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Abstract: Synthetic aperture radar (SAR) remote sensing images have been widely applied in military reconnaissance and
traffic supervision, owing to their all-weather and all-day abilities. With excellent learning performance, convolutional neural
networks are employed in the SAR ship detection algorithms. However, it is difficult to extract features. In practical appli-
cations, computing resources and memory space are limited, and high inference speed is required. Therefore, a light-
weight attention-based ship detector (LASD) was proposed. A novel linear hybrid attention module was designed which
extracted potential ship features from deep-level space by using global channel attention and local spatial attention. A
spatial pyramid pooling module based on cross-stage partial connections optimized the quality of multi-scale feature fu-
sion, which replaced the parallel max-pooling group with large kernels with the serial max-poolings with small kernels to
improve the inference speed. A novel feature fusion scheme via the local channel attention was suggested which widened
the gap between the objects and background noise using local attention during the feature fusion. The results on the public
datasets SSDD and LS-SSDD-v1.0 show that LASD achieves the balance of detection precision and inference speed, and

is more competitive than the other advanced algorithms.
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& fL1E 515 (SAR, synthetic aperture radar)
P T 23 B R R P A FL g Dy — o ) A VR 2 S
BB AL AR o SAR IR EUR AR AR 4 B
SR 0H BTz N T A 5T
L EFNIEE REVEAG U MR I %
NEREMIA . FEFATEAK A SR T BE
THEMBEAR . GRMHEM L4 (CNN, convolu-
tional neural network) [1) & i Fl 7R FE 52 3 W 25 5%
SRESESIRE ST, HEBHFE TR T R AR ) S50
POd R e, A TN v B R I 25 )
Wi, AR TR R A W R . AN
FETTH SAR RE K R 7 #F 2 fe fd 2E TUR A )
FRT SAR M AE G I 503 il M I A R BRI FE R . AR
M, HTARARST S J7 1) (0 2 RE AT 5 A 1+
P, T CNN ) H ARK I 5% AE SAR fii AR T AE:
SR IFAEAEY, R4 TAEE M ZE R, T
CNN ) H b ko I 505 32 53 Oy 5 T X 4 WA
B B E A A ) 32 0 5 T [ 05 1) — B B E s A
Hik.

PRI B B A ) B0 A TR A U A S %o H
PREEAT RN 53 8884 . 2014 47, Girshick %504
tH R-CNN, 5 ORI 27 ST HR T B s p AT
%, w7 NTWCE HFRRr e kiR Z . B,
SPPNet. Faster R-CNN. Cascade R-CNN %5 ¥ [y Bt
FOEAHR AR o 2R RR AT R A AR DU P BE A
bR U A 2 12 S o XA T 1F) £
FEPE R, L SR Y — b i B ) 2 de — U R
R R W 2%, AE SIS A 1) R FH e e AN AR P S SR
RRAIE . BEX H br iz 3l ok 1 BB 3 &, Zhou
SEUR M — M 2 ERHMEGF ML, TRk 2t
O INGZ W 5] AFRHIZ SRS . SR, 2T
DX R H A or i SE AR R A AR . HERH S
BUAg,  SEBRIHT A R A A A ) Rt B R B 1)
S ILHE LA

2015 4, Redmon ZEMHE H /¥ YOLO 5.9k H 4%
XPSEIRHEREAT 328 [l #RAE, TR T 20 WE i H
PRI AR o L — B B H AR R I B L 4
SSD. RetinaNet. YOLO % R4 ik, ZHHIEL

R AR B, HEFR AL R, VR 2 2 A T %
FEMR AR I SV OB A PREE A S A
SRR /N R BEARARRFIE 2R ), 3R H T —Fhiss
TR & T N 2 DR i 2 RFEFRHIERN G, FAE
FA 23 IR RURAL AT ARRAE, E 30T A A AR DU 25 SR
WIAAEEAR . A5 /NREEVER N 5 235 50 R IE FEA
AP, AR T — R T S SR AE AR S L
WSS (R AR RS 0 5592 A3-TOUS-Net, 1% 532H] H &
Wi A B8 [ & B2 RO AE,,  HAE ToU Tt 43 32
FINABARYE: 3 A S 2R, ABEE 7R A VAT )
PRSI 5 SRR IH AN AR . bR SR T —Fi 3
T CenterNet [t 7C 4 HE SAR S A0 A& M 77 ¥ Center-
SAR, DA HR KIS BRAE N R £ 25 5 B
LG R, IS5 A B B R ¥ 0 28 S Bk
MR, (HEESHEMRNSCEA . &
ST SAR M ANRFIE XME SR EUAIZ AT RCR AR T
W, PR R RS 25, A R A
Ak oA A SRR XS TR BORT R 45 2K bR
5, AR RO 3200 R SO K . AR TR IR AR
EF X SAR BG i A R R AL ) L, 4
i —Ff12H & Ghost 22 AL T CBAM 5 5 42 A1 A
Po, AHHHEHH TR IAE . T ZEE N IEK
SAR E& /N REEMT AR IR 26, FEIR)Z M 28 5]
NE B I CBAM, 31 5] A SloU 47 2k i% %
DAFR R SR IR R0, (L HE B 5o P o S v A 7R I
filh EFEAK T 50%. 25 5 SAR FUAZ 1 55 I 2000 Al
JFRERIILE . Zhou FE AT | — Fh 55 JE B AR
I FH XA £ A ol 2 55 JRAS 5 0T /N ROFE S AR 1Y
AR

EARIUA IR AR 75 vk & S 7 36T SAR
BT AR AT AL, (H i+ SAR E& A AR AR
SPR/ING B ERANTE IR T S TR SR
REARAFAE S O FEAOR, AR IR IR I SR
FEE, AR ) A 0T AT R A ) Ak R B . A
I, AT B R T BE AR SR A RE ) T R
F, XTSEBRBLH AR N AEAS (A B B R PR 5 RS
D FEA [ IS e JAST I A FE R A B 7R SR
R, ASCHEH 7 — AR s g, BT e
& #%  (LASD, lightweight attention-based ship de-
tector), SEFL T X SAR BB MG R TR RS . TR
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1) ARSCETE T — P MR AT ) iR
(LHARM, linear hybird attention residual module) ,
FEIE G B ERRE A, M 2210 B
KA AR LR =R IEE B, Je/a I EiE
T AN A R R T PR B MRV AR R AE . 1) 5%
M 7

2) AR S J T 5 B S e 0 4 1 PR
7= 8] 4 7 3 itk (SPPF-CSPC, spatial pyramid
pooling fast-cross stage partial connections) 1% 2 fil
G2 RUERAE, H S ECR MZI A & B IF1T K%
M DR THAE LR, JER] FH RS B B 70 i 18 1
AR LIS IIRAAE 2 FE 1 . R S R GE I 25
T v PR )

3) ASCHEH T — P EE T R O R T R RRE
Rl RN, FEFFARRL SR B 2 T R
JHL 2T 45 A4 1 JR) ¥ 38 18 VE R I B (LCAM, local
channel attention module), £ /> 525 7% B (1) [
ISk — 35 ME A 4 2 SR AR AR AE -
1 RXFHE

Z5 7 JE SEBR N v A D RS R AN HE B 7R
K, ALEFEER RN YOLOVS BIEAE R e
%, P LASD 5% 32 B 45 & CSP-DarkNet!"/
F1%) kL 59 45 K FVRRAIE 5 - 85 I 4% (FPN, feature pyra-
mid network) "Z5 4 S IUIF LA 2 REEFFIE(S B
WRIEAFBIER, BiE 5 34805 RrfEs2i .
FRAERRAS A EARTIN . AR AL S R R AR 2 H e

iz REE(S BRbEae, Sl T SAR EE X A
RHAREE . PRodAS I, A SCHERFE SR IR AR Rt &
BBt 7 2 A, AR RO AT T
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1.1 ZMREIENZRERR

Fe T AR CNN 25 0 52 15 FLA0 R i) R A1 5 )
REJIAE & IR I BIE R3] T2 N . 8
M, %R G5 RHREAE B b A AN A B 347 A (5] 1) 45
1B, & T AFIYA R E B 2 7. XS LE
SAR BB R IR E RN, 2T CNN AR
IS TCEA BRI B F A R . Ak, CNN
IS BN 2 JZ A FRERAE SR EUAS [7] 18K 52 B A0 AN [F] R 2
FIRFAEAS 2, T KA SAR I st A7 A R/ REE
R, A5 BRI R T i 2 ZEPBURE R 5 iE b
REHWREE R EK, #— 0 3 E0R &8 2UR
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FR) T L, 2 AR TR 290 35 ) R 22 65 ) TR il
26 JiE ) FH 4 J 8 A 7 N R 3 A (R B T2 R
AEEAERREME B . (A IEREM 2, LHARM H 1R
OB E T = D&M AR GBI s HESD AR
B 1AL Gd = A R i A A 2 2 IR L
(MLP, multi-layer perceptron) %5 & 177 %, MY

| ——

AT

»1x 14

N
\

lxlﬁ\fﬂJ—'\

i AFHIE

B HRRAE

e ez (P4

D Pt

& szt

& IR
B RPEREBEE IR E SRS



ELE TS BRI RS SAR M ARkl &% + 159 ¢

ATl RS IR B, I RE LR B RRAE 2 1) 1) 22 4k
BR . AR SWAUEE 7x7 BRERAE, Wb T
A 48 1 72 TR0 3 27 R A B3R 4 A SR PR T AR R 4
FE B
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PR 3 AN R B 1) A A B KB AL 48 AE AR B SPP
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TR . 48K, /ML R S RS E T
B

AR, EEHY BG4 IEIEERE (CSPC, cross stage
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M2, R LRI T it EE.
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L[] FPN 25 1) 1) 9 A 48 I 19 FPN 43 51l 4% %
HIRERATE SUE B BEEE. R ERA TR
A T R 3 A 7 0 RO S 4 A PR
HHELLCAM (LCAM £S5l 4 fios), #E—0
MIE S ZE P R ARRRAE AT Seh s 22 5% T,
T TE VR 7T BT A T 1 A R A DG SR R A
B, BSERR FAH BRSO i TE (R A O PERLSS . SAR
UG A e P S m R, M IAAFIE AN B R, e
TETE [B] PR AF M SR MR RE R /N o Ry IR IE 1)
ORI PRI — SRR b S5RHIE
WE 4R C AR MR R kONFRIEEIE4ESE C
AR, #oy BRI RoR N

k=|(1bc+1)/2|0dd (3

Fob, (x|, AR x AL,
2 SRWITFSHERAH

AR 3 S5 K F EC # N Gen Intel(R) Core(TM)
i7-12700 2.10 GHz 4b # &% . NVIDIA GeForce RTX
3080 Ti & R A THEMLEEAT, 1E Pytorch HEZE T fif
H Pythonifi & 4ifs . BALINZR e, (ERBE T
B ARAC L, W B AE T B 75 AT AL ST
i, TIUNAE A3 SEHE 1 A2 LU BB E 9 0.5, )
BHT 80937, WIHRE2IF)90.01, IEML R
90.000 5, NZRIEAIXECH 300 1K
2.1 SKEBUESE

NG AIE TR A AT R, A SCEE AN AT
(1) SAR BB M AH H Ar ks I K45 48 B gEAT T 525,
53 7 9 SAR Mt ff A I £ 4% 45 (SSDD, SAR ship
detection dataset) 'l K UFE SAR it fAft 8 I 4 4ix
££  (LS-SSDD-v1.0, large-scale SAR ship detection

dataset-v1.0) P4,

SSDD s & /> 1 5] A5 A H A5 A I AE 55 1 2 I
SAR BG4, LA 51 160 Tk EIGAI2 540 4N
MHE bR, ZBIEETEE PR N 1~15m. &
EIA LTAE, AT 8:2 1 LK 2 4 52 &1 4
IR LE
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A 1533 859 24 000 pxx16 000 px 1 JF 45 SAR
K& . ZBELE-FERE IR, AXSHEWA
AR 46 G 2 B R 9 000 5K 43 3 Z654 800 pxx
800 px [ F K&, I4 [ 2:1 (1 L il XI55 il 52
AR EE .

2.2 MREITMNIERR

AT BT E B RN A SCRIEERE,
or ARG FE AT SRR BE PR T T, A ST H BA T 484
X SV WA REEAT VAL o RIS B2 7 THT, AR
EHL T AN ENR: RS (P, precision) . £ [a] 3
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F1 538 THEREET T, A SO B 2 405 g
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TP
R= T p N (5)

Hrr, FN AMAA e ECE .

AP R HEIEMMER R - H R (P-R) Mk 54
P2y BT ] DX 3 TR AR, P DA B G e s SRV AR A
HERE .

AP==f{P(R)dR 6)

F1 43 0nT DA A T b s e S04 RS FE P AN [
RREVE, W8 T 28 A VR4l Sk ORI g
Fikwr

2xPxR
“PeR o

I Ay B D A L P (i, T DA U
FR R R Y, AN
Wi = (8)

Hodr, TORACBRAERTK G AT 7 A AR (A B
2.3 jHEMSIIG

N T IR UEAS SCHE ) LASD B30 A1 4% AR 1
BN, RVWIEAFFHARE SSDD EdEAT 1 H LS
5, SSDD ##li4E LAl st WK 1, R
WA R SCR, 4 s RoRiabe e FHE
SO RN TR AMEIR AL .

SAR EME A8 T BN AN R AN I (2. e
R Z R, ATAFAE AR SR DO FERUR, )
I FE R T YRR E, R RO
MTE B RAH ORI E .. ZEREME T EE
(IEIEAS S, A SCSE JE A8 2R Ml R
()Y R ST AR . Fi0 TS B e . SO0 AU
KU, HINRETE R B AE 2 ok > B AR AY
RSFRISECE R, H A RS B3 T KiE e
Tt BRI SIER AP T T 1.9%.

F1

NE D 7 8] 4 B WA AR F A% it AL g A
ORI ZE, FFRTHRFERLG TR, ASCHEATH
AN AR E B 3 AT I R A AL, FR RN
CSPC 4514 A4 Ry Ak 2 FEVE Rk b T B B . ASE
AR AT LLE Y, BAR BT/ MEIAL A 2 5 80
BIRSF. S8R FLOPS 3N, {HMiE 5 (1) SPP
TSR 75 K6 00 465 PR S DU P55 B HE R P A AR 31 T
ENINE DA

A, 0T SAR BHE H AR ABRFAEAS B 5. AH
LTS B 2 K 5L Br R H 48 vy AR R 0 3k 3
TR, ARCERER SRR, AR R E
TEVE B SR e LCAM, 3 — 25 s Ak i ARy
fE TS E . SEIEIE R, LCAM Btk
IS AR TE T 1.7% WOAS RS B, 3 M= 8] A
IS [A) 2 P2 PR A T SR R T, HEBR AR 3 7K
e Tt o

SR T SAR B MR AN ARG v . PRI A
M, ASCHEH 1 LASD Sk RN 5] N ik 3 Fhisisk,
FAG WA B vk 97.2%,  Ab i3 Ky 333.33 FPS.
AR SE AR, ASCEHEER APIRTE T 2.1%. i3
WEHTF T 125.00 FPS. b4k, LASD I F1 3%k
27095,

2.4 AFEEEEMMEFEXTEL SLIE

N IR ARSI A I R ek, AR
ST SSDD ## 4, Xf Lk T LASD Sy Al HAth Sl i3k
FERIR I BE . SSDD i 4 b R [R] SyE AR I 14
REXT EL W3R 2, FIERNet 5 7% fll Quad-FPN %y 78
R REAS AT 5 b o A BB PAEFIRfE . B
SR LASD 514 P AN R FF R BB AT, H
HP SRS FE AP IS B 1 97.20%, F1 3 Huk3| [
0.950, HEFRH A F]333.33 FPS, Lt Hflhdeit
EE AR

*1 SSDD a6 FHIHRLSE IR 45 R
LHARM SPPF-CSPC LCAM AP P R F1 WAIRSF/MB  Z85#/MB FLOPS/GB  WiZ/(fs™)

x x x 95.1% 92.6% 91.3% 0.93 13.7 6.73 163 208.33

N x x 97.0% 97.4% 91.1% 0.94 14.1 6.92 17.0 222.22

x N x 96.9% 97.0% 90.7% 0.94 25.9 12.85 21.5 243.90

x x J 96.8% 94.8% 93.6% 0.94 11.7 5.75 14.2 270.27

N J x 96.9% 96.9% 92.6% 0.95 26.4 13.04 22.1 208.33

N x N 96.6% 98.2% 91.6% 0.95 12.1 5.94 14.9 232.56

x N J 96.7% 96.4% 93.4% 0.95 24.0 11.88 19.4 256.41

N J Vo 972% (+22%) 95.1% (+2.5%) 95.1% (+3.8%) 0.95(+0.02) 24.4 (+10.7) 12.07(+534) 20.0(+3.7) 333.33 (+125.00)
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&2 SSDD #i#E & E N EIE A M BEXTEL
Hik LTSI JNE AP P R Fl S ¥ E/MB iR /(f-s7")
FIER-Net®*! 448 94.10% 92.70% 94.00% 0.934 32.50 24.94
Quad-FPN2%! 512 95.20% 89.50% 95.70% 0.923 — 11.37
YOLOv52" 512 95.10% 92.60% 91.30% 0.930 6.73 208.33
YOLOv72¥ 512 96.40% 90.50% 93.60% 0.920 34.79 185.19
SAR-ShipNet?”) 512 89.08% 95.12% 76.30% 0.850 134.00 82.00
FIERNet?*” 512 94.14% 98.16% 87.89% 0.930 — —
CenterNet++2! 512 92.70% 92.60% 94.50% 0.936 20.30 46.51
CR2A-Net? 512 89.80% 94.00% 87.80% 0.908 88.60 14.88
DAPNB 512 90.10% 87.60% 91.40% 0.890 63.80 28.99
GFB-Net"*" 608 93.00% 85.60% 94.00% — 41.36 31.50
AL LASD 512 97.20% 95.10% 95.10% 0.950 12.07 333.33

NT BN R A SCEEA AR, A% B
TEAERE. S YOLOVT FIA S HIE(E SSDD
5 E AN R R AR AR A Il 25 5 . SSDD %4
BRI ARG I &5 SR b B 5 BT, SSDID 44
P B R EAL T O R BRI B AR, %K
HAr PR LLECR . RBARFAEA 2, MAHf R 2
FE, GBI E ARG ST, S EIERRESR
BE N ER I . FEUESIE R YOLOVT 5L 7E LA
FA AR AT 45 o B A . IR ARG D B ARG ) A
LASD 8y 75 435 F 35 RN 435 A1 il & By B R 9 2 9
BEHUFR ST 285 0 A AR RE R EAS B, 5l 1 5k

() FUffFE T o)

KI5 SSDD Hudfs &8 K RUEZ M Aferll 4 St b

IR AE A AR RE 77, DAL 1 068 RORUJEE i A ) G ) 12k
BEo ASCEVEANEAD 7 RAE . JRAS AN AR 1)
FOR MRS B2 A9 3] 74271 . SSDD %4 £ /N R A
FRAS I 45 R EL B 6 s, SSDD £ #fe 58 hid A7
B R RO BN R BEERT A, %38 H bR 407515 B
o REERUN,  ByIEHT SAR EG A AR A R A 1
FHRECK, LSRR B REE, &
HE SR AN YOLOVT SEAE B AR A I AE 55 7
ZFNEONE, KiUE. WA R M P
GREOUWI G, AR H 1 LASD Sk e i 2 R
&, Wb TR IR I R A
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(b) FEMEF

(a) ELIE A

(¢) YOLOV7 (d) &35 LASD

K6  SSDD Huffa &/ RUEZ R Aferil 4t St b

2.5 ZEMESEIE

N T BUEA SCREE A, RFTIE AT
LS-SSDD-v1.0 £ 4 5 L #EAT T Mg iiE sL 48, JF
5 A S i i il 25 AT PEREXS B, LS-SSDD-v1.0
B g LA EhgE L 3,

4R Free anchor &% Fl1 FoveaBox #.7: 7> Ml &
A BRI ARG B, AH IR 77232 [R] B S ot
BOVE A R REAEE, F1ABSBIL, HiEE
FEH % . Libra R-CNN &L H 0.750 HIfEF1 2054,
ESHERE. SRS,

EARACHEH I LASD 575 F1 0308 0.740,
ik T Libra R-CNN &%, {HIASIKERE AP M 74.70%,
e 24 B T 45 20.00 GB [ FLOPS. 12.07 MB
P ZE T 136.98 (s )FIHERE I E . SLI0 i 3=
B, LASD 5792 AT LIS G sth sife BRGS0 A5 55 0 B 3
FE, AH B 0 B T B

N T B R s LASD S I g (140 ik
P, AKATIEFE LS-SSDD-v1.0 ##E £ _F k47 1 A8
S5 AT AAL M . LS-SSDD-v1.0 ¥ 5 46 I 45
S EC U 7 iR, LS-SSDD-v1.0 ¥ 8 (i i R
PN, B AT RCNREE, o DRI AR BN
W RN MEC B A, ZEdRE S
M P s RS SR A N, X SRR R R B
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