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Abstract: Effective image processing involves image restoration as a major task. When 

image is being acquired or being sent, they frequently suffer from degradation. Blurring, 

data loss as a result of sampling, quantization effects, and other noise sources are all 

examples of degradation. Trying to recreate or prepare an estimate of the original image 

from a degraded image is the goal of image restoration. For image restoration from 

degraded and damaged images, the Richardson-Lucy deconvolution technique is 

frequently used. We suggest a modified version of the original Richardson-Lucy 

deconvolution technique in this paper, to find the best deconvolution transfer function. 

We also propose a method to obtain the optimal deconvolution transfer function in a 

class-specific way. We considered performance metrics such as PSNR, MSE, SSIM and 

KL Divergence for evaluating the performance of the proposed restoration processes and 

evaluated the performances of different implementations of the Richardson-Lucy 

deconvolution algorithm. It is seen that the results are at par and in some cases superior 

to the existing techniques.  A close examination of the proposed methodology, it is seen 

that the proposed class-specific Richardson-Lucy deconvolution method outperforms all 

other techniques. 

Keywords: Richardson-Lucy deconvolution algorithm, Optimal transfer function, 

Support Vector Machine, MSE, KL Divergence, SSIM, PSNR 

 

1 Introduction 

URING the data acquisition or in the transmission 

process, the images are degraded. Image restoration 

is typically employed in a variety of fields of image 

processing and applications that include areas such as 

forensic research, remote sensing, microscope imaging, 

medical imaging, and astronomical imaging. 

The quality of images is very badly degraded in 

numerous circumstances such as imaging that involves 
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motion, blur conditions that involve sensing through a 

diffusing medium, and low signal-to-noise conditions. 

Getting the original image from a hazy image, degraded 

astronomical image, images that are taken during rain, 

and also from underwater is challenging.  In this paper, 

we are trying to acquire an estimate of the original image 

by creating a reconstruction model. Assuming some 

understanding of the degradation phenomenon, 

restoration of an image is the process of recovering from 

its deteriorated version. To get the original image from 

the deteriorated (observed) image, the degradation 

process is modelled and then reversed. In contrast to 

picture enhancement, image restoration that does not 

fully account for the nature of the degradation. 

Restoration of image is performed with the aid of 

restoring the image information lost as a result of the 

blurring process, is done by making use of a point source, 

known as the Point Spread Function (PSF). This reverses 

the process that caused the image to become blurry. 
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2 REVIEW OF LITERATURE 

There are several existing techniques that yield image 

restoration such as based on ICA [1], [3], [11], phase 

field modal [2], Adaptive quantile sparse image [4], 

Alternative feature refinement network [5], Deep 

learning [6], Wiener filter [8], non-local variational 

technique based on structural similarity index [7], Blind 

deconvolution [9] and inverse filtering [12]. 

Mingli Zhang et al., [10] proposed a new image 

restoration technique that merges non-local self-

similarity and global structure sparsity for the restoration 

of high-quality images. Utilizing a weighted nuclear 

norm-based adaptive regularization technique, bunches 

of identical patches were simultaneously reconstituted. 

The global structure is kept by the use of a creative 

approach. The image is split into a sparse residual and a 

smooth component. L1 norm was used to regularize the 

latter. Images that have been corrupted are recovered 

using a strategy for optimization grounded in the 

Alternating Direction Method of Multipliers 

(ADMM) algorithm. The performance is evaluated based 

on image completion and super-resolution. José M. 

Bioucas-Dias et al., [13] proposed a method to handle 

unconstrained optimization problems seen in image 

restoration. This type of problem comes from the 

combination of a linear observation model and a non-

quadratic regularizer. 

Bonmassar et al., [14] proposed a system that restores 

the real-time image which is degraded by uniform motion 

blur in the foveal active vision system. Yong Chen et al., 

[15] proposed a collection of sparsity regularization 

methods for the spatial difference images in HSI 

restoration. A series of experimental findings using both 

simulated and original data serve to illustrate HSI 

restoration. Jose A. Guerrero-Colón et al., [16] proposed 

an enhancement technique to approximate the local 

signal covariance, a model with a coarser adaption level 

is introduced in each sub-band. 

A photoacoustic tomography image restoration with 

measured spatially variant PSF was discussed in [17]. 

The iterative restoration model shown significant image 

quality. Unsupervised image restoration with quality-

task-perception loss was described in [18]. The 

experiments on three datasets shown superior 

performance. An image restoration method with 

generalized image formation model for poor visible 

conditions was discussed in [19]. Experiments suggested 

that the GIFM performs well for image restoration of 

extreme scenes, keypoint detection, object detection, and 

image segmentation. Local adaptive prior-based image 

restoration method for space diffraction imaging systems 

was discussed in [20]. A blind JPEG restoration 

strategy called DriftRec was discussed in [21]. It has 

been experimentally established that DriftRec naturally 

generalizes to realistic and difficult scenarios such as 

unaligned double JPEG compression and blind 

restoration of JPEGs found online, without having 

encountered such examples during training. An extensive 

survey and future trends in image restoration is discussed 

in [22]. Modern approaches for image restoration using 

deep learning, extracting accurate information using 

frequency selection methods and visual clarity 

enhancement are discussed in [23-25]. A novel technique 

for image restoration from motion blurred images using 

Richardson-lucy technique is explored in [26]. 

In this paper, we propose a system that makes use of a 

modified Richardson-Lucy deconvolution algorithm to 

recover the estimate of original images. We analyzed the 

performance of the various techniques using performance 

metrics such as Peak Signal to Noise Ratio (PSNR), 

Mean Square Error (MSE), SSIM (Structural Similarity 

Index Measure), and Kullback-Leibler Divergence 

(KLD). In this work, we experimented with three 

different techniques, the Richardson-Lucy deconvolution 

algorithm is used to reconstruct the original image. We 

used a dataset that consists of five different classes from 

the Caltech 101 benchmark dataset, and we also created a 

custom Dataset-2 that includes popular benchmark single 

images. A concise description of the novel aspects 

introduced to the Richardson–Lucy deconvolution 

algorithm and the primary contributions of 

the suggested work are outlined below: 

 We implemented a standard Richardson-Lucy 

deconvolution algorithm and determined a single 

optimum transfer function. 

 We executed a modified Richardson-Lucy 

deconvolution algorithm with an iterative procedure 

to determine the optimum transfer function for 

deconvolution. 

 Developed a class-specific Richardson-Lucy 

deconvolution algorithm. In this modified method 

we introduced a technique to iteratively determine 

the optimal deconvolution transfer function in a 

class-specific way. In this method, we obtain five 

different optimal deconvolution transfer functions 

for five different classes. 

The remaining part of the paper is organized as follows: 

Section 3 describes the experimental details and 

methodology followed in this work for image restoration. 

Various results and analyses are given in Section 4. 

Finally, we conclude the study in Section 5. 

3 EXPERIMENTAL DETAILS 

In the proposed method, we initially added distinct 

kinds of noises such as Gaussian noise, motion blur, salt 
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and pepper noise, speckle noise, local variance, Poisson 

noises, erosion, dilation, etc., to prepare a set of degraded 

images from a set of original images. The dataset split in 

to a training and test set of images.  For image 

restoration, we need PSF i.e., the optimal transfer 

function for deconvolution. In this work, we 

implemented three methods for image restoration using 

variants of Richardson–Lucy deconvolution techniques. 

3.1 Richardson-Lucy Deconvolution 

An iterative process called the Richardson-Lucy 

deconvolution algorithm is used to recover an underlying 

image that has been obscured by a recognized PSF.  

When an optical system generates an image and it is 

captured, for example, by photographic film or a charge-

coupled device, an ideal point source does not manifest 

as a point but is instead spread across the PSF. Since 

extended sources can be represented as the sum of 

several individual point sources, the resulting image can 

be described using a transition matrix P applied to a 

fundamental image:  

ⅆi = ∑ Pi,juj
j

   (1) 

Where uj is the underlying image's pixel-level 

brightness at j the pixel. Here ⅆi  is the ith pixel's 

observed intensity. Typically, a matrix whose elements 

are Pi,j describes the amount of light detected in pixel i 

from source pixel j. The transfer function P in the 

majority of the spatial offset between the source pixel j 

and the observation pixel i in excellent optical systems 

(or generically in linear systems defined as shift 

invariant) can be represented as follows: 

Pi,j = P(ⅈ − j)     (2) 

where  P(Δⅈ) is called a one-dimensional PSF. The 

aforementioned equation then turns into a convolution. 

For a 2-D imaging system we consider P(Δx, Δy),  a 2-D 

point spread function. For obtaining an estimation of  

uj  ,   for a given the observed ⅆi , and the known 

P(Δⅈx, Δjy) We use the following iterative process, to 

compute update uĵ
(t+1)

 from ûj
(t)

. Where ûj
(t)

 is an 

estimate of  uj at time t.  

û(t+1) = ûj
(t)

∑
ⅆi

ci

pi,j

i

 
(3) 

where, 

ci = ∑ pij
j

ûj
(t)

      (4) 

Empirical evidence suggests that if this iteration 

converges, it will achieve this with the most probable 

solution for uj. Writing this in terms of convolution with 

a PSF more generally  P for two (or more) dimensions: 

û(t+1) = û(t) ⋅ (
ⅆ

û(t) ⊗ P
⊗ P∗) 

(5) 

Where,   ⊗  represents a 2D convolution, and P∗ is the 

mirrored PSF. When there are issues, the PSF pi,j  is 

known a priori. Blind deconvolution can be achieved by 

modifying the Richardson-Lucy algorithm to account for 

information that cannot be predicted beforehand. 

3.2 DATASET 

We use five different classes of images from the 

Caltech 101 benchmark dataset that include Butterfly, 

Couger, Faces, Pizza, and Sunflower (Caltech 101-5). 

We also use a custom dataset that consists of single 

images that includes popular benchmark images such as 

Cameraman, Lena, Barbara, Baboon, and Devi, etc. 

(Dataset-2). 

3.3 Degradation of images 

In order to degrade the image, we added different types 

of noises. While adding Gaussian noise to the image, we 

vary the value of standard deviation (σ) , to obtain 

different grades of influence of noise. The original image 

is blurry even after adding motion blur. If the value of σ  
increases, the impact of motion blur also increases. 

Considering the image which is degraded by speckle 

noise, when the σ  value increases the speckle in the 

image also increases. While adding local variance to the 

original image, the quality of the image decreases to 

σ  value increases. Degradation is high when σ  value is 

high. Image quality is greatly affected by Gaussian noise, 

motion blur, speckle noise, and local variance. Based on 

the value of σ , the level of degradation present in an 

image varies. 

The representative images showing the effect of adding 

different noises are depicted in Fig.1 to Fig.3. 

    
           (a) Original Image              (b) Added Gaussian noise    

Fig 1. Original Image is added with Gaussian 

noise. 

In Fig.1, the original image is added with Gaussian 

noise. Motion blur has been added to the original image, as 

seen in Fig. 2. The initial image in Fig. 3 is given a 

sequence of noise. From the degraded image, we learn the 
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model parameters. Using the learned parameter and 

degraded test image, we restored the estimate of the 

original image. Finally, we analyze the performance 

metrics. 

     
      (a) Original Image                    (b) Added motion blur                       

Fig 2. Original Image is added with Motion blur. 

    

 (a) Original Image               (b) Added Gaussian noise    

                    

                    (c) Added motion blur                       

    

(d) Added Salt and pepper      (e) Added Local variance                  

Fig 3. Original image is added with Gaussian, 

Motion blur, Salt and pepper, and Local variance in a 

sequential way. 

3.4 Image Restoration 

3.4.1. Standard Richardson-Lucy Deconvolution 

Algorithm 

To have a baseline for performance comparison, we try 

to restore the image by using the standard Richardson-

Lucy deconvolution algorithm. Training images are 

degraded by blur, Gaussian noise, etc. We use a test image, 

that is degraded randomly, and obtain the estimate of the 

original image using the standard Richardson-Lucy 

deconvolution algorithm. We evaluated the performance 

metrics such as MSE, PSNR, SSIM, and KLD and 

tabulated the values. 

3.4.2. Modified Richardson-Lucy deconvolution 

algorithm with an iterative procedure 

To The modified Richardson-Lucy deconvolution 

algorithm consists of an iterative procedure. Training 

images are degraded and restored by selecting a random 

transfer function and corresponding performance metrics 

are noted. In each iteration step, we consider MSE as the 

performance criterion for comparison. The transfer 

function that is used for image restoration is stored in an 

array and the corresponding MSE value is also kept in the 

array. For each image, we consider a maximum of a 

hundred iterations. Finally, we observe the least MSE 

value from that array, and the corresponding transfer 

function is selected and stored. 

This transfer function is the optimal transfer function of 

a single image and in the same way, we find the optimal 

transfer function for all images. After finding the transfer 

function for every image in the training dataset, we take 

the average of all the transfer functions. That average 

value is considered the optimal transfer function for 

deconvolution of degraded images. Here we have only a 

single transfer function to regain the original image. We 

tabulated the values of performance metrics in Tables 4 

and 5. 

3.4.3. Class-specific modified Richardson-Lucy 

deconvolution algorithm  

In this method, to discover the best deconvolution 

transfer function in a class-specific manner, we introduce a 

modified Richardson-Lucy deconvolution technique with 

an iterative process. We used the Caltech 105-5 dataset. 

Training images of each class are degraded and restored by 

selecting a random transfer function and corresponding 

performance metrics are noted. Here we consider MSE for 

performance comparison. The transfer function which is 

used for image restoration is stored in an array and the 

corresponding MSE value is also stored in the array. 

Finally, we observe the least MSE value from that array, 

and corresponding transfer functions are selected and 

stored in a separate array. 

  This transfer function is the optimal transfer function of 

a single image and in the same way, we find optimal 

transfer functions for all images in a class. After finding 

the transfer functions for every image in the training set of 

each class, we accept the average of that transfer function. 

That average value is considered the optimal transfer 
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function for deconvolution of degraded images for that 

class. Here we have five different transfer functions for 

five different classes. A degraded image is given to the 

SVM classifier to obtain the class label of the degraded 

image. Then we use the corresponding optimal transfer 

function specific to that class for the class-specific 

Richardson-Lucy deconvolution algorithm. It is seen that 

the image fis restored with better performance metrics. 

3.5 Performance Metrics 

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

The PSNR ratio measures the strength of corrupting 

noise to the highest attainable power of an image. 

PSNR = 20log10(MAX/(MSE)(1/2)) (6) 

MAX =  L − 1 (7) 

where L is the maximum pixel value. where  L = 2B and 

B= 8-bit. 

MSE =
1

kl
∑ .

k−1

m=0

∑(O(m, n) − R(m, n))
2

l−1

n=0

 

(8) 

3.5.2. Structural Similarity Index Measure (SSIM) 

SSIM is a measuring tool for finding the discerning 

quality in several digital videos together with images. 

The SSIM index can be determined on different image 

windows. Let us consider two windows i and j with usual 

size N × N and SSIM is: 

(ⅈ, j) =
(2μiμj + C1)(2σij + C2)

(μi
2 + μj

2 + C1)(σi
2 + σj

2 + C2)
 

(9) 

μi  the mean of the image ⅈ. 

μj     the mean of the image j. 

σi
2 the standard deviation of the image  ⅈ. 

σj
2 the standard deviation of the image j. 

σij the covariance of the image ⅈ and image j. 

C1 = (k1L)2 , C2 = (k2L)2  is a variable to maintain 

balance during division when the numerator is zero. L is 

the dynamic range of pixel values, k1 = 0.01 and k2  = 

0.03. 

3.5.3. KL Divergence (Kullback-Leibler divergence) 

It serves as a gauge of statistical separation. KL 

Divergence measures how two reference probability 

distributions P and Q  diverge from each other. KL 

divergence from Q to P is given by: 

DKL( P ||Q) = ∑ P(x) log
P(x)

Q(x)
x∈x

   
(10) 

The KL divergence score, also known as the Kullback-

Leibler Divergence score, estimates how one probability 

distribution differs from a second probability 

distribution. Let Q and P  are two probability distribution. 

The KL divergence can be expressed by employing the 

notation KL ( P  || Q ), where the operator || shows 

"divergence" or the divergence of P and Q. The log of the 

probability of the event in Q over the probability of the 

event in P can be used to calculate the KL divergence, 

which is the negative sum of the probabilities of each 

event in P. 

3.5.4. Mean Square Error (MSE) 

      MSE represents the total squared error between the 

original image and the restored one. It assesses the 

similarity between the reconstructed image and the 

original image.  

MSE =
1

kl
∑ .k−1

m=0 ∑ (O(m, n) − R(m, n))
2l−1

n=0
  

(11) 

 

Fig 4. Block diagram of modified Richardson-Lucy deconvolution method. 
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Fig 5. Block diagram of Modified Richardson-Lucy Deconvolution Method.

Table 1. Description datasets used in the 

experiments. 

Dataset 
No. of Training 

Images 

No. of Test 
Images 

Size 

(pixel × pixel) 

Butterfly 82 10 512× 512 

Cougar 60 9 512× 512 

Faces 392 43 512× 512 

Pizza 48 5 512× 512 

Sunflower 75 10 512× 512 

Dataset-2 Single image 
Single 

image 
512× 512 

4 RESULTS AND DISCUSSION 

In this paper we considered performing image restoration 

using standard, modified, class-specific Richardson-Lucy 

deconvolution algorithms. The observations and findings 

are discussed below: 

4.1 Standard Richardson-Lucy Deconvolution 

algorithm 

 Recovered the image using the standard Richardson-

Lucy Deconvolution algorithm. Performance metrics are 

analyzed for Caltech 101-5 and Dataset-2. 

The representative test, degraded and restored images, 

and their corresponding 2DFFT are shown in Fig.6. Also 

we determined the performance metrics for the Caltech 

101-5 dataset and Dataset-2. Here we considered the test 

images from each class as indicated in Table 1, for images 

Butterfly, Cougar, Faces, Pizza, and Sunflower 

respectively. The custom Dataset-2 includes single images 

named Cameraman, Lena, Baboon, Barbera, and Devi 

respectively. We analyzed the PSNR of the original image 

and degraded image (B-O), PSNR of the original image 

and restored image (R-O), SSIM, MSE, and KL 

divergence values are tabulated in Table 2 and Table 3.  

We considered 95% confidence level and the values given 

in the Table 2, Table 4 and Table 6 shows the average 

values and margin of error in the confidence interval. 

4.2 Modified Richardson-Lucy Deconvolution 

Algorithm 

Recovered the image using a modified Richardson-Lucy 

Deconvolution algorithm with an iterative procedure. In 

this method, we obtain a single optimal transfer function 

for deconvolution. 
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Performance metrics are analyzed for the Caltech 101-5 

dataset and Dataset-2 and the observations are given in 

Table 4 and Table 5. The representative test, degraded 

and restored images and their corresponding 2DFFT are 

shown in Fig.8. 

     

  (a) Test image                                (d) 2DFFT of the test image  

    

(b) Degraded image               (e) 2DFFT of Degraded image                                                  

   

(c) Restored image                  (f) 2DFFT of Restored image                                              

Fig 6. Representative test degraded and restored 

images and their corresponding 2DFFT for the Standard 

Richardson-Lucy deconvolution method. 

 

Table 2. Results of standard Richardson-Lucy 

Deconvolution for Caltech 101-5 dataset. 

Image 

Name 

PSNR 

(R-O) 

PSNR 

(B-O) 
MSE 

SSIM KLD 

Sunflower  15.81±0.78 14.65±1.2 0.03±.001 0.29±.01 2.63±.41 

Pizza 14.45±1.02 13.39±1.4 0.05±.003 0.27±.09 2.05±.77 

Faces 14.22±0.65 11.74±2.3 0.07±0.0 0.15±.04 2.20±.21 

Cougar  13.47±0.68 12.50±1.4 0.06±.001 0.30±.08 3.20±.74 

Butterfly 16.11±1.14 14.28±1.4 0.04±.003 0.23±.11 2.56±.64 

Table 3. Results of standard Richardson-Lucy 

Deconvolution for Dataset-2. 

Image Name 
PSNR 

(R-O) 

PSNR 

(B-O) 
MSE 

 SSIM KLD 

Cameraman 17.2588 15.1303 0.0307 0.1281 2.3007 

Baboon 17.5701 16.6698 0.0215 0.1691 0.9915 

Barbera 18.4404 17.0656 0.0197 0.1822 0.8702 

Lena 16.9175 14.7804 0.0333 0.1222 1.3663 

Devi 20.0812 17.8057 0.0166 0.2183 1.7478 

 

      
(a) Test image                                (d) 2DFFT of the test image  

    

(b) Degraded image               (e) 2DFFT of Degraded image                                                  

   

(c) Restored image                  (f) 2DFFT of Restored image                                              

Fig 7. Representative test degraded and restored 

images and their corresponding 2DFFT for the Standard 

Richardson-Lucy deconvolution method. 

4.3 Class-specific modified Richardson-Lucy 

deconvolution algorithm 

In this study, we performed experiments to restore the 

original image by employing a modified class-specific 

Richardson-Lucy Deconvolution algorithm with an 
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iterative procedure. In this method, we obtain five different 

optimal transfer functions for different classes of 

deconvolution for Caltech 101-5. Performance metrics are 

analyzed for the Caltech 101-5 dataset and for different 

images in Dataset-2 with image specific transfer functions. 

The observations are given in Table 6 and Table 7. 

 
Fig 8. Graphical representation of performance 

metrics of the modified Richardson-Lucy 

deconvolution. 

 

Fig 9. Graphical representation of performance 

metrics of the modified Richardson-Lucy 

deconvolution. 

Table 4. Results of Modified Richardson-Lucy 

Deconvolution for Caltech 101-5 dataset. 

Image 
Name 

PSNR 
(R-O) 

PSNR 
(B-O) 

MSE SSIM KLD 

Sunflower 14.72±0.20 12.25±0.31 0.06±0.0 0.41±0.0 2.52±.003 

Pizza 15.04±2.18 14.33±2.18 0.04±0.0 0.3±0.07 1.53±0.04 

Faces 13.86±1.24 11.47±1.43 0.07±0.0 0.14±0.07 2.14±0.04 

Cougar 15.74±0.72 16.09±1.40 0.02±.002 0.43±0.09 2.51±0.79 

Butterfly 17.36±0.20 15.77±0.31 0.03±0.00 0.27±.001 2.42±.004 

Table 5. Results of Modified Richardson-Lucy 

Deconvolution for Dataset-2. 

Image 
Name 

PSNR 
(R-O) 

PSNR 
(B-O) 

MSE 
 SSIM KLD 

Cameraman 20.0137 18.2234 0.0151 0.1955 2.1404 

Baboon 12.7725 10.7920 0.0833 0.0650 2.3320 

Barbera 18.4589 17.1550 0.0193 0.1824 0.9888 

Lena 18.0300 16.0798 0.0247 0.1480     - 

Devi 14.4087 11.9734 0.0635 0.0785 1.8047 

Table 6. Results of class-specific Richardson-Lucy 

Deconvolution for Caltech 101-5 dataset. 

Image 
Name 

PSNR 
(R-O) 

PSNR 
(B-O) 

MSE 
 SSIM KLD 

Sunflower  20.86±0.2 20.86±0.31 0.008±0 0.67±0.0 0.29±.003 

Pizza 14.12±2.18 14.12±2.18 0.04±0.0 0.50±.07 0.74±0.04 

Faces 18.59±1.24 18.14±1.4 0.01±0.0 0.32±.06 3.22±0.04 

Cougar  16.6±0.68 16.6±1.4 
0.02±.0.

0 
0.19±.08 0.79±.74 

Butterfly 8.94±1.79 8.94±1.9 0.13±0.0 0.05±0.7 1.6±0.04 

Table 7. Results of class-specific Richardson-Lucy 

Deconvolution for Dataset-2. 

Image Name 
PSNR 
(R-O) 

PSNR 
(B-O) 

MSE 
 SSIM KLD 

Cameraman 15.9930 15.1303 0.0252 0.2367 1.3427 

Baboon 13.5358 13.5358 0.0443 0.1563 0.8796 

Barbera 11.9798 11.979 0.0634 0.0845 0.6877 

Lena 12.0248 12.0248 0.0252 0.0482 0.6622 

Devi 16.9614 16.9614 0.1374 0.0348 0.9796 

 

The output of class-specific Richardson-Lucy is shown 

in Fig.10 which shows the test image, degraded, restored 

image, and corresponding 2D FFT.  Also evaluated the 

performance metrics of Caltech 101-5 dataset and Dataset-

2 and tabulated the outcomes are displayed in Table 6 and 

Table 8.  

5 Conclusion 

We have successfully experimented with and generated 

degraded images from different standard benchmark 

images. Using these degraded images, we restored the 

original image using the standard Richardson-Lucy 

deconvolution algorithm. We also observed the visual 

effect of different noises on images. The amount of 

degradation with respect to different types of noises and 

associated parameters was also analyzed. We observed 
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the performance metrics for some standard images. 

Determined the MSE, PSNR, SSIM, and KL Divergence. 

Evaluated the performance metrics for different cases by 

setting PSF kernel sizes of 5x5, 10x10, and 20x20 pixels. 

Experimented with the standard Richardson-Lucy 

deconvolution algorithm, modified Richardson-Lucy 

deconvolution algorithm, and class-specific Richardson-

Lucy deconvolution algorithm. Restored the image using 

these three methods and evaluated the performance 

metrics. It is observed that the class-specific Richardson-

Lucy deconvolution algorithm shows better performance 

than other methods. 

 

           (a) Test image            (d) 2DFFT of the test image 

      

(b) Degraded image                 (e) 2DFFT of Degraded image                                                  

     

(c) Restored image                  (f) 2DFFT of Restored image                                              

Fig 10. Representative test degraded and restored 

images and their corresponding 2DFFT for the Class-

specific Richardson-Lucy deconvolution method. 
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