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Development of an Algorithm for Solving Correspondence Problem
Stereo Vision

Hyuck-Jin Im* Dae-Gab Gweon**

ABSTRACT
In this paper, we propose a stereo vision system to solve correspondence problem with
large disparity and sudden change in environment which result from small distance between
camera and working objects. First of all, a specific feature is divided by predfined elementary
feature. And then these are combined to obtain coded data for solving correspondence problem.
We use Neural Network to extract elementary features from specific feature and to have
adaptability to noise and some change of the shape. Fourier transformation and Log-polar
mapping are used for obtaining appropriate Neural Network input data which has a shift,
scale, and rotation invariability. Finally, we use associative memory to obtain coded data
of the specific feature from the combination of elementary features. In spite of specific feature
with some variation in shapes, we could obtain satisfactory 3-dimensional data from corresponded

codes.
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Fig.8 Transformed images by invariant system for rectangular shape
1) orginal image, 2) Fourier transformed image and
3) log-polar mapping image

Fig. 9 Transformed images by invariant system for circular shape
1) orginal image, 2) Fourier transformed image and
3) log~-polar mapping image

Fig. 10 Transformed images by invariant system for rectangular shape and circular shape
1) orginal image, 2) Fourier transformed image and
3) log-polar mapping image
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Fig. 16 Processing result of images by stereo vision system
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47.237 39.870
44,717  46.421
49,349  49.158
43.943 42.926
57.209 51.400
41.737 47.727
49.333 38.652
62.710  54.442
35.406 31.358
47.037 37.481
41,563  46.661
40.782 42.870
57.413  54.116
45.668  39.814
41.88) 33.516
41.403 38.876
69.030 58.984
44,009 33.324

32
64

128

fork

32
64

128

.382
.602
.786
.450
.828

.753
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.355
.798

.956
. 382
.599
.808
.383
.867
.382
.929
.551
.751
.845
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128
128
128
128
128
128
128

o2

e

=tz aeural network recall result

WO =3I DU DD

**% neural network recall result

(000 ~1 Q0 Ul L b3 e

straight edge 32
corner 64
fork 128

s. edge corner fork
40.788 74.203 30.272
28.715 78.643  26.072
32.284 73.483 26.218
69.321 81.856 §1.208
55.023 60.840 60.821
66.154 72.741 53.2891
48.419 61.146 57.092
48.632 82.836 54.612
43.873 82.7%0 33.711
33.685 77.863  26.744
40.799 74.203 30.272
36.073 81.904 27.220
41.554 79.768 28.013
71.316 83.773 58.550
42.388 67.347 41.897
43.589 77.364 38.569%
52.060 63.057 54.711
52.147 82.662 59.108
40.276 81.6§1 28.232
44.532 81.303 31.011

Fig. 15 Classification results
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- straight edge 32
corner 64
fork 128
s. edge corner fork
$5.229 44.488 86.995
54.692 42.549  85.067
44.940 41.256 63.2386
45.105 48.600  75.562
48.730 31.879 83.181
47.486 29,785 84.829
43.200 32.867 85.000
44.458 49.980 70.194
53.748 38.325 80.285
52.713 49,727 B87.298
51.326 37.190 85.383
56.685 S2.112 89.513
46.464 51.043 64.788
29.081 34.489 65.782
61.061 48.451 85.741
63.613 59.283 86.516
50.768 48.428 76.263
49.691 31.376 86.281
69.534 66.091 83.523
44.865 38.636 62.549

code
128
128
128
128
128
128
128
128
128

. 128

128
128
128
128
128
128
128
128
128
128
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== streo vision depth map ==

: 0.016000
0.042000

* camera focal length
* camera baseline width :

nuaber of feature point : 11

number x-coord y-coord
1 -0.0435 ~-0.0488
2 -0.0893 -6.0310
3 -0.0115 -0.0247
4 -0.0603 -0.0085
5 -0.0565 0.0083
6 0.0081 -0.0097
7 0.0527 0.0169
8 -0.0191 0.0204
9 0.0218 0.0661
10 0.0237 0.0536
il -0.0178 0.0343

(1993. 3¢)
z_coord disparity
0.6015 0.0022
0.6015 0.0022
0.6015 0.0022
0.6015 0.0022
0.6362 0.002!
0.6362 0.0021
0.6015 0.0022
0.6015 0.0022
0.6126 0.0022
0.6015 0.0022
0.6362 0.0021

stereo vision - depth map making completed

Fig. 17 Coded feature values and depth map by stereo vision system
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