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Abstract: Affine Scale Invariant Feature Transform (ASIFT) can obtain fully affine invariance, however, its
time cost reaches about twice that in Scale Invariant Feature Transform (SIFT). We propose an improved ASIFT
algorithm based on feature points in scale space for real-time application. In order to detect the affine invariant
feature point, we establish a second-order difference of Gaussian (DOG) pyramid and replace the extreme
detection in the DOG pyramid by zero detection in the proposed second-order DOG pyramid, which decreases
the complexity of the scheme. Experimental results show that the proposed method has a big progress in the
real-time performance compared to the traditional one, while preserving the fully affine invariance and
precision. Copyright © 2014 IFSA Publishing, S. L.
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1. Introduction
Feature extraction and description play a very
important role in image and video analysis and
interpretation. Intensive research results show that
local features are more robust than the global ones.
Local image detectors used for image processing can
be typically classified by their incremental invariance
properties. Local image features have been widely
applied in image retrieval, image matching, image
register, motion recognition, video monitoring, etc
[1-2]. Almost all of the existed local image detectors
are translation invariant. Furthermore, the Harris
detector is also rotation invariant [3]. Harris-Laplace,
Hessian-Laplace and Difference of Gaussian (DoG)
are scale and rotation invariant [4]. The HessianAffine, Harris-Affine and Maximally Stable
Extremal Region (MSER) are expected to be affine
transform invariant [5-6]. The invariance is
commonly achieved by normalizing the local
regions, patches or level lines and so on, where the
effect of the affine transform has been eliminated.
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However, none of these approaches are yet fully
affine invariant when a strong change of scale or
angle is present. Affine scale invariant feature
transform (ASIFT) provided a potential solution [7].
It simulates all possible image views and thus
achieves fully affine transform invariant. ASIFT can
handle much higher transition tilts than SIFT, HarrisAffine, Hessian-Affine and MSER. But its
complexity is about twice that of SIFT. So on
account of it, ASIFT is not suitable for the real-time
application. Inspired by ASIFT, the proposed method
in
this
paper
simulates
possible
affine
distortions caused by the change of camera optical
axis orientation from a frontal position.
And SIFT algorithm is modified to speed up the
process of feature extraction and further to meet the
real-time requirements.
Specifically, the contributions of this paper are
as follows.
1) The proposed method makes full use of the
affine invariant advantage of ASIFT and the efficient
merit of SIFT.
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2) We establish the second-order DoG pyramid to
simplify the detection of initial extreme feature
points, which speeds up the feature extraction
and description.
The rest of the paper is organized as follows.
Section 2 reviews the ASIFT algorithm. In Section 3,
we briefly describe the proposed real-time ASIFT in
detail. Section 4 presents our experimental results
comparing the novel method to the traditional
ASIFT. Finally, the paper is concluded in Section 5.

2. Review of the ASIFT Algorithm
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We first briefly review the fully affine invariant
image matching method, ASIFT [6]. Unlike SIFT,
which is invariant with respect to only four
parameters namely zoom, rotation and translation,
ASIFT deals with another two parameters: the angles
defining the camera axis orientation. Against any
prognosis, simulating all views depending on these
two parameters is feasible. The method permits to
reliably identify features that have undergone very
large affine distortions measured by the transition tilt.
Image distortions arising from viewpoint changes
can be modeled by affine transform, provided the
image’s boundaries are piecewise smooth [8]. As
shown in Fig. 1, the gray image area is a flat physical
object. The top right small rectangle represents
a camera.

Generally speaking, ASIFT proceeds as follows:
1) Each image is transformed by simulating all
possible linear distortions caused by the change of
orientation of the camera axis. These distortions
depend upon two parameters: the longitude  and
the latitude  .
2) The rotations and tilts are performed for a
finite and small number of latitude and longitude
angles. Then the images undergo rotations with angle
followed by tilts.
3) All simulated images are compared to each
other by some scale invariant, rotation invariant, and
translation invariant algorithm. And all simulated
images are computed by the scheme, while original
SIFT is used in ASIFT for feature extraction.
After all, the main contributions of ASIFT are:
1) It simulates all six parameters in affine model.
2) It makes full use of the merits of SIFT.

3. Speed Up ASIFT

Fig. 1. The Affine Camera Model

Suppose an image I ( x, y ) is affine transformed
to I ( x, y) :

I ( x , y )  I ( x, y )  A  E
 x  a b   e 
  *
 
 y c d   f 
 I (ax  by  e, cx  dy  f )
So we obtain the affine decomposition matrix:
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SIFT is invariant to image scaling, blur, and
illumination, and partially invariant to rotation and
viewpoint changes. However, SIFT is not affine
invariant. ASIFT can obtain fully affine invariance,
while its time computation cost is rather huge, about
twice that of SIFT because of the use of SIFT.
In this paper, we propose an effective method to
overcome the above drawback of ASIFT. Unlike
MSER, Harris-affine, and Hessian-affine, which
normalize all six affine parameters, The improved
ASIFT simulates the two camera axis parameters,
which is same as ASIFT, and then applies the
proposed fast version of SIFT to extract features
from the generated images. In order to further speed
up feature extraction, the number of latitudes and
longitudes are also carefully selected.
By analyzing the process of ASIFT, it can be
divided into two parts mainly, namely, the simulation
of the view angle and SIFT, where SIFT occupies
most of the computation. To meet the real-time
application, a straightforward solution is to speed up
SIFT. SIFT proceeds by the following steps: the
detection of the extreme in scale space, the extraction
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of stable key points, assignment of direction for each
key point, and generation of feature descriptor. To
speed up the performance of SIFT, many improved
versions have been reported, such as PCA-SIFT,
GLOH and SURF [9-11]. However, most of them are
concentrated on the simplification of descriptors,
which can enhance the calculation speed, while
decreasing the robustness and accuracy.
We can draw conclusion by analyzing the above
steps: the detection of scale invariant feature points is
the basis of the whole SIFT scheme, which
influences the accuracy greatly. Furthermore, the
establishment of LOG pyramid and DOG pyramid
occupies about 80 % of the computation [12]. As a
result, simplifying the establishment of the pyramid
can decrease the time cost efficiently. We propose to
exploit the second-order DOG to detect the initial
extreme feature points.

3.1. Theoretical Basis
In SIFT, the detection of extreme is obtained by
DoG, where each pixel will compare with 26 pixels
in the neighboring layers and octaves, which needs
much calculation time. On the other hand, inspired
by plane geometry, the local extreme of the primitive
function corresponds to the zero point of the first
derivative of the function. Furthermore, the zero
point is more apparent than the extreme and easy to
detect. So we can replace the detection of local
extreme by the detection of zero point of the first
derivative of the scale normalized primitive function.
As a result, the local extreme in DoG corresponds the
zero point of the derivative of DoG, that is, the
second-order DoG.
Suppose D () denotes the DoG, so

D( x, y, k )  D( x, y, )  D ( x, y, ) ,
2

(3)

where D 2 ( x, y,  ) represents second-order DoG.
Since
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3.2. Detection of Second-order DoG
3.2.1. Establishment of Second-order DoG
The second-order DoG is built based on DoG, as
illustrated in Fig. 2.
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Fig. 2. Establishment of the second-order DoG
(Left is Gaussian pyramid, middle is DoG, right is the
second-order DoG).

Take the subtraction between the neighboring 2
layers in the same order in DoG, and the result is
regarded as one layer in the second-order DoG,
whose scale is the scale of the subtrahend in DoG.
For example, the scale image in the first layer
second-order in second-order DoG results from the
subtraction the first layer D( x, y, k 2 ) from the
second layer D( x, y, k 3 ) in DoG, and its scale is
k 2 . As a result, the number of order in second-order
DoG is the same as that in DoG, while the number of
layer in each order in second-order DoG is less 1
than that in DoG.

3.2.2. Detection of Zero Point
In the real application, the zero point in the
second-order DoG does not equal to zero accurately,
so we set a predefined threshold T, and compare the
threshold with the absolute value of the pixel in the
second-order DoG to detect the zero point. If the
result is less than T, the pixel is considered as one
feature point, and its location and scale ( xi , y i ,  i )
is recorded. In the proposed scheme, the selection of
T is rather important. When T is selected to be
bigger, the number of the feature points becomes
bigger, which may detect partial false feature points,
and leads to increase the false matching probability,
and vice versa. We have carried out a large number
of experiments to certain the relationship between T
and the performance. Experimental results show that
with the increase of T, the number of the feature
points increases, and the number of the correct
matching pairs increases. Furthermore, the correct
matching probability increases first and then
decreases, and the time consumption will increase
with the increase of T. So we suggest the range
T  [0.0000012,0.0000035] be a tradeoff between
the precision and the computation.
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3.2.3. Discussion about Location and
Description of Feature Points
For the feature points detected in the secondorder DoG, it is necessary to locate their and position
in the original image. We need to map the detected
feature points in the second-order DoG to the DoG
space, and the principle is the same order, the same
scale and the same position, that is, feature point
( xm , y m ,  m ) in the second DoG corresponds to pixel

( xm , y m ,  m ) in DoG. So we can adopt the same way
as in SIFT to locate the position of each feature point
precisely. Furthermore, the rest after detection of
extreme is also the same as in SIFT, including the
removal of low contrast and unstable edge points,
generation of feature descriptor, etc.

(a) Matching by ASIFT.

4. Experimental Results
For assessing the performance of the proposed
algorithm, a variety of experiments were carried out.
The experimental environment are: AMD Athlon TM
X2 DualCore CPU 2.0 GHz, memory 2.0 GHz,
Matlab2011b. We analyze the results from the angle
of total time, corresponding number and correct rate.
Partial simulation results are depicted in Fig. 3, Fig. 4
and Fig. 5.

(a) Feature Points by ASIFT.

(b) Matching by Improved ASIFT.
Fig. 4. Comparison between ASIFT and Improved ASIFT
(landscape).

(a) Matching by ASIFT.

(b) Feature Points by Improved ASIFT.

(b) Matching by Improved ASIFT.

Fig. 3. Comparison between ASIFT and Improved ASIFT
(Lena).

Fig. 5. Comparison between ASIFT
and Improved ASIFT (img).

140

Sensors & Transducers, Vol. 165, Issue 2, February 2014, pp. 137-141
Other results are listed in Table 1. Where
parameters of SIFT scheme are same as
recommended by Lowe, and the parameter
T  0.0000012 in improved ASIFT.
Table 1. Comparison between ASIFT
and proposed ASIFT.

ASIFT
Proposed
ASIFT

Total
Time (s)
79.756
39.949

Corresponding Correct
Number
Rate (%)
103
89.56
34

89.07

From Table 1, we can see that regardless of under
geometric distortion condition, under the illumination
variation condition, the proposed scheme is better
than the traditional one. The total time is about 1/2
that of ASIFT, indicating the better real-time
performance. Furthermore, the correct rate is
equivalent to that in ASIFT, indicating
good robustness.

5. Conclusions
In this paper, a novel speed up affine SIFT
scheme is presented. ASIFT is fully affine invariant
with respect to 6 parameters, including zoom,
rotation, translation and angles, etc, which favors the
image matching with large transition tilts. However,
the computation of ASIFT is about twice that of
SIFT, which is not suitable for real-time application.
Analyzing the realization steps, we propose to
simplify the detection of extreme in SIFT, and build
the second-order DoG, exploiting detection of zero
point to replace the comparison between pixels.
Experimental results show the proposed scheme
decreases the running time while preserving the
precision. On the other hand, the corresponding
number of the proposed scheme is rather lower than
that of the traditional one, which may lose some
distinctive points, especially on the edge or highly
texture parts, leading to lower the precision of
matching. Further work of increasing the
corresponding number to enhance the precision in

our approach is in progress.
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