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Abstract 

 
In this paper, we present comparative analysis of scale-invariant feature extraction using 

different wavelet bases. The main advantage of the wavelet transform is the multi-resolution 
analysis. Furthermore, wavelets enable localization in both space and frequency domains and 
high-frequency salient feature detection. Wavelet transforms can use various basis functions. 
This research aims at comparative analysis of Haar, Daubechies and Gabor wavelets for 
scale-invariant feature extraction. Experimental results show that Gabor wavelets outperform 
better than Haar, Daubechies wavelets in the sense of both objective and subjective measures. 
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1. Introduction 

Extraction of image feature has been an active area in the object recognition research for 
decades. Feature extraction is based on the local property of an image. Many existing 
methods utilize Harris corner detectors [1], difference of Gaussian (DoG) [2], and the 
behavior of local entropy [3], to name a few. The description of the detected image features is 
based on the properties of the associated local regions, the simplest solution being the grey-
level histogram. Lowe has proposed scale-invariant feature transform (SIFT), which provides 
distinctive, stable, and discriminating features [1], [4]. 

The main advantage of using such SIFT is the simplicity due to the unsupervised nature. 
However, the SIFT method is practically classified into semi-supervised since it requires a 
certain degree of supervision. In this paper propose a more efficient approach when the image 
feature detector uses supervised learning. It is clear that the semi-supervised methods are the 
most suitable for the cases where the object instance remains the same, such as in the interest 
point initialization for object tracking [5], but they cannot tolerate appearance variation 
among different instances of the object class on the local level. Local features can be 
computed to obtain an image index based on local properties of the image. These local 
features, which need to be discriminated enough to “summarize” the local image information, 
are mainly based on filtering, sometimes at different image scales. These kinds of features are 
too time-consuming to be computed for each pixel of the image. Therefore the feature 
extraction is limited to a subset of the image pixels, the interest points, where the image 
information is supposed to be the most important [6],[7],[8],[9]. In this paper, comparative 
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analysis of wavelet transform using Haar, Daubechies and Gabor wavelets for evaluating 
performance of scale-invariant feature extraction.  

 
2. Comparison of Feature Extraction Performance Using Different 
Wavelet Bases 

The wavelet transform can selectively use various basis functions. In this section, we 
compare two orthogonal basis functions including Daubechies and Haar wavelets. 
Gabor wavelet is Gaussian enveloped basis functions that are orthogonal -like basis 
functions. 
 

 
(a) Haar basis function 

 
(b) Daubechies basis function 

 
(c) Gabor basis function 

Figure 1. Different wavelet bases (a) Haar wavelet basis function, (b) 
Daubechies basis function, (C) Gabor wavelet basis function. 

 

(a) (b) 
Figure 2.  Level-3 DWT representation of sample image (a) Haar DWT  (b) 

Daubechies DWT 
 
2.1. Feature extraction using the Haar and Daubechies wavelet 

The discrete wavelets transform (DWT) decomposes an input signal into low and 
high frequency component using a filter bank. Daubechies, Haar wavelet, which 
characteristics the filter bank, has important properties of orthogonality, linearity, and 
completeness. We can repeat the DWT multiple times to multiple-level resolution of 
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different octaves. For each level, wavelets can be separated into different basis 
functions for image compression and recognition 

Figure 2, shows the result of multi-resolution expansion using Haar, Daubechies 
wavelets. The wavelet transform can be used to represent a two-dimensional (2D) signal 
by the 2D resolution decomposition procedure, where an image is repeatedly 
decomposed into an approximation and several detail components at each level. In 
Figure 2, Level-3 wavelet decomposition of a sample image is shown. A Sample image 
is first decomposed into four sub-images including one approximation (low-frequency 
part of the signal) and nine details (high-frequency part of the signal) images. The 
approximation image is again decomposed into four sub-images. In the experiment, we 
use Haar, Daubechies-4(db4) wavelets to obtain Level-3 wavelet decomposition [10]. 

In order to construct the wavelet pyramid, we decide the number of Haar, Daubechies 
coefficients and approximation levels. We would like to extract salient points from any 
part of the image where “something” happens in the image at any resolution.  A high 
wavelet coefficient (in absolute value) at a coarse resolution corresponds to a region 
with high global variations. The properly chosen length of the Haar, Daubechies 
wavelet and the number of the approximation levels provides the optimum local key 
points or features [11]. 

 

Figure 3. Gabor function for different values representation of real part 
 
2.2. Feature extraction using Gabor wavelet 

The Gabor wavelet transform uses a set of Gaussian enveloped basis functions that are 
orthogonal-like basis functions [12]. Gabor wavelets provide analysis of the input signal 
in both spatial and frequency domains simultaneously. 
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where ,x y
 
define the pixel position in the spatial domain, 0  the radial center 

frequency,  the orientation of the Gabor wavelet, and   the standard deviation of 
Gaussian function along the x  and y -axes. In addition, the second term of the Gabor 
wavelet, 

2 2
0 /2 ,e    compensates for the DC value because the cosine component has 

nonzero mean (DC response) while the sine component has zero mean.  

 

 
  

(a) (b) (c) 

   
(d) (e) (f) 

Figure 4. (a) Original image, (b)  , (c) / 2 , (d) / 4 , (e) / 6 , (f) / 8 . 

As the half-amplitude bandwidth of the frequency response is about 1–1.5 octaves 
along the axes [13], the relationship between  and 0  can be derived to be 

0/    where 
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where    is the bandwidth in octaves. The Gabor representation of an image can be 
derived from the convolution of the image and the Gabor wavelets. Let ( , )G x y  denote the 
image, then the convolution of ( , )G x y  and 

0
( , , , )x y    is defined as follows: 

0 0( , , , ) ( , ) ( , , , )G x y G x y x yC       (3)
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where *  denotes the convolution operator, and 0( , , , )G x yC   is the convolution result 
corresponding to the Gabor wavelet at radial center frequency 0  and orientation  . 
With a set of 0  and  , we obtain a multi-hierarchical Gabor representation of the 
image ( , )G x y .  

 The effect of the DC term becomes negligible when the parameter σ, which determines the 
ratio of the Gaussian window width to wavelength, has sufficiently large values. In most case, 
one would use Gabor wavelets of five different scales, 0 {0,...., 4}  and eight orientations, 

{0,.....,7}  The parameter values of wavelength, orientation, phase offset, aspect ratio, and 
bandwidth are given for the Gabor function. Edge operator shows the salient feature of 
texture and Gabor energy operation is robust for isolated line, edge, and contours. 

The Gabor wavelets respond strongly to edges if the edge direction is perpendicular to the 
wave vector 0 0( cos , sin )    .When hitting an edge, the real and imaginary parts of  

0( , , , )G x yC   oscillate with the characteristic frequency instead of providing a smooth 
peak. Nevertheless, the magnitude of the response can provide a measure of the image’s 
local properties [14][15]. 

 

 
 

Figure 5. Gabor energy filtering 

 
3. Experiment Results 
 

The results show that orthogonal basis function of Haar, Daubechies wavelet is in complex 
background and rough texture. However, for orthogonal-like basis function of Gabor wavelet, 
noise and rough texture of the edge are removed hence image feature can be extracted. 
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Figure. 6. Original Image 

 

 

 

 

 

 
(a) (b) (c) 

  

(d) (e) (f) 

 
 

(g) (h) (i) 
Figure. 7. Scale-invariant salient points (image size 1: 4/3 : 1/4) (a), (b), (c) 
Haar features, (d), (e), (f) Daubechies features,(g), (h), (i) Gabor features. 
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(d) 

(e) 
 

(f) 
 

Figure 8. Experimental results: (a),(d) Haar features, (b),(e) Daubechies 
features, (c),(f) Gabor feature 
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5. Conclusion 

We presented a salient feature detector based on wavelets. We used the Haar transform for 
point extraction, which is simple but may lead to bad localisation. Daubechies wavelets avoid 
this drawback, but are not symmetric. Since orthogonality is not required in our approach, we 
could extend it to other wavelets that are compactly supported and symmetric. Wavelets are 
also attractive to extract image features. These local features would be more related to our 
salient points. Gabor feature is a good representation method for local image. But the 
dimension of the feature vector is prohibitively large. The results show that of Haar, 
Daubechies wavelet and Gabor wavelet respond to contours and edges. However, noise and 
rough texture of the edge are removed hence image feature. Gabor wavelet basis function 
extracts image feature more efficiently than Haar, Daubechies, basis function in wavelet bases. 

 
Acknowledgement 
 

     This research was funded by Ministry of Commerce, Industry and Energy (MOCIE) in 
Korea under the Technologies Development for Future Home Appliance project, by the 
Ministry of Knowledge Economy, Korea, under the HNRC(Home Network Research 
Center)–ITRC(Information Technology Research Center). This research was supported by 
Basic Science Research Program through National Research Foundation (NRF) of Korea 
funded by the Ministry of Education, Science and Technology (2009-0081059) 

 
References 
 
[1] K. Mikolajczyk, C. Schmid, “Scale and affine invariant interest point detectors,” Int. J. Comp. Vis. vol. 60, 

pp. 63-86, 2004. 
[2] D. Lowe, “Distinctive image features from scale-invariant keypoints,” Int. J. Comp. Vis. vol. 60, pp. 91-110, 

2004. 
[3] T. Kadir, A. Vetro, and H. Sun, “Scale, saliency and scene description,” Ph.D. dissertation. Oxford Univ. 

Oxford. U.K., 2002. 
[4] K. Mikolajczyk, C. Schmid, “A performance evaluation of local descriptors,” Proc. Conf. Computer Vision, 

Pattern Recognition. pp. 257-263, 2003. 
[5] V. Kyrki, D. Kragic, “Integration of model-based and model-free cues for visual object tracking in 3D,” Int. 

Conf. Robotics, Automation. pp. 1566-1572 (2005)R. Gonzalez and R. Woods, Digital Image Processing, 
3nd ed., Prentice Hall, 2007. 

[6] C. Schmid and R. Mohr, “Local Grayvalue Invariants for Image Retrieval,” IEEE Trans. Pattern Analysis, 
Machine Intelligence, Vol. 19, no. 5, pp. 530-535,1997 

[7] S. Bres, J. Jolion, “Detection of Interest Points for Image Indexation,” 3rd Int. Conf. on visual Information 
Systems, visual99, pp. 427-434, 1999. 

[8] S. Bhattacharjee and T. Ebrahimi, “Image Retrieval Based on Structural Content,” Workshop on image 
analysis for Multimedia Interactive Services, Berlin, Germany, 1999. 

[9] T. Tuytelaars and L. Van Gool, “Content-based Image Retrieval Based on Local Affinely Invariant Region,” 
3rd Int. Conf. on visual Information Systems, visual99, pp. 493-500, 1999. 

[10] U. Bagci, L. Bai, “A Comparison of Daubechies and Gabor Wavelets for Classification of MR Images,” Int. 
Conf. Signal Processing, Communications, Dubai, United Arab Emirates, pp. 676-679, 2007. 

[11] J. Lee, Y. Kim, C. Park, J. Paik, “Robust feature detection using 2D wavelet transform under low light 
environment, ” Int. Conf. Intelligent Computing, LNCIS, vol. 345, pp. 1042-1050 Springer, Heidelberg, 2006. 

[12] C. Liu, “Gabor-based kernel PCA with fractional power polynomial models for face recognition,” IEEE 
Trans. Pattern Analysis, Machine Intelligence, vol. 26, no. 5, pp. 572-581, 2004. 

[13] T. Lee, “Image Representation Using 2D Gabor Wavelets,” IEEE Trans. Pattern Analysis, Machine 
Intelligence, vol. 18, no. 10, 1996. 

[14] M. Lades, J. Vorbruggen, J. Buhmann, J. Lange, C. Malsburg, R. Wutz, W. Konen, “ Distortion  invariant 



International Journal of Signal Processing, Image Processing and Pattern Recognition 

Vol. 2, No. 4, December, 2009 

 

 

38 

object  recognition in the dynamic link architecture,”  IEEE Trans. Comput. 42 (3), pp. 300–311, 1993. 
[15] D. Liu, K. Lam, L. Shen, “Optimal sampling of Gabor features for face recognition,” Pattern Recognition 

Letters 25, pp.267-276, 2004. 

 

 

Authors 

 
 

Joohyun Lim was born in Seoul, Korea in 1978. He received his high 
school diploma from Boseong High School in Korea. He received the B.S 
and M.S. degree Graduate School of Architecture at Kyunggi University, 
Korea. Currently he is pursuing the Ph.D. degree Chung Ang University. 
His research interests include image processing and computer vision. 
 

 

Youngouk Kim received the B.S. and the M.S. degrees in Department of 
Electrical Engineering Hong-Ik Univ, in 1995, 1997, He received the 
Ph.D. degree in image engineering from Chung-Ang University, from 
Seoul, Korea, and 2009. Currently he is pursuing Intelligent Robotics 
Research Laboratory, Korea Electronics Technology Institute. His 
research interests include image processing and computer vision,  

 

 Joonki Paik was born in Seoul, Korea in 1960.  He received the B.S. 
degree in control and instrumentation engineering from Seoul 
National University in 1984.  He received the M.S. and the Ph.D. 
degrees in electrical engineering and computer science from 
Northwestern University in 1987 and 1990, respectively. After 
getting the Ph.D. degree, he joined Samsung Electronics, where he 
designed the image stabilization chip sets for consumer’s camcorders.  
Since 1993, he has worked for Chung-Ang University, Seoul, Korea, 

where he is currently a Professor in the Graduate school of Advanced Imaging Science, 
Multimedia and Film. From 1999 to 2002, he was a visiting Professor at the Department 
of Electrical and Computer Engineering at the University of Tennessee, Knoxville. 
From 2005 to 2007 he served as Dean of the Graduate School of Advanced Imaging 
Science, Multimedia, and Film. Dr. Paik is currently the head of the Image Processing 
and Intelligent Systems Laboratory, which is supported by the Brain Korea 21 Project, 
by the Korean Ministry of Information and Communication under ITRC-HNRC, and by 
Seoul Future Contents Convergence Cluster established by Seoul Research and 
Business Development (R&BD) Program. 


