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Abstract

Fast and robust images matching are of vital importance in low-altitude photogrammetric
process. Among the most popular features of images matching are currently SIFT and Harris
etc. For time-critical applications such as disaster monitoring, the SIFT features extraction
are too slow, and the location accuracy of SIFT and Harris is insufficient in photogrammetric
process. In this paper, we present a sub-Harris operator coupled with SIFT for fast images
matching in low-altitude photogrammetry. Firstly, the original stereopair is down-sampled to
small scaling images, in which rough relative orientation is computed by the corresponding
points obtained from SIFT matching. Then sub-pixel level precise Harris corners are
extracted within original scale images. Finally, the corresponding points are found in the sets
of sub-Harris corners consistent with epipolar geometry obtained from rough images
matching. Experimental results show that the proposed method can achieve more excellent
performances in accuracy than SIFT and Harris operator based method in the relative
orientation, and significantly improve the computational efficiency compared with SIFT.

Keywords: low-altitude image, SIFT matching, sub-Harris operator, epipolar geometry,
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1. Introduction

In the recent few years, Low-altitude photogrammetry using UAV, airship or balloon has
been applied extensively in the civil field, while most of the applications are disaster
monitoring, resource investigation, city planning and surveying. Compared with satellite or
traditional airplane photogrammetry, low-altitude photogrammetry has many advantages:
high resolution, high efficiency, high flexibility and low cost. Considering these advantages,
low-altitude photogrammetry has become a hot topic throughout the world and a popular field
of research.

Compared with traditional aerial photography, low-altitude photography has great
differences in platform, flight altitude, sensor, pose etc. A single low-altitude photographic
image only covers a small area, so it demands hundreds of images to have the whole
interesting area be covered completely. And image has irregular overlap, big rotation angle,
etc., Therefore, the robustness and high efficiency of images processing are of great
significance for fast applications such as disaster monitoring. Among the data processing of
low-altitude photogrammetry, images matching are a key and time-consuming step, so fast
and robust images matching is of vital importance. In the photogrammetry field, an image
matching mainly includes template-based and feature-based approach, the latter is more
common. At present, the most widely used method is SIFT (Scale-Invariant Feature
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Transform) algorithm proposed by Lowe [1], which has been used for the applications of
photogrammetry and computer vision. Moreover, SIFT has also been applied in low-altitude
applications such as visual real time mapping for unmanned aerial vehicles [2], automatic
feature extraction and matching [3], visual global positioning system for unmanned aerial
vehicles [4], UAV images mosaic [5].

However, in low-altitude photogrammetry, only using SIFT for images matching, there are
many disadvantages as follows: 1) As a result of constructing multi-layers image pyramid
structure, it needs a lot of memory to extract and match features, which is one of the most
time-consuming processing parts; 2) A large number of features can be extracted by SIFT, so
features matching may be ambiguous, and the corresponding points may be not evenly
distributed; 3) In SIFT algorithm, the optimal location of key points are determined gradually
by moving half of one pixel in each iteration, so the location precision of the matched
corresponding points is not better than traditional least square images matching method (the
precision may reach 1/10 pixel matching level) proposed by Prof. Ackermann [6, 7]. In [8], a
speeded up robust features algorithm named SURF is presented, feature extraction using
SUREF is faster than SIFT, but it is still too slow for tens of millions of pixels low-altitude
images matching. And SURF reduces the feature location accuracy [3], SIFT is better than
SUREF in invariance to scale and rotation [9]. In [3], the accuracy of SIFT matching in
photogrammetric process can be improved by using the least square matching algorithm. To
accelerate feature extraction and matching, an approach of combining Harris interest points
and the SIFT descriptor for fast scale-invariant object recognition is presented in [10], which
extracts interest points using Harris corner detector instead of SIFT. However, the location
accuracy of Harris corner is pixel-level, which is insufficient in photogrammetric process.

To achieve images matching invariance to translation, scaling, rotation, and illumination
changes, and take into account precision and efficiency, in this paper, we present a sub-pixel
level precise Harris operator (sub-Harris operator) coupled with SIFT for fast images
matching in low-altitude photogrammetry. Firstly, the original stereopair is down-sampled to
small scaling images, in which rough relative orientation is computed by the corresponding
points obtained from SIFT matching. Then sub-Harris corners are extracted within original
scale images. Finally, the corresponding points are found in the sets of sub-Harris corners
consistent with epipolar geometry obtained from rough images matching.

This paper is organized as follows. In Section 2, the rough images matching by SIFT is
described. Section 3 and Section 4 introduces sub-Harris operator, descriptor and matching
method respectively. Section 5 shows the experimental results in low-altitude images
matching. Finally the conclusions are given in Section 6.

2. Rough Images Matching

In order to accelerate low-altitude images matching, original images are down-
sampled to small scaling images (as shown in Figure 1), which are implemented by
SIFT to extract and match features, so it can be suitable for image scale, rotation and
illumination changes.
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Figure 1. The Down-sampled Image

After SIFT matching, there may be false matched points, which are eliminated by
RANSAC scheme combining with epipolar geometry (refer to [11]), in which the
coplanarity constraint of two homogeneous image points g and g’ is represented with a

fundamental matrix F:

q'Fq=0 1)
Avalid F is not full rank, it satisfies the following single cubic constraint:
det(F)=0 )

Generally, camera is fully-calibrated in low-altitude photogrammetry, so the intrinsic
matrix K is constant. Then, the fundamental matrix F is transformed to an essential matrix
E , which can be represented as:

E=K'FK (3)

A real non-zero 3x3 matrix E is an essential matrix if and only if it satisfies the following
equation:

2EETE —trace(EET JE =0 @)

The essential matrix E can be computed by several equations established by the
constraints of equations (1), (2) and (4), which require a finite number of the
corresponding points in two views. The solutions mainly include five-point method,
six-point method, seven-point method and eight-point method. Obviously, the number
of the extracted features using SIFT in small scaling image is less than original image,
and there may be a corresponding drop of the number of the matched points. So we
implement five-point algorithm (given in [12]) to compute relative orientation, as it
calls for a minimal number of solutions.

3. Sub-Harris Operator

In the previous section, the original stereopair is down-sampled to small scaling
images, in which rough relative orientation is computed by the corresponding points
obtained from SIFT matching. In this section, to extract high-precision features for
original images matching, sub-Harris operator is presented.
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Harris corner detector presented by Harris and Stephens in [13] is one of the most
commonly used interest point detectors in photogrammetry field. A Harris corner is
determined based on autocorrelation matrix of the image gradients in horizontal and
vertical directions. The mathematical formulation of the autocorrelation matrix
M(x, Y; I) of a gray-level image | at a pixel location (x, y) can be represented as:

M (x y;I)=LIX 'ng) (5)
Xy y

| A . . .
Where 1, =2—| and 1, =% computes the derivatives or gradients in horizontal and
X
vertical directions, respectively. If the two eigenvalues 4, and A, of autocorrelation matrix

M(x,y; 1) are large, then the pixel I(x, y) is considered as a corner. In [13], the corner
identification can be measured by the corner response function R, which is given as follows:

R = det(M)—k(tr(M))?

det(M)= 1, 4,,tf(M )= 4, + 4, ©

Where det and tr is the determinant and trace of autocorrelation matrix M , respectively.
k is a parameter, which is empirically determined in the interval [0.04, 0.06] (given in [14]).
If the corner response function R of a pixel at the location (%, §) is local maximum within a
certain size window (non-maximum suppression), which can be represented as:

[%, 9]=arglocalmax|R(x, y) (7
X,y

Where if R is greater than the threshold value set manually, then the pixel I(f(, 9) can be

considered as a corner.

The significant advantages of Harris corner operator are simple and efficient, while
the location accuracy of Harris corner is pixel-level, which is insufficient in
photogrammetric process. So we present an improved Harris operator with sub-pixel
level precise.

Harris operator detects corner by the local non-maximum suppression of the corner
response function, ignoring the contribution of adjacent similar corners cluster to the
location, which may deviate the ideal corner location. By contrast, sub-Harris operator
gives consideration to the contribution of adjacent similar corners cluster in a certain
radius r (as shown in Figure 2), and least square method is introduced to optimize the
location of Harris corner as follows:

J=VTPV (8)

or

n R.
J=ijsj, sjz(f(—xj)2+(§/—yj)2,pj= = ©)
j=1

2R

i=1
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radius r. s; and p; is the squared Euclidean distance and weight of j th similar corner
adjacent to Harris corner, respectively. And the weight matrix

P:

<>

Py

P,
P= P, . To achieve the optimal corner location, the

Pn

L Pn |
derivatives computed in X and ¥ are based on least square method as follows:

(10)

(11)

Figure 2. The Adjacent Similar Corners Cluster of Harris Corner in Radius r

Meanwhile, in order to accelerate sub-Harris detection, some non-corner pixels can
be excluded before implementing sub-Harris operator. If the gray of a pixel in the
center of 3x3 window is completely similar or dissimilar with the pixels in eight
neighborhood (as shown in Figure 3 and Figure 4, the pixel in the center of 3x3 window
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is denoted by circle), we can assume that the pixel is obvious not a corner according to
the definition of Harris corner. The gray similarity in 3x3 window can be measured by
the following mathematical formulation:

simCounti, j)= Y _cnt(i +m, j+n)
(m,n) (12)

(-1<m<i-1<n<landm=0,n=0)

<t

11 ‘gi,j _gi+m,j+n

(13)
01 ‘gi,j _gi+m,j+n

cnt(i+m,j+n):{ t
>

Where g; |, Gi,m j.n IS the gray value at pixel location (i, j) and (i +m, j +n),respectively.

t is a threshold of gray difference. If cnt=1, then it indicates similar; if cnt=0, it indicates
dissimilar. When the gray similar number SimCount of a pixel and its eight neighborhood
pixels is equal to O or 8, we assume that the pixel is completely similar or dissimilar with the
pixels in eight neighborhood, so the pixel is not considered as a corner.

i-1,7-1| ij-1 [i+1,5-1 i-1j-1] ij-1ji+1,j-]

aj| o [y i1y n e
i

i-1,7+1| ij+1 j+1,+]

i-1,j+1 ij+1 1+

. - . Figure 4. Completely Dissimilar Gray
Figure 3. Completely Similar Gray in in 3x3 Window

3x3 Window

We take four low-altitude images for example to detect sub-Harris corner (as shown
in Figure 5), noting that sub-Harris corners are not evenly distributed as a result of
inconsistent image texture characteristic. In order to acquire evenly distributed corners,
as is shown in Figure 6, images are partitioned to regular grids, in which a certain
number of sub-Harris corners are detected. Then it will be conducive to acquire evenly
distributed corresponding points.

400 Copyright © 2014 SERSC



International Journal of Signal Processing, Image Processing and Pattern Recognition
Vol.7, No.3 (2014)

Figure 5. Examples of sub-Harris Corners Detection in Low-Altitude Images

Figure 6. Examples of sub-Harris Corners Detection in Low-Altitude Images
Partitioned to Regular Grids

4. Descriptor and Matching

The two sets of corners can be detected by sub-Harris operator in a stereopair, and
then we require matching them. In order to achieve reliable descriptor for patch
matching, SIFT feature descriptor is adopted to describe sub-Harris corner. At each
sub-Harris corner ¢, ;, gradient magnitude m(k, 9) and orientation 6(, 9) are computed

based on the following formula:
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{ m(3 )= (1 (x+Ly) = 1 (-2 ) +(1(xy +D)- 1y -2)f
0%, y)=arctan(l(x, y +1)— 1(x, y =1)/(1(x +1, y) - 1(x =1, y)) (14)
(x=Round(%), y = Round(y))

Similar to SIFT descriptor, a sub-Harris corner can form a 128 dimensional vector.
Then the corresponding points can be acquired by matching sub-Harris corners
consistent with epipolar geometry, which is computed in rough images matching
(section 1I).

5. Experiments

In this section, the experiments focus on sub-Harris operator coupled with SIFT for
images matching, employing low-altitude images sized 3744x5616 from Cannon EOS
5D Mark II camera. Moreover, the proposed images matching approach is compared to
common techniques (including SIFT, Harris operator based image matching (using
Harris operator instead of sub-Harris operator of the proposed method)), considering
the efficiency and accuracy of relative orientation estimated by the corresponding
points. Experiments using the typical stereopairs were implemented to validate the
proposed method. The results are shown in Figure 7 (two images of evenly distributed
texture), Figure 8 (two images of dissimilar illumination) and Figure 9 (two images of
dissimilar scale and rotation). The corresponding points are denoted by red cross in
Figure 7, 8 and 9. 1154, 297, 289 corresponding points were matched by SIFT, Harris
operator based method, the proposed method, respectively. Other corresponding
experimental results are shown in Table 1, Table 2, Table 3 respectively.

Figure 7. Matched Corresponding Points of a Stereopair with Evenly
Distributed Texture
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Table 1. Comparison of Low-Altitude Images Matching

images matching algorithm

Harris operator based

SIFT method the proposed method
the maximum
residual vertical 0.612 1.077 0.293
parallax in the pixel
the RMS_ of vert_lcal 0.973 0.455 0.107
parallax in the pixel
time [s] 47.3 134 145

Figure 8. Matched Corresponding Points of a Stereopair with Dissimilar

Ilumination

Table 2. Comparison of Low-Altitude Images Matching

images matching algorithm

Harris operator based

SIFT method the proposed method
the maximum
residual vertical 0.573 0.992 0.204
parallax in the pixel
the RMS_ of vert!cal 0.261 0.431 0.102
parallax in the pixel
time [s] 38.7 10.6 11.9
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Figure 9. Matched Corresponding Points of a Stereopair with Dissimilar Scale
and Rotation

Table 3.Comparison of Low-Altitude Images Matching

images matching algorithm

SIFT Harris operator based method  the proposed method
the maximum
residual vertical 0.527 0.944 0.265
parallax in the pixel
the RMS_ of vert!cal 0.294 0516 0113
parallax in the pixel
time [s] 40.1 12.2 13.3

As can be seen in the three tables, the maximum residual vertical parallax of the
relative orientation obtained by the proposed method is the smallest one, indicating that
the proposed method can also achieve more excellent performances in accuracy. And
the processing time of images matching using Harris operator based method or the
proposed method is less than one-third of using SIFT. Then, we assume that the
proposed method can achieve better performances in low-altitude photogrammetry by
comparison of the three images matching method.

6. Conclusion

In this paper, we present a sub-Harris operator coupled with SIFT for fast images
matching in low-altitude photogrammetry. The approach can optimize the location
accuracy of Harris corner by least square method, and improve the efficiency of
extracting and matching features in two ways: 1) some non-corner pixels can be
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excluded before implementing sub-Harris operator by pixels similarity analysis in eight
neighborhood; 2) the matched corresponding points are found in the sets of sub-Harris
corners consistent with epipolar geometry obtained from rough images matching.
Experimental results show that low-altitude images matching using the proposed
method is invariance to image translation, scaling, rotation, and illumination changes.
Furthermore, the proposed method can obtain better precision than SIFT and Harris
operator based method in the relative orientation, and significantly improve the
computational efficiency compared with SIFT.
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