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Abstract

This paper proposes a Haar Wavelet Feature Detector (HWFD) based on the Haar wavelet transform and average box
filter. By decomposing the original image using the Haar wavelet transform, the proposed detector obtains the
variance information of the image, making it possible to extract more distinctive features from the original image.
For detection of interest points that represent the regions whose variance is the highest among their neighbor
regions, we apply the average box filter to evaluate the local variance information and use the integral image
technique for fast computation. Due to utilization of the Haar wavelet transform and the average box filter, the
proposed detector is robust to illumination change, scale change, and rotation of the image Experimental results
show that even though the proposed method detects fewer interest points, it achieves higher repeatability, higher

efficiency and higher matching accuracy compared with the DoG detector and Harris corner detector.

Keywords : Interest point, Haar wavelet, Feature detector, Object recognition

I. Introduction

Object recognition plays a very important role in
the domain of artificial intelligence. In recent years,
various methods using local features have been used
widely for object recognition. These methods detect
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interest points and extract features from the region
around the points in an image for image matching.

They have been used in various applications such as

0.420 " ohiect categorization

(30~ 31]

medical image processing

5 161 11193 and object tracking

, image retrieval

To extract features for image matiching, one of the
most important steps i1s to locate the interest points
i the image by using effective detectors such as the
Harris corner detector[gl, DoG detector[m, LoG[m,
DoH"™, The most valuable property of a detector is
its repeatability: the higher the repeatability is, the
better the detector becomes.
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Recently, the usefulness of the Scale Invariant
Feature Transform (SIFD™ for image feature
extraction and been
demonstrated® ¥, The DoG detector applied by SIFT

achieves high repeatability in situations of involving

object recognition has

illumination change, various scales, and rotation
However, the large number of Kkeypoints, ranging
from hundreds to thousands, is an inherent problem
in applying the DoG detector to image matching and
poses a limitation to real time applications.

This paper proposes a Haar Wavelet Feature
Detector (HWFD) based on the Haar wavelet
transform and the average box filter to detect a small
number of interest points with high repeatability and
valuable information. Previous detectors such as the
Harris comer detector[g], DoG detector[15], and LoG
detectorm], am at either detecting cormers or blob
regions in the image. In contrast, the proposed
detector focuses on detecting interest points, which
represent the regions whose variance is the highest
among to the

the

their neighbor
of the

regions. Owing

properties Haar wavelet transform,

proposed method is able to obtain the high frequency

-
.
.

Octave 1

LH, HL, HH

Original [Haar]
image
images

High
t.;f frequency
image

Intearal Box | Size= N
i g Filter 7]
image ] e
Simm.
AEXY £ bF

The main process of the detector.

Siza = Ny

Size 2N

a7

1.
Fig. 1.

B3 =X M 47 A CIEH A1 =

(161)

161

coefficients of the original image with various scales.
Since the high frequency coefficients represent the
they
extraction of more distinctive features. Furthermore,

variance information of the image, enable
use of the average box filter and Haar wavelet
transform provides robustness to illumination change,
scale change, and rotation of the image.

Figure 1 represents the main process of the
proposed HWFD method. With the multi-scale and
space decomposition properties of the Haar wavelet
transform, first, we transform the original image to
LH (horizontal direction), HL (vertical direction), and
HH (diagonal direction) images. The pixels of these
images are composed of high frequency coefficients
and they describe the local variance of adjacent
pixels of the original image. Second, we fuse these
images into a high frequency image and transform
the high frequency image into an integral image for
fast computation.

Third, to evaluate the variance of the local regions
of the original image, we apply the average box filter
with various sizes to the integral image. We then
build up an octave of an image pyramid that consists
of several smoothed images.

By repeating these steps on LL images with
different scales, as shown in Figure 1, we can build
up the image pyramid with several octaves for a
multi-scale analysis. Since the average box filter is
applied, a pixel in the smoothed image gives the
variance information of the swrrounding region. The
size of that region corresponds to the size of the box
filter. In the next step, we select the points in the
smoothed image whose values are larger than an
adaptive threshold as candidate points. Finally, we
compare the value of the candidate point with those
of its neighbors. If the value of the candidate point is
the highest, the point is determined to be an interest
point.

Since the proposed detector takes advantage of the
Haar wavelet transform, it reduces the number of
interest points. The interest points detected by the

proposed detector are more distinctive and offer
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higher repeatability. Thus, the new detector improves
the matching accuracy and efficiency in the process
of the image matching. Furthermore, due to the
application of the integral image technique, the
proposed  detector

achieves fast interest point

detection.

In the domain of image retrieval " » % 29], object
detection™ 2 mobile robot systems[%m, real time
processing, computer aided diagnosis are important
applications. Since the proposed detector can detect
the interest points with fast speed and reduce the
number of interest points without degrading its
performance, it can be well applied in these
applications.

The remainder of this paper is organized as
follows: we present the relative works in section I
and introduce the proposed detector in section II. In
section IV, we describe our experiment. Finally,

conclusions are presented in section V.
II. Related Works

The SIFT algorithm includes the following four
stages: (1) scale-space extrema point detection; (2)
keypoint localization; (3) orientation assignment; and
(4) keypoint descriptor™.

In the first stage, the image is first smoothed by a
Gaussian function with different scales and
down-sampled to build a Gaussian pyramid. Figure 2
shows the process of building the Gaussian pyramid.
A Difference-of-Gaussian (DoG) pyramid is then
built by subtracting the adjacent smoothed images in
the same octave, Finally, the value of each point in
the DoG image is compared with the value of other
points around it. If its value is the maximum or the
minimum, then it is determined to be a keypoint.

In the second stage, either a keypoint with low
contrast or a keypoint close to the edge in the image
is pruned for obtaining a stable keypoint.

In the third stage,
orientations are assigned for the keypoint in order to

one or more consistent

achieve invariance of the image rotation.
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In the fourth stage, the descriptor is calculated in
the region around the keypoint. The region is
separated into 16 blocks. The gradient magnitude and
the orientation for each pixel in each block are then
calculated. The position and the orientation of the
point are rotated to the orientation of the keypoint so
that the descriptor can be robust to image rotation.
Finally, the gradient magnitude is projected to the
histogram with 8 bins for the orientation. Figure 3
shows the process of this stage.

Recently, another methods using wavelet transform
are studied to detect interest points. E. Loupias et al.
proposed a salient point detector based on wavelet
transform to detect relevant points with high global
variations™. D. W. Lin et al. proposed a salient
region detector based on Daubechies (9, 7) filter"?.

III. The Proposed Detector

This section describes the main process of the
proposed detector. For detecting the interest points,
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we form a high frequency image by using the Haar
wavelet transform. The high frequency image is
subsequently used to form an integral image for fast
computation, The local variance of the original image
is then evaluated by the average box filter, and
finally we locate the interest points.

1. Formation of the high frequency image by
using the Haar wavelet transform
Wavelet  technology sophisticated
mathematical and statistical routines for analyzing
signals and very large data sets. In recent years, the

wavelet technology has been applied increasingly
%~26, 28]

provides

widely in the field of image processing[
Because the Haar wavelet forms an orthogonal basis,
it provides a non-redundant representation of an
image. Purthermore, it is thought to be easier to
mmplement the Haar wavelet than other wavelet
functions, and it can be executed with less
computation cost. With the aim of exploiting these
advantages, we decompose an original image using
the Haar wavelet transform and obtain the high
frequency information from the image. Different
levels of decomposition can be performed to the input
image to yield different scales of the image. The
input image can be decomposed into four sub-band
images, as shown in Figure 4: LL image denotes the
approximation of the input image; HL image denotes
the high frequency information of the horizontal

a8 4 Haar #0I25 2 o|8c g4 2E
Fig. 4. Decomposition of the image by using the Haar
wavelst,

direction; LH denotes the high frequency information
of the vertical direction; and HH denotes the high
frequency information of the.diagonal direction.

The HL, LH, and HH images dencte the local
variance information of the image in different
directions. Since the variance stems from jitter of the
proximity pixels, it offers more distinctive information
of the local region of an image and is thus robust to
illumination change. Therefore, we can fuse these
three images to form a high frequency image and use
the average box filter to evaluate the local variance
of the original image. The fusion of these three
images is a simple process of summing up the pixel
values of the images point by point. Finally, we
normalize the summation image with the gray scale
in a range from 0 to 255.

2. Formation of the integral image

The integral image is very useful for fast
computation when box filters are applied to the
image” ™. The integral image at location (x, ¥)
cortains the sum of the pixels above and to the left
of x, y; it can be calculated as follows:

Ixy)= 3 ix,y) )

Xsnrsy

where I(x, v) is the integral image at the location
(x, v) and i(x’, v’) is the original image at the
location (x/, v’).

Thus, by using an integral image, we can obtain
rapidly a summation of a rectangular region in the
image because only three simple computation steps
are needed. Figure 5 shows the process of calculating
the sum of a rectangular region in the integral image.

A B
The summation of the rectangular
2 region AB(Dis:
. a
D c S'=A+C-B-D

a8 5 ME 3 88

Fig. 5. Application of the integral image.
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3. Average box filter operation

Our purpose is to detect interest points -that
represent the regions with local highest variance
information among their neighbor regions. Thus, after
obtaining the integral image, we apply average box
filters with increasing sizes to evaluate the local
variance information. The convolution of the filter
and the high frequency image results in a smoothed
image. Further, it is obvious that the value of each
point in the smoothed image represents the variance
information of the region surrounding the point and
the size of region is the same as that of the filter.
As shown in Figure 6, the value of the black point is
the average of the rectangle, and thus we use it to
represent the variance information of the rectangular
region.

Since the function of the average box filter is to
calculate the average value of the points within a
rectangular region, instead high
frequency image, we use the integral image to obtain
the average value for fast computation. Different
sizes of average box filters are applied to build the
image pyramid, as shown in Figure 1.

l

of using the

Fifter with size of 5*5and
the coefficients of the
filter are all equal to 1/25.

O3 60 Fo gkA ZE oM
Fig. 6. The average box filter operation.

4. Interest point location

After building the image pyramid by using the
Haar wavelet transform and the average box filter,
the pixel values in the smoothed image represent the
local variance information of the original image: the
smaller the point value is, the lower the variance is.
Thus, the small value points are pruned by a
threshold and finally we obtain the candidate points.

In this paper, we propose using the average value
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Fig. 7. Location of maximum point.

and the standard deviation of the high frequency
image to set an adaptive threshold. Suppose that the
average value of the high frequency image I in
octave n is A and the standard deviation of image [
is Sigma, the threshold T for octave n can then be
set as follows:

T = A4, +Sigma 2)

In the same octave of the image pyramid, the
points whose values are greater than the threshold T
are selected as candidate points. The candidate point
is then used for comparing with its 26 neighbors, as
shown in Figure 7. I its value is the maximum
among the points, we determine it to be an interest
point.

IV. Experimental Results

To evaluate the performance of the proposed
method, we compare the repeatability, the number of
interest points, the execution time and the matching
accuracy with those of the DoG detector and the
Harris comer detector. Table 1 describes the

experimental environment.

E 1. HF 84
Table 1. The experimental environment.
Operation system windows Xp
CPU Dual core(TM) 24 GHz
Memory 2 GB
Programming tool VC++ 6.0 and OpenCV
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1. The parameters

In order to build an image pyramid and evaluate
the local variance of the image in the image pyramid,
we must determine the size of the box filter, the
number of octaves, and the number of images in each
octave. In this paper, the size of the filter S of an
image 1(J=0,12..) in octave O(0=0,1,2"-) is determine
as follows:

S=Init+nxO+mx1

3

where [nif is the initial size of the filter and is set
to 5, and n and m are increasing factors and are set
to 2, The number of octaves is
determined by the size of the filter and the size of
the image. We increase the number of octaves until

respectively.

the largest size of the filter is larger than the size of
the image in the same octave, The number of images
i each octave is set to 7 by executing experiments
that achieve highest repeatability. These parameters
are used for the following experiments.

2. The repeatability

The repeatability is calculated by taking into
account the point location with the type of transform,
such as illumination, image size, and rotation. Two
points in different considered  as
corresponding if their relative location satisfies the

following formula:

images are

| B, 4-F ||<T (4)

where P; and P2 are the points in both images, A
is the transform action and T is a threshold that is
set to 2 in the following experiments. Thus, the
repeatability rate between two images is the ratio of
the number of corresponding points and the number
of detected points.

To evaluate the repeatahility, we utilize the object
image dataset collected by the Computer Vision
Laboratory of the Department of
Technology and Electrical Engineering in Zurich,
Switzerland™. There are 51 objects in the dataset

Information
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and all the objects in the images are with white
background. We select 20 images (20 different
ohjects) from the dataset randomly and change the
illumination and size, and rotate the image with
different artificially
repeatability. First, we changed the illumination of
the images by the factor of —40, -20, 10, 20, 30, and
40. Second, we change the size of the original images
by the factor of 04, 0.8, 1.2, 1.6, 20 and 2.4. Finally,
the original images are rotated with degrees of 10,
20, 30, 45, and 60. Note that the size of the original
image is 320 by 240.

Figures 8 and 9 show the repeatability and time
consumption of the proposed detector, the Harris
and the DoG detector with the
rotation transform. It is found that the proposed
detector (HWFD) achieves higher repeatability than
those of the Harris comer detector and DoG detector,
respectively, in most of the cases. Since the Harris

degrees for testing the

corner detector,

corner detector does not build an image pyramid, it
achieves the fastest speed. Because the proposed
detector applies the integral image techmique, it
performs almost as fast as the Harris comer detector
even though an image pyramid is built.

Figures 10 and 11 show the repeatability and time
consumption under illumination change. It is observed
that the proposed detector achieves the highest
repeatability. Due to requiring less computation, the
Harris the fastest
performance. The proposed detector also performs

cormner detector  provides

Repeatability (%)}
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%
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Repeatability in the case of rofation transforms.
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faster than the DoG detector.

As we can observe from Figures 12 and 13, the
proposed detector also achieves higher repeatability
than those of the DoG detector and Harris corner
detector, respectively, in most of the cases when
image size is changed. Also, it is found that the time
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consumption of the proposed detector is moderate and
the Harris corner detector consumes the least time.

3. The matching accuracy

After we locate the interest points in the image by
using the proposed detector, the
detector, and the DoG detector, we calculate the
orientation of the point and form a descriptor for
each interest point, as SIFT™ does. To verify that
the interest points detected by the proposed detector
local information and are more

Harris corner

have higher
distinctive, an application for matching real-world
scenes is executed and the matching results of the
proposed method are compared with those of the DoG
detector and the Harris corner detector, respectively.
We use a dataset™

with different sizes, viewpoints, illumination, and

that includes household items

rotation with different degrees for the matching
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experiment. This dataset was utilized to evaluate the
performance of PCA-SIFT"”, The size of image in
the dataset is 640 by 430.

The distance of two points is calculated by using
the Euclidean distance:

N
D, S F - F) = (2 (F = F)

where Dy is the distance of two interest points P
and P, F; and F; are the features of P; and P,
respectively. N is the dimension of the feature.

For a single point P; in the image I, we calculate
the distance values between P; and all the points in
the other image J. If the closest distance is smaller
than a threshold T (280 for the proposed method, 250
for the Harris comer detector and 260 for the DoG
detector which give the best matching result for each
method, respectively), we determine that the image
pair I and J is matched. To assess the matching
accuracy, we randomly select one of the images from
the dataset and use it to match the others. For a
we can obtain the number of
matching pairs with the others, as shown in Figure
14,

As shown in Figure 14, I; is the selected image

)

selected image,

while I, I, Iy I, are the other images in the
dataset. N;, Nz Nj N, are the corresponding
matching pairs between the image J; and the images
I, Ip, I3, 1. We then rank I, I, I3+, in the order
'of the number of matching pairs(N;, Nz NNy
from the to the If  the
corresponding images are ranked in the top positions,

greatest smallest,

------

a7 14, ofE 3y
Fig. 14. The matching process.

(167)

167
2 oz Z»
Table 2. The matching results,
. Matching | Point Average time
Algorithm ,
accuracy | number | consumption
DoG 51.67 % 40219 2474 ms
HWFD 60 % 23288 1415 ms
Harris 20 % 27729 1694 ms

we consider the matching to be correct. By repeating
the process of selecting each image from the set and
matching it to the other images, we obtain the total
number of correct matches, correctN. Suppose that
the total number of similar images corresponding to
the selected images in the image set is similarN The
matching accuracy can then be defined as follows:

correctN

accuracy = (6)

similarN

The matching results are listed in Table 2. Since
the proposed detector detects interest points that
represent the local regions whose variance is the
highest based on a comparison with their neighbors,
the proposed method achieves higher matching
accuracy than those of the DoG detector and the
Harris comer detector, respectively while having the
lowest number of interest points. Since fewer points
are used, the proposed detector obtains the fastest
matching speed.

IV. Conclusion

This paper proposes a new feature detector based
on the Haar wavelet transform and average box
filter. We apply the Haar wavelet transform to
decompose the input image so as to obtain the local
variance information of the original image. Aiming at
finding interest points to represent the local regions
whose variance information is the highest when
compared to their neighbors, average box filters with
different size are used to evaluate the local variance
of the regions. By building an image pyramid, we
detect

interest points i each octave. For fast
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detection, the integral image technique is also applied.
Due to the properties of the Haar wavelet transform
and the usage of the box filter, the proposed detector
is robust to ilumination change, image size change,
and rotation. Since the detector detects more
distinctive interest points and reduces the number of
interest points, it yields improved efficiency and
matching accuracy when applied to image matching.
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