyzing the Bit Error Rate (BER) under different settings, Figures 4a, 4b, and 4c show how 
these techniques may recover the original signal. While Figure 4b illustrates how these techniques 
function in a changing environment, Figure 4a displays the BER when all parameters are constant. 
The signal length can impact Each of these techniques, as shown in Figure 4c. The G-BOMP approach 
with Q.R. decomposition is a good option for recovery jobs since it performs well in all circumstances. 

   
Figure 1a 

Figure 2b Figure 3c 

Figure 4. 
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6. Conclusion 

This study shows how the G-BOMP method can be improved by using Q.R. decomposition and 
linear independence checks, which result in a more stable solution that is less susceptible to 
measurement errors and noise. The suggested method optimizes the information gleaned from the 
measurements by eliminating repetitive block selection, which enables improved signal recovery. 
Because the method can now efficiently identify and use the blocks that make the most significant 
contributions to the signal reconstruction, performance is improved even in noisy environments. The 
proposed method shows promise for future applications in block sparse signal recovery. Future work 
may focus on refining the algorithm using cutting-edge technologies such as Machine Learning and 
exploring its applications in real-world scenarios. 
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