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A Change Detection Method of SAR Image Using Point Signature

Based on Heat Content Invariants

LUO Wan'? LIN Wei' ZHANG Hong-Bo?

Abstract
the image subtle change. To address this issue, this paper proposes a point signature change detection algorithm based on

The result of the methods of image change detection are affected by classifier precision and can hardly detect

heat content invariants. This method, which uses the characteristics of heat kernel on graphs, is convenient to compute and
has small matrix perturbation. It also can effectively reduce the noise disturbance. Based on the statistical characteristics
of heat kernel invariants, the changes about synthetic aperture radar (SAR) image can be automatically detected by the
expectation maximization (EM) algorithm. In addition, a weight function which is suitable for SAR image is put forward.
Compared with the pixel-based and likelihood ratio method, our method can more quickly and accurately detect the

change area of single band and single-polarization SAR image and multi-polarization SAR image.
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Fig.1 SAR images of Tangjiashan area

AR M, S8 K I 2 Mt B EE g H
EDRASSAT-2 $REUIAb 21X 9 A (4L T
MEME) 510 A (BEHEIER) rmdlEg, B
I RSE 2 200 x 200, JL5REE A 2 Bros.

FESCHG R, Fyit i gE M 08 3 x 3 HIARIER. A
MR, 24785 5 A S (10) I, 15 2GS BARAR
B REWE 3 () 5B 5(c) Fin, HhEFHE A
&N JRESRE o = d(si, skc) ™, HES 2.1 A %0
K =11. X THME BN SAR £ds, BT EARY
HEAAMRES R, 7EL T n = 1; (X2
A, AR T — it SAR s 2 e th
R 2 BARRRAE DL R AN TR AR AR AR 8] (18 4 DG 45
A, B AR I H FRHURRRE. A H bR



6 1 B R AR RN SAR G ARHIE AR 1129

FRIEZ 80 Huynen HFRFFIE 7 f# . Pauli 5 if 2
$. Krogager 73 i# 2% Cloude-Poitter MU 4l
S UL Yang AHAAPE S H0EE, S AT N 2 fif £ 2
(R R — e R S b mT AR FL 64k, o T 38 4o HE A
BIUR, AL EBEHIE TR RS — LRk
WITIH S 0° Je 45° J5 i) I f . 2k Ache S A4
B JRE AT I PSS A BT A B AR B S 40, TR 7
HERFAE B

T T
(b) A4k e 18 T 45
(b) Image after the change

(a) Image before the change

2 Zilihx
Fig.2 SAR images of Laoshan area

FEIE 3 (c) HIE 4 (c) o KE XIS AR X ik
XS, PR DI R AR DO B, el A R T
R (0 3 A SE AR V8 2 A P A3 B AR AL K Hls
bt 2 A EAE AR AT, R 2t P IE
AR N ey a7

3.2 BIERYB FhEER

ok, BRI 3 (c) S 4(c) XIS HEAR
A {3 LR R 1 P (13 (d) P 4(d))

(a) A TR

(a) Artifical detection image

250
200
150
100

50

()0 50 100 150 200 250 300
(d) AE BT EI
X R ET
(d) The histogram of image
based on heat kernel invariants

(b) £
(b) Difference image

(e) EM BRI AR A0 sk
(e) Change detection image
of EM method

AT AR EM 73425260 S b BEANAR B A
AT 733 (A S AL, A E HWI46 1 A2 4k
80, W1 3 (e) S 4(e) Pia. Forh, WU
AR Z B R T, = M(1 — ), 2840 1B E A
T, = M(1+7), v & FRE SOIEEA 25 5 iR
MHHEERAE M B AZAE B W6 28, FRATTH
v =0.8. M = [max(R) + min(R)] /3, R £# &
AN AT BN R AR B s . A O 72
W IEARIILIESAT € = 1076 I, AH Y M Ab 3 H 38
BB A B i AR SR B an 32 1 s, TRt
ZIACEHE AL B S5 R Wk 2 P,

B RBBOR LR BURFIR EM SISO

IR i)

Table 1  The single band and single-polarization data:
frequency and duration of iterative convergence of EM

algorithm when the weight function is different
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Fig.3 The single band and single-polarization data (The weight function is (10).)
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Fig.4 The multi-polarization data (The weight function is (10).)
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Fig.5 The single band and single-polarization data (The weight function is (11).)
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Fig.6 The multi-polarization data (The weight function is (11).)
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Fig.7 The second group of SAR images of

Tangjiashan area
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Fig.8 The single band and single-polarization data (the
second group of SAR images of Tangjiashan area)
((a) Artificial detection image; (b) Change detection
image of feature-based method (The weight function is
(10).); (c) Change detection image of feature-based
method (The weight function is (11).)
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Table 3  The single band and single-polarization data:

detection results of different algorithms obtained by

comparing the artificial detection image (Fig. 3 (a),

(b)

Fig.8 (a
9 HAPBARENE (BRI SAR EE 1) ((a) % i
THZERIAAT I (b) A LS A A ks 4])) JREFR X ol WA R IERRIIE (%)

Fig.9 The single band and single-polarization data (the gAR pig 1 3t e (BH (10)) 1620 5314 84.165
first group of SAR images of Tangjiashan area) SAR M2 1 SEFRERRI (BOVSE (1)) 1631 5327 84.11
((a) Change detection image of pixel-based method; SAR % 1 " 308 16435 61555
(b) Change detection image of likelihood ratio method) SAR [ 1 IR 1540 4897 85.3
SAR K% 2 FETFRAEREM (B850 (10)) 2743 2861 87.15
SAR K% 2 BETHHMERA (B0 (11)) 2622 3339 86.331
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SAR K4 2 R LE S 3842 5002 79.72
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Table 4 The multi-polarization data detection results of
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Fig.10 The single band and single-polarization data (the
second group of SAR images of Tangjiashan area) e IRV R SRR ERRIER (%)
((a) Change detection image of pixel-based method; EM MM R (KOIR (10)) 14 2115 94.678
(b) Change detection image of likelihood ratio method) SETAERRI (B (10)) 29 18 99.882
EM Z#igs R (B (11)) 14 615 98.428
R KN L R A T A AN AR BETHRHERRI (BCH (1)) 29 18 99.882
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