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Abstract 

This paper presents an efficient image reconstruction method based on Compressive Sensing (CS) theory, leveraging the level-

3 Reverse Biorthogonal 4.4 (rbio4.4) discrete wavelet transform in combination with three reconstruction algorithms: Subspace 

Pursuit (SP), Compressive Sampling Matched Pursuit (CoSaMP), and the Analytic Learned Iterative Shrinkage Thresholding 

Algorithm (ALISTA). The approach exploits the sparsity of images in a suitable wavelet basis, enabling compressed 

acquisition from a reduced number of random linear measurements. The process consists of four stages: (1) decomposition of 

the original image using the rbio4.4 wavelet transform to obtain sparse coefficients, (2) compressed sampling via a random 

measurement matrix, (3) reconstruction of the sparse signal using SP, CoSaMP, or ALISTA, and (4) final image reconstruction 

through the inverse wavelet transform. Experimental evaluation was conducted on the classic Lena image (200 × 200 pixels), 

comparing the three algorithms in terms of reconstruction quality measured by the Structural Similarity Index (SSIM) and 

computational cost (reconstruction time in minutes) across sampling rates ranging from 10% to 60%. Results show that all 

three algorithms achieve nearly identical reconstruction quality (virtually indistinguishable SSIM values at each sampling rate), 

confirming their effectiveness within the CS. However, ALISTA stands out significantly due to its exceptional speed, 

exhibiting substantially lower reconstruction times thanks to its learned nature, which replaces iterative procedures with fixed, 

optimized operations. In contrast, CoSaMP demonstrates higher and sometimes unpredictable computational times depending 

on the sampling rate. These findings highlight ALISTA’s strong potential for real-time or embedded applications. 

Keywords 
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1. Introduction 

Reconstructing images from a limited number of meas-

urements poses a significant challenge in various domains, 

including medical imaging, remote sensing, and embedded 

systems. Compressive sensing (CS) addresses this issue by 
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leveraging the sparsity of signals in suitable bases, such as 

wavelets [1]. In this work, we propose an image reconstruc-

tion approach that employs the level-3 reverse biorthogonal 

4.4 (rbior4.4) wavelet transform in conjunction with three 

reconstruction algorithms: Subspace Pursuit (SP), Compres-

sive Sampling Matched Pursuit (CoSaMP), and ALISTA. 

The objective is to assess their performance in terms of re-

construction quality quantified using SSIM and computa-

tional cost, across sampling rates varying from 10% to 60%. 

By comparing these algorithms under identical experimental 

conditions using the standard Lena image, this study seeks to 

identify the most efficient approach for practical CS applica-

tions where both fidelity and speed are critical [2]. 

2. Principle of Compressive sensing 

Applied to an Image 

2.1. Discrete Wavelet Transform Phase 

During this phase, the original image 𝐼  of dimension 

𝑃 × 𝑄 is processed by the following operations [3, 4] 

𝑓𝑜𝑟 𝑗 ← 1 𝑡𝑜 3  

𝐼(𝑗) ← (↓2,𝑐𝑜𝑙 ((↓2,𝑟𝑜𝑤 (𝐼(𝑗−1) ∗𝑟𝑜𝑤 ℎ)) ∗𝑐𝑜𝑙 ℎ)) 

𝑐𝐻𝑗 ← (↓2,𝑐𝑜𝑙 ((↓2,𝑟𝑜𝑤 (𝐼(𝑗−1) ∗𝑟𝑜𝑤 ℎ)) ∗𝑐𝑜𝑙 𝑔)) 

𝑐𝑉𝑗 ← (↓2,𝑐𝑜𝑙 ((↓2,𝑟𝑜𝑤 (𝐼(𝑗−1) ∗𝑟𝑜𝑤 𝑔)) ∗𝑐𝑜𝑙 ℎ)) 

𝑐𝐷𝑗 ← (↓2,𝑐𝑜𝑙 ((↓2,𝑟𝑜𝑤 (𝐼(𝑗−1) ∗𝑟𝑜𝑤 𝑔)) ∗𝑐𝑜𝑙 𝑔)) 

𝑒𝑛𝑑𝐹𝑜𝑟  

𝐶 ←
[𝑣𝑒𝑐(𝐼(3)), 𝑣𝑒𝑐(𝑐𝐻3), 𝑣𝑒𝑐(𝑐𝑉3), 𝑣𝑒𝑐(𝑐𝐷3), 𝑣𝑒𝑐(𝑐𝐻2),

𝑣𝑒𝑐(𝑐𝑉2), 𝑣𝑒𝑐(𝑐𝐷2),… , 𝑣𝑒𝑐(𝑐𝐷1)]

𝑇

  

𝑆 ← [𝑠𝑖𝑧𝑒(𝐼(3)), 𝑠𝑖𝑧𝑒(𝑐𝐻3), 𝑠𝑖𝑧𝑒(𝑐𝐻2), 𝑠𝑖𝑧𝑒(𝑐𝐻1), 𝑠𝑖𝑧𝑒(𝐼)]𝑇  

Where: 

1) 𝐼(𝑗)  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing the image approximation at level 𝑗 

2) 𝐼(0) = 𝐼 

3) ℎ is an 10 × 1 vector representing the coefficients of 

the Reverse Biorthogonal 4.4 wavelet and is defined by 

the following formula: 

ℎ =

[
 
 
 
 
 
 
 
 

0
0

−0.0645
−0.0407
0.41810
0.78850
0.41810
−0.0407
−0.0645

0 ]
 
 
 
 
 
 
 
 

                  (1) 

𝑔 is an 10 × 1 vector defined by the following formula: 

𝑔 =

[
 
 
 
 
 
 
 
 
−0.0378
−0.0238
0.11060
0.37740
−0.8527
0.37740
0.11060
−0.0238
−0.0378

0 ]
 
 
 
 
 
 
 
 

                  (2) 

1) 𝑐𝐻𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing horizontal detail coefficients at level 𝑗 

2) 𝑐𝑉𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing vertical detail coefficients at level 𝑗 

3) 𝑐𝐷𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing the diagonal detail coefficients at level 𝑗 

4) 𝐶 is a column vector concatenating all the coefficients 

5) 𝑆  is a 5 × 2  matrix representing the details of sub-

bands 

6) ∗𝑟𝑜𝑤 denotes the convolution product along the rows 

7) ∗𝑐𝑜𝑙  denotes the convolution product along the col-

umns 

8) ↓2,𝑟𝑜𝑤 denotes the horizontal sub-sampling operation 

9) ↓2,𝑐𝑜𝑙  denotes the vertical sub-sampling operation 

10) 𝑣𝑒𝑐( ) denotes the column-wise vectorization operator 

11) 𝑠𝑖𝑧𝑒( ) returns the dimensions of the matrix 

2.2. Acquisition or Measurement Phase 

During this phase, the signal represented by a column vec-

tor 𝐶 of size 𝑁 × 1 is recorded in a compressed form in a 

measurement vector represented by a column vector 𝑦  of 

size 𝑀 × 1, using the following formula [5] 

𝑦 = 𝐴𝐶                    (3) 

Where: 

𝐴 is a rectangular matrix of size 𝑀 × 𝑁 , known as the 

measurement matrix (𝑀 < 𝑁) 

2.3. Reconstruction Phase 

During this phase, the goal is to find the vector 𝐶 that sat-

http://www.sciencepg.com/journal/cssp
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isfies Equation (3). Since 𝐴 is a rectangular matrix of size 

𝑀 × 𝑁  with 𝑀 <  𝑁 , there exists an infinite number of 

vectors 𝐶 that satisfy the equation (3). However, assuming 

that 𝐶 is sparse, the problem becomes finding the solution to 

the following minimization [6, 7] 

𝐶̂ = 𝑎𝑟𝑔 𝑚𝑖𝑛‖𝐶‖1  subject to  𝑦 = 𝐴𝐶      (4) 

2.4. Inverse Discrete Wavelet Transform Phase 

During this phase, the original image 𝐼  of dimension 

𝑃 × 𝑄 is reconstructed from the vector 𝐶̂ and the matrix 𝑆 

using the following operations [8, 9] 

𝑓𝑜𝑟 𝑗 ← 3 𝑡𝑜 1 

𝐼(𝑗−1) ← (↑2,𝑐𝑜𝑙 ((↑2,𝑟𝑜𝑤 (𝐼(𝑗) ∗𝑐𝑜𝑙 ℎ)) ∗𝑐𝑜𝑙 ℎ))  

+(↑2,𝑐𝑜𝑙 ((↑2,𝑟𝑜𝑤 (𝑐𝐻𝑗 ∗𝑐𝑜𝑙 𝑔)) ∗𝑐𝑜𝑙 ℎ))  

+(↑2,𝑐𝑜𝑙 ((↑2,𝑟𝑜𝑤 (𝑐𝑉𝑗 ∗𝑐𝑜𝑙 ℎ)) ∗𝑐𝑜𝑙 𝑔))  

+(↑2,𝑐𝑜𝑙 ((↑2,𝑟𝑜𝑤 (𝑐𝐷𝑗 ∗𝑐𝑜𝑙 𝑔)) ∗𝑐𝑜𝑙 𝑔))  

𝑒𝑛𝑑𝐹𝑜𝑟 

𝐼𝑟𝑒𝑐 ← 𝐼(0) 

Where: 

1) 𝐼(𝑗)  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing the image approximation at level 𝑗 

2) ℎ is an 10 × 1 vector representing the coefficients of 

the Reverse Biorthogonal 4.4 wavelet and is defined 

by the formula (1) 

3) 𝑔 is an 10 × 1 vector defined by the formula (2) 

4) 𝑐𝐻𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing horizontal detail coefficients at level 𝑗 

5) 𝑐𝑉𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing vertical detail coefficients at level 𝑗 

6) 𝑐𝐷𝑗  is a matrix of approximately 
𝑃

2𝑗 ×
𝑄

2𝑗  dimensions 

representing the diagonal detail coefficients at level 𝑗 

7) 𝐶̂ is a column vector concatenating all the coefficients 

8) 𝑆  is a 5 × 2  matrix representing the details of sub-

bands 

9) ∗𝑟𝑜𝑤 denotes the convolution product along the rows 

10) ∗𝑐𝑜𝑙  denotes the convolution product along the col-

umns 

11) ↑2,𝑟𝑜𝑤 denotes the horizontal over-sampling operation 

12) ↑2,𝑐𝑜𝑙  denotes the vertical over-sampling operation 

13) 𝐼𝑟𝑒𝑐  denotes the reconstructed image. 

3. Metric for Evaluating Reconstruction 

Quality 

3.1. Mean Squared Error (MSE) 

The following provides its definition [10, 11] 

𝑀𝑆𝐸 =
1

𝑃×𝑄
∑ ∑ (𝐼𝑖𝑗 −  𝐼 ̂𝑖𝑗)

2𝑄−1
𝑗=0

𝑃−1
𝑖=0       (5) 

Where: 

1) 𝑀𝑆𝐸 denotes the Mean Squared Error 

2) 𝑃 denotes the number of rows of the image 

3) 𝑄 denotes the number of colomuns of the image 

4) 𝐼𝑖𝑗  denotes the pixel value at position (𝑖, 𝑗) in the orig-

inal image 

5)  𝐼 ̂𝑖𝑗 denotes the pixel value at position (𝑖, 𝑗) in the re-

constructed image 

3.2. Peak Signal-to-Noise Ratio (PSNR) 

The following provides its definition [12, 13] 

𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔10 (
65025

𝑀𝑆𝐸
)           (6) 

Where: 

1) 𝑃𝑆𝑁𝑅 denotes the Peak Signal-to-Noise Ratio 

2) 𝑀𝑆𝐸 denotes the Mean Squared Error 

3.3. Structural Similarity Index (SSIM) 

The following provides its definition [14, 15] 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦+𝐶1)(2𝜎𝑥𝑦+𝐶2)

(𝜇𝑥
2+𝜇𝑦

2+𝐶1)(𝜎𝑥
2+𝜎𝑦

2+𝐶2)
       (7) 

Where: 

1) 𝑆𝑆𝐼𝑀 denotes the Structural Similarity Index 

2) 𝜇𝑥 denotes the mean intensity value of image 𝑥 

3) 𝜇𝑦 denotes the mean intensity value of image 𝑦 

4) 𝜎𝑥 denotes the variance of image 𝑥 

5) 𝜎𝑦 denotes the variance of image 𝑦 

6) 𝜎𝑥𝑦 denotes the covariance between 𝑥 and 𝑦 

7) 𝐶1 = (𝐾1𝐿)2 

8) 𝐶2 = (𝐾2𝐿)2 

9) 𝐿 denotes the dynamic range of pixel values 

10) 𝐾1 = 0.01 

11) 𝐾2 = 0.03 
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4. Comparison of the Original and 

Reconstructed Images 

In this section, the following points are specified: 

1) The measurement matrix 𝐴  of size 𝑀 × 40000  is 

constructed by randomly selecting 𝑀  rows from the 

identity matrix of size 40000 × 40000. 

2) 𝑀 is expressed as a percentage (0% corresponds to 0 

rows, while 100% corresponds to 40000 rows). 

3) The resolution of Equation (4) is carried out using 

CoSaMP, SP et ALISTA algorithm 

4) The Mean Squared Error (MSE) is computed using 

Equation (5) 

5) The Peak Signal-to-Noise Ratio (PSNR) is computed 

using Equation (6) 

6) The Structural Similarity Index (SSIM) is computed us-

ing Equation (7) 

7) Processed image: Lena excerpted from the original 

publication: A. K. Jain, Fundamentals of Digital Image 

Processing, Prentice-Hall, 1989, p. 400. Original source: 

photograph from Playboy magazine, November 1972. 

Used here for non-commercial educational and research 

purposes. 

 
Figure 1. Processed image. 

1) Image size: 200×200 pixels 

2) Programming environment: MATLAB 2023 

3) Hardware specifications: CPU: Intel(R) Core i7-9750H, 

GPU: NVIDIA GetForce RTX 2060, RAM: 16Go 

Table 1 presents the images reconstructed by the CoSaMP, 

SP, and ALISTA algorithms for sampling rates ranging from 

10% to 60%. 

Table 1. Images reconstructed. 

M (%) CosAmp SP ALISTA 

10 

 

SSIM: 0.764 

Time (min): 1.617 

 

SSIM: 0.764 

Time (min): 0.6236 

 

SSIM: 0.764 

Time (min): 0.053 

20 

 

SSIM: 0.8684 

Time (min): 5.69 

 

SSIM: 0.8684 

Time (min): 2.55 

 

SSIM: 0.8683 

Time (min): 0.098 

http://www.sciencepg.com/journal/cssp
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M (%) CosAmp SP ALISTA 

30 

 

SSIM: 0.9357 

Time (min): 22.34 

 

SSIM: 0.9357 

Time (min): 3.32 

 

SSIM: 0.9356 

Time (min): 0.38 

40 

 

SSIM: 0.9421 

Time (min): 36.03 

 

SSIM: 0.9421 

Time (min): 4.93 

 

SSIM: 0.9420 

Time (min): 0.44 

50 

 

SSIM: 0.9469 

Time (min): 21.32 

 

SSIM: 0.9469 

Time (min): 6.4646 

 

SSIM: 0.9468 

Time (min): 6.69 

60 

 

SSIM: 0.9569 

Time (min): 27.81 

 

SSIM: 0.9569 

Time (min): 8.7055 

 

SSIM: 0.9569 

Time (min): 8.14 

The results obtained are summarized in Table 2. 

 

http://www.sciencepg.com/journal/cssp
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Table 2. Summary of the results. 

𝑴(%) 

SSIM Reconstruction Time 

CoSaMP SP ALISTA CoSaMP SP ALISTA 

10% 0.764 0.764 0.764 1.617 0.6236 0.053 

20% 0.86846 0.86846 0.8683 5.6993 2.5555 0.098 

30% 0.93574 0.93574 0.9356 22.34 3.3232 0.38 

40% 0.94216 0.94216 0.94209 36.03 4.9337 0.448 

50% 0.9469 0.9469 0.9468 21.32 6.4646 6.69 

60% 0.9569 0.9569 0.9569 27.81 8.7055 8.14 

 

5. Conclusion 

This study proposes an efficient compressed sensing ap-

proach for image reconstruction. It exploits the Reverse 

Biorthogonal 4.4 (rbior4.4) discrete wavelet transform to 

obtain a sparse image representation and reconstructs the 

images from a limited number of measurements using the 

CoSaMP, SP, and ALISTA algorithms. The method’s perfor-

mance was assessed in terms of both reconstruction quality 

and computational cost across various subsampling rates. A 

summary of the results is presented in Figures 2 and 3 below.

 
Figure 2. SSIM vs% of measurements. 

http://www.sciencepg.com/journal/cssp
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Figure 3. Reconstruction time vs% of measurements. 

From Figure 2, we deduce that the three algorithms 

CoSaMP (red), SP (green), and ALISTA (blue) produce 

reconstructions whose SSIM quality increases with the 

measurement rate, which is fully consistent with compres-

sive sensing (CS) theory: the more measurements are ac-

quired, the better the reconstruction. Across all values of 𝑀, 

the curves for the three algorithms are either overlapping or 

very close, indicating that they achieve comparable perfor-

mance in terms of structural fidelity. Notably, ALISTA 

despite being a learned algorithm does not exhibit any sig-

nificant degradation compared to classical iterative meth-

ods (CoSaMP, SP). The slope of the curves is particularly 

steep between 10% and 30% of measurements and then 

flattens, reflecting the well-known reconstruction threshold 

phenomenon in CS. 

Figure 3 compares the computational efficiency of the 

three algorithms by plotting reconstruction time (in 

minutes) as a function of the sampling rate. ALISTA (blue) 

is consistently the fastest, with reconstruction times below 

9 minutes even at 60% measurements, whereas CoSaMP 

(red) exhibits substantially higher runtimes, peaking at 36 

minutes for 𝑀 = 40%. SP (green) lies between the two, 

showing moderate computational cost. ALISTA’s excep-

tional speed is expected, as it is a learned algorithm in 

which iterative operations are replaced by fixed, data-

driven layers optimized during training, thereby drastical-

ly reducing the number of required iterations. In contrast, 

CoSaMP appears to suffer from a suboptimal implementa-

tion or practical behavior particularly around 𝑀 = 40%, 

where runtime sharply increases. This may be due to a 

high number of iterations required for convergence com-

bined with the computational overhead of support-set 

updates. SP, meanwhile, maintains a moderately linear 

increase in runtime, reflecting its algorithmic simplicity. 

These results highlight that ALISTA provides a massive 

speedup without sacrificing reconstruction quality, mak-

ing it an ideal candidate for real-time or embedded appli-

cations. 

A promising avenue to enhance both computational effi-

ciency and sparsity in compressive sensing image representa-

tion would be to substitute the conventional Discrete Wave-

let Transform (DWT) employed here with the Lifting Wave-

let Transform (LWT). Unlike DWT, LWT supports in-place 

computation without requiring explicit convolution opera-

tions, thereby substantially lowering both memory footprint 

and computational complexity. 

http://www.sciencepg.com/journal/cssp
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