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A Target Recognition Algorithm for Sequential Aircraft Based on
DSMmT and HMM

LI Xin-De' PAN Jin-Dong* DEZERT Jean®

Abstract For the low rate problem of recognition of automatic target recognition of aircraft caused by the great change
of posture, a target recognition algorithm based on DSmT (Dezert-Smarandache theory) and HMM (Hidden Markov
model) is proposed by utilizing the fusion of multiple features and sequential information (i.e. MFSIF). The novelty of the
algorithm is integrating the multiple feature fusion recognition with the sequential images fusion recognition. Firstly, the
sequential images are preprocessed with the binarization method, then the features of Hu moments and partial singular
values of outline are picked up. Secondly, the PNN (Probabilistic neural network) is used to construct the BBA (Basic belief
assignment). After that, these different features from the same image are fused by DSmT in order to gain the observation
sequence of HMM. Then, the sequential information is fused by utilizing HMM to finish the automatic recognition of
aircraft with varied multiple postures by calculating the similarities between the observation sequence and each HMM.
Finally, according to the simulation experiment results, this algorithm has a high exact recognition rate even for aircraft
with greatly varied postures. Simultaneously, this algorithm can also satisfy the requirement of aircraft target recognition
in real-time. In addition, this algorithm can also guarantee a high recognition rate of aircraft target when the number ¢
of consecutive occulted frames is less than or equal to six.

Key words Sequential aircrafts, target recognition, multiple features fusion, Dezert-Samarandache theory (DSmT),
probabilistic neural network (PNN), sequential information fusion, hidden Markov model (HMM)
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Fig.1 Target recognition algorithm of sequential aircrafts based on DSmT and HMM
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Table 1  The modeling of DSmT
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11
Fig. 11 Partial occlusion of aircrafts
5
Table 5  Test results under different occulted conditions
T, T, Tw Ta AR, AR,
1 0 0 0 0 98.53 % 100 %
2 84 9 93 0.186 98.49 % 99.96 %
3 248 24 272 0.544 98.41 % 99.88 %
4 383 48 431 0.862 98.34 % 99.82 %
5 593 74 667 1.334 98.25 % 99.71 %
6 819 127 946 1.892 98.13% 99.60 %
References 5 Das S, Bhanu B. A system for model-based object recogni-

Marsiglia G, Fortunato L, Ondini A, Balzarotti G. Template
matching techniques for automatic IR target recognition in
real and simulated scenarios: tests and evaluations. In: Pro-
ceedings of SPIE-The International Society for Optical Engi-
neering: Automatic Target Recognition XIII. Orlando, FL,
USA: SPIE, 2003, 5094: 159—169

Kwon O K, Sim D G, Park R H. Robust Hausdorff dis-
tance matching algorithms using pyramidal structures. Pat-
tern Recognition, 2001, 34(10): 2005—2013

Zhou Yu, Liu Jun-Tao, Bai Xiang. Research and perspective
on shape matching. Acta Automatica Sinica, 2012, 38(6):
889—-910

( k)

.. , 2012,
38(6): 889—910)

Marouani S, Huertas A, Medioni G. Model-based aircraft
recognition in perspective aerial imagery. In: Proceeding
of International Symposium on Computer Vision. Coral
Gables, FL, USA: IEEE, 1995. 371-376

10

tion in perspective aerial images. Pattern Recognition, 1998,
31(4): 465—491

Gilmore J F. Knowledge-based target recognition system
evolution. Optical Engineering, 1991, 30(5): 557—570

Dudani S A, Breeding K J, McGhee R B. Aircraft identifi-
cation by moment invariants. IEEE Transactions on Com-
puters, 1977, C-26(1): 39—46

Du Ya-Juan, Zhang Hong-Cai, Pan Quan. Three-
dimensional aircraft recognition using moments. Journal of
Data Acquisition and Processing, 2000, 15(3): 390—394

( ; .
, 2000, 15(3): 390—394)

Gu Li, Zhuang Zhen-Quan, Zheng Guang-Yong, Wang Zai-
Jian. Algorithm for hand shape matching based on feature
fusion. Computer Applications, 2005, 25(10): 2286—2288

( ? ? I’ .
, 2005, 25(10): 2286—2288)

Deng Cheng-Qiang, Feng Gang. Content-based image re-
trieval using combination features. Computer Applications,



12 DSmT

HMM

2875

11

12

13

14

15

16

17

18

19

20

2003, 23(7): 100—102

2003, 23(7): 100—102)

Chen Li, Chen Jing. Multi-feature fusion method based on
support vector machine and k-nearest neighbor classifier.
Computer Applications, 2009, 29(3): 833—835
( ) . k-

, 2009, 29(3): 833—835)

Yang Fu-Ping, Bai Zhen-Xing. Target recognition method
based on combination of BP neural networks with D-S ev-
idence theory. Fire Control and Command Control, 2006,
31(10): 88—90
, . BP D-S
, 2006, 31(10): 88—90)

Li Xin-De, Yang Wei-Dong, Dezert J. An airplane image
target’s multi-feature fusion recognition method. Acta Au-
tomatica Sinica, 2012, 38(8): 1298—1307
( , , Dezert J.

, 2012, 38(8): 1298—1307)

Huang Jin, Liang Yan, Cheng Yong-Mei, Pan Quan, Hu
Jin-Wen. Automatic target recognition method based on
sequential images. Acta Aeronautica et Astrontica Sinica,
2006, 27(1): 87—93

) )

, 2006, 27(1): 87—93)

Hou Jun, Miao Zhuang, Pan Quan. Intelligent target recog-
nition method of sequential images based on DSmT. Com-
puter Applications, 2006, 26(1): 120—122
( , , DSmT

, 2006, 26(1): 120—122)

Huang Z H, Leng J S. Analysis of Hu’s moment invariants on
image scaling and rotation. In: Proceedings of the 2nd In-
ternational Conference on Computer Engineering and Tech-
nology. Chengdu, China: IEEE Computer Society, 2010. 7:
476—480

Chen S Y, Feng J. Research on detection of fabric defects
based on singular value decomposition. In: Proceedings of
2010 IEEE International Conference on Information and Au-
tomation. Harbin, China: IEEE, 2010. 857—860

Hu M K. Visual pattern recognition by moment invari-
ants. IEEE Transactions on Information Theory, 1962, 8(2):
179—-187

Pan Jin-Dong, Li Xin-De. An airplane target recognition
method based on singular value and PNN. Aero Weaponry,
2013, (1): 45—50

, . PNN

, 2013, (1): 45—50)

Dezert J. Foundations for a new theory of plausible and
paradoxical reasoning. Information and Security, 2002, 9:
13—57

21

22

23

24

25

26

27

28

29

30

31

32

33

Smarandache F, Dezert J. On the generation of hyper-
powersets for the DSmT. In: Proceedings of the 6th Inter-
national Conference on Information Fusion. Cairns, QLD,
Australia: IEEE Computer Society, 2003. 2: 1118—1125

Li X D, Dezert J, Smarandache F, Huang X H. Evidence
supporting measure of similarity for reducing the complexity
in information fusion. Information Sciences, 2011, 181(10):
1818—1835

Li Xin-De, Dezert J, Huang Xin-Han, Meng Zheng-Da, Wu
Xue-Jian. A fast approximate reasoning method in hier-
archical DSmT(A). Acta Electronica Sinica, 2010, 38(11):
2566—2572

( , Dezert J, , , .
DSmT (A). , 2010, 38(11):
2566—2572)

Smarandache F, Dezert J. Advances and Applications of
DSmT for Information Fusion (Collected Works). USA: In-
finite Study, 2006, Vol. 2.

Specht D F. Probabilistic neural networks. Neural Networks,
1990, 3(1): 109—118

Specht D F. Enhancements to probabilistic neural networks.
In: Proceedings of 1992 International Joint Conference on
Neural Networks. New York, USA: IEEE, 1992: 761—768

Baum L E, Petrie T. Statistical inference for probabilistic
functions of finite state Markov chains. The Annals of Math-
ematical Statistics, 1966, 37(6): 1554—1563

Baum L E, Eagon J A. An inequality with applications to
statistical estimation for probabilistic functions of Markov
processes and to a model for ecology. Bulletin of the Amer-
ican Mathematical Society, 1967, 73(3): 360—363

Baum L E, Petrie T, Soules G, Weiss N. A maximization
technique occurring in the statistical analysis of probabilis-
tic functions of Markov chains. The Annals of Mathematical
Statistics, 1970, 41(1): 164—171

Rabiner L R. A tutorial on hidden Markov models and se-
lected applications in speech recognition. Proceedings of the
IEEE, 1989, 77(2): 257—286

Makhoul J, Roucos S, Gish H. Vector quantization in speech
coding. Proceedings of the IEEE, 1985, 73(11): 1551—1588

Kuo S S, Agazzi O E. Machine vision for keyword spot-
ting using pseudo 2D hidden Markov models. In: Proceed-
ings of IEEE International Conference on Acoustics, Speech
and Signal Processing. Minneapolis, MN, USA: IEEE, 1993:
81—-84

Wang Xiang-Hai, Cong Zhi-Huan, Fang Ling-Ling, Qin Ju-
Ao. Determination of real-time vehicle driving status using
HMM. Acta Automatica Sinica, 2013, 39(12): 2131—2142
( , , s . HMM

, 2013, 39(12): 2131-2142)



2876

40

34 Dempster A P, Laird N M, Rubin D B. Maximum likelihood
from incomplete data via the EM algorithm. Journal of the
Royal Statistical Society. Series B (Methodological), 1977,
39: 1551—-1588

35 Welch L R. Hidden Markov models and the baum-welch
algorithm. IEEE Information Theory Society Newsletter,
2003, 53(4): 10—13

EHhE
) )

E-mail: xindeli@seu.edu.cn

(LI Xin-De  Associate professor at
the School of Automation, Southeast
University. His research interest covers

intelligent robot, human-robot interaction, robot percep-
tion, information fusion, reasoning under uncertainty, and
machine vision. Corresponding author of this paper.)

& 5% R
2014

E-mail: panjindong1989@163.com
(PAN Jin-Dong  Master student at
the School of Automation, Southeast
University. He received his master de-
gree from Southeast University in 2014.
His research interest covers information fusion and image

processing.)

DEZERT Jean

. E-mail: jdezert@gmail.com
(DEZERT Jean Senior scientist in
ONERA (The French Aerospace Lab).
His research interest covers information
fusion, reasoning under uncertainty,

auto navigation, multi-sensor and multi-object tracking.)



