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Lightweight Ship Target Detection Based on Enhanced Feature Fusion
WANG Lin, WANG Yu-Ting

(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract: A lightweight YOLOv4 algorithm, MA-YOLOV4, is proposed to enhance feature fusion for addressing
problems of complex detection networks, a large number of parameters, and poor real-time detection in deep learning-
based maritime ship target detection tasks. Firstly, MobileNetv3 is employed to replace the backbone nétwork, and a new
activation function SiLU is introduced. The depthwise separable convolutionv is applied to replaée the ordinary 3x3
convolution to reduce the number of network parameters. Secondly, an adaptive ;patial feature fusion module is added to
enhance feature fusion. Finally, the MDK-means clustering algorith‘rp is adopted to get the anchor frame suitable for the
ship target, and the Ship7000 dataset is utilized for training and evaluation. Experimental results show that compared with
YOLOV4, the improved algorithm can reduce the number of model parameters by 82% and increase mAP by 2.57% and
FPS by 30 f/s, which can achieve high-precision real-time detection of ships at sea.

Key words: ship detection; YOLOv4; MobileNetv3; adaptive spatial feature fusion; clustering algorithm; object detection
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I 2 [AIRFAIE Al & BB (adaptive spatial feature fusion,
ASFF) g A A ROBE FRFAE Rl & A ORI AS I A 2 19
TR, KR B8 e 3 2, 3 8 S80I P 4 4.

1 YOLOv4 5 ik

YOLOV4 B YOLOV3 i3l F3t— 25 ikt
B TIERMT MHE B, /£ MS COCO Hir
0 B4 4 b, AN FRAAEFP i 2L (frames per second,
FPS) HIRTHE R, “FHKE EE M (mean average precision,
mAP) $2 5 # 44%. YOLOv4 2% B4 il /A FT
FEAESE AL Backbone HFAERLAHEH Neck Al
FEH Prediction.

REAE S IURE HOKE 15 B BRI 38 45 (CSPNet)!'™) 45
% F] Darknet53 o, 18k W s B2 J0 S, A0 2 i am
Tk AN [R] P I 28 BRATAL $, ANMELRT AN [F] 0 248 25 2 ) 2
SRR FEAE B, T HIE B 7R, sk T N AR AE,
R TIRERAE B R G, ?ﬁf%??ﬁ?ﬁﬁ‘]ﬁﬁ%ﬂlﬁ%
73. #E YOLOV4 (] Neck #5875, JRAT (R 4 715 M1 2%
(feature pyramiwd_ network, FPN) # 7% [A] 4 7 #5 it AL
(space pyr-amid pooling, SPP) Fl & 4% 5 & M 4% (path
aggregation network, PANet) FTHUAR, 1% & 4 il it
BRI (1x1) (5%5) (9x9). (13x13) ] SPP
LI KR SZ B FLE I PANet i3 — 20 SR HURTEL & A
A2 WIRHE, £ — e FE B L2 1 B A B B AEe
JERAE B B RFAE 2 2 a) . A A A YOLOv3 By
H R LG BRI 2k YOLO head.

2 k) YOLOv4 W 4%

AR YOLOvV4 509 3 8 3 344 kit
— R AE =T # F MobileNetv3 ##t CSPDarknet53,
SUN T BOE oR 3 SiLU, F+48 F IR FE AT 4y B B RS
Wi 3x3 A, AN ASFF e, = J& i i B K
2 K-means J2R 5515 3038 F T M0 H AR 1 S0 0 AE.
B3 5 I MA-YOLOV4 W28 £E i 1 Fas.

Software TechniquesAlgorithm X AFH AR 5% 289

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2023 4F #5324 21

1 MobileNetv3

O Input (416, 416, 3) |

| [ Conv2dtbneck (208, 208, 16) |

i [ bneck (104,104,242 |1 | PANet

ASFF
iConv! 0 52x52x33
[ bneck (52,52,40)x3  pb——] Concat+Convx5 } v > X1} ASFF1}——>{YOLO head]
' v , Convi [Conv+Upsampling| [Downsampling] ! i 26x26%33
H | bneck (26, 26, 112)x6 H—rﬂ Concat+Convx5 |—>| Concat+Convx5 ASFF2H—>|YOLO head|
i v : ! [Conv+Upsampling] [Downsampling] '
| [

breck (13, 13, 16003 |1

Concat+Convx3

Bl MA-YOLOv4 M2 &5 H

B v

21 BTRSEREL |

B2 AT U A 7, B SR
A A7 R B 38 EL 2 T AR T VR P2 >3 B
LA, 16 SE BRI (CNN) T2 KK, T

13x13x33
{ Concat+Convx5 NASFF3} [YOLO head]
Py=Dg-Dx-M-N (1)
Fy=Dk-Dx-M-N-Dy Dy )
W BEERN SRR FE R
P,=Dg-Dg-M+M-N (3)

HEK, TIEERINREFIRA RS FigfT. Kitsl
N R IR EAIZ [ 4% MobileNetv3 /£ YOLOvV4 £
FHRAESREUN 25, T — MR RSBV, AT IR 24
2 H =R M CNN, & TR,

MobileNetv3 f# HI¥R & 7] 73 B 45 B AR E G AR
B, TREE ] 53 B A AR R FE S AR AR sl B AR 2 R, X Fof
BV R YD T EE W S 80 & (params) FliE
$ 5 (floating point operations, FLOPs). Ak #5 FH ATV

FER oy BEEARAE I 2 Pios. . ~ )

! N
DG
D.K'D é? Dy,
Y K
. D,

(a) FrAEER
M N,
1 M,
o 1/3309- G5
H KDK 1 H
D, D,
(b) BREERT 73 BT

2 AR RURIR R AT 4 B R
B AFHIE K 58 " 9 Dw « Dy, SN BIEECIM,
R KN ND, it EEBOIN, SRHEG IR S 4R
A H R T:

290 #fHiARH % Software TechniquesAlgorithm

Fgs=Dg-Dg-M-Dy-Dyg+M-N-Dyw-Dy (4)

REA 7 EER S ER N ZHENZEEZ

R ‘ . s

I8 — + —, R A 3%3 E@%WX, TREET 5 B8 %
N D2 .

ﬁ%%ﬁ%ﬁ%‘iﬁﬁﬁﬁ%%ﬁ%%~g

MobileNetv3: i FEH ok 351 4% 1 — 33 e 3 4%
1, QIS i, S5 MR A 11 B R
A A 3x3 TRRE S BB BULIL. T4 2 S 5 E I
BOMEOBAS 11 A9, YR IBIE 3x3 VRAET 25 8
BRI, R 11 BRUE4HEIE. 363 A
AV 25 /U, B TR RE W A58 2 R 98
S 2% 31 1 SIS A R AL 1 T AR, A
B T 52 HOBUER, L 5 46 8 4 AT PR
S 3 P

Pool :
+ FC, FC,
ReLUhard-

K3 WL

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

2023 4F 55324 21

http://www.c-s-a.org.cn

i H AR SN A

MobileNetv3 W 2% [¥13% )= 43 F] FH Re LU VE LS

B TR AR T
ReLU = max (0, x) %)

LS BB EN KT 0, Blx > OFF, 0 58 5L
a NAE A%t Mx < OFF, i th o4 0. 12 2R B Wi S50
PR, BB SR P Sigmoid R ELHH HBR FE T % ), (H 4
B NHS/ANT 0 B, B 4 0, BREES 0, #HEE e 4
HFET, TR

AN ReLU B 308 WS iLU PR3, SiLU R it
AW

SiLU = x - Sigmoid (x) (6)
Sigmoid (x) = — ™
igmoid (x) = T——— ,

ReLU B ¥ SiLU B8 ¥in 18 4 frzw, or] A
SILU BHCE B AT 5, il FLARSIA, 122 > ORY, K77
TEBH FE I R O R FEx < OFFF, 128 75 th R £ (RRe LU
—REBLTET T I O, AR B ME RETERR I A E
PO 00T ) AR ST, S G P AR

10 ReLU
- SILU

8 L

6 |

4 L

2 L

0 L

-10.0 -7.5 =50 2.5 0.0 25 50 7.5 10.0
X

(a) ReLU BRHURI SiLU PR L

10 | —&RelU

- g-SiLU
0.8 |
0.6 |
04
02
0.0 |

100 75 50 25 00 25 50 75 100
X
(b) ReLU BREUTHAN SiLU 3T HL
K4 Bosmf el eHEG
A H) F 2 JE ) MobileNetv3 W 2% 38 15 (1)
52%52%x40. 26x26x 112, 13x 13 x 160iX 3 Mg %k
E JZ SR AT R fh A BB F R 2 I VR P T 4 B 4
TR 4 PANet 1 YOLO Head " AUbR#ES AL, 520 1

G BHR.
22 BENEEFERS

B 5 90 20 J G TR AL, A 4 SCA3 L P A 4
AR AR T RHIE 0 B SR T 0 0T U
R, TARGURFGE Dt S8 R 4R 06 T = 8 O A £ 2.
R PANet HEAT T HISRAFIERR S, EXE T/ F ARG
2 0 LA UL, A SCHOR T — i R R
Bt 51N ASFF BB, {F PANet #EATHISA 1095 4
MERS 7, AFH5E T\ ASFF B SRl IR
VR L 1 )RR A7 IR 25, 0 Al £ 279 31

5 ASFF Bilgify

ASFF1. ASFF2. ASFF3 73 %%} PANet )%
H X1, X2. X3. UL ASFF3 A, E45 5] ASFF3 %
H EseE 11 MR X1 W2 (R IE L, RS
S b SR VR AR IR BT B S, SRS X3 B, 2
R VAR I AL PSR Wmm@%%&, a2 AL
EE‘E\ FRR 5 e G 5 LA S48 L 7 4 B
FEAERE AR DN, 15 20/ A 5 RFIE . ASFF it 25
AR

I e [ 2l [ 3>l
Yij = @ Xy By X A Y X ®)

e,y RoREE It B G RURHIE R A J5 15 B R SRR
RHIE R X RN S R AR B ZEE I/ AR
SEHRURRHEE RN S AR AR B o B 7,
NGBS BEIVA SR EC EIIE LS S -
@+ B +y = Laj B vl €l0,1].

BUE A HOH AKX

A
e aij

aéi: Akl ©)
e aii +e P+ e i
Forbn, AL, SR 25 TR S8, iR R

FHIEF B2 1x1 BRI 2.

Software TechniquesAlgorithm X fFHi A 572 291

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2023 4F #5324 H2

2.3 HIEREEEML

15 H AR AT 55, 6 $65 1 10 S AE 1T DL 2 25 42
TR RTINS P FIURS B . YOLOv4 STyA R HE & 24T COCO
i 4E, @it K-means 5092 528159 2 138 FH H AR HE,
X B EE R A H AR HE A& . H K-means Hi%
X465 2R O BURK, R BN R ) A6 18 7T BE 5 EON
() ERY A0 4 RO Sy B b i) R, A S P g R R B
i K-means 5H03%, B0 AT AHEOE S EAT OB R K. IR
#F % K-means (max distance K-means, MDK-means) 5
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W TP SRR A EAR, DR R % i
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DREHIEAR SO A A AT T SEVE, F mAP@
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Horp, N AR AE R 4% A P A% et S s, << AR AE WA
28 v ANl FH A2 et SRS

B3 4 W40, 25 1 284 F MDK-means R253k15
& AR B ARJEIGHERT YOLOV4 3%, % mAP@0.5
T T 5.35%, 3 HH R A M A0 EHE 25 1 e SR AE 1
WAL B 2 HAESS 1 AR B4 YOLOVA & M
24 & 49 MobileNetv3 W25, MK B R B 4.53%,
FPS &% T 89%, iX /& T MobileNetv3 M4 2%/,
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Sk 3 x 3@ E B IR T A BB, BRZ
REIESREL AR JJ AR AR, W2 S50k 71%, TERT IR
FE LT FRF 126 R E1S FPS $27F 44%; 55 4 TR

3 AR 5] N ASFF B8 N 22 PANet Bid 2
S, AE LG RS P 42 1R 1.83%, FPS i& 5 49 Mi/s, i /2
SR R R, R RT LA MA-YOLOvV4 ik &4
PRI FEE.

R4 RIS RXT L

Y MDK-means MobileNetv3 REERT 5 B AR ASFF mAP@0.5 (%) Params FPS (1i/s)
YOLOv4 x x x x 87.45 69040001 19
1 V x x x 92.80 69040001 19
2 v v x x 88.27 39989933 36
3 y v v x 88.19 11729069 52
4 v v v v 90.02 *124@3 Xﬁ 49

3.3.2 MA-YOLOv4 HE 5 HAh BT
Rk — DI IE A R R, Kl B R Bk S A
FyR AT X258, 91 5] AR FEAR mAP@0.75, SEI6

ZERUnFE 5 frox. LA H, MA-YOLOvV4 giﬂﬁﬁ? ’

YOLOv3-tiny 5%, 7£ FPS n%ﬁ%&@ﬁﬁﬁ%?m/xp@
0.5 $21H 11.63%, @AP@Q‘W W 11.47%; HET
YOLOvVA4-tiny %ﬁ\xé;o\/s's, mAP@0.5 7 I $E = 9%
H1 4.46%, mAP@O0.75 43 42 1 8.83% 1 5.01%, {HA
DS B S AN 0 — 25 FHECT YOLOv4 59, mAP@0.5
$2 1 2.57%, mAP@0.75 $&15 2.49%, FPS #215 30 Mi/s.
S8 10 W AR SCREVEAE AR UK B T77 T IA 3 de £, g A
P A e 1o, AU 2 A YOLOva-tiny Al YOLOVSs
BRI IR R ZERR, (EATHH 2 SEI PR EER, BRI e R AT
3.3.3 g Rk

J9 T B B HE R MA-YOLOv4 53 A6 il 2

s L)
R, TERR S I3 3K AT WML R, W 6
Fiz, [ 6(a) J9JR L 6(b) J9 YOLOVA ik I 45

SR B 6(c) N MA-YOLOv4 HiER g 1. hs 147

SR AT LA, YOLOvV4 SVEAEAE H RIS In) 8, 23
SR /0N AR SE AR, RE A TN £ B A /N M A
HI % 2 AT 45 R AT LU Y, AR SCHROVR A AR S for 5 44
B AT A AR SEIRAR, 2R 3 AT R AT BLE
YOLOV4 SIS A 44 ¥ A i I R R e 22, A
IR BEMER A I 1 B R AR, A BRI B L

5 ANEEEAE Ship7000 Kol b IR I 45 5

A7 mAP@0.5 (%)  mAP@0.75 (%)  FPS (i5i/s)
YOLOv3-tiny 78.39 64.57 48
YOLOvA4-tiny 81.02 67.21 73

YOLOVS5s 85.56 71.03 97
YOLOv4 87.45

MA-YOLOv4

> Xs\ 19
. 04 49

(b) YOLOV4 %3

(c) MA-YOLOv4 #.i%

6 ARSI N R L]

Software TechniquesAlgorithm #1FHi AR« 5%: 293

© TIEREBA LR

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

E N R S MNA http://www.c-s-a.org.cn 2023 4F #5323 H21)

4 HEig

ARSCEFST YOLOvV4 48 S5 A, SRR i s
Fef e S AR A ) /8, 1 5008 o A K BE S 2503 K-means
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H 51\ ASFF S nss k&, 131 H MA-YOLOv4
R ARSCEER AT MBS H RN, fEE R
22 YA [ERE HREAE. SEA6 45 R ] MA-YOLOv4 5
VRGBT RS WUk P 5 R R, 3 S ARG DA 55
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