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Typical small target detection on water surfaces fusing
attention and multi-scale features

Tong Xiaozhong, Wei Junyu,Su Shaojing,Sun Bei,Zuo Zhen

(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract: To address the problems of small targets detection with few available features and weak texture information in the context of
complex sea conditions in multiple scenarios, and to improve the environmental perception capability of unmanned surface vehicles
(USV), we propose a typical small targets detection method using attention mechanism and multi-scale features. Firstly, the global prior
information of the target is fused in the deep layers of the network using atrous spatial pyramid pooling module. Secondly, the shallow
spatial location and deep semantic information features of the target are adaptively enhanced by the attention fusion module to improve the
feature representation capability of the network. Finally, the high performance target detection is achieved through multi-scale feature
fusion. We construct a typical surface small target dataset, and the method is evaluated by experiments of surface small target detection
under real sea conditions based on USV. Experimental results show that the proposed method in the NVIDIA platform reaches 17 FPS,
which can accurately identify small target on the water surface. Compared with the original FPN algorithm, the mloU is improved by
7.58% , and the average detection accuracy is improved by 11.41% to 82.36%.
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Fig.2 Multi-scene images of typical small targets

on the sea surface
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Fig. 4  Architecture of the proposed CAFFPN
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23 (MR T ARG T SA SK2E 20 /N HARTE R B4
AE P4, 3 PR B 409 15 812k SA B I 2% G 1 H
BREAN A 2 )AL B AR S, A B T 52 im0 B AR A 85080l A
DAL, AP R)ZFHER R N X e RO i 2 [H]
MEFENESRRAR = {(2,y) |x=1,2,-,H;
y =12, W I, (a,y) ACRKRHIER AL S AR PR, H
ARERZRFIEEER AT 1 x k& FE x 1 BB RN T4
FR, o35 S BOK /IS B bR A9 25 [8] 467 B A0 = R A4 40 5
fHE . fJF T sigmoid PRECH == MAFEKIH—1L, &



216 f# £ ¥

a4t

R 228 (B EF BB SA BGEETFH AT .
C, = Convz(ConV](X,W} ) ,W?)
C, = Conv,(Conv,(X,W}) ,W2) (2)
SA=S(X,W)=0(C, +C,)
K H: Conv, Fl Conv, KIRAZLR/INIFHIA Ixk F1 kx1 B4
BUBT, W A sigmoid PRELE SA S H, &5, WX
SA E’Jﬁm SRR FE R
=SA(X) ®X (3)
rh ®F SA(-) 43 BIF R ITCEMF 2 [ FER T,
WA T B2 R IR A R g 0 U
B HEZ X T AR ER, ASXEHER
IR ZREOESEAT IR, fifi FH 221 B2 7 SR 41 w55
Jﬁﬁ’kﬁéﬁﬂ B M (4) ERGEEREE S, 15
FIFKNH IxIxC W2 R RZ B R IE ], RS 7 R
SCAR S 3 SR 5 T e A 4 3 2 2 B 1 2 [ AR ok
U E 6 s, WZMIEG R CA MR ACGE

K (5) 153,
1 H,W
r= HXx W, 12“1 ot ’] (4)
CA=a(B(W,8(B(W,y)))) (5)

KXH, W, o, BIS IR E S sigmoid PREL
HEi A — 1L ReLU pR%L, BEAh, W, AW, LR 2 1 5E 4

VB OE W, e RCRW, € B L rimi
SR BT R CA USSR R

Y =CA(Y) ® Y (6)

P @R CA ((+) 435 1% T6 2 A 7 Ll 38 3

11, /a%):%n/*}:%?ﬂiéﬁujﬁ i SA Il CA J5 1520V m by
TIE A PR Jr 2

Z=SA(X) X +CA(Y) ®Y (7)
3.3 HSERA LR

TEFR AR B 2 I | B R A R T 3 7 4
TEAKTH/IN B RR B GT . WL 4 55 2 3040 s , A Scise i
T T B VR I R A A 10 4 5 M A A ol
Yo, STHUKIEU/N HER IO 2 B4R AR A . R R R 2
R L b SRRE BRI IR K/, I A 38 A B TR 2
ﬁﬁﬁﬁ%%ﬁﬁ%&%%ﬁL&@%ﬁbﬁ@ﬁi%

L AL T AN AT X DY NEE TN L 18
%iﬁf?ﬂ%*&? s ) B0 S RO R AR 2, (3iE
IS ERRERE O S Ftl . S5 AE Rl A R PR A 13
KA,

= U (8(GN(Conv,5(P))))  1i=1,2,3] (8)

Hf, U() FoR MR SRR 2 &
KAWL, Conv,,,,GN FI18 7 5IZRRZ KN R 3x3 1Y
BRLGEE HIT—1LF ReLU pR%R,

3.4 WMKREH
M T ES0EAL T 235 0 RS som S sl i/ B
P 2Z B A ™ B 1) 0 AN S ) R A SCHE X 28 )1 sk
PR T soft-loU' ™ 84 J BR%L, Hose LR .
2 Xij S
emﬁ—mu X,8) = 9
’ )2 2 i TN T Xyt S )
Hr s e R™ %ZG%% NGRS A SRS R
B, v e R B4 AR HAE,

4 KWERSHMH

AR AR ST H A S T SRR T /)N H RS A
HITERE , R A CAYE 237 5 52 R M LY Seaship B4
AR R BEA TN AN I OF 5 HA D ik AT T XS 1L, 56
UEAS SCH HH SRR S 2R T 00 T XK/ B AR R B R
ook I P i
4.1 SCIGIREE

AR ST LI HR 2 T PyTorch ¥R 22 >J HE LR 512
B, AR PR B BEHLE Y B 480480 YR/, >R B
PUIEEE BERLE T 55 7 O YR s dE AT Hg o, BT A (&1
FRARH I — Ak, LA 38 9 25 U 8, AdaGrad 114k
2 NN 8, W IRAF 2] SRR R85 5 1 N
0.05 Fl 1107, P £ 51 B AL 25 T 300 4~ epoch, 52
50 (A PR A58 5 957 /R 19-10900X @ 3.7 GHz CPU
FIEAS TITAN RTX GPU A HHEHLHT TR At .
4.2 TFEMIER

g T BAEAS SCHE Bk B A, AR SCfd T2 A2
Ff:H ( mean intersection over union, mloU) , F-measure . f§&
1% 58 0] 3R 56 & (precision-recall, PR i & 42 It 25 152
VeV (receiver operating characteristic, ROC) [ £k 4 4~
FEPRXS S I R RE HEAT PEAL . mloU J2 28 i i S 531
PRSI TRAE L R A B 1 . EH0E LR
ToU AR 2 2 T i s SR AT AR T AR Y bE AR
# Area of Overlap
# Area of Union

F-measure F T8 it 4 B AL I R 2 [ OC R, A
BE A [ ZF F-measure & XUF .

mloU = (10)

o TP
Precision =
TP + FP
Recall =0 1"
TP v FN (11)

_ (B* + 1) Precision X Recall
B’ Precision + Recall

b, FP A FN 3 50 Zm (BB PR ABB PR RO i

F

measure




%1

F/Nph ARG TR D RN RO RRIE A S R K T /)N H B AG 217

PR 2 H Tl B A 15 2 ] 1 3 2828 4k 5 1t
AoBH i A b5, MR R B 4F . T XOKE B (average
precision, AP) FHTHERIITAL PR ik, & LT .

AP = [P(R)dR (12)

o PSR R AR,

HFHM 2 (true positive rate, TPR) FI1ER FHPE 2 ( fals
positive rate, FPR) Z[A] A8 &3¢ & H1 ROC #fiid, TPR
F1FPR SE AN, Horp N SRR B BIvEp Bt IRl
B2k F T FH (area under the curve, AUC) & 1EAE ROC,

TPR = TP
TP + FN (13)
FP
FPR =
FP + TN

4.3 HAEKE/NEFR Seaship #HFELIE

R T UERAAS SCRT R /N H ARSI S0k i A 280, K
G A Z RO RHAE Y SR K T /D B bR Rl 583 5 L
Fh e ik (9 15 X4y HI 595 FPNP UNet ™ | ACM-FPN'" |
ACM-UNet"”) BASNet "™ il CorrNet'™ 7£ [ T ¥4 £ 1 £ i
Yy LSLHEILIY Seaship BE4E b HEAT RN RCR APEREXS
FESEE R TARUESEEG AT XS Fe ik JLARh T RS
HRPEE O A TR Y s h 2 80, S 3EI1Z5 300 epoch
BRI R AR X R e A T L

VAP T 5 MR 73589 mloU | F-measure
AP FIAUC PPN T8 . B —8 s i i 45 2R HRL A %8
WR, WRIATLUE A SCEIE AR ZHATN HE br L
ARG T S g A . rd Hh R Bk A B R K T 5/
H bR 07 1 B T 3 R IR T, AR SeH Y
Seaship $H AR & 25 | KIR 5 A PRAR M B 24 5
AR SO 1 S B ADK /N ARSI T T T
24 S LE KT /N B AR FRAE S B BEA A T A AU &

JRy5es, LI A TRZ R B LR SCfE Bk JF B4 i
£ TR N SR 2 1 o Wl N ol S =l S £ '
TR B Rl G A IS N T 5R CNN IR 2 FR 2 45
TR S B A2 [ A7 B 401 15 8, R TEA A M 2% 2 (1
/N EAREF IR, 8 20 RO ARk il A5 52 AN [+
268 = T HE AR ARG S X A B B9 1 25 454
AR H T | SRR AT /) A AR [ A 5 AT 0 Ot B 7 19 2%
MITR)Z M5 1 A5 /N B FRRAIE R A RE ST, DT At 25 2
AR PERE

F1 AEFERTEMIETRIS L
Table 1 Comparison of evaluation indicators for
different methods

mloU/ F-measure/ AP/ AUC/

ik o o ) -2
(x1077) (x1077) (x1077) (x1077)

FPN 59.73 76.43 70.95 89.20

UNet 59.72 79.52 75.45 91.76

ACM-FPN 63.94 80.19 76.99 92.48

ACM-UNet 63.19 78. 63 72.73 90. 16

BASNet 66. 79 83.31 82.19 95. 63

CorrNet 65.17 82.10 717.56 93.70

A3 67.31 84. 60 82. 36 94.27

AT UEM ARG A RS O K TN H AR
RS B RACR PR 7 X R D RS A TSR 3R AT T AT A
e A7 HRTLAE R e S R 5 T
/N AR RE ST, nl ASE R i 3R 3 s IR, 5F
HEMEHE T 8B A /N B R RHE(E S 2R, Wk 7(c)
B ARG IR AR R FARBI S 5 X, Hl 3k
S I BRI, U1 Hh B AR A S R

(o) ERIAE

BEIN-TY (O FER DR e (&) B (o) HIhRAE
(a) Input image (b) Heatmap before (c) Heatmap after (d) Predict (e) Ground truth

attention fusion

attention fusion

7 CAFFPN 3 iof 7 R 77 il & BBk T/ ) (9 AT 9L AL AR ]
Fig. 7 Visualization map of CAFFPN and CAFFPN w/o attention fusion



218 f# £ ¥

a4t

8t T 7 FORIEI Tk PR T ROC HhZe 4  ,
AR SCHE S B SR AR T A e bR LR T HL i ik, Xk
WA e IR 00 A g [ BF R MR 2 5% 5 v A b A
AR,

1.0
0.8}

0.6 1

b ES

0.4t

-®- UNet

021 ACM-FPN

-®- ACM-UNet
Basnet

ok -@- CorrNet

0 0.2 0.4

06 0.8 1o
FEITES

(a) MR J7 ¥ RIPR i 225 EY

(a) Comparison of PR curves of different methods

o
%
- — AX
=== FPN
=== UNet
ACM-FPN
=== ACM-UNet
Basnet
=== CorrNet
0 0.000 1 0.000 2 0.000 3 0.000 4 0.000 5
e
(b) RFHHERKIROC il 2633

(b) Comparison of ROC curves of different methods

K8 A5k 5 HA A PR A ROC 45585 L
Fig. 8 Comparison of PR and ROC results of different methods

Hi PR HHZRE5 R (18] 8 (a) ) IR, B4Rt 14 07 12 5 R
T H LIRS B RN TR K R T REEAE H AR KN
TEARFIAL AN ] () Bk M 7 5t rh CRUERE AR 9 E A 2 137
KEAERE . B ROC HZe4h SR (18 8(b) ) Al 1, R il iy
TS T AR RE RS A0 I XTI BH 44 23 114 A8 Ak sz o A
P, SCHGAEFAIE A A SCHE A AL BB A RLUN X LS
BLARAE NS KA KIRSE S e 5t 284k, R IR L5
TRRLZ s T LR /)N ARSI Fr) e P R A8 W 1
4.4 HBhCIE

SR E B AR ST A9 1 T - A R R 5 A K
P R AN [ AR R U TR0 0 T AT 9%
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2) CAFFPN w/0 AF;CAFFPN f{iX—78 R 4T CA
1 SA BB i WLAYZE I R AR AR ALk S
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Rtk

3) CAFFPN w/o SA: fEX AR L% 18 CA, Lidw
SA LAFFEH BTk,

4) CAFFPN w/o CA: fEIX AR 25 8 SA, Jodid
CA DIPPAR AL

&2 FNH T R[] AR A 11 1 Rl S 56 45 5 g — 3 114 I
FEG SR RRARPR L . AR SCR S 2 AFAE Rl G 10— T Al
B, DASRZR VR 2 40 7 FR A FIR J2 08 SR IE 2 1) 5 B 38
HRROR, £ 2 SR BR , CAFFPN-B5 J2 RR1E @l &
B mloU ,F-measure F1 AP 435I [T 5.05% 5. 92% F
7.24% . SIS KR RS R RRAE 2 B
AR R L8 X K T /N H BRAS DU AR AE 3 R T 14 G
T4 AF # Bt mloU | F-measure Fll AP 43 5|k 20 T
4.71% \5.5% F17.09% , BaHH SA Fl CA il & () B2 1,
AF BEHEFE 43 S AN [R) 2 1 25 (R0 B A SCRAIESS 2., I
AlA AR AR S B 358 CNN XK T /N B AR A RRE
FR, I = 7K H bR o B PERE . it — 2L B A
SCHE T R Rl A RS A A T R T S
FIFAEITTAAL, Q& 7 i, 76 T T Rl G AR e 3 B
T, CAFFPN TR ZFRHAEE AR 43 B HERA | BEA2 2 SR
FRLE, AN A= SA T CA M AS 143217
TR S LR W R AN [A] 28 80 1 5 7 ok,
%2 iR, A SA 1Y CAFFPN FI¥%4 CA () CAFFPN fi4
BIHEREA W R, ORI SA HEBI I E% L TR
R EEAG BE S, T CA B i A IR BT A5 A
SRR W 45 FRAERE 1, ATP= A S U4 /0N B B 2

%2 FAREFENREIEIRI Seaship £IEE LRI ML R
Table 2 Different attention fusion modules and their

detection results on the Seaship dataset

. mloU/ F-measure/ AP/ AUC/
7‘?% -2 -2 -2 -2
(x1072)  (x1072) (x107%) (x1072)
CAFFPN-B52HFEMA  62.26 78. 68 75.12  91.44
CAFFPN w/o AF 62. 60 79. 10 75.27  91.47
CAFFPN w/0 SA 62. 80 79.35 75.28  91.64
CAFFPN w/0 CA 63.19 79.20 76.22  92.26
AR 67.31 84. 60 82.36 94.27

4.5 SIRST AHBIEEERSHH

J T AT NN IE B FE B, AR SO R AE SIRST Y 2%
FER G S R et R LA s b 7% eS8, IR
AT AR 1Y R AR 1, >R Seaship 4l 4 HH R 1Y
PEMFEPR .
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%3 FiRoh 7 FORIE DT ERTE SIRST A S8 H6 4 111
AR, 5 AT A b, A SCRE R T
W ., T AR B i O PERE , 1E— 25 U B AR SR /N
HAREI L T 1B A& i s M2 R ERRE M 4 B9 A
SO, BENS W R /N B AR R fE

*3 ESIRSTHIEE LSREHFTENEELR
Table 3 Quantitative comparison with state-of-the-art
methods on the SIRST dataset

mloU/ F-measure/ AP/ AUC/

ﬁiﬁ -2 -2 -2 -2
(x107%) (x1072)  (x107%)  (x107%)

Top-hat 28.75 69. 29 58.49 84.40
FPN 72.18 80. 39 75.90 93.10
U-Net 73. 64 80. 81 76. 11 94. 01
TBC-Net 73.40 — — —

ACM-FPN 73.65 81. 60 78.33 93.79
ACM-U-Net 74. 45 81. 68 78.08 93.63
A3 78.14 83.53 80. 61 94. 52

S ER R AR SCR R /N B AR BRI AR B9 BT
7N MR 4y SIRST #4545 51 | 76 Aok B i 22 A
ABBRTE TR 73k o A T 8 B b B RS ANy B 25
W, BARXITEA T AR, 5 2 RN 52 2k (5] Bl 43 i)
7 IEARASIN (4 E BR AN R

(a) R

(a) Image

(b) Tophat /7%
(b) Tophat method

(c) Unet 5%
(c) Unet method

(d) FUsEfE
(d) Ground truth

19 SIRST Hla s 4R
Fig. 9 Detection results based on SIRST dataset

(e) ACM_FPNJji%
(e) ACM_FPN method

(f) AT
(f) Our method
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4.6 IEIBMREST

e M B 2 0 A S B 2 R R B O B, AR SC
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BN R i, e -5 4 B RE B, 22 s R o 45 Y
BF i), A R R A PR B B Rl 3R 4 R TR
[7i) 7 %o LA TR ot 11 °F- 357 4 B A ], A0, 3 35
T A SCHE B AE B TITAN RTX GPU 19 3 & #L Al
NVIDIA Xavier F¥- & H I+ i) 4 53 B I 76 Dl 24 B op
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SSCHE HE A R G ) S R AR 00 A BEE 3 T AR B R AL
i , 7EFEAS TITAN RTX GPU 35 F| T 125 FPS F4 46 I
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Table 4 Inference times for different algorithms

ik Params/M FLOPs/G FPS/FPS
FPN 8.08 27.66 160
UNet 8.25 27.59 145
ACM-UNet 8.27 27.66 101
ACM-FPN 6.16 15.48 130
Basnet 87.06 447.75 72
ARIH(G) 7.40 30. 91 125
AICTTHE(B) 7.40 8.79 17

4.7 EBEZLEBEUNBRGNE A

ASCR RIS AL TN 5 AT S AR R
BYSE B B ik, 48 A SRk 2B G HIE 1 /E NVIDIA
Xavier TG E#ET, i ARTHRCE & B4 ek
S/ GPU F CPU AT BRI, I HLH £ A 4y i i vk

REFIEAR A DIFE , REAE PRI A AL B WY IR, mT )iz ik
FERLAS 2 21 IR 80 ST I 114 A 0T G A A5 S LA B AT

% K10 R T HE LTS 5109 NVIDIA Xavier [§]
R A PRS- & WS

10 NVIDIA Xavier HHF- 5904
Fig. 10 NVIDIA Xavier computing platform
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Fig. 11 Real-sea state USV surface small target

detection results
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