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PR AR I AT T BRI 2 T RUR MR AE 2R T =
AR ERR RSB AOREA,  B 2T 21 VENet fEAZEREEIT
Lok BRI SRS 1 S50 45 RAFFIEE T Sof t-NMS ALk HEAT
WA BB PR, A5 64. 17,
ReEw Hixi, BoEHT, VFNet
&S TP391. 41

Ship Detection Model Based On

VFNet
Liao Zhangze'! Cao Xinzhi' Zhu Shixiong'

Abstract As an important part of smart ocean technology, the
development of ocean environment perception technology is of
great significance. This competition aims to promote the
development of this technology. For the ocean target perception
task of this competition, we have done the data analysis and
preprocessing work, and have carried on the data expansion to
solve the problem of insufficient training data. Based on the
characteristics of the data, three different models of target
recognition are tried, and finally vfnet is used as the basic model.
According to the experimental results of various test strategies, the
optimal accuracy of 64.17 can be obtained based on soft NMS
mechanism.

Key words Object Detection, Data Expansion, VFNet
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ASCH) TAERTF ARG B bR REIR AR, KRIE
B A& /N2 H A5 : liner (GJ¥%) , container
ship (EZEFEMT) , bulk carrier (BUSEMY) , island reef
(E5HE) , sailboat (MR , other ship (FLABAR) .
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PAEA R AR 55 A R FH Soft-NMSHHLHE, K
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2 EXIAE

2.1 BfEsasR

Hym g o e E 1, SR AR S B Y
SEINEARRIEOLT, AEABRAEE RSN T E
BB ARG B R EE G R 245 1 LR LA
Trike KRR, REE . RENUEIE ML, BEAL
AKPFRE . BENLSEECPR . BENLEE DA e, BEALI
K BB SIANGETEE . I LA O Hieds 1
58775 H RN T A5 B 2 R R R AR A I 05 4
f&, B IE R LS G, S ss T AIZALRE ST -

2.2 Hbrka sy
TEFRATH) TAF R I 7 = B e DA,
4» 54 Faster R-CNN. YOLOv3 Fl VENet.
Faster R-CNN ZfILHHEELE 2015 32 H HAx
RrI 0%, ZBEVELE 2015 41 ILSVRVEIRI COCO©
SRR IRIF LT — . 1%HILLE Fast R-CNNITEGE
FERH T RPN R AE AR il 550925, AH45 H bRkl i
KORHE - RPN 2 AR I 8 AME 2 R B kA
XA RS Hir, WREE GFAfRiEsmh
HAL bR B A5 1E box 7 &) MHI%5 /51 ) RCNN i
20, HA k ONTiE CHE A
YOLOV3 fELR B &7 B oot Al RH] Leaky
ReLU 1 R¥0E AL v Bui @b AT U125,/ BN 2
(Batch Normalization) F122 R EYIZRAI3ERE E, HX
V4T pooling JEFFININFRZEZINE T ML, %
JRUBE B B DI B4 I B8 22 285501 B 1
VFNet 3= 224150 1 9 77 T F A A 1 3 2
it 1D 932 LB BA 73285 S ToU-based
localization 43 SCAE AR I A 16 AEE (I HE /7 4 B A~ 8 ]
%E; 2) Bounding Boxes F/n g RiE, INMEHEFH
Ao AT R 1) VENet 32 T —MREFRR.
—q(qlog(p) + (1 —q)log(1—p))g>0
I I LSO L
XFF A @ 2), VENet $# i 7 Bbox Refinement, 2%
bbox FFAEFEEUFI refine #E1E .

3 EBFNGEER

3.1 HIESHhFNALIE

BAHEA AT F e X B S AT 0 #T, Bk
gt TR ERERRE T EGSE, (0
A=K BB R EE =N MZE AT, W
w=in—, WA EG FitdgRmE 1 fos. A
Ja AR BT A W bR VE SO AT T b, FEMN
Ground-truth 1831 1) 4370 F1 B 7 (RGN LG IX 7 77
T RIF, giitdRuwnk 2. 3. 4 iR, @idxt
BRI AR RS R TIRZE R, HlanrebrE g
PEPFAGRMETEN 1 /) Ground-truth CHiRFR
VB 5 YIZREET other ship (1% E BT & T HABAG



%5 island reef AniE A AURE S L LG,
WM ERREE T HA (5T, B3kE . Ky
B A BN ELLE 1~2 22 8], AR HE M. )

TR LEAF BT FRATHE T ORIE AR IR Y AN
TSRS T B CEE M. ENEEKHE
PR A0 )G ] LRI AT R A S, R TAE15%
25 BFRFERHIE 2 A ks BARN P, AV T4
P 58 1R T VR 3G T T BLIR B 1) B R
F, BRI AP NG . BRIz AhRATTIE
KI Ground-truth AL 15 2 40 I IUE v Bl 1R
K, VB Ground-truth [ REEFZER KIIX H.
IR FE BTG N 2 P R B ARd, ATARIET
FEE & 35 1) AR IR B 7R IR AME 55 T 2 & iF
.

3.2 VFNet

7E B ARA I NMS 7 AR P A5 A H bR )
HEP R IEAT IRIEAE, R b HEEAT HERR O HE
WA 1 B AR A A8 R B OGN . (HRAY
T ToU 433 (IoU-Net)5 Centerness(FCOS)HKAE
KEFGE A I HE P AR A TTEER, 2 Bl
FITERIEE . T2 ToU IS 7336153 7> (TACS) I
AT AR RN AR AR B R EAE AR R, JFR
AT LR TN — NN e MRS AR 4, T2
B HmN B 2815 7, BISI — AN 0T LRI AR SR
HARAEAE RN S 3 N\ 8 S A B ToU R AN 43 43
AT L VI 25 2 68 A A A R I 28 w7 A= B T A 1
TUHE -

VarifocalNet(VFNet) & — 4~ % T FCOSP®l 5
ATSS ZEFIE) ToU A1 4E B ARSI g,
PRGN 1) 5 ST AR, X R FRAT A K L AR
ZARRR . 5 FCOS il ATSS #Lk, H =41
Bre: Varifocal 5125, BT R T 14 FAESRFER
NPT FHE . Hodr p 2T IACS 1547,
q 72 BHAr oU 734 XTGP EREAR, ¥ qix
BN R bbox I gtbox Z A ToU, TfistFiIl%k
IR, BT AR E AR q 338 0. "L
RV FHERMER R TS5 1ACS 155 F Bk i
FHAE

B 3.2 HisRUERE

VFNet A& 5 THRHIE S 7R M2 g, ek
D0 22% A2 R P A>3 PR R e rp — A I RO
PIAEIAHEREAT [ VA 90 AW BEAT S0t 53— A1
WA FRI A FH 2 T ToU 8% %0 73284557 -

3.3 Soft-NMS

NMS & 5 H M0 H ARl e JeHL Y i, (E
NMS 2 £ H b BRIt 2 B — 25 [, RN
NMS 25X HABHER) ToU 55 2411 5 K B A5 AIAE Y
ToU BEAT HUAEE, WRKT— € MBIAE, bk AT
AN BLAF L R K RO F B A2 2 AR R R e S 1
DL NMS 2T, (HRA i 540
L E AR B LG, ATRE = SRR, AT
ANRAE B EKIZ AT RESE S, i B B
NMS 5 8 BE R A Bk Bl A A RS IHE I A A2 A e
fif, I HARE it po s, JCH R
FERBIITT . FTUAH TEAR D2 & B H brade
HtE DL, FrABATRA T Soft-NMS K757

4 SLIGEER

4.1 Yolov3

FATESELL YoloV3 JWIUaHR, FEVIZREE E
W%k 250 # /et IFENIZRE LEHR — T UIZRIIAL
R XA HETT AU L 10U=0.5 #1757 M, a0
TEPR:

B 4.1.1 yolov3 YIZRERITEYIZRE R IR
Mg B BRIRA T LIS B LA 4518
v" Liner. container ship. bulk carrier \F4#{&
REIRAFELAT 1 H AR IR AR, BLAE 200 5
A FEEIRB RN
v ATBUR L, RSB R BRI AN 5

=1

43 5l/&: island, other ship.

4.2 VFNet
BT LRERKZ 5, BALERE T BIEM VFNet
AT ISR, FHFEET 63.8 M4 R, BATEINL
£ FATAL T B ARNEIR, RO AR NS R AR
B URAS I Y ) A, 3R AN AR KA IR R 1 1)
. Rk, BATEFLER NMS %N Soft-NMS,
HR R B EAE 0,6, 0.7, 0.8} 2 1], ) bALLE BT
JNTE 0.7 B, BRI RS B RE 0518 31 64.0. Bh4b,
BAVERE T 2 REMRM TR, 5 RS
TR, 2 RIENRASEAREERITE 64.17.
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RRESET I, BT R 2R, AU
TRAE B B RO, HLCHE 1 5 50K . Soft-NMS.
Z RZ M RENS KR P A BT e J O 1k e

R 1 ETEANEMKEERATR B 5

i SRAEM B L3 LR FoAhf

PGB 1312(13.4%)  842(8.6%)  2864(29.2%)  3353(342%)  1679(17.1%)  4514(46.1%)

&K 2 BHERERIRSTHR

i SR B ik LA FoAhff

YIZE  1447(6.1%)  871(3.7%)  3121(13.3%)  5910(25.1%)  3350(14.2%)  8843(37.6%)

® 3 YNHEREREALLGTTR

0~1 1~2 2~3 3~4 4~5

VE3 961(9.81%) 8690(88.67%) 133(1.40%) 14(0.10%) 2(0.02%)

R 4 MESIEEN R REESHSITR

0~100 ~1000 ~10000 ~100000 ~1000000 ~100000000

PIGE  1550.66%)  2745(11.66%)  7251(30.80%)  9854(41.86%)  2838(12.05%)  699(2.97%)
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