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Abstract In practical imaging condition, the silhouette of a 3D moving target is changing,

therefore its recognizability is variable. In this paper several definitions are given, such as

dynamic feature space of patterns and dynamic recognizability of patterns. Necessity of

multi-scale feature models of 3D target and rationality of using the general constraint for

recognizing target image sequence are discussed. Based on these discussions, a multi-scale

intelligent recursive recognizer (MUSIRR) is proposed for recognizing 3D moving targets,

in which BP neural network and RBF neural network are the basic cells. During training,
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regular moment invariants of the multi-scale binary characteristic views of the target model

are used as the pattern feature-vector. During recognition, the algorithm sufficiently uses

reasonable restrictions of imaging process and target poses which are not changed acutely

to achieve a good recognition ratio. Compared with the algorithms based on single-scale

characteristic view models in references, the training of the MUSIRR algorithm is easy and

needs less samples composed of the target characteristic view models. The algorithm can not

only treat single frame images but also treat image sequence more effectively. The rationality

and validity of the approach are proved by the results of massive simulation experiments on

several kinds of aircrafts.

Key words Three-dimensional target recognition, moving target recognition, dynamic

feature space, dynamic recognizability, regular moment invariants, multi-scale feature mod-

els, computer vision, pattern recognition
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(a) �`�i
(Block diagram of the recognizing system)

(b) <� RBF tyl�5�1�K�8:
(Multi-object gesture discriminator based on RBF network components)

(c) <�|�t�yl�5b+�8:
(Multi-scale recognizer based on BP neural network components)j 7 �9�a��j

Fig. 7 Schematic diagram of the recognizing system
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Fig. 8 Block diagram of single frame recognizer based on multi-scale models
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Fig. 9 The relationship in variation of weight coefficient with the number of object pixels
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Fig. 11 Examples of superimposing 4 different intensity distortions on object contour images�h BP sxk� 8 h/i~����Nz 32h~��/gNz 3 h~��}4lM�0/g�

5.2 # )EX℄B$,f[4K�h 12 z� 0 Oa*�H℄_$
 BP s�7u�T5�yIA*B*
���_S
ds5�6k 2 ∼ 18 Tj� 10800 h
dVi�~T�7
di�� 450 h�
j 12 BP u�9w�C,D,�U6���Q,

Fig. 12 Curves of relationship of BP network recognition rate with respect to distortion intensity and

number of frames
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Table 2 Comparison between results of single frame recognition of object images of different resolutions (i.e.

different scales) with single-scale multi-scale BP networks

BP tb+ / N.v 2562 2242 1922 1602 1282 1122 962 802 642 562 482 402 322 0,
0 90.5 89.7 86.8 86.8 81.9 81.7 76.5 73.6 68.9 66.2 56.5 52.2 44.4 73.51

1 85.6 88.2 88.3 87.4 83.7 82.4 82.1 79.8 77.1 73.0 63.5 55.3 50.8 76.71�b 2 84.1 88.0 87.0 87.0 87.8 84.8 81.1 80.0 77.4 75.7 66.5 59.0 53.7 77.85+� 3 79.6 81.0 81.5 83.1 83.5 83.1 83.9 79.8 76.5 73.2 60.3 56.6 48.4 74.658: 4 72.4 75.7 77.4 79.2 80.9 81.0 80.0 82.5 84.0 77.3 68.9 64.8 52.2 75.10

5 65.2 66.3 69.1 68.7 68.5 69.1 66.5 72.6 72.4 73.8 77.4 64.8 52.3 68.21

6 49.6 51.0 51.9 52.3 51.0 57.8 58.8 60.4 58.8 60.8 56.6 60.4 66.0 56.565b+�8: 88.2 88.0 87.6 87.4 86.8 85.4 85.0 84.3 82.3 81.6 73.4 67.2 59.0 81.22
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4TV��7u�
j 13 450 (�C,D, 1 j6�9wQ,
Fig. 13 Curves of recognizing rate under

distortion intensity 1

j 14 450 (�C,D, 2 j6�9wQ,
Fig. 14 Curves of recognizing rate under distortion

intensity 2h 15 zedh4a*��J℄
*+
4TV�h4
�7�
�h 16 z4TV��73E**+O+
W��h 15 �7
h4Vik�0�=�z�h 17 lg6k
qh
W�
j 15 �LG��
,-,.�6UWj�9�Æ
Fig. 15 Curves of recognition rate of multi-frame

sequential images with the gesture and scale varying

at the same time

j 16 6UW��94G,,.Q,
Fig. 16 Distorted sequential object images with the

scale and gesture varying at the same time
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Fig. 17 Curves of variation of confidence in multi-frame sequential recognition�"
d�
V��1) 4TV��7RXuzz��~T�7
2) h 13 � 14 4��5za*�7` (=�0) K6�7`Vir
�0�7uq���5=a*�7` (z�0) K6�7`Vir
�7u�M�03�7OD�7`��7`Vi
>℄8*+


3) h 15 � 16 4��5�za*�7` (=�0) sn>v�z=a*�7` (z�0) FKY
�7`Vir��0�7uzzT
�
6 �}�0PM
3�MO!#J*+
��0
�H��0�7A�
`��	[�k.�PM#J*+�℄
+3��q�03�7O
`��jr�oY5#JPM7`Zr�PM7`
^%3l����
`}:��f
`�>
6HG5} (h!P�&��B$:B k
�iÆ). l}/#�05
WY4��MZk 
�7ÆV�!#JPM7`k�0�7
qh�8S[
W���{lMK>�05�J�/#��%�A*B**+Zk 
V��7zWoYf4O;℄PO&h�HK-�
4O�>*
PM�H�Tgff��l�7?_�A��Z?_�A��_q�lQu=
�%�0�z
zG��0�7ÆV�u~T�0h4��0h4Vi�6O���U	~O�04�K�7�H�E��z

�"
d4��u#JPM7`��g>J`��>B-�
�04x�H�B
�7A�!�Q��>
��>*
PMe}.9��A*

2�	qB
p�3{54O#JPM7`
?_�l���Æ6H_SPM��xPM�oqE
V��l�7A�nRk	qB>B�rq{#�>℄
V2HB��0 (	qB3�F��) 
4OPMo��3&z#JPM7`
Pp+����05#J
 (4O) PM7`3�7O
Qz`��	qBz+�#JPM7`
�QO�BA�
�>O5��?ZfPM7`
`}5 (��fa*}��PE7}�!P}),�?Zf�7�7`
3X<O�u8\qf�0M7
3MO�)di�PM�

}5;��?Z�



656 � & . \ � 32%���&AÆ_gPM}5
?Z�>q!�d�7u�3MO
\q��
3�l+�G!��~p�?ZPM}58��#J�X<��PM7
Fd�-C���Tg?ZPM7`}58>?ZPM7
}5�PM7`}5
?Z��d?Z�7`
3X<O�M5���7`��7u3���6I�7`�?ZPM7`}5�?ZPM�
}5!>℄
�
References

1 Koenderink J J, Doorn A J V. The internal representation of solid shape with respect to vision. Biological

Cybemetics, 1979, 32(4): 211∼216

2 Marr D, Vision. San Francisco, CA: W. H. Freeman and Company, 1982

3 Das S, Bhanu B, Ho C. Generic object recognition using multiple representations. Image Vision Computing,

1996, 14(5): 323∼338

4 Horn B K P. Extended Guassian images. In: Proceedings of the IEEE. USA: IEEE Press, 1984. 72(12):

1671∼1686

5 Ikenchi K, Flynn P J. Recent process in CAD-based vision. Computer Vision and Image Understanding,

1995, 61(3): 114∼132

6 Chen S, Freeman H. The dominant views of solid objects. In: Proceedings of 11th International Conference

Pattern Recognition: (A), USA: IEEE Computer Socienty Press, 1992. I: 332∼336

7 Munkelt O. Aspect-trees: Generation and interpretation. Computer Vision and Image Understanding, 1995,

61(3): 365∼386

8 Eggert D W, Bowyer Kevin W, Dyer Charles R, Henrik I. The scale space aspect graph. IEEE Transactions

on Pattern Analysis and Machine Intelligence, 1993, 15(11): 1114∼1129

9 Seibert M, Waxman A M. Adaptive 3-d object recognition from multiple views. IEEE Transactions on Pattern

Analysis and Machine Intelligence, 1992, 14(2): 107∼124

10 Reeves A P, Taylor R W. Identification of three-dimentional objects using range information. IEEE Trans-

actions on Pattern Analysis and Machine Intelligence, 1989, 11(4): 403∼410

11 Christopher M. Cyr, 3D object recognition using shape similiarity-based aspect graph. In: Proceedings of

the Eighth International Conference on Computer Vision, USA: IEEE Press, 2001. 1: 254∼261

12 Anshul Sehgal, Desai U B. 3D object recognition using Bayesian geometric hashing and pose clustering.

Pattern Recognition, 2003, 36(3): 765∼780

13 Zhang J, Zhang X. Object representation and recognition in shape spaces. Pattern Recognition, 2003, 36(5):

1143∼1154

14 Mashor M Y, Osman M K. 3D object recognition using 2D moments and HMLP network. In: Proceed-

ings International Conference on Computer Graphics, Imaging and Visualization. USA: IEEE Press, 2004.

126∼130

15 Bhann B. Introduction to the special issue on automatic target recognition. IEEE Transactions on Image

Processing, 1997, 6(1): 1∼6

16 Boshra M, Bhanu B. Predicting performance of object recognition. IEEE Transactions on Pattern Analysis

and Machine Intelligence, 2000, 22(9): 956∼969

17 Zhang T X, Liu J. An investigation on the instability of targets. Journal of IR and Millimeter Ware, 2004,

23(3): 197∼204

18 Zhang T X, Liu J. Blurred image recognition based on complex moment invariants. In: IEEE 2004 Interna-

tional Conference. Singapore: Image Processing (ICIP), 2004. 2131∼2134

19 Fukunaga K. Introduction to Statistical Pattern Recognition. 2nd edition, London: Acdemic Press, 1990

20 Zurada J M. Introduction to Artificial Neural Systems. New York: West Publishing Company, 1992

21 Kaykin S. Neural Networks: A Comprehensive Foundation. New York: Prentice-Hall, 1999

22 Bhanu B, Pavlidis I, Hummel R. Special issue on computer vision beyond the visible spectrum. Machine

Vision Application, 2000, 11(6): 265∼266

23 Peter J Burt. The Laplacian Pyramid as a compact image code. IEEE Transactions on Communications,

1983, 31(4): 532∼540

24 Kaykin S. Neural Networks: A Comprehensive Foundation. New York: Prentice-Hall, 1999

25 Hu M K. Visual pattern recognition by moment invariants. IRE Transactions on Information Theory, 1962,

8(2): 179∼187.



5 5 DYW��n�0&�2�6
,h �m�9CGB 657

26 Schau H C. Shape recognition with scale and rotation invariance. Optical Engineering, 1992, 31(2): 268∼274

27 Liu J, Zhang T X. Fast agorithm for generation of moments invariants. Pattern Recognition, 2004, 37(8):

1745∼1756dP\ l�2ZR1{Z�2$p��(lqZ*9TB?2Z9�Z���Is{Z9��tZq^=�Z�	1997 $�2002 $�2004 $A�<:5�m{Z6�y-� 1999 $/bl�{Z6�y-	%a(l2R{Zi5�8�_qg�a�GGW�y-�=�����i5F�mR�g�;ey!Er�Æe%ua�l���Z4��R1zp�(4Tua�(��"q�F�q^�3bTu)��Xm*d[a�(��Y
\2Z<�F�ZE
$,Z21��Z(��|�E
Ye�zp�Z(�&���fhv'�lF$zY	a�F8{i5N�����8�TB?''�tZi5mR�	z6��qrlZ1/�?5Z1{� 100 �+�w�zw�Z5
$�1�8�	9y!E2R
Cr�t�<�t�m�tk 1 3��Xqp�t<2R
C<�t�m�tk 1 3��H2q��H2ZR1<�t 1 3	
(ZHANG Tian-Xu Graduated from the University of Science and Technology of China in 1970. He

received his M.S. degree in computer science from Huazhong University of Science and Technology in 1981 and

his Ph.D. degree in biomedical engineering from Zhejiang University in 1989. He is currently a professor of the

Institute for Pattern Recognition and Artificial Intelligence, Huazhong University of Science and Technology. His

research interests include image analysis, pattern recognition, computer vision, and medical image processing.

He has issued more than 100 papers in important learned periodicals and conferences and published a monograph

Automated Recognition of Imaged Targets.)VU: 2003 $�(l2R{Z9	;e2Z�q^Z�Z��%{(l2R{Zi5G���8�g��`9�a��	�Aa��ul�f�G���8�_q|�t��i;mR�TB?''�	
(WENG Wen-Jie Currently a Master student in the Huazhong University of Science and Technology. He

received his B.E. degree of control science and engineering from Huazhong University of Science and Technology

in 2003. His research interests include pattern recognition, artificial neural networks, image processing and

computer vision.)1 = 2001 $�(l2R{Z9	eO��
q^Z�Z��%{(l2R{Zi5G���8�g��`9�a��	�Aa��ul�f�G���8�TB?''�i5mR�	
(FENG Jun Currently a Master student in the Huazhong University of Science and Technology. He

received his B.E. degree of freezing and low-temperature enginerring from Huazhong University of Science and

Technology in 2003. His research interests include pattern recognition, computer vision, and image processing.)2D A:7 8OeFY>h 2 8OZNQFYAj (+;OeMC<?)� 3 Pb+ 3(96×96)

B2

F117



658 � & . \ � 32%
Mirage 2000

� 6 Pb+ 6(32×32)

B2

F117

Mirage 2000


