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Feature detection and description are key ingredients of 
common image processing and computer vision 
applications. Most existing algorithms focus on robust 
feature matching under challenging conditions, such as in-
plane rotations and scale changes. Consequently, they 
usually fail when the scene is blurred by camera shake or 
an object's motion. To solve this problem, we propose a 
new feature description algorithm that is robust to image 
blur and significantly improves the feature matching 
performance. The proposed algorithm builds a feature 
descriptor by considering the integral projection along 
four angular directions (0°, 45°, 90°, and 135°) and by 
combining four projection vectors into a single high-
dimensional vector. Intensive experiment shows that the 
proposed descriptor outperforms existing descriptors for 
different types of blur caused by linear motion, nonlinear 
motion, and defocus. Furthermore, the proposed 
descriptor is robust to intensity changes and image 
rotation. 
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I. Introduction 

Visual feature detection and description are widely used in 
many image processing and computer vision algorithms, such 
as the structure-from-motion technique [1], visual simultaneous 
localization and mapping [2], object detection [3], object 
recognition [4], object tracking [5], and scene classification [6]. 
Various feature detectors and descriptors have been developed 
and utilized in these applications. A common requirement of 
feature detection and description is that of robustness to 
rotation and scale changes. To accommodate this, traditional 
feature detectors utilize an image pyramid to improve the scale 
invariance. In addition, they calculate the dominant orientation 
for improving the rotation invariance.  

During the last decade, several high-performance feature 
descriptors have been proposed. The scale-invariant feature 
transform (SIFT) descriptor [7] is the most popular of local 
descriptors and is based on the histogram of oriented gradients 
(HOG). In addition, it is invariant to scale, rotation, and 
illumination changes. Mikolajczyk and Schmid [8] proposed 
an extension of the SIFT descriptor that involved using 
gradient location and orientation histograms, which employ a 
circular sampling pattern to improve robustness and 
distinctiveness. The Speeded-Up Robust Features (SURF) 
descriptor [9] is the accelerated version of the SIFT descriptor 
and utilizes the integral image and binary approximated 
Gaussian filter. The Local Intensity Order Patterns (LIOP) 
descriptor [10] is invariant to image rotation and significant 
intensity variation. Calonder and others [11] proposed a fast 
binary descriptor, that is, Binary Robust Independent 
Elementary Features (BRIEF). Binary strings are computed 
from image patches using Gaussian sampling patterns, and a 
Hamming distance is evaluated to accelerate the descriptor 
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matching. Inspired by the human retina structure, a binary 
keypoint descriptor called Fast Retina Keypoint (FREAK) was 
proposed by Alahi and others [12]. They applied a series of 
Difference-of-Gaussian (DoG) functions to a retinal sampling 
pattern to generate a robust binary descriptor. 

However, an important problem remains unsolved when an 
image has noticeable blur caused by camera shake, object 
motion, or camera defocus. The performance of traditional 
feature descriptors is considerably degraded when they are 
used in feature matching and tracking. Although image blur is 
widely observed in real images, it has not been sufficiently 
investigated in the feature description domain. Note that most 
previous work focuses on developing image deblurring 
techniques. Liu and others [13] proposed an illumination-
robust, anti-blur descriptor. The second- and third-order 
central moments are utilized to generate the descriptor; these 
moments are combined to form a vector using a canonical 
correlation analysis. Kannan and others [14] proposed 
Compressed Local Retinal Features, which is robust to image 
blur and JPEG compression. They quantized the local image 
patch using log-polar transformation and generated the 
descriptor by applying a 2D discrete wavelet transformation. 
Although these descriptors are robust to Gaussian blur, such 
as defocus, they cannot handle motion blur. In pattern and 
object recognition, several texture analysis methods, which 
are invariant to blur and affine transformation, have been 
proposed based on central moments [15], [16], frequency 
analyses [17], and Radon transforms [18]. However, no 
previous works have developed a feature descriptor that takes 
image blur properly into account. 

In this paper, we propose a new feature description 
algorithm that is robust to image blur. In our approach, 
multidirectional integral projection (IP) is proposed, in which 
four angular directions (0°, 45°, 90°, and 135°) are considered 
to produce IP vectors. Robustness to intensity changes 
increases by using differential IP vectors. Although the 
proposed approach is designed to handle linear motion blur,  
it was experimentally found that it also works well for 
nonlinear motion blur and defocus blur. Furthermore, 
rotational invariance is guaranteed when the head IP vector 
with strong edge is selected. The main contributions of this 
paper are summarized as follows. 
▪ We propose a new blur-invariant feature descriptor based on  

the angular IP. 
▪ We derive the mathematical invariance of the IP function for 

blurred and non-blurred images. 
▪ We show a better performance for various types of blurred 

images with intensity changes. 

II. Feature Description Using Multidirectional Integral 
Projections 

1. Motion Blur and Integral Projection 

Image blur is modeled by the convolution of a latent image   
f(x, y) and the point spread function (PSF) h(x, y). It produces 
the observed (blurred) image g(x, y) = (f*h)(x, y), where “*” 
represents the convolution operator. For a discrete image, when 
the PSF h[x, y] is defined on an m  n kernel, the observed 
image is computed as a summation inside a window patch as 
follows: 
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where [nc, mc] denotes the center coordinate of the blur kernel. 
With linear horizontal motion blur, the PSF is represented by a 
line segment as follows: 
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where  and  denote the delta function and duration of 
exposure, respectively. From (1) and (2), the observed image 
with linear motion blur is formulated as 
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On the other hand, the horizontal IP function of (x1, x2) is 
defined by 
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Note that the IP function has been used for detecting object 
boundaries in face detection and estimating global motion in 
video sequences. 

For the discrete-image case, the IP of the horizontal motion 
blurred image is formulated as follows: 
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The last step of (5) relies on the property that the summation  
of the averaged signal is approximately identical to the 
summation of the original signal. 

Consequently, the IP along the blurred image’s motion  
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Fig. 1. Procedure of proposed descriptor generation. 
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direction is approximately equivalent to the IP of the original 
image. From this observation, the main idea of this paper is that 
a feature description is invariant to linear motion blur if the 
features are described using IP. However, in a real image, blur 
does not always occur horizontally. Furthermore, it is difficult 
to estimate the correct blur direction. Therefore, the proposed 
descriptor employs multidirectional angular IP to capture IP 
vectors from several directions simultaneously. In the proposed 
approach, four angular integral projections (FAIPs) are used 
with the assumption that the linear motion blur PSF aligns with 
one of four directions (0°, 45°, 90°, and 135°). 

2. Descriptor Generation 

Figure 1 and Algorithm 1 show the overall procedure of the 
generation of the proposed descriptor. First, each local patch 
that is centered at the detected feature location is normalized to 
32  32 pixels. In this step, any existing scale-invariant detector 
can be used as long as the local patch is extracted in the 
properly scaled space. Then, FAIPs (a, b, c, and d) are 
conducted, and their corresponding 32-dimensional IP vectors 
are obtained. Note that diagonal IPs (b and d) can be applied 
efficiently using a predefined sampling pattern. Because the 
number of accumulated pixels for each IP is different, each 
element of an IP vector is normalized by the total number of 
sampled pixels. To achieve robustness to intensity changes, the 
elements of each IP vector are encoded as their difference to 
the center value at the 16th position of the center of each vector 
(aIP, bIP, cIP, and dIP). Moreover, each element is divided by the 
maximum absolute value of all elements of the four vectors 
such that it is normalized to [−1, 1] (an, bn, cn, and dn). 

The proposed descriptor is a composition of four IP vectors, 
which is a 128-dimensional vector. The order of the four 32-
dimensional vectors in the descriptor is determined by the 
dominant edge's direction of the local patch. If the image patch 

has a strong edge that is parallel to the projection direction, then 
this edge information is likely to be preserved in the IP vector. 
The proposed approach selects the IP vector with the projected 
strong edge, which is the maximum magnitude of the gradient, 
and uses it as the head vector for the circular combination of 
the four vectors. After the input signal aIP is smoothed to aL0 
using L0 gradient minimization [19], the IP vector with the 
maximum magnitude of gradient is selected as the head vector. 
For example, in Fig. 1, dL0 has the largest gradient and is 
consequently selected as the head vector. The vector order is 
determined according to the clockwise IP direction from    
the head vector dn, and a 128-bit rotation-invariant feature 
descriptor {dn, an, bn, cn} is finally constructed. 

III. Experimental Results 

The performance of the proposed descriptor is evaluated and 
compared with state-of-the-art feature descriptors, including 
SIFT [7], SURF [9], BRIEF [11], FREAK [12], and LIOP [10]. 
Information regarding the implementation of each of the 
compared descriptors is available through each author’s 
website or the OpenCV library. The proposed descriptor is 
implemented in C++ code based on an OpenCV interface. The 
experiments are performed on an Intel Core i7 CPU with   
2.7 GHz and 16 GB memory. Figure 2 shows the test dataset 
used in our experiment. 

Blurred images are generated with linear motion blur using 
Mikolajczyk’s dataset [20]. Note that the PSFs used in synthetic 
blur have diverse lengths (from 10 to 50 pixels) and directions 
(0°, 15°, 30°, and 45°). The initial keypoints are detected using an 
approximated multiscale DoG detector; that is, SURF. Because 
fewer features are detected in a blurred image than in a non-
blurred image, we detected approximately 1,000 features in the 
source image and 400 features in the target image. 

A threshold-based matching method evaluates the precision  
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Fig. 2. Sample images in test dataset: (a) synthetic images to
simulate linear motion blur, (b) nonlinear motion blur, (c)
defocus blur, (d) intensity change, (e) viewpoint change,
(f) image rotation and scale change, and (g), (h) non-
linear illumination variation. 

(a) 

(b) (c) (d) 

(e) (f) (g) 

(h) 

 
 

recall. In each descriptor, we change the distance threshold of 
the matching method to measure the variation of the 
performance. For the LIOP descriptor, the local patch of each 
keypoint is normalized to 64  64 pixels. 

Typical results of feature matching are shown in Figs. 3 and 4. 
In each descriptor, we find approximately 200 and 100 
correspondences, respectively, using distance thresholding. 
Both figures show that the proposed descriptor finds 
significantly more inliers and fewer outliers than any other 
descriptor. Note that only the proposed approach gained more 
than 50% in recall. Figure 5 shows the intensive quantitative 
comparison of feature matching for different experimental 
conditions. Each caption denotes the name of the dataset, PSF 
type, PSF direction from the horizontal axis, and the length of 
the PSF. In Fig. 5, the horizontal and vertical axes represent 1-
precision and recall, respectively. As shown in Fig. 5, the 
proposed descriptor significantly outperforms the other 
descriptors in general. Since it is difficult to estimate the feature 
orientation correctly in blurred images, the performance of  
the SIFT and SURF descriptors is significantly degraded. 
Furthermore, image blurring reduces the sensitivity of the 
HOG descriptors. The performance of BRIEF for the blurred 
images works well only when the PSF length is less than  

 

 

Fig. 3. Comparison of feature matching under linear motion blur with 15° and 30 pixels of blur kernel. Yellow and red lines represent
inliers and outliers, respectively. Performance is measured by (# of inliers / # of outliers). 

(a) Proposed (102/94) (b) SIFT (81/118) 

(c) SURF (70/125) (d) BRIEF (50/157) 

(e) FREAK (27/179) (f) LIOP (45/144) 
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Fig. 4. Comparison of feature matching for image rotation
(graffiti dataset). 

(a) Proposed (50/50) 

(b) SIFT (41/59) 

 
 

10 pixels (first column). This is because BRIEF does not 
calculate the dominant orientation. However, since the intensity 
difference changes in a highly blurred image, it shows a poor 
performance in other cases. The performance of the LIOP 
descriptor is also degraded because it utilizes not only the 
SURF orientation but also the intensity difference. 

The second to last rows show that the proposed descriptor 
outperforms other descriptors for nonlinear motion blur and 
defocus blur. Nonlinear motion blur is tested using the boat and 
picasso datasets, in which the latent images are estimated using 
Xu’s [21] and Shan’s [22] algorithms. A qualitative comparison 
of the feature matching performance under image rotation (in 
Fig. 4) is shown in the last plot of the second to last rows of  
Fig. 5. 

The last row of Fig. 5 exhibits the matching performance for 
the deblurred images (from the input blurred images) with a 
PSF length of 30 pixels. Deblurring is performed using Xu’s 
algorithms [21]. The proposed descriptor also outperforms the 
others for the deblurred images. The last plot of Fig. 5 shows a 
comparison of the matching results between the deblurred 
images and the blurred images, in which the performance of 
the proposed descriptor and other descriptors are evaluated on 
the blurred and the deblurred images, respectively. It shows that 
the performance of the proposed descriptor is still comparable 
with the other descriptors, although the other descriptors  

Table 1. Execution time (with 1,000 feature points). 

Descriptor (dimension) Time for descriptor generation (ms) 

Proposed (128) 108 

SIFT (128) 2,189 

SURF (128) 388 

BRIEF (256) 43 

FREAK (512) 84 

LIOP (255) 3,221 

 

 
consume additional heavy computation for the deblurring 
procedure. 

To show the matching performance for general cases, 
Mikolajczyk’s dataset [20], Zitnick’s dataset [23], and Heinly’s 
dataset [24] were tested with various imaging conditions, 
including viewpoint changes, image rotation and scale changes, 
intensity changes, and non-linear illumination variation.  
Figure 6 shows the matching performance for the non-blurred 
dataset. For the non-blurred dataset, the performance of the 
proposed descriptor is comparable with that of the other 
descriptors. For the dataset with intensity changes the proposed 
descriptor shows comparable performances with the SIFT and 
SURF descriptors, but this is still a promising result. Note that 
binary descriptors usually outperform patch-based descriptors 
under intensity changes, because they encode the difference in 
pixel intensity as a binary string. Because the LIOP descriptor 
orders the local intensity and compares the intensity difference, 
it also demonstrates a good performance under intensity 
changes. 

Table 1 presents the execution time for a descriptor 
generation with 1,000 feature points, which shows that the 
proposed descriptor is faster than both the SIFT descriptor and 
the SURF descriptor. Although BRIEF and FREAK are faster 
than the proposed descriptor, there is no significant difference 
in terms of practical usage. 

IV. Conclusion 

In this paper, we proposed a novel feature descriptor that is 
robust to image blur. Multidirectional angular IPs were 
proposed to improve the feature matching performance for 
images with different image blurs. IP vectors were 
constructed as a 128-dimensional descriptor vector, which 
was not only invariant to motion blur but also robust to image 
rotation and intensity changes. Experimental results 
confirmed that the proposed descriptor outperforms the 
conventional descriptors. 
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Fig. 5. Quantitative comparison of feature matching for various datasets and image blur types. Horizontal and vertical axes denote
1-precision and recall, respectively. Each subcaption represents name of dataset, PSF type, PSF direction, and length of PSF. 
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Fig. 6. Quantitative comparison for non-blurred dataset. Horizontal and vertical axes represent 1-precision and recall, respectively. Each
caption denotes name of dataset. 
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