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Abstract 

Existing approaches in blind image deblurring often take the blur kernel size as a manual parameter, and when this parameter 

is not set correctly, it can lead to significant errors in the estimated kernel. Given that multiple other parameters also influence 

each deblurring operation with a specified kernel size, manually determining the kernel size is a tedious task and often results 

in trial and error for the user to find the best size. Therefore, proposing an automatic method for the initial estimation of the 

kernel size can be beneficial as a pre-processing step in blind deblurring operations. In this paper, we propose a new approach 

for the automatic estimation of the kernel size. In this approach, we utilize the quality curve of deblurred images with kernels 

of different sizes to find the optimal point. In this process, a blind deblurring method is employed to deblur the image, and a 

no-reference quality assessment metric is used to evaluate the quality of the deblurred images. The implementation results 

indicate that the proposed method provides more accurate estimates compared to existing methods, such that the mean absolute 

error of the estimates in the proposed method is 78% better than that of the best existing methods. 
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1. Introduction

Image blurriness due to hand tremors is one of 

the problems faced by handheld cameras. Image 

blurriness can be modelled as the convolution of the 

original sharp image with the impulse response of 

the imaging system, known as the Point Spread 

Function (PSF), as follows: 

𝐵 = 𝑘 ⊗ 𝐼 + 𝑛 (1) 

where B is the blurred image received by the 

camera, k is the blur kernel, I is the original sharp 

image, n is noise, and the operator ⊗ denotes 

convolution. The goal of blind deconvolution is to 

compute I and k using BB, which is a severely ill-

posed problem due to the multiplicity of possible 

responses [1]. Blind deconvolution has been 

extensively studied in recent years, and various 

methods have been proposed to address this issue [2-

7]. These methods utilize convolutional neural 

networks, deep learning [8-12], advanced 

mathematical models, iterative methods, and 

metaheuristic algorithms to solve the problem. One 

significant limitation of all existing deblurring 

methods is that they require an estimated size of the 

blur kernel as an input parameter [13]. Additionally, 

these methods are sensitive to the kernel size, and 

even minor variations can lead to significant impacts 

on the results. An example of the effect of an 

incorrect initial estimate of the blur kernel is 

illustrated in Figure 1. Limited methods have been 

proposed for estimating the size of the blur kernel. 

Liu et al. [14] used an autocorrelation map of the 

image gradient, which reflects information 

regarding image blurriness, and employed an 

enhanced autocorrelation map to extract information 

related to image blurriness while reducing the 

adverse effects of structural edges. Li et al. [16] 

utilized a convolutional neural network (CNN) in 

their proposed method, where a neural network was 

trained on a dataset of blurred images. Their results 

indicate that the estimates from Li et al. are more 

accurate than those from Liu et al.; however, a major 

drawback of their method is the dependence of the 

neural network on the training dataset. In this paper, 

a method is proposed that operates based on 
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estimating the maximum point on the quality curve 

of the deblurred images. The most important feature 

of this method is its flexibility and the capability to 

incorporate various methods seamlessly. Given that 

in the proposed method, the estimation of the blur 

kernel size is performed completely automatically 

and does not require actual deblurring, the proposed 

approach can be considered as a pre-processing step 

for most existing image deblurring methods. 

 

 
Fig. 1. Deblurring using kernels of varying sizes from 

11×11 to 91×91 

 

Fig. 2. Overall schematic of the proposed method 

2. Proposed Method 

In this paper, a new approach for the automatic 

estimation of the appropriate kernel size for blind 

deconvolution is presented. The key element in the 

proposed method is the interpolation of the quality 

curve of the deblurred images concerning the kernel 

size. In the first step, a portion of the original blurred 

image is cropped. This operation is performed to 

reduce computational load and increase execution 

speed. During implementation, if execution time is 

not critical, the size of the cropped area can be 

increased for higher accuracy, or this step can be 

entirely omitted. After cropping the image and 

selecting a small region from it, K initial random 

values are generated as the kernel size, and this set 

of values 𝑘𝑠 = {𝑆0, 𝑆1, … , 𝑆𝑘−1} is used as the kernel 

size in blind deconvolution. The quality of 

deblurring is then computed for these K images 

using a no-reference quality assessment metric, 

which forms K points on the image quality curve as 

a function of the kernel size. To find the optimal 

kernel size, this curve is interpolated, and its 

maximum point is calculated. Figure 2 summarizes 

how the method operates. 

In our implementation, 64×64 patches were 

selected in the first step, and this selection can be 

increased based on the required accuracy. In the best 

case, with more time spent, this step can even be 

omitted. Based on the experiments conducted, K=9 

was chosen. 

As shown in Figure 3, the three stages of this 

algorithm can be executed flexibly and with various 

methods. In other words, during the blind 

deconvolution stage, the no-reference image quality 

assessment stage, and the interpolation stage, a wide 

range of existing methods and their combinations 

can be utilized. Although simulation results indicate 

that some combinations lead to more accurate 

outputs, which will be discussed further. In our 

implementation for blind deconvolution, we used 

the algorithm of Sci et al. [4], the no-reference image 

quality assessors SI [15], OQM, BRISQUE, and 

NIQE [17,18,19], and the Spline method for 

interpolation. Figure 3 displays the initial blurred 

image, the cropped section of the initial blurred 

image from the first stage of the algorithm, along 

with the deblurred images obtained using the 

algorithm of Krishnan et al. [20] with 9 random 

kernel sizes. The quality of the nine deblurred 

images was assessed using the no-reference image 

quality assessor SI, and the quality curve of the 

deblurred images as a function of the kernel size was 

plotted using the interpolation method. As seen in 

this figure, the local and global maxima of the 

images are at points 43 and 77, respectively, 
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suggesting that the user should conduct tests to find 

the best deblurred image around these points. 

In recent studies on image quality assessment, 

it has become evident that the curves generated by 

different quality metrics, specifically Structural 

Similarity Index (SI) [15], Blind/Referenceless 

Image Spatial Quality Evaluator (BRIQUE) [16], 

and Information Loss Metric for No-Reference 

Image Quality Evaluation (IL-NIQE) [19], show a 

significant degree of convergence. This 

convergence suggests that these metrics, despite 

their distinct methodologies and theoretical 

foundations, are effectively capturing similar 

perceptual quality attributes in images. The SI 

metric, known for its ability to assess structural 

information, aligns closely with the perceptual 

quality evaluations provided by BRIQUE and IL-

NIQE, which focus on the spatial and information 

loss characteristics of images. 

The evaluation curves for SI, BRIQUE, and 

IL-NIQE demonstrate that as the perceived quality 

of an image increases, the scores from these metrics 

tend to rise in a correlated manner. This correlation 

indicates that all three metrics are sensitive to the 

same underlying quality factors, such as contrast, 

noise, and detail preservation. For example, when 

analyzing a set of distorted images, the consistent 

upward trend in the quality scores across these 

metrics reinforces the idea that they are measuring 

similar aspects of image fidelity. Such behavior is 

crucial for researchers and practitioners who rely on 

these metrics for objective quality assessment. 

Moreover, the convergence of these evaluation 

curves has practical implications for the 

development and refinement of image processing 

algorithms. By validating that SI, BRIQUE, and IL-

NIQE yield comparable quality assessments, 

researchers can confidently utilize any of these 

metrics in their evaluations, knowing that they will 

likely produce consistent results. This consistency 

not only streamlines the evaluation process but also 

enhances the reliability of comparative studies in 

image processing, leading to improved 

methodologies and outcomes in various 

applications, from medical imaging to multimedia 

content delivery. 

3. Simulation Results 

The simulation was conducted in four sections. 

In the first stage, a suitable combination of the 

components constituting the overall method, 

including the deblurring method, the no-reference 

quality assessment metric, and the interpolation 

method, was determined. In the second stage, the 

kernel size estimation was performed on artificially 

blurred images, and in the third stage, this estimation 

was applied to naturally blurred images. 

 
Fig. 3. Interpolation of the quality curve for the deblurred 

image using the SI metric. 

A) Choosing the Suitable Components 

Considering that the proposed method can 

utilize a diverse combination of deblurring methods, 

image quality assessment metrics, and various 

interpolation methods without compromising the 

overall approach, in this implementation, we used 

the method of Elmi et al. [4] for the blind 

deconvolution phase, the no-reference quality 

assessors SI for the image quality assessment phase, 

and the Spline method for the interpolation phase. 

The combination of the deblurring method [4] and 

the SI quality assessor was chosen because this 

deblurring method employs a pyramid of image 

edges at different scales as a prior deconvolution, 

thus allowing the SI assessor to be more suitably 

employed for plotting the image quality curve as a 

function of the kernel size. Table 1 shows the quality 

of deblurred images with kernel sizes ranging from 

11×11 to 101×101, assessed using the image quality 

assessors SI, BRISQUE, Overall Quality Metric, 

and IL-NIQE. This example illustrates that the 

extrema of these curves, displayed in Figure 4, do 

not align with each other. The results indicate that 

the highest alignment of the main kernel size occurs 

using the SI assessor. 

Figure 4 illustrates that the proposed method 

yields varying results based on the quality 

assessment metric employed. Experiments 

conducted on multiple kernels demonstrated that the 

SI quality assessment metric, which operates by 

measuring the sharpness of image edges, produces 

superior results. 

B) Experiments on Artificially Blurred Images 

To evaluate the accuracy of the kernel size 

estimation, a set of four images was utilized, sourced 

from the dataset presented by Sun and Hays [21], 

along with a collection of four blur kernels of 

different shapes. The initial images, kernels, and 

their corresponding blurred images are displayed in 

Figure 5. In this image set, care was taken to include 

various types of images in terms of detail, texture, 

edges, and lighting range. For the kernel set, kernels 
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with different shapes were considered, including 

linear, spreading, one-sided, two-sided, regular, and 

irregular forms. Tables 2, 3, and 4 present the 

estimated results obtained using the proposed 

algorithm for each kernel, compared to the original 

values. 

In Tables 3 to 5, we observe the outputs of the 

proposed method. These values can serve as starting 

points for testing in blind deconvolution algorithms. 

As seen in these tables, three values are suggested to 

the user for each method, and this number can be 

adjusted to be more or less. The results indicate that 

all three methods provided suitable estimates. For a 

more precise comparison, Table 6 displays the Mean 

Squared Error (MSE) for the best estimates from 

each of the three evaluators. The results in Table 6 

show that when using blurred images from the 

dataset with the blur kernels shown in Figure 5, the 

BRISQUE evaluator provided more accurate results 

compared to the other evaluators. 

Table.1. 
Quality assessment curves for deblurred images with kernels 

sized from 11×11 to 101×101. 

IL-NIQE BRISQUE OQM SI Kernel Size 

42.48 28.48 -0.48 362 11×11 

42.01 28.22 -0.47 389 21×21 

40.27 32.95 -0.55 352 31×31 

40.83 31.99 -0.51 359 41×41 

40.68 32.14 -0.52 357 51×51 

40.37 31.59 -0.53 376 61×61 

41.40 29.31 -0.55 376 71×71 

39.72 30.91 -0.49 390 81×81 

39.81 30.97 -0.49 380 91×91 

41.61 28.89 -0.47 379 101×101 

 
Fig. 4. Interpolation of the quality assessment curve for 

the image. 

  

Fig. 5. Blurred images with kernels of different sizes 

alongside the original sharp image. 

Table.2. 

Estimated results obtained using the proposed algorithm with 
the SI evaluator. 

Original Size SI  

19×19 25-31-46 Image #1 

51×51 47-61-105 Image #2 

75×75 39-56-79 Image #3 

101×101 77-95-119 Image #4 

Table.3. 
Estimated results obtained using the proposed algorithm with 

the IL-NIQE evaluator. 

Original Size IL-NIQE  

19×19 19-58-86 Image #1 

51×51 45-65-85 Image #2 

75×75 49-77-89 Image #3 

101×101 95-107-147 Image #4 

Table.4. 
Estimated results obtained using the proposed algorithm with 

the BRISQUE evaluator. 

Original Size BRISQUE  

19×19 19-62-90 Image #1 

51×51 41-49-65 Image #2 

75×75 49-63-79 Image #3 

101×101 25-103-137 Image #4 

Table.5. 
Mean Squared Error of the estimates from the proposed method 

using three different IQM. 

BRISQUE IL-NIQE SI  

6 19 26 MSE 

 

To better evaluate the proposed method, the 

results of the proposed approach were compared 

with the estimates from Liu et al. [14] and Li et al. 

[16]. Liu et al. estimates the blur kernel size using 

autocorrelation map, while Li et al. employs 
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convolutional neural networks (CNNs) for this task. 

The dataset used to assess the performance of the 

methods is the Levin image dataset [22], which 

consists of 32 blurred (non-square) images. This 

dataset consists of 32 images generated by applying 

8 point spread functions to 4 sharp images. The 

results of the Autocorrelation map and CNN 

methods, alongside the estimates from the proposed 

method, are presented in Table 6, and the mean 

squared errors of the methods listed in Table 7 are 

shown in Table 7. The results in Tables 6 and 7 

indicate that the mean squared error and mean 

absolute e of the proposed method is approximately 

78% better than that of the other methods. 

Table.6. 
Comparison of the proposed method's results with the results of 

[14] and [16]. 

Truth Ours CNN Modified 

Automap 
Original 

Automap  
PSF 

15 17 16 20 49 1 

10 17 14 17 46  

16 15 15 20 50 2 
14 15 17 20 35  

11 11 13 15 37 3 

10 11 11 16 36  
24 25 26 29 52 4 

23 25 25 36 47  

12 13 12 18 35 5 
12 13 12 18 42  

20 19 26 27 45 6 

17 19 27 27 42  
22 23 28 30 49 7 

17 23 22 25 38  

21 19 20 40 51 8 
17 19 18 26 37  

Table.7. 
Mean squared error and mean absolute error in the proposed 

method and methods [14] and [16]. 

 Original 

Automap 

Modified 

Automap 

CNN Ours 

MSE 11556 945 103 33 
MAE 26.8 7.6 2.5 1.4 

4. Conclusion 

In this paper, we addressed the challenges 

present in the image deblurring process, one of the 

most significant issues being the reliance on the blur 

kernel size as an input parameter. Common methods 

typically require manual adjustment of this 

parameter, which can lead to substantial errors in 

kernel estimation and, consequently, a decline in 

image quality. Therefore, an automatic method for 

estimating the kernel size was proposed as a 

preprocessing step in blind deconvolution 

operations. This novel approach effectively 

estimates the appropriate kernel size using the 

quality curve of deblurred images and no-reference 

quality assessment, allowing users to achieve better 

results without the need for trial and error. 

Simulation results demonstrated that the 

proposed method can estimate the kernel size with 

reasonable accuracy and offers high flexibility. This 

method can be considered a preprocessing step for 

other deblurring techniques and is particularly 

effective in scenarios where reference images are 

unavailable. Ultimately, the quality assessment of 

deblurred images using various metrics showed that 

the proposed method can significantly enhance 

image quality and serve as an efficient tool in the 

field of image processing. 
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