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Abstract— Blur Detection, in this when the image is spital 

varying, then the blur detection in the picture is quite 

difficult task, As the image is captured, the image can blured 

due motion and out of focus parameters and on the basis of 

this, blur can be devided as the local blur and global blur. 

Blur detection is basically to separate the Blured part and 

Unblured part. In this work, the use of KNN (nearest 

neighbor) search algorithm allows the recovering as much 

information as possible from the available data. An image 

look more sharp or more detailed if able to perceive all the 

objects and their shape correctly in it. The shape of an object 

due to its edges. So, in blurring, simply reduce the edge 

content and make the transition from one colour to the other 

very smooth. The reviewed paper proposed method of 

classifying discriminative feature of blur detection Using 

SVM Based Classifier. But there were few limitations 

associated with SVM (support Vector Machine) based 

Classifier, they failed to segment the image properly and has 

inherent problems of kernels which are solved by the use of 

KNN search algorithm which improves the Blur Detection 

technique and classifies the Blur area more accurately. The 

hybrid classifier, which is basically the combination of the 

two SVM and KNN classifier shows the more better and 

accurate results of the blured Detection. 
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I. INTRODUCTION 

A. Image Processing 

Image processing is processing of convert of images using 

mathematical operations by using any form of signal 

processing for which the input may be an image,or a series 

of images, or a video, such as a picture or video frame; the 

output of image processing may be either an image or a 

character set or parameters related to the image. Most 

image-processing techniques require to treating the image as 

a two-dimensional signal and applying standard signal-

processing techniques to it. Images can be processed as 

three dimensional signal where the third-dimension being 

time or the z-axis. 

Image processing usually denotes a digital image 

processing, but optical and analogy image processing are 

also possible. This article is about the general techniques 

that apply to all of them. The obtaining of images 

(producing the input image in the first place) is referred to 

as imaging.  

Closely related to image processing are computer 

vision and computer graphics. In computer graphics, images 

are manually made from physical models of objects, 

lighting, and environment, instead of being develop(via 

imaging devices such as cameras) from natural scenes, as in 

most animated movies. Computer vision, on the other hand, 

is defined as it often considered high-level image processing 

out of which a computer/machine/software intends to 

decipher the physical contents of an image or a sequence of 

images (e.g., videos or 3D full-body magnetic resonance 

scans). In modern science   and technologies, images are 

also gaining much broader scopes due to the ever growing 

importance of scientific visualization (of often large-scale 

complex scientific/experimental data). Examples 

include real-time multi asset portfolio trade in finance or 

microarray data in genetic research. 

1) Blur Phenomena 

Images are produced to record or display useful information. 

However, in many cases, the recorded image represents a 

blurred or partially blurred version of the original scene. 

During previous a few decades, blur related topics have 

been investigated extensively in the field of computer vision 

and image processing, including image deblurring, blind 

deconvolution, depth from focus, etc. Blurring is a form of 

bandwidth reduction of an ideal image caused by an 

imperfect image formation process [1].  

Image degradation comes into existence in 

different environments: unstable camera, night scene, 

moving object, etc. Many users take photos excursively and 

it turns out that there exist a lot of low quality photos. It is 

not convenient that the users have to take much time to find 

these defective photos out after a tour. The goal of blur 

detection is to help the users to automatically detect the 

blurred photos and classify them into some categories to let 

the users make further decisions. 

It can be due to relative motion between the camera 

and the original scene, or by an optical system that is out of 

focus. When arial photographs are produced for the remote 

sensing purposes, blurs are introduced by atmospheric 

turbulence, aberrations in optical system, and relative 

motion between the camera and the ground. Such blurring is 

not confined to optical images. For example, electron 

micrographs are corrupted by spherical aberrations of the 

electron lenses, and CT scans suffer from X-ray scatter. In 

addition to these blurring effects, noise always corrupts any 

recorded image. Noise may be introduced by the medium 

through which the image is created (random absorption or 

scatter effects), by the recording medium (sensor noise), by 

measurement errors due to the limited accuracy of the 

recording system, and by quantization of the data for digital 

storage. One of the popular classifications of blurring is 

based on the formation of the image recording model. To be 

more specifically, the blur can be classified to spatially 

invariant and spatially variant types. Spatially invariant blur 

means that the blur is independent of the position. That is, a 

blurred object will look the same regardless of its position in 

the image [2]. Spatially variant blur means that the blur 

depends on the position. That is, an object in an observed 

image may look different if its position is changed. 

2) Motion Blur 

Motion blur is the apparent streaking of rapidly moving 

objects in a still image or a sequence of images such as 
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a movie or animation. It results when the image being 

recorded changes during the recording of a single exposure, 

either due to rapid movement or long exposure. Motion blur 

occurs in photography whenever either the objects or the 

camera moves during the shutter interval. 

3) Camera motion Blur 

The blur in the left picture is caused by the camera motion 

where the image is fully blurred by the camera vibration. 

Normally, the camera motion blur, without camera rotation, 

as shown in Fig. 1.1(a), can be regarded as a spatially 

invariant blur [3]. 

Camera shake, in which an unsteady camera causes 

blurry photographs, Many photographs capture ephemeral 

moments that cannot be recaptured under controlled 

conditions or repeated with different camera settings — if 

camera shake occurs in the image for any reason, then that 

moment is “lost”. 

4) Object motion Blur 

The blur in the right one is an example where the relative 

motion between the bus and the camera causes the blur and 

the background is still clears [3]. The object motion blur, as 

shown in Fig. 1.1(b) should be regarded as spatially variant 

blur. 

 
                (a)                                   (b) 

Fig. 1: Two types of motion blur, (a) Camera motion blur, 

(b) Object motion blur 

Numerous methods have been developed to 

determine this flow, e.g. one commonly known fact is that 

the clearer the sequence is, the more reliable the motion can 

be estimated. 

Focal Blur On the other hand, for focal blurred 

images, there are also mainly two types of blurriness. Two 

examples are illustrated in Fig.  

5) Fully Focal Blurred 

The left one is fully focal blurred, with none of the objects 

in the scene is clear. The auto-focus functionality of a digital 

camera is not always robust. Photographs taken with auto-

focus setting scan still result in out-of-focus images. For 

some photos, such as that in Fig. 1.2(a), the entire image is 

out of focus, which may result from the complete failures of 

the auto-focus function when the object is too near to the 

camera lens.  

6) Partially Focal Blurred 

The right one is partially focal blurred. Fig.(b) is one 

example of low Depth of Field (DoF) images, which are 

generated through an important photographic technique 

commonly used to assist readers in understanding the depth 

information within a 2D photograph. For this kind of 

partially blurred photos, only objects with their distance 

between the cameras falling into the range of depth of field 

will remain sharp, while all others will have out-of-focus 

blur in varying degrees. 

 
(a)                                             (b) 

Fig. 2: Two types of focal blurred images, (a) Fully focal 

blurred image, (b) Low Depth of Field image, with partially 

focal blurred regions. 

7) Cause of Blurriness 

On the basis of objective occurrence, blur can be classified 

into two types:  

8) Intentional Blur 

Intentional blur is the blur generated by the photographers to 

give importance to some objects or to improve appearance 

of objects [5]. This type of blurriness is also introduced by 

compression methods to reduce the amount of required time 

and bandwidth to transmit the captured image.  

9) Unintentional Blur  

Unintentional blur is caused by motion of objects or camera, 

imperfect image formation process etc.  Therefore, this type 

of blur is difficult to handle.  

B. Types of blur based on Image Formation 

Based on formation of image, blur can be classified as 

motion blur and out-of-focus or defocus blur.  

 
Fig. 3: Defocus blur 

Defocus involves movement of object away from 

correct focus along optical axis [8]. This type of blur 

produces less sharp and contrast image. Defocus blur is of 

two types: (1) Fully focal blur (all objects in the scene are 

not clear) (2) Low Depth of Field (DOF) images or partially 

blurred photos (only objects with their distance between the 

cameras falling into the range of depth of field will remain 

sharp) [10]. 

Motions blur caused by movement of camera or 

objects can be classified into two types: local blur and 

global blur. When camera is moving but scene is static then 

blur produced in captured image is called global blur. 

Whereas Local blur (spatial-varying) is said to be produced 

when camera is static but some component of scene are 

moving [11]. 
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Fig. 4: Fully focal blur (left) and Partial focal blur (right) 

II. LITERATURE REVIEW 

Elder and Zucker [1] proposed a method for edges detection 

and blur estimation, which modelled focal blur by a 

Gaussian blur kernel and calculated the response using the 

first and second order derivative steerable Gaussian basis 

filters. Therefore, focal blur was estimated by the thickness 

of object contours. This method utilizes local scale control 

for local estimation at each point of the image, localizes 

edges over a broad range of blur scale and contrast and 

requires no input parameters other than the second moment 

of the sensor noise. It was proved to be useful in estimation 

of blur in complex images, where the smoothness 

assumptions underlying Fourier methods for blur estimation 

do not apply and the potential for interference between 

nearby edges of very different blur scale requires that 

estimates be made at the minimum reliable scale. 

Zhang and Bergholm [2] defined Gaussian 

Difference Signature for multi-scale blur estimation and 

edge type classification in scene analysis. This signature 

functions similarly to the first-order derivative of Gaussian, 

in order to measure thedegree of diffuseness introduced by 

out-of-focus objects and classify edges into "diffuse" or 

"sharp". This classification was useful for scene 

understanding, provides a measure of depth, and can be used 

qualitatively for detecting occluding and occluded edge 

contours and segmentation purposes. 

Mallat and Hwang [3] mathematically prove that 

signals carry information via irregular structures and 

singularities. In particular, authors show that the local 

maxima of the wavelet transform detect the locations of 

irregularities. For example, the 2D wavelet transform 

maxima indicate the locations of edges in images. The 

Fourier analysis which has been traditionally used in physics 

and mathematics to investigate irregularities was not always 

suitable to detecting the spatial distribution of such 

irregularities.  

Tong et al. [4]proposed image blur detection 

methods can be broadly classified as direct or indirect. 

Indirect methods characterize image blur as a linear function 

𝐼𝐵 = 𝐵 ∙ 𝐼𝑂 + 𝑁, where 𝐼𝑂 was the original image, 𝐵 was an 

unknown image blur function, 𝑁 was a noise function, and 

𝐼𝐵 was  the resulting image after the introduction of the blur 

and noise. 

Rooms et al. [5] propose a wavelet-based method 

to estimate the blur of an image by looking at the sharpness 

of the sharpest edges in the image. The Lipschitz exponents 

was computed for the sharpest edges and a relation between 

the variance of a Gaussian point spread function and the 

magnitude of the Lipschitz exponent was shown to be 

dependent on the blur present in the image and not on the 

image contents. 

Shicheng Zheng et al (2013)[6] proposed the 

success of previous maximum a posterior (MAP) based blur 

removal methods partly stems from their respective 

intermediate steps, which implicitly or explicitly create an 

unnatural representation containing salient image structures. 

Authors propose a generalized and mathematically sound L0 

sparse expression, together with a new effective method, for 

motion deblurring. Their system did not require extra 

filtering during optimization and demonstrates fast energy 

decreasing, making a small number of iterations enough for 

convergence. It also provides a unified framework for both 

uniform and non-uniform motion deblurring. Authors 

extensively validate their method and show comparison with 

other approaches with respect to convergence speed, 

running time, and result quality. 

Yi Zhang et al (2013)[7] proposed a notion of 

double discrete wavelet trans- form (DDWT) that was 

designed to specify the blurred image and the blur kernel 

simultaneously. DDWT greatly enhances our ability to 

analyse, detect, and process blur kernels and blurry 

images—the proposed framework handles both global and 

spatially varying blur kernels seamlessly, and unifies the 

treatment of blur caused by object motion, optical defocus, 

and camera shake. To illustrate the potential of DDWT in 

computer vision and image processing, they develop 

example applications in blur kernel estimation, de- blurring, 

and near-blur-invariant image feature extraction. 

A. Problem Definition 

One of the challenges of image deburring is to devise 

efficient and reliable algorithms for recovering as much 

information as possible from the available data. An image 

looks more sharp or more detailed if able to perceive all the 

objects and their shapes correctly in it. For examplean image 

with a face looks clear when it able to identify eyes, ears, 

nose, lips, forehead etc. very clear. This shape of an object is 

due to its edges. So in blurring,simply reduce the edge 

content and makes the transition from one colour to the 

other very smooth.  previously they have used kernel based 

SVM classifier for the segmentation of blur area of the 

image nevertheless but they failed to segment the image 

properly because SVM has inherent problem of kernels and 

consequently there are vast scope of improvement so in our 

system will use nearest neighbour search for improving the 

blur detection technique so that it would able to classify blur 

area more accurately. 

B. Objectives 

The following objectives are formulated to achieve the goal: 

 To study the SVM, Wavelet and DCT Blur detection 

techniques.  

 To implement SVM based algorithm for blur detection 

using MATLAB platform.  

 To implement the nearest neighbour for blur detection 

using Matlab 

 To implement the hybrid classifier for improving the 

blur detection technique. 

 To compare the performance of hybrid classifier based 

algorithm from SVM based algorithm. 
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III. METHODOLOGY 

A. Input Images 

Due to the diversity of natural images in this Dissertation, 

user proposes a learning framework with a training process 

to detect partially blurred images. These images are further 

classified into two blur types. The basic flow chart of user 

system is given in Fig. 2.1. As shown in Fig. 2.1, blur 

detection and blur type classification are achieved in two 

steps. After the feature extraction, detection of blurred 

images is first performed, followed by the step of blur type 

classification. 

 
Fig. 5: System Basic Flow Chart 

B. Feature Extraction 

In order to handle partial blur, our approach adopts a region-

based feature extraction. Specifically, we partition the input 

image into blocks and analyse features in each of them. We 

show in the following sections that this local representation 

provides reliable blur measures. Note that automatic blur 

detection without really estimating the blur kernels is not 

straightforward. In our system, besides introducing spectral 

and visual clues, we also include analysis characteristics of 

the two blur types, which can provide useful clues for 

designing corresponding features. For feature extraction of 

the normalized iris image, Discrete Cosine Transform(DCT) 

matrix [20] is used. The DCT matrix is given by - 

Tij =

{
 
 

 
 
1

√n
                                     if i = 0

√
2

n
cos [

(2j + 1)iπ

2n
]         if i > 0

}
 
 

 
 

 

For a 4x4 block, the following results are observed and these 

are shown in the matrix below: 

T =

[
 
 
 
 
 0.5000  0.5000
0.6533  0.2706

  0.5000     0.5000
 −0.2706  −0.6533

0.5000 −0.5000
0.2706 −0.6533

 −0.5000  0.5000
 0.6533  −0.2706

]
 
 
 
 
 

 

Where the first row i=1 has all entries equal to 

1/√4(as defined in the equation above), the column of T 

form an orthonormal set so There, represents an orthonormal 

matrix. The DCT matrix is more efficient and faster as 

compared to two dimensional DCT which is used for square 

input images. DCT is used in many images compressing 

technique [20].  In this case, the input images are divided 

into a set of 4-by-4 blocks and thereafter the two 

dimensional DCT is employed to each block for obtaining 

the DCT coefficients. The obtained DCT coefficients are 

then binarized to form the templates of the image. Now to 

reduce the size of template, the most discriminating 

coefficients of DCT matrix are extracted and binarized.  For 

binarization, the value of positive coefficient is assumed as 

one and the value of negative coefficient is discarded.  

C. Classification 

Suppose each sample in our data set has n attributes which 

we combineto form an n-dimensional vector’s = (x1, x2, . . . 

, xn).These n attributes are considered to be the independent 

variables. Each sample also has another attribute, denoted 

by y (the dependent variable), whose value depends on the 

other n attributes x. We assume that y is a category variable, 

and there is a scalar function, f,which assigns a class, y = 

f(x) to every such vectors.We do not know anything about f 

(otherwise there is no need for data mining) except that we 

assume that it is smooth in some sense.We suppose that a set 

of T such vectors are given together withtheir corresponding 

classes: 

x(i), y(i) for i = 1, 2, . . . , T. 

This set is referred to as the training set. Supposed 

we are given a new sample where x = u. The Euclidean 

distance between the points x and u is 

d(x, u) =√∑(xi − ui)2.  Where i=1 to n 

We will examine other ways to measure distance 

between points in the space of independent predictor 

variables when we discuss clustering methods. The simplest 

case is k = 1 where we find the sample in the training set 

that is closest (the nearest neighbour) to u and set v = y 

where y is the class of the nearest neighbouring sample. It is 

a remarkable fact that this simple, intuitive idea of using a 

single nearest neighbour to classify samples can be very 

powerful when we have a large number of samples in our 

training set. 

KNN: K-Nearest Neighbour algorithm is one of the 

most popular classifier in the area of pattern recognition and 

image processing. KNN is a non-parametric classification 

and has no prior knowledge about the distribution of the 

data. Owing to its simplicity and good performance results, 

KNN is used for classifying objects based on closest training 

examples in the feature vector. For each test image, it 

calculates Euclidean Distance between the closest members 

of the training data set. The Euclidean distance formula is 

given in equation below:  

d(x, y) =  √∑(xi − yi)
2

N

i=1

 

Hybrid Technique: hybrid approach is the concept 

of reductionism, where complex problems are solved 

through stepwise decomposition (Sierra et al., 1999). 

Intelligent hybrid systems involve specific (hierarchical) 

levels of knowledge defined in terms of concept granularity 

and corresponding interfaces. Specifically, the hierarchy 

would include connectionist and symbolic levels, with each 

level possibly consisting of ensemble architecture by itself, 

and with proper interfaces between levels. 
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DB(IL − IR) =  
1

m
 ∑ min

j=1..n
[‖Fi

L − Fj
R‖

2
+ 

λ

r0
 ‖ri

L − rj
R‖]

m

i=1

 

The above equation gives overall distance and 

ri
Ldenotes the pixel coordinates of the i’th geometric blur 

feature on the left image, w.r.t. the image center 

(respectively for r R j ). r0 = 270 is the average image size. 

We used a medium scale of geometric blur (radius ∼42 

pixels), and λ =
1

4
. 

 
Fig. 6: KNN classifier 

Here we take input aBlur Image. then the DCT 

features of the input blurred are extracted. then it is train 

with KNN casiifier. the output of the training set is test with 

KNN then at the end out image is obtained. 

The proposed method is evaluated on the public 

dataset. The testing dataset is composed of 1000 images 

collected from Internet. The ground-truth blur regions are 

provided for all the 1000 images. It is found that most of the 

blurs are either motion blur or defocus blur.  

We divide the 1000 blurry images into dataset I, 

mainly due to motion blur. 

IV. RESULTS 

The results are performed on image and the process is start 

with reading image from Database as shown in Fig 1. After 

the entire Image is read the DCT feature starts its working 

for extracting the feature from the database as shown in Fig 

2.   

 
Fig. 7: Image Reading 

 
Fig. 8: DCT Features 

Training is also provided to train the dataset. The 

first and very popular Classifier DBDF “discriminative blur 

detection features” is used to check the blur feature in 

image. Four discriminative blur detection features and a 

naïve Bayesian classifier are adopted. 

 
Fig. 9: Hybrid Classifier 

A. Hybrid Classifier 

In case of Hybrid classifier, the first thing required is an 

input image. The second step shown in the figure is DCT 

feature extraction is performed of the input image. then tain 

with Hybrid classifier. after that test the classifier and the 

end after all operations are perpormed the output image 

obtained.  

 
Fig. 10: SVM Classifier 
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The second best classifier after SVM is KNN gives 86% 

accuracy in results as shown in Fig 

 
Fig. 11: KNN classifier 

These are the most successful existing methods. 

Therefore, it is sufficient to compare our method with 

theses. 

The last and the very accurate Classifier is Hybrid 

Classifier which performs very well and give 96% accurate 

result as shown in Fig  

 
Fig. 12: 

The below table 1 gives the result comparison of 

these four Classifier. From the below table it is clear that 

Hybrid Classifier gives best result as compare to all other 

Classifiers. The comparison in the sense of accuracy is 

given in Table I. On dataset I, the accuracies of DBDF, 

KNN, SVM AND Hybrid are 25.334, 39.184, 86.323 and 

96.881 respectively. 

Classifiers Results 

DBDF 25.334 

SVM 39.184 

KNN 86.323 

hybrid 96.881 

Table 1:  

V. CONCLUSION 

In this research a blur detection classification technique 

using hybrid classifier is developed. Intelligent hybrid 

systems involve specific (hierarchical) levels of knowledge 

defined in terms of concept granularity and corresponding 

interfaces. In this performance of hybrid classifier based 

algorithm is compared with the SVM based algorithm. out 

of the several classifiers the hybrid classifier used provides 

the better results than SVM based Classifier. 

VI. FUTURE SCOPE 

The proposed Blur Detection classification can be enhanced 

and extended with regards to various situation and 

conditions. Here we proposed the blur detection 

classification technique using KNN classifier and Hybrid of 

SVM and KNN. In the future work we can make the hybrid 

of KNN with DBDF classifier and results may be compared 

with the hybrid of SVM and KNN classifier. 
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