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SAR Image Change Detection Method Based on Capsule Network with Weight Pruning
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Abstract The SAR image change detection algorithm based on deep neural network has been widely used in many fields such as
agricultural detection,urban planning and forest early warning due to its high accuracy. This paper designs a SAR image change
detection algorithm based on capsule network. In view of its high model complexity and large number of parameters,a model com-
pression method based on weight pruning is proposed. This method performs layer-by-layer analysis of its capsule network pa-
rameters,adopts different pruning strategies for different types of layers, prunes redundant parameters in the network,and then
fine-tunes the pruned network to improve the detection performance of the model. Finally, by compressing and storing the para-
meters retained in the model, the storage space occupied by the model is significantly reduced. Experiments on four datasets of

real SAR images prove the effectiveness of the proposed model compression method.
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Fig. 1 Flow chart of SAR image change detection
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Fig. 2 Connection structure of capsule neurons
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Fig. 3 Diagram of convolution module structure
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Fig.4 Diagram of capsule neuron module structure
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Table 1 Table of deep capsule network structure
Type Input size Kernel size Num of Output size
kernels

input nXnX2 — — nXnX2
conv_1 nXnX2 3X3 8 nXnX8§
conv_2 nXnX8§ 3X3 16 nXnxX16
conv_3 nXnxX16 3X3 32 nXnxX32
conv_1' nXnX8 1X1 32 nXnxX32
conv_2' nXnX16 1X1 32 nXnxX32
conv_1" nXnxX32 3 1 nXnxX32
conv_2" nXnX32 3 1 nXnx32
conv_3" nX X 32 3 1 nX X 32
concat nXnX32X3 — — nXnxX32
caps_1 nXnX32 nXnX32 32 n X' X8X4
caps_2 W' X' X8X4  3X3X8 8 7 X XX 8
caps_3 w X" X 8X 8 - - 16X 2

% 1989 conv_1,conv_2,conv_3,conv_1",conv_2",conv_3"
DA caps_1,caps_2 W35 FURS G HE E OE WAL " Fn J2 B
o BRI A SO 78 07 O BB K 2, BT DLFE i AR AE
B RS A AR Ak,

M 1 A Z B R 45 h S AU B it &
TE DU R0 PRBLRRAE LA T R M 2 T I R R L AE
HEAT 55 A I AR A% 20 0 5 00 SR AN [ 0% 89 B 7 v, A
MBI RN

(D & A2 1 59 K 7 vk

% FRIE SR i A 5 58 R B b (8 AR 3 A7 3 v
38 L PR B R 24 AU I 1) 1R A N L B R 45
B R BREI . T EBE PSR RIMET S
FRURE ot 5 A A R EE 1T 6 AR 48 IR o A M B9 R /MR 3R T AR AE
BUBRES . B, O T IO B LA B S AR, W AN B AR
BB EERE R o, X T &AM E ., X TR
FRAE B A B VR T I U X R AT B A

(O BT — L Z R BT E %

LT — (LR BB — B E N 0 T EN 1
B GE T3 A o ik G BRI R A0 R R DX, BT o S R 4%
IRt R, LRI — 2SR L DG RO i A2
oo T BN E X TR 050 F AR R IR R, H
BN J2 i BRI AR X BN JZ A i S8 T TR

(3) 8 B )2 W B B o

2 0 Al 228 0 A JIEA T VTS e 0 T S R A A R A R A T A I ofe
12238 B LA S8 BN M 28 ST RRAE 1 e 4 SR R B o IS BE R 2 T 2
] ARG R BGIE TR AN E 5., REZWSHETERZR
IF1) FF) 5 % 00 R LA R 6 R B, % PR RB AR B, by F R I R 1
H TR 038 5 58 15 /N 19 5 00 295 RS A/ DN o PR MG e o
BN IEF R BR B X RS R A B AR )2 VR E AL 3 B R %
SRR Y B VR R T A X AT 89 A

(4) FeA A 18 59 A 7 7k

X T W 45, BT R 0 R 2R S BUR IR 21
ZH, X T P A R AR AE TR A O R R A
SRt A Tk 2 2 R AR A BOE HE AT A E TR R
TREASH, AR T R AT BT AL
3.4 EFNENHMNERELEFTE

(1) B9 B it FE #E ik

BT AU B R 0 R R A O R 1 e B U GR A
B SR 5N T B A 2 1 S BOE 2 AT 4 0 4R 1 B
9 I AR AR % B (L S BR B TUAR M S8 I 5 3 TR T 1Y
0T R o B A R ) R A A A S A7 I B B
G Y 58 D B8 0% 458 4o b 400 5 25080

(2) B A A 1 0 2 DA B 2 000 4

AR A L T A A T B A I S T
R HEREE SR e A RE. BRZEE A
SR p="Lar.ar,sa, ) B BB AL T AR5 A
FE SRS B A B, SR Y A S B4 3 2 )5 % T



194

Computer Science FTHEMLFI2:  Vol. 48,No. 7, July 2021

JFHEY P Z IR S HON ' = a
FH BB H A AR 3 o) T3 BB AT 7E B R 5

va,,/} a%ﬁ@i

i=[An] (5)

T BEMNRE Z )5 % )2 S 800 % BT 19 59 8 5
E X 6 R,

0=a,’ (6)

SErb a5 5 M T HE IR 10 AL P R 5§ A
SEF . AR MR 0 b LR B B R B 2 U B T 4
S () % R B B R

0, la; | <6

e a0 @

e B0y Wt 46 2 5 B A7 A 2 5 R o R kT
10 BB B o 0. TR I 0 26 e Xk 5 T A0 0 32 5
e RN 2 9 I A 4T 65 B T 7 02 L B
X 024 3447 T B8

(3) 30 5 026 9

bl 2 T AR I 2 BT A 0 R T
EA . AR BB B TR A 0
B2 e 0 10 24 300 75 B0 50 A R S iR BB S, T
50 S (02 0 SR 1 68 B 0 4
BT T S0 0 5 A S B 1T R 52 B — 1
. I 0 T 4 R L 7

A
0.31{0.04{0.23(0.11(0.21 031 0 |0.23]0.11{0.21 1 0 1 1 1
-0.05/-0.2 [-0.14/0.02(0.15 0 |-0.2]-0.14 0 [0.15]|] O 1 1 0 1
Sk
0.1210.04]0.13 [-0.11}-0.03 0.1 0.12( 0 |0.13-0.11 0 1 0 1 1 0
-0.13] 0.2 |-0.03|0.19}-0.23 -0.13({ 0.2 | 0 |0.19}-0.23]| 1 1 0 1 1
-0.01]0.24(-0.15)0.05(0.16 0 |0.24|-0.15| 0 [0.16]| O 1 1 0 1
o8 L,
0.04]0.03}-0.02{0.01{0.02 0.04| 0 }-0.02{0.01{0.02
0.02(-0.05/0.080.041-0.03 0 [-0.05/0.08] 0 [-0.03
0.030.02/-0.03(0.02(0.01 | {# il ## 5 4 [0.03 0 [-0.03{0.02] 0
-0.01{0.04 [-0.04{0.05 [-0.01 i -0.01{0.04[ 0 | 0 [-0.01
0.02]0.05{0.02{0.01{0.04 0 10.0510.02| 0 |0.04

BE7 YR 4 O s
Fig.7 Schematic diagram of pruning and network fine-tuning
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Fig. 8 Schematic diagram of model compression storage
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Fig. 13 Relationship between different pruning ratios and model

parameters
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Fig. 15 Influence of pruning rate on Ottawa dataset
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Fig. 16 Influence of pruning rate on Bern dataset
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Fig. 18 Detection results of Yellow River Estuary dataset before

and after pruning and after fine-tuning
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Table 2 Influence of compression on model performance before

and after compression on Yellow River Estuary dataset

BERIE BRI L T AL PR S N T A
U A SCHR TR TR HE 46 1 SAR PG Al G B 1k
B3 T R R ISR Sy AR A 1k L 2 AT i s M) AR S
X e 2 I 25 BT T 2 0T R A B R R A AR i R A 4
A SAR PG I B 48 e T B RUR . ROk E R

A 3G AR PCC KC pcC’ KC' E % %
* BT 0.9685 0.8907 0.9685 0.8907 1
A=0.1 0.9703  0.8994  0.9703  0.8994 2.03
A=0.3 0.9705  0.9000  0.9705  0.9001 2.38
A=0.5 0.9703  0.8994  0.9703  0.8993 2.72
A=0.7 0.9703  0.8991 0.9703  0.8994 3.33
A=0.9 0.9713  0.9026  0.9715  0.9035 4.12
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Table 3 Influence of compression on model performance before
and after compression on Ottawa dataset
HE AL F A PCC KC pPCC’ KC' E % %
K WA 0.9885 0.9566 0.9885 0.9566 1
A=0.1 0.9857 0.9469 0.9858 0.9474 2.03
A=0.3 0.9851 0.9447 0.9853 0.9453 2.37
A=0.5 0.9853 0.9454 0.9855 0.9460 2.72
A=0.7 0.9862 0.9487 0.9863 0.9490 3.32
A=0.9 0.9861 0.9483 0.9862 0.9487 4.12
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Table 4 Influence of compression on model performance before
and after compression on Bern dataset
HEAL 3 A PCC KC pPCC’ KC' JE 4 &
ES e 0.9967 0.8668 0.9967 0.8668 1
A=0.1 0.9965 0.8614 0.9965 0.8612 2.03
A=0.3 0.9961 0.8520 0.9962 0.8523 2.37
A=0.5 0.9961 0.8537 0.9961 0.8510 2.72
A=0.7 0.9962 0.8544 0.9962 0.8557 3.33
A=0.9 0.9953 0.8333 0.9953 0.8329 4.12
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Table 5 Influenceof compression on model performance before

and after compression on San Francisco dataset

A3 AR PCC KC pcc’ KC' B 4% %
B R 0.9905 0.9296 0.9905 0.9296 1
2=0.1 0.9899  0.9256  0.9899  0.9258 2.03
A=0.3 0.9895  0.9230  0.9895  0.9226 2.38
2=0.5 0.9900  0.9259  0.9899  0.9255 2.72
A=0.7 0.9898  0.9244  0.9899  0.9256 3.33
2=0.9 0.9901 0.9267  0.9902  0.9269 1.12
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