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Abstract: Although the synthetic aperture radar (SAR) image target detection method utilizing convolu-
tional neural network technology can achieve good detection accuracy, its high model complexity limits its
practical application and deployment in military rapid decision-making, maritime emergency rescue, and

other fields. Therefore, this paper proposes an ultra lightweight small target detection model for radar im-
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ages. Firstly, a multi branch efficient layer aggregation module is designed to enhance multi-scale percep-
tion and adapt to various resources and computing capabilities of actual devices. Secondly, detail enhance-
ment and shared detection heads are utilized to focus on small target information, thereby reducing false de-
tections caused by sea and land clutter interference. Finally, feature richness-guided pruning and knowl-
edge distillation guided representation learning are employed to further compress the model and enhance
performance. The experimental results demonstrate that the network model achieves detection accuracies
of 89.0%, 98.1%, 82.5%, 98.6%, and 91.5% on MSAR, SAR-Ship, AIR-SARShip-2.0, SSDD,
and HRSID datasets, respectively, with a computational complexity of 4. 186 G and a parameter complex-
ity of 0. 888 M. The algorithm presented in this paper exhibits good robustness, and the network model
can achieve optimal detection speed and accuracy at the minimum volume.

Key words: SAR image; small object detection; ultra lightweight; multi branch efficient layer aggrega-

tion; enhance shared detection head ; pruning and knowledge distillation
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log| EVE T | 4 0
£(gs,m)

A 5 R A B <
P T JH 5 K 92 L T
2L i/l 2 R 7625 1 24
T 2% 33 5O 024 00 21 50 A, O T 24
AR R IR 5 R . 2 ECeh . m) B, £t
) B ST 25 2 4 22 L5 R/
B £, )T WA R A i
(o) BRI 25 e O 24 1 2 B 525 B I
L7 AL 9 31 O 247 B X Bkt
SRR W
3.4 SAREE/NE iRl B
W B S FS B R 1%
i A EL RS W05 30 P05 b ek
5l SAR B 12 4 0B T 8 )
18 T o KR 1 52
P4 EL R B L9 SAR 00 H AR R 5

TE L

4 EBsRHATLE R

4.1 HIEE

S e 2 AR [F 35 19 SAR AR B bR A
0BG 5, 2y R MSARY, SAR-Ship™ | AIR-
SARShip-2. 0", SSDD"" fl HRSID™ %% ¥z 4 .
e MSAR BUHE £ b 0K 32 378 A9 5 45 4G ) %9
KPR RE AR R LR A PERE I Y YOLOVS-n
TR HE AT AR £ 5 Rl G R T Sk A A% Ak
HORAE MSAR 08 45 b 04T FR1E 4 8 B2 51 5 10
B H JAR 25 1 S 8, B JS 7R SAR-Ship, AIR-
SARShip-2. 0, SSDD # HRSID Y™ % fif 4 91 %
EE S RTINS R 7y oAU €

MSAR ¥ 4 I 35 28 449 kAL V) 4R
B 22— 5 R 4y =5 TR K . MSAR S
EWAL T AU HH L HY, VH I VV ., %500 5
IR IN R R e NN SR I AR A bR
AL M EE AR A R U H AR . ASHE ST BE L
TEBCECHE 42 v 19 914 5k AR R I 254 L 2 845 5K
AR B E4E 5 690 5K S8 M MK 4 . SAR-
Ship, SSDD, HRSID #1 AIR-SARShip-2. 0 g 4>
B A 2 HUA A — A B AR SR . AR UK A5 5L
Pt AR 4 I 72 20 110 L A8 2 I 2 4 36 UE 4
MK 4 =4 . SAR-Ship 4 4 1 102 7% v |
o =S AR 108 5K WY e — 5 AR M B, AL A
P AR AS I T R 39 729 5K, B o BE R AL A 1. T~
25 m. ZEEEAER U O IR B0 i 5
FIHHS BCDT A O A AR T | v A A S R
H #% . SSDD # #& % >k H RadarSat-2, Ter-
raSAR-X, Sentinel-1 T & , 43 # %} 1~15 m, 3t
A 1160 5K 4 M 2 456 M i X . HRSID ¥ 4
TEHE & R 2520 B4 T 0% 136 5k 43 HE %
1~5 m i 4 5t SAR SR AT N AL 7 16 951 A i
i) 5 604 7K 800 pixels X 800 pixels 4] H . AIR-
SARShip-2. 0 546 M2 1. 0 SR AR B9 97 J& |, f 45 M
w47 =5 TR ARG K /N R 1000 pixels X 1 000
pixels [ 300 5K 52 1% .

A SAR 5248 8 Hs B2 4 050, 8 LNRSEH
b oy o S R T B L T 5% 1 B AR, R
H AR A F 5%~20% Z ], K R =+ H A5 0 it
20% o AR B A B S PO H AR &R
Z it 9020, BR& RS bR e angk 1R .
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Tab.1 Object size distribution in the dataset
Bk TETr g—i R B
Hbrgict  (SH/% BHesd  SH/% BfRBE HH/%
MSAR 60 398 56 562 93. 65 3066 5.08 770 1.27
SAR-Ship 50 885 48 831 95.97 2002 3.93 52 0. 10
AIR-SARShip-2.0 2 040 2016 98. 82 23 1.13 1 0.05
SSDD 322 251 77.95 68 21.12 3 0.93
HRSID 16 950 16 858 99. 46 83 0.49 9 0.05
4.2 THWREBESSYME MRS E AP, an s (14) iR
A% S B 19 BE 4 3R 858 K Intel (R) Core (TM) R 1" (12)
19-9900K + RTX2080Ti(11 GB 47 ) , Kk 1 ¥F TP+ FN
3 Ubuntul8. 04. 6+ CUDA12. 2+ Torch2. 3. 1+ p—_ 1 (13)
Python3. 9. Il Z5 By B £l ] Bl LB B2 B (Sto- T1P+FP
chastic Gradient Descent, SGD) {4k 2% > 3, 3 &= AP:JOP(R)dR’ (14)

0. 937, BUE FE K 0.000 5, 10U 2K 0.7, it A
BRI 2 640640, IR Z& 18 B Be i B 2518
2 FE WK constant, FRAE4 2R N 1.0, 28 MR
fiE 2 M5 15,18 fl 21 2. MSAR U4 ik &
W)l 2% 2] % 0. 001, e 2% 2 % 0. 01, I e
W 600, oAt DU A A0 £ 4l 4 1 3 B ) b2 )
RN E L2 2 R YR 0. 01, YIRS Tk 300,
4.3 MEEEMIER

AR A FH F 44 32 B 80 (Floating Point Opera-
tions, FLOPs) . Z 4§ & (Params) |~ 4 ¥ I K5 B
(Average Precision, AP) | Ff 4 2 J1| °F- 34 k5 I A
B #4{H (Mean Average Precision, mAP ) Fl 4 F5 fisi
K (Frames Per Second, FPS) {2 #5 &l 4 58 #Y 1T
Wrdbr , mAP {88 KA Bk Ge B AT o Sy P ARG A
AU AN 6] ROSF H 5 89 K D M 68, JH AP, APy,
AP, G35/ (i RRSE B AR B ARG BE AP
6. A B R(Recall) B35 2 50 (12) fr 7w
5 B % P (Precision) [ 18 an A X (13) B 7w, 8%
J& % R AP FE L PR £ 547 00 15 517 24 46

%2 SSDD #i#E%& £ DESD

Hodr . TP i H 1F 41 ( True Positive) , & 7~ Uil
TE ), S5 BR Ry IE ], BBV TN GE 6 5 FP oA ROE
] (False Positive) , 2& 75 #il W ky 1F 5] , 52 By oy 11
), BV T B 4R s FN A IR S 4] (False Nega-
tive) , &7 PO Ay 170 451] , S5 R Sy 145, BV AR 8
B . R A TN IE B A% I 81 0 B OE Y OE 51 5
Y L2, RIE 13 5 P oy 3500 1F B 1) 1E 451 5 o ol
R IE S 0 LR RIS B

mAP 2 ft A 25 2 AP R, a2 (15)
Je 7

1 n
AP=—> AP, 15
m » Zl (15)

Hor o BARZE 514

4.4 7£SSDD ##z4& £illiX DESD-Head [ R
YOLO Z 51 45 I 1 45 14 46 0 3k £ A ) 2%

t TR S G AR OR AR S Y

LSl e S W NS B 7 Rl R e

YOLOv8-n #1 YOLOvV10-N |, Jf:7E SSDD % i

£ ISR ARG I Kk ) AR, SR A R AN R 2 T

-Head Y B #x 46 %7 R

Tab.2 Detection performance of DESD-Head on SSDD dataset

ESD
) £6% A 7l Head FLOPs/G Params/M FPS mAP/% AP/ % AP./% AP./%
ea
YOLOV8-n X 8.089 3.007 265. 4 98.3  63.9 75.3 73.2
YOLOv8-n Vo 6.525( ¥ 19.33%) 2.362( v 21.45%) 274.2(43.21%) 98.0  64.3 73.5 74.4
YOLOVIO-N X 6.532 2.266 178.9 97.6  61.7 73.2  64.7
YOLOvIO-N </ 6.300(¥3.55%) 1.947( v 14.08%) 188.5(+5.09%) 97.4  65.8 73.8 71.0
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LA, 5 YOLOv8-n Y f# #8 3k 1 YO-
LOV10-N % 4 25 3k M kb, DESD-Head {2 % [ I
T R S 4 B AR M R T A T
ANTRVFE B A . BLAR mAPBSAH TR (H X/
b B K DUORS B2 2 B T+ T 0.4 4. 1. B iE
T DESD-Head fig % 4 &% b F i 31 5 &2 2% B A
B D0 OKE BE [ B R R Ak R RS M B 1
4.5 HEXEFEESISHEEMMREZBAUR
4.5.1 HEFFEINFOTHEESIHZR
FESEZR bt T ARAE A T SRR T Sk ik
)T —E R EABOR R HRIEE & EL T
B A R B IORS  o hy a6 g A B R LE A
WCHE TR AE SR A R I Sk B 9 4 i IR 10 %0~

40 %6 1 H B it I AR AE 3 R S S 1 BT AL, O 5 3
2 51 YOLOVS-n Fil BY A3 /i A W9 2% i 47 X L .
B A R A ASOR X e R 3 TR, R kL
9 YOLOv8-n 5 . M+D %R ] MELA $5 e
Bz b iy C218i e, - DESD-Head % # JL 28
(A f RSk, R o xRk T AR AE 3R A O SR T
S (14 190 465 Jii fin AN [ L A8 7 B S S, T 45 R /N A%
TR RS BE LG BT RCHT A AR . TR 10%
B, 452 TR A 7 35 R RS B2 A/ r ROSE B A i A
WK B AT LR ZE Y OLOvS-n A6 B 45 2 7 5 55 K¢
R 20 % B BEAIXF /N o ROSE H A 6 A RS
5t B2 YOLOv8-n 18 2 /57 5 By A % |- F %1 30 %
FT A0 Y0 B, A5 7Y (%) £ J50 RS DUOKS B2 R R4 £, Pir DA
AN AT A AT 5 L ) A B A

R3 MSARHEE LRGN TEELHR
Tab.3 Lightweight effect under different pruning ratios on the MSAR dataset

48] £ A5 7Y By AL L 1] FLOPs/G Params/M mAP/ % AP/ % AP,/ % AP/ %
gk — 8. 089 3. 007 84.6 70.6 80. 1 69. 1
M+D 0% 5.291 1.944 86. 6 75.0 83.2 71.8
M-+D 10% 4.724 1.041 85.8 74.1 82.3 63.5
M-+D 20% 4.186 0. 888 83.2 72.5 81.0 68.3
M-+D 30% 3.661 0.742 78.9 69.5 78.4 58.7
M-+D 40% 3.149 0.596 80.6 66.2 77.0 66.3

4.5.2 REI A T 64 %R KA 5 X 3

R B0 UE A T R 515 Y Y A R H R 25 1
TR A R BT T — AN [R] 2 A 4 B R L
B B R ZE AR T R o ek B RS Y
25 AE Ry 2R M 4%, BL YOLOvVS-n, YOLOVS-s,
YOLOv8-m, YOLOvS-1 1 YOLOvS-x 43 B/ N
000 P 4 AT RRAE S B R TR IR 2R AR R R
Girt UL 4. A BYAE LB R I 1 S5 fE 4 SR
AR RIR 5 — 465 N 0 R 5 Lo 9] B9 kL
R ZE R N 45 mAP E 5 LSS I (E R
IR E mAP AL

26 4 T, 10%~30%% 87 A% J 9 455 00 25 4%
HEE & S S AR EE L E mAP KZ A b
Th, Hoh 4 10% 898 #9 L YOLOvS-m i 2 Iifi [}
25 1) A58 50 2% 1R AR SR R A KT T D R 2 R I 4%
mAP {H £ 7+ 3. 6, # X T YOLOvVS8-n 5 # mAP
HEET T 4.8;2 20% B R LL YOLOVS-s 2 #
i oA 2% 14y A5 75 2 188 i T e i R, R KT T D A 2

A M2 mAPEHETE 5. 8, H X F YOLOvS-n #1#Y
mAP T T 4.4, FEAHT A B AL L) R, AN J2
7 A ) 80U ) 8% h B LA B A 1 R AR AR o B
R BRSO AR A A 2 B R T AR K B2
LAY B KL EE 5] R 30%6, O AL AL R YOLOv8-x
J& 285 mAP B2 WK T 28 18 AT, 2R IR RUR I
AR AR FAR . BRI, Fe 2R T 20 %6 B R AL ik Je
FR AR TR Sy 2 A R 2% YOLOvS-s Ry 0 W 4%, 45
FEAE F 8 S B A 2R A B R e
SARFZAG/IN B A5k AL
4.6 HBLICIE

R T AT AR SO IR R R ARSOR B
PETL, 7E MSAR %6 45 b b 500 U647 7 9 fil s
By SCEREE AR 5 TR, 2R PR L A E AH [ 2R
BB TiEFT. Hi, Model-1 4 A% 3CHE £k A
AL R C20 42 ORIl & R IE . Model-2 4% C2f 4
RS SCHE A MELA B H , A b3 28 A R 33
TRE25.2% S50 TR 26.9% ,(HEmAP{E R
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Tab.4 Performance improvement results of student networks with different pruning ratios after distillation on the MSAR

dataset
24 [ 4% U Y 2% FLOPs/G Params/M mAP/% AP/ % AP,/ % AP,/ %
YOLOVS-n 86.1(40.3) 75.1 82.7 73.1
N YOLOVS-s 87.8(42.0) 75.1 83.7 75.9
10% Bk M+D
YOLOv8-m 4.724 1.041 89.4( 43.6) 76.1 85.1 78.3
(mAP 85.8)
YOLOvVS-1 87.7(41.9) 74.7 84.0 76.2
YOLOV8-x 86.9(41.1) 74.5 83.3 73.4
YOLOv8-n 86.9(43.7) 73.7 82.5 70. 6
o YOLOV8-s 89.0(45.8) 75.7 85.1 78.1
20% B AL M+D )
YOLOv8-m 4.186 0. 888 85.7(42.5) 73.4 82.8 79.4
(mAP 83.2)
YOLOvS-1 84.1(41.9) 73.3 81.2 75.0
YOLOv8-x 83.8(40.6) 72.4 80.5 74.4
YOLOv8-n 81.1(42.9) 65.9 76.7 81.1
YOLOVS8-s 80.4( A 1.5) 67.0 77.9 80. 4
30% YA M+D
YOLOvV8-m 3. 661 0.742 80.6(A1.7) 66.2 77.9 80.6
(mAP 78.9)
YOLOv8-1 80.0(A1.1) 65.7 76.1 79.6
YOLOVS-x 78.5( vy 0.4) 62.8 72.0 74.4
YOLOvV8-n 80.4( ¥ 0.2) 65.4 76.4 68.5
N YOLOVS-s 80.3( ¥ 0.3) 65.5 77.7 70.0
40% BIRL A M+D
YOLOv8-m 3. 149 0.596 76.9( ¥ 3.7) 61.3 73.9 63.0
(mAP 80.6)
YOLOvS-I 76.5( vy 4.1) 62.6 72.3 62.9
YOLOV8-x 75.7(v4.9) 60.6 70.3 61.1
R5 AEMSAREEE LR E R
Tab.5 Ablation experiments on the MSAR dataset
™) % " FLOPs/ Params/ FPS/
N LA Yk ZEH . mAP/% APJ/% AP./% AP/%
il eal M (framess ')
Model-1 X X X X 8.089 3. 007 263.5 84.6 70. 6 80. 1 69.1
Model-2 X X X 6.051 2.198 270. 8 82.0 66.5 77.1 61.5
Model-3 X N X X 6.525 2. 362 230. 2 89.6 78.0 86.2 74.8
Model-4  ~/ N X X 5.291 1.944 231.9 86.6 75.0 83.2 71.8
Model-5  ~/ J N X 4.186 0. 888 250. 3 83.2 72.5 81.0 68.3
Model-6  ~/ N NN/ 4.186 0.888 279.7 89.0 75.7 85.1 78.1

TR 2.6, F W], MELA 5% Hu R F 2% 5] 68 T3 i A
I 55 5 7E AL ok 3 S B W L
Model-3 ¥ 5 £ #5 AL i 46 W 3k B 46 i DESD-
Head, M bR 28 W 28 31 53 & T [% 19. 3% .S 80
TFE21.4%,9F H mAP{E4£ T+ T 5.0, AP 2 T+
T 7 A REE T AZR I Sk 7E /N F AR A DU AT 55 v
P8 B M 8 . Model-4 ¥ MELA # 3t 5 DESD-
Head 45 & , i1 i 5 S 80 # — 0 T mAP i

=

LR BT 2.0, (A BR AR T Model-3. i &
mAP FEAR 4 J5 & MELA K5 X6 B 1F A% 336 % 7
4K 7 BOHS 43 R AR 2% 21 B8 T RO I 55 o SR, 3%
Foft 20 A 8 Tl A R0 A B 0 2 B 40 ) O
T 34.6% F135.35%  TELE A MERE AL T
O B A Ak B B, AR S0k B Model-4 #5475
LR 528 . Model-5 3 F Model-4 #4745 4F F & B
SISFR R, SRR R 20% . BRUGIEREET



5510 3

W be i, 45 MR B 1k SAR AR/ B AR A %) 25

1683

R 20. 9 %6 , {ELAG 0OKG JBZ Al B A7 B AR . Model-6 7
Model-5 (Rl F LY OLOVS-s g 2 Uil [ 2% i#E 47
FRAE & B 51 5 B R AR A H 3 4 ) 45 A6
Ko BEHRTE 4. 4 BRI /INFI AR R0 i 38 359 38 B R
ZE TR AR SO R A BRI AR S S
o, T H AR A RS B, 35 B R 5O B 0 ST
4.7 A [E SAR E & B R 7 % &E MSAR #

EE FREREXT B

T3 N SARFEAZ /N B Aw A I 7R R BE AL
5 A ER  AE MSAR B4 45 B b H R
19 YOLO &%) 1 RT-DETR B # 1y H 5 46 )
RO . DB N RS A RS B 45 R
A I 8 A5 0 1 255 VR, 4 R AN 3R 6 T
T4 e A 25 A T R 3R0R i 45 SR 1R 2l
£33 N O (1 BT I < B Ny [ B Al 1)
SR GEUR 18 B T 5 i 10 S 259 K6 DRS B

/N BB A TUORS E

DL A5 B L 7E MSAR K48 45 19 FPS A b 1
A bR mAP {E 8 YA bR AR TR Oy 5 2 42
2 il TR AR X L . 6 T R, AR S Ik AE
MSAR 4 FARSR T HAD R S R W 4%, 9 T
e /B R AR 1 e DA ARG D Sk RS B

TR T MSAR BG4 1 AS [a] % 2% 455 74
14 4% 28 ) L B G 0 A8 SR X B o AR SO R R TRBL
FE HOE bR i A RS B A L 43 0 S 97,0
83. 7. X T 32 5 275 5¢ 52 1 i 0E AR 22
KA G AR SCH 3 3 4R YOLOVS-n 5 74 43
BT T 4.4 80 2.1 ,{H L YOLOVT7 BRI 4351 F
BT 4.9H10.8, SR, YOLOVT7 [y A5 7Y {AR B4
KRR . LA RF A A #E Tt
AN B AR R AR R R R T OB R R R

Rt

F6 AESARFGBEFRKNTFEAE MSAREIEE FH ML &R
Tab.6 Performance comparison results of different SAR images object detection methods on MSAR dataset
LEZE FLOPs/G ~ Params/M  FPS/(frames')  mAP/%  APJ/% APy/% AP/ %
YOLOvV5-n 4.130 1.761 125.0 80.8 73.9 74.4 80.7
YOLOv7 103. 223 36. 501 96. 2 86.7 74.4 85.9 81.6
YOLOv7-tiny 13.022 6. 007 109.9 68.9 62.9 72.3 61.0
YOLOvV8-n 8.089 3.007 263.5 84.6 70.6 80.1 69.1
YOLOv9-T 7.599 1.971 42.5 77.6 71.2 80.5 77.8
YOLOv10-N 6.532 2.266 228.2 83.1 65.7 75.7 52.7
RT-DETR(r18) 57.290 18. 860 36.7 76.8 51.4 71.1 55.4
ARk 4.186 0.888 279.7 89.0 75.7 85.1 78.1
95, F7 AEFEEMSARHIESE FHEER BIRENEE
Tab.7 Detection accuracy of various types of targets us-
90r i ing different methods on the MSAR dataset
<5 o N RERE Bl mEE BER
% g0l YOLOV5-n YOLOV5-n 93.8 83.8 74.6 71.0
R e | RT-DETROIS) YOLOV? 94.0 92.2 8.8 T1.7
YOLOv7-tiny 88.4 85.9 46.9 54.4
o YOLOV7-tiny YOLOVS- 90.2  82.9 85.9 79.5
B 50 100 150 200 250 300 YOLOvO-T 88.4 87.5 67.9 66.5
FPS/(frame-s™) YOLOvV10-N 86.7 83.7 81.9 80.2
6 PR -F PSR AR FL R AL G L RT-DETR(r18) 96.5 79.6  77.3  54.0
Fig. 6 Visual comparison of "mAP-FPS-model size" AR5 97.0 87.3 88.0 83.7
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4.7.1 4= MSAR# ¥ Lo TAALL R
46 2 6 iy 45 S BE B H A R DI R R
4 % YOLOv5-n, YOLOvV7, YOLOv8-n, YO-
LOVI10-N Fl A 3 J7 i 47 7T Ak % 1 o 4n &l
TR, o 2L AE AR R A K H AR, W] B 6 AE

YOLOvV7

TR

s R

R R

b o WA H AR T R CR DL T AR .
TE Bl o 2% i A0 2 il IR R LR AR SCOF
%R B S PR BE L A SO R B T AR A )
Yy TR . [RE 6 T AL S A, AR
SCO7IEARAT T RS B 04 o0 B 5 A o

YOLOV10 PN Wb o EAE

B 7 MSARBIELE 407 nl AL X} L

Fig.7 Visual comparison of various methods on the MSAR dataset

4.8 TEEMMMBEELINIRER

SR B8 IF AR S5 v AR R L R 22 B B SAR R
Gorboxt H AR 9 PRHRS DN B D o #E MSAR 4
A LI A5 3 0 8 42 d A TR B R X SAR-Ship
AIR-SARShip-2. 0, SSDD #l HRSID P4 i fit 11 %%
P i) HAREATAZ DN o N2 8 FI3R 9 Bim , A
SCO7 g LA D 1 B R S O RS
# mAP F1 FPS, [7l i 76 SSDD ¥t 4 9 AP
I, fE HRSID 4 45 B9 APAR e f & {6
fik 2.8,

55 DL ResNet-50 2 3 - ¥ 45 1) XU B K LA
i 757 3 R, YOLO £ 31 B % 5 kG il
W 2% J2 il BE £ SSDD Hl HRSID %5 4 _F B4

(0 25 6 R | Tl B 5 e/ 8 U R S A
RUNF IR . A CHEEREM R T EZ AT
BT 22 43 30 10 R0Z B A 10 R 40 7 1 o 3k =2
AN E ARSI Sk S 35 0RO H bR A B R SR
i fE 1, A AR T SAR 5214 b i 3 2% 9 4 46
v B A T X 5 1 7 AR 9 R AT R Ak 45 R
— %

F1 26 8 I O v 1l 4 TR o 428 A6 T 480 3R A 4
1 YOLOvV5-n, YOLOv7-tiny, YOLOvS8-n FIA
J7 W HEAT 2 R0 A0 BG4 B Ak 00 AR AT Ak
X E9JER T AR & T LA R LA R,
AL B R T 5 R R R a3k
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Tab.8 Object detection results of different methods on SAR-Ship and AIR-SARShip-2. 0 datasets

SAR-Ship AIR-SARShip-2. 0
) 245 i 71 FLOPs/G Params/M

FPS mAP/ % EFPS mAP/ %
YOLOV5-n 4.1 1.8 259.8 97.7 257.1 67.8
YOLOv? 103. 2 36.5 80.2 94.7 83.0 63.0
YOLOV7-tiny 13.0 6.0 264.5 96. 8 256.5 70.3
YOLOv8-n 8.1 3.0 259.9 97.7 263.3 75.7
YOLOvVY9-T 10.7 2.6 69.5 94.7 70. 2 74.2
YOLOv10-N 6.5 2.3 168.8 93.1 201.7 64.5
RT-DETR(r18) 56. 9 18.8 58.6 95. 3 60.7 51.8
CenterNet+ + 89. 4 20. 3 52.3 94.9 48.4 73.9
GhostNet ™! 8.7 3.6 204. 1 91.7 199.9 49.0
Quant-Det 9.5 3.2 213.2 95.7 208.5 77.0
ATy 4.2 0.9 281.3 98.1 283.5 82.5

%9 AR 77k SSDD 71 HRSID #1475 F i) BAR46 M 45
Tab.9 Object detection results of different methods on SSDD and HRSID datasets

SSDD HRSID
" FLOPs Params
) 245 A5 254 i mAP AP, AP, AP, mAP AP, AP, AP,
/G /M FPS FPS
/% /% I% /% /% /% I /%
~ascade x-CU o4L. 00. . . 4. . . . . .0 . .
Cascade R-CNN'* 152.2 55.6 9.6 93.1 54.8 67.1 57.8 10.0 87.7 67.5 67.7 28.8

Mask Scoring R-CNN™"  206. 7 48.1 13.4 94.7 55.6 65.3 51.2 12.6 87.6 65.3 65.8 22.2

Hybrid Task Cascade'™”  278.5 69.3 6.3 94.5 55.9 68.4 59.2 7.8 87.7 69.0 71.2 38.1

RetinaNet' ™ 114.8  42.7 31.9 90.2 51.2 62.6 45.4 33.7 84.7 60.9 60.9 26.8
YOLOv5-n 4.1 1.8 2542 97.2 62.1 74.6 69.1 256.6 90.3 50.0 73.5 65.7
YOLOV7 103.2  36.5 80.9 94.5 64.2 77.5 79.4 82.8 87.7 47.7 73.4 57.9
YOLOV7-tiny 13.0 6.0 263.6 96.2 62.7 78.4 72.0 262.3 87.0 45.3 71.5 57.2
YOLOv8-n 8.1 3.0 265.4 98.3 63.9 75.3 73.2 265.2 89.8 51.0 76.8 52.3
YOLOV9-T 10.7 2.6 72.6 97.0 63.3 75.7 72.8 79.1 88.2 52.7 73.1 62.8
YOLOV10-N 6.5 2.3 178.9 97.6 61.7 73.2 64.7 167.8 89.4 53.9 77.4 52.2
RT-DETR(rl18) 56.9  18.8 60.6 97.2 64.6 76.4 77.6 60.0 91.3 51.4 75.7 60.5
AR SCT7 4.2 0.9 279.3 98.6 64.7 74.1 74.8 282.7 91.5 66.2 77.8 64.9
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Fig. 8 Object detection effect of the proposed method in large scale scenarios
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Fig.9 Visual comparison of object detection results using various methods on multiple ship datasets
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