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Abstract 

This work proposes an efficient image reconstruction method based on compressive sensing (CS), combining the level-3 

Symlet 4 (sym4) discrete wavelet transform with three iterative reconstruction algorithms: Subspace Pursuit (SP), Compressive 

Sampling Matched Pursuit (CoSaMP), and Analytic Learned Iterative Shrinkage Thresholding Algorithm (ALISTA). The 

approach follows four key steps: (1) decomposing the original image via the sym4 wavelet transform to obtain a sparse 

representation, (2) performing compressed sampling using a random measurement matrix, (3) reconstructing the sparse signal 

from the reduced measurements using one of the three optimization algorithms, and (4) recovering the final image through the 

inverse wavelet transform. Experimental evaluation uses the standard Lena image (200 × 200 pixels) and compares the 

performance of the three algorithms according to two criteria: reconstruction quality (measured by SSIM) and computational 

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

achieve very similar SSIM scores (up to >0.96 at 60%), indicating high structural fidelity regardless of the algorithm chosen. 

However, ALISTA stands out significantly for its temporal efficiency, particularly at low sampling rates (<0.1 minute at 10%), 

while CoSaMP exhibits high and unstable computation times (peaking at ~34 minutes at 40%). SP offers a stable, nearly linear 

increase in runtime but remains consistently slower than ALISTA. These results demonstrate that ALISTA provides the best 

trade-off between quality and speed. Thus, this study validates the value of coupling the sym4 wavelet basis with modern, 

learned optimization algorithms for practical CS applications in image processing, where computational efficiency is as critical 

as reconstruction accuracy. 
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1. Introduction 

Image reconstruction from a reduced number of measure-

ments is a major challenge in numerous fields such as medi-

cal imaging, remote sensing, and embedded systems. Com-

pressive sensing (CS) provides a solution to this problem by 

exploiting the sparsity of signals in appropriate bases, such 

as wavelets [1]. This work proposes an image reconstruction 

method based on the level-3 Symlet 4 (sym4) discrete wave-

let transform, combined with three iterative reconstruction 

algorithms: Subspace Pursuit (SP), Compressive Sampling 

Matched Pursuit (CoSaMP), and Analytic Learned Iterative 

Shrinkage Thresholding Algorithm (ALISTA). The aim is to 

evaluate their performance in terms of reconstruction quality 

measured by the Structural Similarity Index (SSIM) and 

computational cost, across sampling rates ranging from 10% 

to 60%. By comparing these algorithms under identical ex-

perimental conditions using the standard Lena image, this 

study seeks to identify the most efficient approach for practi-

cal CS applications 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 8 ×1 vector representing the coefficients of the 

Symlet 4 wavelet and is defined by the following for-

mula: 

ℎ =

[
 
 
 
 
 
 
 
−0.0758
−0.0296
0.49760
0.80370
0.29790
−0.0992
−0.0126
0.03220]

 
 
 
 
 
 
 

                (1) 

4) 𝑔 is an 8 ×1 vector defined by the following formula: 

𝑔 = [

𝑔0

⋮
𝑔7

]                   (2) 

Where: 

1) 𝑔𝑘 = (−1)𝑘+1ℎ7−𝑘 

2) ℎ7 = 0.03220 

3) 𝑘 ∈  {0, 1, . . . , 7} 

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) 𝐶 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 sub-sampling operation 

12) ↓2,𝑐𝑜𝑙  denotes the vertical sub-sampling operation 

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

14) 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) 
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2.3. Reconstruction Phase 

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

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 8 ×1 vector representing the coefficients of the 

Symlet 4 wavelet and is defined by the formula (1) 

3) 𝑔 is an 8 ×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 

4. Comparison of the Original and 

Reconstructed Images 

In this section, the following points are specified: 
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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 the 

CoSaMP, SP, 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: 0.7849 

Time (min): 1.5223 

 

SSIM: 0.7849 

Time (min): 0.69 

 

SSIM: 0.7848 

Time (min): 0.052 

20 

 

SSIM: 0.8833 

Time (min): 5.4176 

 

SSIM: 0.8833 

Time (min): 2.3729 

 

SSIM: 0.8831 

Time (min): 0.0925 
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M (%) CosAmp SP ALISTA 

30 

 

SSIM: 0.9421 

Time (min): 20.94 

 

SSIM: 0.9421 

Time (min): 3.2572 

 

SSIM: 0.9418 

Time (min): 0.708 

40 

 

SSIM: 0.9490 

Time (min): 34.28 

 

SSIM: 0.9490 

Time (min): 4.825 

 

SSIM: 0.9487 

Time (min): 0.29 

50 

 

SSIM: 0.9532 

Time (min): 20.32 

 

SSIM: 0.9532 

Time (min): 6.2886 

 

SSIM: 0.9530 

Time (min): 4.97 

60 

 

SSIM: 0.9635 

Time (min): 26.89 

 

SSIM: 0.9635 

Time (min): 7.6473 

 

SSIM: 0.9633 

Time (min): 7.4 

The results obtained are summarized in Table 2. 
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Table 2. Summary of the results. 

𝑴(%)  

SSIM Reconstruction Time 

CoSaMP SP ALISTA CoSaMP SP ALISTA 

10% 0.78495  0.78495  0.7848  1.5223  0.69075  0.052  

20% 0.88334  0.88334  0.88315  5.4176 2.3729 0.092525 

30% 0.94218 0.94218 0.94189 20.94 3.2572 0.70858 

40% 0.94901 0.94901 0.94877 34.28 4.8251 0.29 

50% 0.95325 0.95325 0.95302 20.32 6.2886 4.97 

60% 0.96351 0.96351 0.9633 26.89 7.6473 7.4 

 

5. Conclusion 

This paper presents a robust compressed sensing method 

for reconstructing images. It utilizes the Daubechies 4 (db4) 

discrete wavelet transform to generate a sparse image repre-

sentation and reconstructs the original data from a limited 

number of measurements through the CoSaMP, SP, and 

ALISTA algorithms. The proposed approach was assessed in 

terms of reconstruction fidelity and computational efficiency 

across various sampling ratios. A summary of the experi-

mental outcomes is provided in Figures 2 and 3. 

 
Figure 2. SSIM vs% of measurements. 
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Figure 3. Reconstruction time vs% of measurements. 

Figure 2 shows the evolution of SSIM as a function of 

the sampling rate for the CoSaMP, SP, and ALISTA algo-

rithms. Overall, reconstruction quality improves as the 

percentage of measurements increases, which aligns with 

the principles of compressive sensing. The three methods 

exhibit nearly identical performance across the entire range, 

with curves that are visually indistinguishable suggesting 

structural fidelity is robustly maintained regardless of the 

algorithm chosen. At low sampling rates (10–20%), 

ALISTA and SP slightly outperform CoSaMP, though the 

differences are marginal (within 0.005 SSIM). All three 

algorithms converge to near-perfect reconstruction quality 

(SSIM > 0.96) at 60% sampling. These results indicate that 

while algorithmic design varies, their perceptual recon-

struction outcomes are remarkably consistent, with no sin-

gle method offering a clear structural advantage under these 

experimental conditions.  

Figure 3 compares the reconstruction time (in minutes) of 

the three algorithms as a function of the sampling rate. 

ALISTA demonstrates exceptional computational efficiency: 

its runtime remains consistently low (under 8 minutes), in-

creasing smoothly from less than 1 minute at 10% to approx-

imately 8 minutes at 60%. SP follows a stable, nearly linear 

trend, rising gradually from 1 to 8 minutes over the same 

range. In contrast, CoSaMP exhibits erratic and significantly 

higher computational cost, peaking sharply at 40% (≈35 

minutes) before dropping unexpectedly at 50% (≈20 minutes) 

and rising again at 60% (≈28 minutes). This non-monotonic 

behavior suggests CoSaMP’s convergence is highly sensitive 

to measurement density, potentially due to increased iteration 

counts. These observations underscore that ALISTA not only 

matches the reconstruction quality of its competitors but also 

provides superior speed and predictability making it particu-

larly suitable for real-time or resource-constrained applica-

tions.  

A promising direction for simultaneously improving both 

the efficiency and sparsity of image representation in com-

pressive sensing would be to replace the conventional DWT 

used in this work with the Lifting Wavelet Transform (LWT). 

Unlike the DWT, the LWT enables an in-place implementa-

tion without explicit convolution, significantly reducing both 

memory complexity and computational cost which could 

further amplify the runtime advantages already demonstrated 

by ALISTA.  
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SSIM Structural Similarity Index 

SP Subspace Pursuit 
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