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Abstract: Due to the more parameters and higher energy-consumption in the traditional methods
for the synthetic aperture radar (SAR) image target recognition, this paper proposes a lightweight
ship recognition algorithm based on the spiking neural network (SNN) in SAR images. Firsty,
the visual attention mechanism is adopted to extract the visual saliency map from SAR images,
and the Poisson encoder is adopted for the spike train encode, which can suppress the background
noise interference. Then, combined with the leaky integrate-and-fire (LIF) spiking neuron and
convolutional neural network, the SNN model integrating the time series information is
constructed, which can realize the ship recognition in SAR images. Finally, the SNN model is
optimized by using the arctangent function as the surrogate gradient function of the spiking
emission function during the backpropagation, which can solve the problem that the SNN model
is difficult to train. The experiment results show that the proposed algorithm has higher accuracy,
fewer parameters, higher efficiency, and lower energy-consumption, which can achieve efficient
and accurate ship recognition in SAR images.

Key words: synthetic aperture radar (SAR) image; ship recognition; spiking neural network
(SNN); lightweight
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Fig. 1 Model framework of the lightweight ship recognition algorithm based on SNN in SAR image
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Fig.2 Model architecture of the visual
attention mechanism
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Fig. 3 Encoding process of the Poisson encoder
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Fig.4 Structure diagram of the backbone network

ANN £ 7 CNN FI4 442 [ 2% (fully connected
network, FCN) , P 5 #f B8 4 47 Hb 52 480 SNN % A
HL R 55 T AR Ik ol 751 B SAR EHZ A A0 f
Z R RS AS , 5 FH CNN B BER 34 A B0 Rl 45
{5 8, HIe A S8 D, F7E CNN K
FIAGER)Z TR A B RZ I BUNRIEE B
XTEG B AR AT RS L, A SR AT CNNLFCN
539005 LIF Jok wh i 28 50 28 25 M B 1 Dy SNIN AL A
3T 4

ANNGHE # 54t H—1k)Z . Dropout )2 . Hifk
JEFEGE RS S5 G T ik 0 — LR Re AR
A REAN 25 2% 1 B AE B A0 ) B 0 g )2 iy A B
AT AR AL B, A5 75 B8 48 53 A1 AH X AR, i A
2% 2] 3 Dropout )2 RE A — & HE R BEHL 574
2200, Yl /DAY 259 e RDAH BAE Y o A AsE A
G AR B AE 2 AT R AR B T R AR B
AUl A AR AR 2 1) KIS e B X 2% ) v 10 A
JE, st o 2% 1) 25 (8] AN AR P Hong 45O BF 5% ¢ B
AL 5 SNN (I [a{5F B AL BEfE ) —3, il 42
1o SNIN X s 3 A5al (1 405 e 7, [RIBHREAIR R — 2
D 28 1) TS AR L DRIk, AR SR FH Dk e A K Ak
VER 25 1 i Ak 2= . e R b Ak 2 REORAE ik i 1 971
Y B HCPE , HoRT 2 58 s AR FE R SR vk B
S5, DN 1 SNIN (142 540 3 &2 sl /b BEFE . ANN
I BRI R AR B T AR R A, RS
i TARZR MRS REL I FETE . T Heaviside Step
kb A Bt R AEAE L 51 A i il 2850 9 SNN AR
B 2 A AR LR B ARE i, BRI AT 42 ) ok o
ZR ORI 2 L AT R RO AR Ik e e 5 R
B (o), NI T AR Y i B3 05 A%

1.2.4  HERIIZR
SNIN 1 ik it 2 58 PR K (o) 380 5 2 AN 7T A3

(1), B0 SNN NGBl A FE T B S ) A K Ak
DA G . A SCHR R ARG B2 2R T 2 O
5 BV — A S w(x) 20 AL, (HR] 3oy
B 1192 PR o (x) 18 3T JDk  pREC, 153 1330 T 0L F) F
AR BE XS SNN HEAT BT 1% 07 1 BEXT SNN 47
ARG, k5 RT3 24T 55 J7 T 1) R 30
AJ 5 ANN A EEAPL A0 AR - 1) ZETT AL 7
B, ATH SR 87 FH Ik v 22 S5 oR B w(oo) VB R 114 ek 4,
IO IOk ok 28 0 T 7R H He 38 30 [ (L IS 222 35 bk o 5
2) FER AL RE I, (1 FH AR RR AL o () THA S 1) 1
8 I P 0 ARLAE B2, 501 TR A o s B2 %o oK) 286 i
Fr LA BB w5 AR pR B0 Sigmoid pR %L
o(ax)=(1+exp(—oxx) )™, a K 25 ffi A5 24X bR 4l
S, DA B 3 I K SRR w(x), (R 2R 5
T 3 R I 1 RS A R A, e 8 R R
FEIE O, S B0 45 A8 15 B0k LA I 25 . 1) % B
B, 355 Sigmoid PR 1 B8 2 Ry Vo(ox)=a-o(owx)-
(1 - o(ax)).

SR, Sigmoid BRI EUHE LA 481 A5 Heaviside Step
Jok wh % B PR, I H 24 « %5 K I} Sigmoid pRAT 2
By 76 T vt BRARL RN LG, DT 3 Behs 30 2, 3
I T W28 R i MEJE O il e b AR R] R, AR S 4R
HR AT P 1 52 T VD pR R (arctan) £ B RS9I 25
FisF ()6 B A eR I FE T A RE B, ~F- 35 1k arctan

a(x)ziarctan(gax)+;; (15)
TE S AL, ~F- 1 Ak arctan PRI RS FE N
Vo(x)= ¢ (16)

2(1+ (mows2)”)

S R FH 2 1) A% 9% 5 s I 45 SNN, 75 BT
— A3 B AR PR B BOBE SAR RS 1K) 2 51



% 4

Wk S TRk P AR 2 W 2469 52 340 SAR B AL ALAS IR A F ok 479

J K B K R E 8 0=[ o, ]eR*, X i
) v=[y, ,]eRT 40 1 5K SAR K14 1Y E 52 b
B 12 B 2t Hh AR ) A e T By 2 HL
At B 24 A KO (BD & B de 22 Bk o), H: 4 ol
25 70 0 2 PR AE B0 RS (R & 51420 bk ofr ).
W, A SCR R34 7 2 1 25 o VR i BRI 25 1)
Pk eR L, B

L(O,Y):%E%i(o“—y,,,y. (17)

Hodr,y, M HEAY =108 1, Ak 0. 46 AL
GRS, ot B A TG R T 28 ) 1 A
Jok gk B 22 i w28 T iR C R B 28 ), B

1 7-1
lpzargmlax?go,.,. (18)

2 AT

2.1 XWigE

ST IR UE T B A T A R A, AR S
i 1 SAR L5 545 42 SAR-Dataset ™ HEAT 52 5 .
AR B A2 2017 48 A1 HT T 8RR DR ] G 0 (74
Boa 4R L h 22 5K g 52— 5 1 3 5k RADARSAT-2
TR R AR RS L , £ 55 42 W BUR AL 4 1 52
WAl S A v TR . B A Tk s e AR R SR R T IX
2 80% X Ik, 1 & A m N s D R A
SREURFEAS, 73 5 o S R CEREAS) 26
B CAREAS ) TRV 5 EUR (AREAS ). 254
AHCE AR, AL 1 596 5K 7513 E XTSI E Y
SAR K& iz Bl S LRI (HRE AR 43 A1 Th 3
Yy, A R TR 2 FPEAL 2% 5 5 1Y 75%
NINGRAE , 25% Ry A | JF I 2R 46 vh 4l 43
20% 1A HiEAE .

R B UE T B S A M AR SCR AR SRR
7 5 R EE 2 S O Jy A TR H AR SRR )
i FEAL 5 4 7] H (logistic regression, LR) |
K-3T4F (K-nearest neighbors , KNN) | 37 5 [n] 1 #/L
(support vector machine, SVM) Fl J& 3K #f
(decision tree, DT). ¥R B 27 2] PR J5 v E 24045
A 3 Fr $& SpikingSAR, AlexNet, GoogleNet,
MobileNet, DenseNet il ResNet, ResNet 431 >k FH
T ResNet—-18, ResNet—34 £ ResNet—50 A~ [] JZ %4
BERY X T AL G2 )5 v i 3 B e i i i A
SAR EMGHEATREAE , S UG AFEAE Ry i A LTl
WSS, 15 B RFAEAE T Ry 80. %) T4 M 48 B A,
fidft I Adam 15 4 D0 Ak &5 247 U0 25, U 2Rt i
32, %% 2 %3 0.001, FLE I K 0.000 1, 3K AL

SR g R T, U045 100 Uk, AR 35 560 0E 4 Y
25 AR AF IR 0 B UALHE . XT T SpikingSAR #5
BB ) B e 2 s, AR T H 12 s, itk
PRIICA 35 T 1 25 R, AR T 5 0T L vk
25 W) 4% A% 8 — 50 2R ] CPU 4 Intel 19-9900X,
GPU y NVIDIA RTX 2080Ti, #: 1f & 4 N
Ubuntu18.04 1 11 5 #L . 1% 48 J5 ¥ i A Scikit-
learn HEZRSC B, 1 R 5 2 >) J7 15 ] PyTorch #E
RS, EHLA ] CUDAL0.1 52 301 25 A it 1
SREEYIIEE

K I HETf )5 (Precision) , 43 [8]%& (Recall)
FF1 80 (Fl-score )/E M IPALFE AR, F1 535
B 5 A 0] 3R BT X H ARSI B R ) 2
H

TP
P= 5 Fp (19)
TP
= 2
R, TP+FN”’ (20)
P, xR,
Fl=2x 5 2. (21)

Hovp s PRI R B 5 R 3R A4 1] 485 TP 7R IE 1
UM A B &0 5 N 320 R TRl R 9% By
PR AR s FP 2n B DR B A AR A i . 5 I8 L
Y B T A7 AE 25 28 F AR K0 Al BEAS B 4 )t , oy
E A DA SR 0 M B, AR SCfd ] A% 26 1
b R 25 2R B 0 AP 249 4 Dy die ¢ /G 8 g
s -

P= E%Pi, (22)
R= E%Ri, (23)
Fl= E%Fli. (24)
o NG B ARREARE N oA B AR
IREAS L .
2.2 KR
2.2.1 AR BIEE R

W E N KRS SR Ay RS S s Y N
e Ge iR Ty 1 R A AR B = ST iR Ty i,
IR AT LR B 0 F1 43 800h 92.58%. SAR ]
808 H AR RO S T, A2 e R 5y AR
SAR FEME 0 )2 FRIE AR RE 72/ J IUEMR 25 5 1Y
15 8., 25 5 32 315 e 2= 0% 5O T BEME 75 (19 52 1
T VR JEE 2 > U0 J 6k 1 ko B2 B AT R R AE
PEIC, R BARE T B AT RN AL, R
HERR TR SAR G H LT, HL 15 rb I 5 AT 5 2ok



480 FAKFFHR(A A FR)

% 45 %

B FURZACEE () 8 W 2 > 7 — o 2 B b ik Ay dkk
. AlexNet RIFL 2, F1 /-8R 92.68% , H T
ALY BB R, AN BE ME B B B EG b E 2 g
it , 7% 5y % W AR W 75 52t . A LG AlexNet,
GoogleNet IR T W28 R B2 U PEREAS 31 T 42
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Table 1 Ship recognition results of different
methods %
WARPA T P R F1
LR 92.67 92.65 92.58
2
fietkt KNN 92.50 92.49  92.50
vl
N SVM 88. 13 87.37 87.75
i
DT 89.34 89.39  89.36
AlexNet 92.67 92.73  92.68
GoogleNet 94. 44 94.49  94.46
Vi MobileNet 94.81 94.82 94.80
=8> | DenseNet 95. 14 95.15 95.15
P ResNet-18 95.05  95.07 95.06
Ik ResNet-34 94.92 94.90 94.96
ResNet-50 94. 10 94.06 94.05
A3 SpikingSAR ~ 95.57  95.59  95.58

7K 3C SpikingSAR & H CNN 5 SNN #H 45 &
HRRE R TE T IR B A5 R R I/ AR A A 4 B
B TR BE D) 455 ofe 1) [R) R, BRI 1 g
F15380K %5 95.58%. S22 R Bnilk | A SO i
YA R, £ WV 48 bn R AL T 52 07
%, HEERZEUE ML T BUH 5 CNNAH Y 2 5
PERE . 3% 2 A C SpikingSAR 7E SAR-Dataset |
LA B AR TR B TR VA R A TRV R R T IR
2 2 R o TR 55, e T AL SR R B A X AN
[ 2851 (A T 25 S . ph 3% 2 A HT, 48 3C SpikingSAR
B HEDH ML AR FEAS |, (SO T B AR AR
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Table2 Confusion matrix of the ship recognition results

FEARSE  UTHEAR AR BREAR F1/%

AR ATRE A 396 2 1 98. 55
FfREA 2 377 20 93.31
e 1 24 374 94.21

F1/% 95.58
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& 5 kAN [F) P 25 D) 2 55 70 7 2 B0 i L AR
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I > (L 3.11 MB) [, 3 2> F AlexNet,
GoogleNet Fl ResNet 18 A 24 o, L AL AL /e
f) MobileNet 5 DenseNet [ 51 7 2 K i 57 /D H
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2 MG A 25 R 13T, LIF )2 3 2R H R A4
Jok whopf 28 0 FE L R AR AN S AT 2R S8
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Fig.5 Parameters of the different neural network
models
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2.2.3 FEBIREFEXS L

ST I UE T B Sk R RERE I R, AR SC A3 kT
SpikingSAR 55 % Lt 114 4t 22 I 2% fiff ] 45 325 45 s A
HEOHARERC TR A A R RERE . BERER T S 18
PP A E RS B G AN TR A i 28 I 28 S E RO T
I AW X TAE 58 ANN, ff S 8/ E 500 48
b 32 SR TF A s 58 L (floating-point operations,
FLOP) , A Ky it o 2 e A AU T PR RE A 14>
FEbR 6T SNN, i i # VR RO 46 A 32 22 58 fi
iz B (synaptic operations, SOP) , HlV## 45 5
MR B 28 4k . 15 48 ANN iz 17 T Intel Stratix 10
TX FPGA, fit & I #E M 12.5 pJ/FLOP. SNN iz 17
T 28 88 14 ROLLS I, i 33 78 4 48 e [a] 4%
o ok i {5 5 e PR AR Ak i 4 ) v SO H AR (LA Al
220 R G KM B A TR TS SR BB AT AR
77 f1/SOP.

3 3 AR Bl 28 ) 28 BRAE RS BEFEXT LL . FR
3T LRI, H T ko545 1% 34 1Y SpikingSAR
HA A EAER(SOP 4 17.97 MB) , /A HiAth
ANN EEVERUY 1/30~1/2, B A A Bk b AL 46 15 5
SRR SR R 3T LR B, A S
F ROLLS - 1] SpikingSAR 1 #E 1 fE i /N T
155 i) ANN. I 4b , SpikingSAR 315653 3 %k
T REFEIL S UL IIA SO 580 E B
RETEA R
#3 FEMEZENEERIRIER(FLOP/SOP) 54EERTtE
Table 3 Comparison of the operations (FLOP/SOP)

and energy-consumption for the
different models

i) (FLOP/SOP)/MB HEFE/

AlexNet 98. 59 1.23x107
GoogleNet 143. 07 1.79%x107°
MobileNet 43. 54 0.54x107
DenseNet 291. 63 3.65x107°
ResNet-18 243. 53 3.04x107
ResNet—34 489. 96 6.12x107
ResNet-50 549. 02 6.86x107
A SpikingSAR 17.97 1.38x107°
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Fig. 6 Relation between simulation time and F1
for different neuron models
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