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Modified point target detection algorithm based on Markov random field
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Abstract; This paper focuses on point target detection with single frame under complicated background
and suggests the conception of valid pixel detection. A modified point target detection method based on
Markov Random Field was proposed in terms of local correlation of point target and local difference of
target and background. This algorithm conducted initial configuration of iterative optimization for MRF
by a signal-to-clutter ratio criterion based on complex background separability measure. Moreover, the
prior probability model of MRF label field was improved by designing a new prior probability energy
function based on Euclidean metric; firstly the label field probability response model of MRF to Euclid-
ean space distance was built; secondly the response ability of the target probability to neighborhood la-
bel change was improved by a higher order energy function. The results indicate that: the performance
of the detection algorithm in structured background is better; the target’ s radiation-dimension detection
ability of the modified label field prior probability model is more vigorous compared to the traditional
Potts model. The proposed algorithm is a more robust one.
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Table 1 The SCR and threshold of the undetected targets
in Fig. 4

38 SCR F{E K-LD SCR K-LD Bifg
SCR1=11.874  threshl =6.074
target] 4.754 5.945
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target2 5.838 5.999

SCR2 =10.325  thresh2 =6. 118
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Fig.4 The targets that the general SCR rule failed to detect
(a) the original image, (b) (c) local image of the undetected
targets, (d) (e) 3D surface image of the undetected targets’
neighbor
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Table 2 Target detection probability comparison of the
SCR criterion based on complex background
separability measure and the normal neighbor-
hood SCR criterion

TDP B30 Y2 Y3
5@ SCR N 0.932 0.856 0.869
A3 SCR N 0.964 0.922 0.952
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Potts2 0.964 0.030 0.036 0.667 0.016 0.333
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Y53 TDP TFAP TMAP PDP PFAP PMAP
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Potts2 0.952 0 0.048 0.661 0 0.339

AL MRF  0.952 0 0.048 0.714 0.002 0.286
4 #ig

AR B A ST, KR 3R 5 B AR B4R
FRRFE B MRE 51 H ARSI R b $2 7 — i
SRk MRF 5 H AR50k, A F bs 2 ()-8 5
Rtk o2k B BA P R R OE S

L ARSI AR 5o B R IR I I AR 5
HEAT A ] FEa K-L B HE AT R e
FRBE , SR AR A 43 %1 )5 1 SCR MENI X MRF #7479

AL, B TR A R TP B . SRR
B A S ) SCR 9 DU H A A A6z 0 fE 77 38 9,
TESL 2R 5 (CHA B B AR A 25 A0 AL 7 5 ) Hh A I
RESEAL , 2 — ot S0 A% B0 o AR 25 () 44 4
Tk

2. BF Tl T S 8] R AR A MRF
SRR MERATAY A1 T MRE X2 8] FE B8 1 bRic
Dyt e AR T 53 o i B R R eR KR S T H A
AT SRR IC AL AR N BE T . 5 SRR B AR S0l

HERY MRF SC 560 R A RUAR L T2 48 Potts 154 1
MRF Pk B, BA S 1A ARG T ik
INBE ST, o — Tl ST R B s 8 S A A 7 7.
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