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Abstract. An identification method for uniform linear motion blurring direction 
based on second-order difference spectrum was proposed. The power spectrum 
of the blurred image was calculated after the Laplace second-order difference, 
and then the power spectrum was processed by the homomorphic filtering and 
the circular low-pass filtering. The blurring direction was attained by linear 
fitting of the frequency points with highest amplitude selected from the 
spectrum image. The experiments were carried out by using the blurred images 
which were simulated by the Lenna standard images with the blur extent being 
20 pixels, and the mean square error of detection were 1.32° without additional 
noise and 2.27° with Gauss noise that the variance was 0.01. When using the 
real blurred images, the accuracy of the detection was -0.54°. This proposed 
method is proved to be available for motion blur of random plane direction and 
adaptable for noise. 
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1   Introduction 

Motion blur occurs when there is relative motion between the camera and the object 
in the process of images collection. And it always exists in dynamic, real time image 
inspecting systems. In order to restore the blurred images, we often need to know 
Point Spread Function (PSF), which becomes the key of identification of motion 
blurring direction and extent. 

According to the Fourier transform features of uniform linear motion PSF, the zero 
value dark stripes with equal interval existed in the power spectrum of the blurred 
images and the direction of dark stripes is perpendicular to the direction of motion 
blurring. In 1976, Cannon used this characteristic to estimate the uniform linear 
motion PSF of blurred images, while this method was sensitive to noise, it was usable 
when images’ signal-to-noise ratio is high [1]. Chang and Savakis proposed bi-
spectrum and residual spectrum matching methods, which overcome Cannon 

                                                           
∗ Corresponding author; E-mail:cau2004@163.com 

mailto:%7D@163.com
mailto:%7D@163.com


method’s disadvantages [2], [3]. But the bi-spectrum method need large numbers of 
data observed which have three-order stability, and the residual spectrum matching 
method need original image spectrum, noise variance, PSF styles, and other 
transcendental knowledge. Yitzhaky got some achievements in PSF estimation of 
motion blurring and vibrational blurring images, adopted 2×2 differential operator to 
identify motion blurring direction, and calculated the blurred extent according to 
differential image autocorrelation function [4], [5], [6], [7]. But this method’s effect 
was better when the motion blurring direction was in the range of 0°to 45°. Chen 
thought that any planar motion blurring PSF was generalized tri-diagonal matrix, and 
firstly carried out the motion blurring direction identification [8], [9], [10]. Some 
other researches identified blurred direction through Radon transform of image 
Fourier spectrum [11], [12]. 

In this paper, a novel motion blurring direction identification method was proposed 
based on blurred image second-order difference Fourier spectrum, and motion blurred 
images collected in experiments and standard images were validated and the accuracy 
was detected. 

2   Motion blurred image frequency character 

The process of image motion blurred degeneration is the convolution of original 
image ( , )f x y  and PSF  adding noise  to get degeneration image ( , )h x y ( , )n x y

( , )g x y , and it is shown by formula (1), 
                    ( , ) ( , ) ( , ) ( , )g x y h x y f x y n x y= ∗ +    (1) 

The both sides of formula (1) are Fourier transformed, and according to 
convolution theorem, the generation model’s frequency expression is 

                    ( , ) ( , ) ( , ) ( , )G u v H u v F u v N u v= +     (2) 

Where ,( , )G u v ( , )H u v , ( , )F u v and were the Fourier transform of ( , )N u v
( , )g x y , , ( , )h x y ( , )f x y and  respectively. In particular, for uniform linear 

motion in horizontal direction, and without noise influence, 
( , )n x y

1L− ( L  is blurred 
extent) dark stripes perpendicular to the motion blurring direction occurred in power 
spectrum of blurred images, and the motion blurring direction was obtained according 
to the dark stripes’ direction. 

Figure 1(a) is the static fruit image, and (b) is the Fourier power spectrum of (a). (c) 
is the image that (a) was simulated with blurred extent being 11 pixels along the 
horizontal direction, and (d) is the Fourier power spectrum of (c). (e) is a practical 
collected blurred image, and (f) is the Fourier power spectrum of (e). 
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Fig. 1.  Fruit image and its Fourier power spectrum 

When neglecting the noise, the dark stripes perpendicular to motion blurring 
direction obviously existed in Fourier power spectrum of blurred image. But in 
practical image collecting, noise is inevitable, dark stripes in vertical direction can be 
observed constrainedly in Figure 1(d). The reason is that in original image Figure 1(a) 
the system noise after motion blurred was processed equably, and its effect was 
reduced. But for practical collected image, in Figure 1(e), the system noise was not 
neglected, in Figure 1(f), the dark stripes were not obvious, then, it was hard to 
estimate the motion blurring direction according to the dark stripes’ direction. 

3   Motion blurred direction identification 

Observed from Figure 1(d) and (f), the linear motion blurring weakened the image 
high frequency signal, but in motion blurring direction and its vertical direction, the 
image high frequency detail part changing extent were different. Though the dark 
stripes in frequency spectrum image were hard to be observed, the middle vertical 
bright stripes were obvious oppositely, which showed that the high frequency 
information were strengthened along the motion blurring direction, according to this, 
then the motion blurring direction can be identified. 

For the bright part in power spectrum image was circular or fusiform, which was 
hard to be identified directly, and the accuracy can not be assured. If through high 
pass filtering and restraining the low frequency part, the high frequency part in bright 
stripes can be strengthened, so that the bright stripes direction was easy to be 
identified. 

When using high pass filtering to process the image, the 8 neighborhood Laplace 
operator was convolution of image in spatial domain. 

                          ( , ) ( , 8Lg x y g x y Lap= ∗    (3) 



Where Lap8 is a non-direction second-order difference operator, and the second-
order difference image of the blurred image could be obtained after the convolution 
operate. 

The second-order difference image was Fourier transformed to get , 
which range was large. And to compare easily, it was need to be homomorphic 
filtered. 

( , )LG u v

                           ( )10log ( , )fL LG G x= y     (4) 

Lap8 difference operation was used for blurred image in Figure 1(c), and the result 
was shown in Figure 2(a). After Fourier transform and homomorphic filtering, the 
zero frequency was moved in image middle and the result was shown in Figure 2(b). 
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Fig. 2.  Detection of blurred image simulated 

In Figure 2(a), the two edges of fruits superimposed in horizontal direction. 
Compared with Figure 1(d) and Figure 2(b), the whole high frequency part was 
strengthened, which was caused for the second-order difference being sensitivity to 
noise. But the middle vertical bright stripes in Figure 2(b) were more obvious than 
Figure 1(d), and the motion blur direction can be judged by detecting the bright stripe 
direction. 

In order to detect the direction of middle bright stripes in Figure 2(b), the brightest 
points should be picked up, and then using the least squares method for linear fitting. 
The number of brightest points should be appropriate. When the number is too large, 
the influence is strong and the operation quantity is great. The few number influences 
the reliability. The brightest points can be chosen by threshold segmentation, but it is 
hard to determine the right threshold. In this paper, the bright points can be obtained 
by threshold segmentation, sorting, and filtering. 

Firstly, estimate a threshold to segmentation (choosing double average grey value 
of power spectrum image as threshold), segment the Figure 2(b) using threshold 85, 
and the result was Figure 2(c). Then account the number of brightest points. Ensuring 
the number needed for linear detecting, and reducing the data quantity after sorting, 



the brightest points number is 50 to 300, if not in this range, the threshold should be 
adjusted and then segment the image. Lastly, sort and filter the brightest points after 
being arranged from high to low according to the grey value, and choose the front 
brightest 51 points (according to the experiment, when choosing 40 to 100 points, the 
results was better) for linear fitting y ax b= +  using the least squares method. 
According to the symmetry of Fourier transform, the linear intercept  was 0. The 
motion blur direction   can be calculated by linear slope , 

b
a

                      
90 a tan( )

90 a tan( ) 0
a a

a a
α

− ≥⎧
= ⎨− − <⎩

0
   (5) 

Where the clockwise angle was positive, and anticlockwise was negative. 
Figure 2(c) was the front 51 brightest points filtered. Figure 2(d) was the linear 

fitting result, and the motion blur direction was 0.63°. 
The method before-mentioned was available for the blurred image with high 

signal-to-noise ratio, but for low signal-to-noise ratio, it was need to be improved. 
Figure 3(a) was the result that the real blurred image collected was processed by Lap8 
difference calculation, Fourier transform and homomorphic filtering. 
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Fig. 3.  Detection of real blurred image  

In blurred image, noise can be processed by space domain filtering, but at the same 
time, it also will weaken the edge information. For the influence of noise, the high 
frequency part of Figure 3(a) has large intensity. The brightest points obtained by 
threshold segmentation distributed in high frequency part, and if using the brightest 
points to linear fitting, the estimating result was wrong. 

The high frequency part influenced by noise distributed in peripheral of spectrum 
image, so a circular low-pass filtering was used to weaken the influence of high 
frequency part. In spectrum image, make the center of a circle as the image center, 
remove the area outside the circle with diameter being d which decided by the 
intensity of high frequency chosen, and threshold segment the area inside the circle. 
Figure 3(b) was the segmentation result that d was 140 pixels and the threshold was 
85. The brightest pixels were selected and fitted by least squares method, and lastly 
the direction was received. In Figure 3(c), the direction of motion blurring was -0.54°. 

Concluding the above steps, identifying image motion blurring direction was 
shown in Figure 4. 

 



Attaining Fourier power spectrum after 

Homomorphic filtering of power spectrum 

Carrying out circular low-pass filtering 

Choosing the brightest pixels through  
threshold segmentation 

Choosing the brightest part through 

Using the least squares for linear fitting 

Using 8-neighbourhood Laplace operator 
for convolution

Obtaining the motion blur direction angle
 

Fig. 4.  Flow chart of motion blurring direction detection 

4   Identification accuracy test 

The standard image Lenna was chosen to test the algorithm correctness and validity. 
Firstly, Lenna was blurred with motion blur extent being 20 pixels, the blur direction 
being 90° to -80°. Then the algorithm in Figure 4 (Do not need circular low-pass 
filtering) was utilized to identify the motion blur direction. Figure 5 was the partial 
result when the motion blur direction was -30°, and the whole identification results 
were in Table 1, which showed the mean square error of detection was 1.32°. 

In order to validate the application of the algorithm for low signal-to-noise ratio 
motion blurred image, the standard  image Lenna was blurred with motion blur 
extent being 20 pixels , the blur direction being 90° to -80°, and adding Gauss noise 
with variance being 0.001. Then the algorithm in Figure 4 (need circular low-pass 
filtering) was utilized to identify the motion blurring direction, and the result was 
shown by Table 2. 

Table 2 showed the mean square error of detection was 2.27°, which was lower 
than 1.32° without additional noise. When adding noise and using low-pass filtering, 



the number of brightness can not reach 50 to 100, which will influence the fitting 
accuracy. 
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Fig.5.  The detection of L=20pixel,α=30° 

Table 1.  Motion blur direction identification 

Theoretic 
direction(°) 90 80 70 60 50 40 30 20 10 

Result(°) 90.36 81.29 70.82 58.20 51.24 41.28 31.61 21.69 11.78

Error(°) 0.36 1.29 0.82 -1.80 1.24 1.28 1.61 1.69 1.78

(Table 1 continued) 
Theoretic 

direction(°) 0 -10 -20 -30 -40 -50 -60 -70 -80 

Result(°) -0.13 -10.88 -20.91 -30.59 -40.11 -50.86 -61.19 -71.93 -82.07 

Error(°) -0.13 -0.88 -0.91 -0.59 -0.11 -0.86 -1.19 -1.93 -2.07

Table 2.  Motion blur direction identification with additional noise 

Theoretic 
direction(°) 90 80 70 60 50 40 30 20 10 

Result(°) 90.63 80.57 69.03 60.68 51.36 40.18 32.36 24.25 14.23

Error(°) 0.63 0.57 -0.97 0.68 1.36 0.18 2.36 4.25 4.23



(Table 2 continued) 
Theoretic 

direction(°) 0 -10 -20 -30 -40 -50 -60 -70 -80 

Result(°) 2.24 -12.03 -24.35 -30.98 -40.70 -52.52 -61.11 -71.00 -81.95 

Error(°) 2.24 -2.03 -4.35 -0.98 -0.70 -2.52 -1.11 -1.00 -1.95

Seen from Table 1and Table 2, when motion blurring direction was parallel to 
original image edge, the blurred image still had strong boundary information, and its 
identification accuracy was high. On the contrary, if the blurred direction was vertical 
to original image edge, the boundary information was weak, the accuracy was low. 

5   Conclusions 

Uniform linear motion blurring can strengthen the Fourier power spectrum of image 
perpendicular to the direction of motion. According to this, the blurred image can be 
removed a great deal of low and high frequency information after second-order 
difference high-pass filtering and the circular low-pass filtering. Then the motion 
blurring direction was attained by linear fitting of the frequency points with highest 
amplitude selected from the spectrum image. This proposed method is proved to be 
available for motion blur of random plane direction and adaptable for noise. 
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