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Abstract: A novel planar displacement detection method 1s implemented using Scale Invariant Feature
Transtorm (SIFT) point feature matching on a calibrated optical grating-vision measuring platform. SIFT 15 a
method for extracting and describing image key-points, which are robustly invariant to scale, rotation and
translation as well as robust to illumination changes and limited changes of viewpoint. The platform is
moved along its x axis step by step and a series of images are captured with corresponding grating sensor

values. SIFT feature points are extracted and matched between the successive images through a K-Dimension
Tree (KD-Tree) based feature matching algorithm to detect the displacement of each step. The detected values
are compared with the corresponding grating sensor values. Experimental results prove that the accuracy of

the method is less than 10 pm in this environment,
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INTRODUCTION

As the industries are rapidly developing, the required
displacement-detecting level 1s decreasing. In many
inspection and measurement processes, displacement
detection plays an important role and the required
accuracy and resolution are range from sub-micron level
o several hundreds micrometers. There are many
displacement detection methods which have different
accuracy and can be applied in different conditions
(Ding-June et al., 2001; Sasaki et al., 2000). Image-based
displacement detection method has many advantages,
such as no touch, fast, low price and rich information
(Weng-Bing er al., 2004), But it needs image matching
which is a hard work especially in the condition of high
accuracy. Traditional image matching methods are
sensitive to noise, illomination and rotation (Weil-Wen
and Hui, 2005). David (2004) came up with the SIFT
algorithm which can extract distinctive invariant features
from images that can be used to perform reliable matching
between different views of an object or scene. SIFT
features are invariant to image scale and rotation and are
shown to provide robust matching across a substantial
range of affine distortion, change in 3D viewpoint,
addition of noise and change in illumination. In addition,
SIFT features are localized to sub-pixel accuracy. SIFT
algorithm gained increasing popularity in object and
scene recognition (Wuo-Zu er al., 2008; Ze-5u et al., 2008).
This study implements a planar displacement detection
method based on SIFT feature matching on a calibrated
grating-vision sensor platform.

SIFT FEATURES EXTRACTING

SIFT algorithm finds key-point at the maxima of a
difference-of-Gaussian (Do) function, which are the most
stable image features. SIFT algorithm consists of four
major stages: (1) scale-space peak selection; (2) key-point
localization; (3) orientation assignment; (4) key-point
descriptor.

In the first stage, extreme points are identified by
scanning a series of DoG images (Gaussian pyramid) over
location and scale. An efficient approach to construction
of Gaussian pyramid is as follows:

Lix,y,0)=0Gix,v,a)* l{x,v) (1)
Dix,v.0)=Lix,v.ka) —Lix.v.g)

where, I(x, v) is the input image, * is the convolution
operation in x and y, o is a scale factor, k is a const factor
and:
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The input image is incrementally convolved with
Gaussians to produce images separated by a constant
factor k in scale space. We choose to divide each octave
of scale space (1.e., doubling of o) into an integer number,
. of intervals, so k = 2. Adjacent image scales are
subtracted to produce the DoG images. Once a complete
octave has been processed, we resample the Gaussian
image that has twice the imtial value of o by taking every
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second pixel in each row and column. The accuracy of
sampling relative to o is no different than for the previous
octave, while computation is greatly reduced.

Each pixel in the DoG images are checked for being
local extreme by comparing with the 8 neighboring pixels
on the same level of the pyramid and the 18 pixels from the
image patches in the immediately adjacent layers,

In the second stage, candidate key-points are
localized to sub-pixel accuracy and eliminated if found to
be unstable. An accurate position fix on the key-points
located in the previous step has been implemented by
fitting a 3D guadratic function to the local sample points:
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DiX)=D+ X (3)

where, D and 1ts derivatives are evaluated at the sample
point and X = (x, v, o) is the offset from this point. The
location of the extreme, X, is determined by taking the
derivative of this function with respect to x and setting it
o zero, giving:
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The X is added to the location of its sample point to
et the interpolated estimate for the location of the
extreme.

The third stage assigns the dominant orientations for
each key-point based on its local image patch. This step
makes the descriptor rotation nvariant. It involves
caleulating the gradient vectors in a window around the
SIFT feature on the scale at which the feature was
detected. So, for example, if a SIFT feature was detected
with scale 3 (third level of the DoG pyramid), the third
layer of the Gaussian pyramid is accessed and the
oradients of the intensity values are calculated:

u=L{x+Ly)-L{x=Ly)
v=Lix,yv+1)=-Lix,y=1)

mix,y)=+u’ +v*

B(x,v)=tan""(u/v)

(5)

where, m(x, v) and O(x, y) indicate the magnitude and
direction of the gradient at location (x, v).L(x, y) is the
intensity of the pixel at location (X, v).

The gradient orientations are computed in a 16x16
window around the SIFT feature and quantized in 8 steps
of 45 degree intervals in this study as shown in Fig. 1a. A
histogram 1s incremented by a sample that is weighted by
its gradient magnitude and a Gaussian-weighted circular
kernel that is placed on top of the 16x16 window. This has

EY )

Bt Rt EOARNG NN
R .!.I. 3 ) .I - b —— 1
- . l.+: - iy - Al

_I_l = I-_!"‘ | o j._l 'i'.‘l- |"
FlLiEIEME N k[ A F O I A w a
i 1.' r W = j.ﬁ. 5 ': I'HI w1 o P W e a1
o - = - - - -

Bawn =l LT s o B o B ol i o
II_F1 ..'{ f. g .'.;'-, A4 —.nv w -r & | = T & | w & | = "

s "I < latd S Pt e
RS PRI AV EFET # ['_ [ | i
A A S Ak’ By ‘
L 1% L P.III Ll;..._..-!.:_,! _.}.'i - [._ tﬁ-f.-'- 1-._']’...1 t.l-f...

.'"'"H___-':'-,'J.:E 11l _L.'. ‘.-l-._‘. ‘.-l-.‘ ‘-lx'.

Fig. 1: Gray gradient and SIFT feature vector, (a) Image
gradients and (b) Orientation histograms

the effect of giving a higher weight to the samples near
the centre of the window. Peaks in the orientation
histogram correspond to dominant direction of local
gradients and the window is rotated so that the majority
eradient is perpendicular to the top margin of the window.

The final step associates each SIFT feature point
with a 128-element feature vector that uniquely identifies
that point. The gradient orientations obtained at the
end of step 3 are arranged into 16 histograms shown in
Fig. 1b. Values of the orientation histogram constitute the
| 28-dimensional vector (8 orientationsx16 histograms).
This 128-dimensional vector is the SIFT feature vector
which 1s then normalized to unit length.

KD-TREE BASED FEATURE MATCHING

A KD-Tree based feature matching algorithm is
presented for determining the matching SIFT features
pairs in adjacent images. The matched pairs are used
for the displacement detection. Given a SIFT key-points
set E and a target key-point d, then a nearest neighbor of
d, d" is defined as:

vd'e E,Jd-d| < |d-d'| (6)

Where:

d—d|=yY ! —-d)’

and d. is the ith dimension of d. The KD-Tree based
feature matching algorithm is described as follows: A
KD-Tree 1s a data structure (balanced binary tree) for
storing a finite set of points from a k-dimensional space.
To build a KD-tree of the key-points set E of the image 1,
we start from the root-node and spilt recursively the key-
points through their ith dimension. The root-node
represents the entire E. The son node is assigned to the
lift or right sub-tree 1if the value of its ith dimension is
bigger or smaller than that of father node. For each query
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key-point kp of the next image I, we find two most
nearest neighbors kp, and kp, in E. As proved in our
experiment, if lkp,-kpl/lkp.-kpl is bigger, then the matching
quality between kp and kp, 1s much higher, otherwise the
quality is lower. So, we can use the following equation to
judge the matching for two key-points:
lkp,-kpllkp,-kpl<e (7)

where, ¢ 15 constant and O<a<].

If this Eq. 7 is satisfied, the matching 1s successful.
By choosing proper factor ¢, we can eliminate most false
matching pairs and get excellent matching performance. In
order to find the closest point, the KD-Tree is searched
recursively. The query point needs to be compared with
the separating plane in order to decide on which side the
search must continue. This procedure is executed until the
leaves are reached. All bucket points will be evaluated.
However, the closest point may be in a different bucket,
if the distance to the limits 1s smaller than the one to the
closest point in the current bucket, Backtracking will be
performed. Searching for closest points using KD-Tree
needs logarithmic time O(log N). ie., the amount of
backtracking is independent of the number of stored
points in the tree.

CCD CAMERA CALIBRATION

The optical grating-vision measuring platform
consists of three independent axes. The translation value
of each axis can be recorded by three calibrated optical
grating sensors whose calibrating accuracy is | pm.

The notation adopted here is that (Fig. 2) the world
coordinate systems is described as 5,:<0, X, Y, Z.>, the
camera coordinate systems is described as 5;:<0 X, Y, Z>
and the optical grating coordinate systems is described as
5,:<0, X ¥, Z > Because of the orthogonal nature, the
transformation between S,, §, and S, can be briefly
expressed as follows:

AX, =AX, =AYu, |

AY, =AY, =AXu_ | ®)

where, u, and u, are the transformation factor of x and y
axes between S, and S, When an object is put onto the
platform, we move the body of CCD camera along the z
axis to focus on the object. The lens of the CCD camera 1s
not adjusted. So u, and v, are constant in this condition.
We use a standard mask plate (Fig. 3) to calibrate u, and
u,. The standard mask plate is a flat glass coated with
specified size of rectangular film by a chemic coating
method. The accuracy of the width of the rectangular
film is less than 1 pm. So, it can be used as a ruler for
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Fig. 3: The standard mask plate

CCD calibration. It is captured the image of the mask plate
and extracted the sub-pixel edge of the rectangular
film. We got the width of the rectangular film in
pixels. So we can calibrate the CCD camera with sub-pixel
accuracy. The final result is v, = 11.7223 um pixel " and
u,= 114811 pm pixel.

RESULTS AND DISCUSSION

Experiments were performed on the calibrated optical
grating-vision measuring platform incorporating a 2.0 GHz
Intel Pentium processor. A CCD camera with effective
field of view of 768x576 is used for capturing the
images. The following experiments were carried oult
onling, i.e., the platform was moved alone its x axis step by
step with a step length Ag. A serial of images (1, 1,....1,,,)
were captured with corresponding values of optical
erating sensor (G, G, ,.....G,,,). The displacement of each
step can be detected by matched SIFT feature points
pairs:

A%, =, B o)
C I e
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Fig. 4: The PCB image and its first and second images of
row 2

of image [, and I,,.
The difference (D-value) of each step between point
matching and the optical grating sensor is:

where, x' and x|*' are the x location of the matched points

D, =AG,,, -AX (10)

Where:
I':I1|!""‘:--ir4-l = GI-I-r-GI

We first captured a PCB whose size is bigger than the
field ot view of the CCD camera. We captured 48 images
(4 rows and 12 images each row). Figure 4 shows the PCB
image and the first and second images of row 2 (A and B).

For image matching, SIFT features are first extracted
from image and stored in a database. A new adjacent
image 1., 1s matched by individually comparing each
feature from the image 1., to this earlier database and
finding candidate matching features based on their feature
vectors. In this study, we directly match adjacent images
through KD-Tree based feature matching algorithm to
detect the displacement of each moving step. For example,
there are 274 and 267 SIFT feature points were extracted
from the first and second images of row 2, as shown in
Fig. 5a and b. And the 148 matched SIFT features pairs are
found as shown in Fig. 5¢. The location of the circle
points in Fig. 5¢ equals that of matched points in Fig. 5a
and the location of cross mark points equals that of
matched points in Fig. 3b. The linking lines between
them are the detected displacement. The mean value of
the 148 matched features pairs is used as the detected
result.

We captured 4 rows and 12 images in each row and
all the detected displacement values by points matching
are shown in Table 1.The corresponding displacement
values recorded by the optical grating sensor are shown
in Table 2.

386

Fig. 5: Feature extracting and matching of the PCB

Table 1: Displacement detected by point matching {mm)

Displacement value Riw, Row, Row; Row,
AX 5353 21,4945 3.535%6 340980
AX, 3.5250 1,503 3.5528 3.5124
AX, 352849 4937 35343 34974
AN, 25350 35004 3.5437 315121
AX. 35179 3.5066 3.5262 3.5107
AX, 35132 1.4922 .50 340924
A 34047 14951 35086 J.4044
AX, 3.4824 3.4966 3.4700 3.4904
AX, 34704 14975 3.462] 3.5001
AX 0 34250 14928 3.4147 3.495]
AN, _3.4705 _3.5024 33721 3494
Table 2: Displacement detected by optical grating sensor (mm) -
Displacement value  Row, Row, Row; Row,
A, 35370 14896 35378 34918
AG, 3.5318 3.5008 3.5488 3,50410)
AG, 3.5252 3.4946 35314 34970
AG, 35308 A.s022 35370 35040
A 35118 15042 35266 3.5006100
AG, 35104 34878 3.5056 34904
AT, 350800 34918 35036 34924
A, 14812 14876 34802 34890
A, 3.4768 34980 34706 34960
AG, 34202 24916 341004 340914
AG, 34770 34944 33690 34944

Figure 6 is the D-value of the 4 rows between point
matching and the optical grating sensor which prove that
the displacement measured by image matching 1s less than
10 pm.

Another experiment was performed with the same
experiment condition using a different object: a circular
target shown in Fig. 7. The D-value between point
matching and the optical grating sensor i1s shown In
Fig. 8. This experimental result also proves that the
displacement measured by image matching is less than
10 pm,



[nform. Technol. J., 8 (3): 383-387, 2009

00204
0,01 5+
000+
FEL TR

ERLELS

[} {rmm}

[ AMh 5=

=00 110

(301 51

0020
Step No,

Fig. 6: D-value between point matching and the optical
arating sensor of the PCB

{a) (hi

Fig. 7: Feature extracting and matching of the circular
target
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Fig. &: D-value between point matching and the optical
grating sensor of the circular target

CONCLUSION

A novel planar displacement detection method 15
implemented using SIFT point features on a calibrated
optical grating-vision measuring platform in this study.
The CCD camera was calibrated by a standard mask plate.
A KD-Tree based feature matching algorithm is
implemented which can eliminate most false matching
pairs and bring excellent matching performance. Two
experiments were carried out and the results showed that
this method has the advantages of high stability and high
accuracy less than 10 pm.
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