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Maritime surveillance videos based ships detection algorithms. a survey

Ye Chen'*, Lu Tianyang', Xiao Yuhao', Lu Hai’*, Yang Qunhui®*
1. College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China;
2. The Key Laboratory of Embedded System and Service Computing (Ministry of Education) , Tongji University, Shanghai 201804, China;
3. China National Scientific Seafloor Observatory, Tongji University, Shanghai 200092, China;
4. State Key Laboratory of Marine Geology, Tongji University, Shanghai 200092, China

Abstract: Maritime surveillance videos based object detection methods aims to meet the quick response requirements
through an effective ship detection and recognition system against the backdrop of smart ocean technology. Our research has
focused on this aspects as mentioned below; 1) to summarize current approaches and datasets and discuss the challenging
issues of them; 2) to analyze the features and the challenges of maritime surveillance ship detection; 3) to clarify the cred-
ibility of their accuracy and efficiency and demonstrate our research potential further. In the first phase, we summarize

existing ship detection algorithms based on maritime surveillance videos, introduce the common ship detection datasets and
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ship detection methods available, and some evaluation metrics followed for ship detection tasks. Customized attention is
yielded to the interconnected results between traditional computer vision algorithms for ship identification, which mainly
consist of modules such as horizon detection, background subtraction and foreground extraction, and some deep learning
methods based on fast region convolutional neural network (Fast R-CNN), single shot multibox detector (SSD) and you
only look once (YOLO) . It can be sorted out that although mean average precision (mAP) metric remains recognized
index to measure the performance of models, its effectiveness issue is still discussed in terms of ship detection tasks and
present novel metrics, including bottom edge proximity ( BEP), n-multiple object detection precision ( N-MODP) and
n-multiple object detection accuracy (N-MODA). Current datasets are capable to detect vessels motion via deep learning
models. But, the accuracy and robustness of training are required to be improved greatly due to extreme weather condition
and light variation or inconsistent labels. In the second phase, we evaluate the features and challenges for ship detection.
The difference lies between ship detection and regular object detection. For example, a coastline platform or a ship sensor
have very large visible ranges and leading to a big scale variability. In addition, it is challenged to design a set of models
adapt to various image domain scenarios derived from extreme marine weather conditions. Photographic system has to with-
stand exposure to extremes of temperature, high vibration levels, humidity and chemicals as well. The harsh environment
combined with noise pollution and limited network bandwidth can cause the loss of image quality and make uncertainty with
information loss for the models. In the third phase, we improve the accuracy and efficiency of ship detection algorithms and
evaluate some common methods for ship detection technology on the three aspects as following: 1) multi-scale feature
fusion: we carry out convolutional neural network (CNN) models manipulation based on different input scales and back-
bones. Some of the object detection models are degraded when facing large variations result from large field of view among
ship objects during voyage. It is suggested that input scale determines the upper bound of accuracy of CNN models, and
CNN models or backbones which are specially designed for multi-scale detection tasks narrow the gap of accuracy between
different input scales. 2) Data augmentation; Waves and wind induce pitch and roll rotations on the sea, which is deman-
ding for ship detection. Moreover, weather change and day-night brightness variation mean the image data shall be in multi-
ple domains, which requires the detection models to be robust to images from different domains, or even from domains that
have not been included in training samples. In light of the above-mentioned variables and marine based camera motion
results, we evaluate the performance improvement when data augmentation is applied to image translation and rotation. We
also adjust photo brightness and use Gaussian blur to simulate the blur caused by water condensed on cameras. Almost 5%
increase is observed in mAP, verifying the robustness of data augmentation in ship detection. Other effective approaches
include domain transfer based on generative adversarial network (GAN) or domain-independent models derived of multi-
domain object detection tasks. 3) Light-weighted models and energy optimization; Computing complexity is constrained of
semantic constraints like the horizon; Common object detection optimization is used to lower computation load, including
light-weighted backbones like MobileNet and ShuffleNet. We calculate the parameter quantity and computing operation
quantity of object detection models as well as each accuracy of them. We recommended that further studies should be con-
sidered on the following aspects: 1) to develop new datasets or existing datasets improvement based on sufficient coverage of
possible conditions, high-quality annotations, precise classification and easier extension, respectively; 2) to decrease
arithmetic operations and energy consumption in object detection models; 3) to strengthen multi-scale target detection mod-
eling; 4) to enhance data fusion between object detection in multi-sensors images and the semantic ability of single image or
multiple images interpretation.

Key words: ship object detection; maritime surveillance dataset; small object detection; data augmentation; performance

optimization for convolutional neural network
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P HEFA N 285 58, MUl D B Rl 45 2R, e A
SR 13 JFJE TR E Y 11 3 AR AL SO AR

TIAPRS A R AT KA (VOC 2007 ) ( Everingham %5
2010) S fd FH e A (00RS  23 A [ml 32350 (VOC
2010) ( Everingham 25 2015 , 2 il 45 ) 6 — [n] %
MR, T L 55 R i 25 R A [ 5 4% Al ol 6]
B T AR, B SF29085 5 2% (average precision, AP)
mAP JE AR AR B0 AP (K F{E, AP 5
mAP o TN [ D S A B AN S AN X PR AG
i A NG D E SRR T Rl KB NS 2 ¢ i
Prasad 45 A (2020 ) M\ AR Ay B A6z 00 €50 5 1) sk
38 5 SR FH R SR R TR FE A1) 7 R [ 5
JEE B AT RIS ARG A S B (R LA IS 30
I (vt FLA R [ 5 ( RDAT BRI T AR Y
FT LI J2 AE  — B 3, RIS I 445 2R A W] 5
] B AR ZEMR T T —FP AR M1 TR0 5 %A
LB ( bottom edge proximity, BEP) -4 845, #51%
HGr I 45 SR A R 5 0 0 4 FETHE 1Y) W8 B2 23000 R v 5
Yor, EACE W EESKE SALMmIEES K
FER x, Fx, | o, , G GN A A5 22 1 40 X {E R
Ay, , X BEP, = X|Y, , BEP, = X,Y, , H
Xy Ayyg

X = 7,Y = 1 - N (5)
: Xg T Xy + X, : min(yer,¥po)
Ay
X, = X Y, =1 - Y BE (6)
Xy T2y Yer

BEP, %{ BEP, ¥} ™#% ( Prasad % ,2020) .

BT ) B RN 55 5 5 T R B AR
DA 55 1) i R DX TR0 F g o5 ot 22 ] 7 g
EROCHRMEZ L R R A o BRI P RE T
M, anfa] RS F B vl H0 2 59 F8 T3 Y
M — > EE ), AN [A] A R D7 124 R BOR TR Y
PEREMR I, Stiefelhagen %5 A (2007 ) 7€ 25 — Ji [ Br
FolE RS R ZEIPH AR E TAEDS (first interna-
tional evaluation workshop on classification of events,
activities and relationships , CLEAR 2006 ) "4 H £ it
K% 2 B AR K RS 5 % ( n-multiple object detection
precision, N-MODP) 5 Z Wi €14 Z H #r4 I 1F ) %
(n-multiple object detection accuracy , N-MODA ) P>
febr, Hob, 2 BFRR RS 5 % MODP J2 H i 414
ARG 45 SR AE ToU /9733, N-MODP & — Bt
Fe g b AR 5 A MODP B4 (R, B

Mo

Y. loU(D},G})
MODP(f) ==

Nf

map
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Eo7E/ETHI /20227 B BRI B RSN RIS RE
l\feMODP(f) (xD ’ yD ’ wD ’ hk /> *T ﬂf@,@ﬂ:j‘j (x(‘ ’ y(‘ ’
NODP = I 7y W) H ey R L T

11111

ttlﬂ Nie i%m?&}?ﬁum'ﬁmﬁﬁ oA

FORE f WU T R85 B A v A I AE X
ﬂﬁ&uﬂl LR ENE R, D) 5 G KR f
Wt 2R kA BAR AR AL FEAE S FEIHE, £
H ARSI IE B % MODA W) ply 1 98 2 5% i ] 4% v A
TR AR DR (1A 5 e A 1 55 22 R i i
MEO HHEASF], N-MODA Ty 1 98 2= 8 A 5 %1
B R R R AR R Bl

_ cM(m/’) + Cpp (fP/')

MODA(f) =1 ¥

z (Cw(mf) +Cl-P(fpf))
N-MODA =1 - = (8)

S,

K, m, 5 fp, 430N F Wb I G 5 R AR 9
oy 5 cpp AHXR AU S K B N, FR
55 Wi bR A R AE A B

N-MODA 5 N-MODP {4 3 T #5 U #¢ 52 bR iz 17
I ARG B R AE 6K, (05 mAP A H, B R T 5
P B R R R

A, BT S EF Y H AR A I 25 R TR
BRTIRZE Sk T, PSR B AR A A B
T P A 52 e 3 e 5 RN R0 Y AR E 1 . Zhang T
Wang (2017 ) ST 2L H ARG I AT 55 v (4 A0 L 5
K T — R o BeiR 22 (FE[E—A> B s 1 3
SRR BAR A B0 AS , SR R RS AR
VB 4 R R TR A L P s A A% A R
55K H AR 22 4 A T A 6T RASE B i 0 225 SR A
EPEMEE R, BIRZETTEN

& =E, +E, +E, (9)

K, B E M E, 53R BaR 2 ol Sm g
PR 5K 58 iR 2

IYBHRZE E AN

- 7;‘1 t, — 1

Kb, N o— B g B bR S8, ko8 HARIE
S5, 5o, RS SR kB HERRES R R R
S AR SRR,

ICES kA HBR LRSS £ Wb (0 kG I £, Rl AE

(10)

AR O SR AR AR DAL AR LA B A FIAE 1) 9 sy, ) e
OB B TN

1w,
&=N;w%vb (11)
=1

kf kS
Xy’ —x

X = sd(e,() ” = = kf :
k.f k.f
Yo = Y¢

oy =sd(ey), e = ” hk,f (

A, sd(+) FPRUE2ZE KL, ey FE kA HARTEH
HHY SRR T AT T A v s R A R 1 22 IO e B AR
oL [FEE, ey SR kA H R A AR PR IR ZEIN €
HDE S

RESRKEHWHIRE E, 58

N
=LYt v o) (12)
N &
) w ‘/hkf
s = sd(e) = :r),/hkf
G G
’M/kf wk'f
o = sdeh) . e = (“2 )/ (“)
h I\ Rk

K, e NEE kA BARTEIC I IR A it iy RUEE
WRET el (IEEA AL, ef A% kA HERK 58 )
IRZET e S,
2 BEREASTRARE RN T E

DL SE SR H AR 7y vk =20 AL 4t
(1) B AR R 3 A 5 T 45 R A 28 X 4% ( convolutional
neural network , CNN) AUUREES: > ik s, IRIE
A1 e — TR I S ) vk, O T R CNN BT,
o 2 e UL B AR FE B RS AT A .
TURBE S 5 AR TAR G )y i T AT N A e
fIE TRRR T, HAL R SR ILRE ) s | iAok fFiE 2
G A PERE R AL TSR B BT
PO B Ao D S5k 22 0 FH A% 2 i YR BE 27 2T B O
DAY i b T 120 18 B B B
2.1 fEEBIALAR B AR 7 %

FETAE G s 2 A AL G LA H ARAS:
T332 K 22 SR FH b G I —8 S5 Dl R — iy 5 43341
30 FHEARAELE o Hb -2k I T i 43k 3 F
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HLRFFIE ORI J7 725 ( Fefilatyev , 2012 ; Fefilatyev 4,
2012) T X A (19 777 ( Chen 55,2018b) LA K
IR BRP T A IR A T 1 (Prasad 45 ,2016a) , 5%
BRI IR 73 3 268 1) B T IR EHR M g i HE
BN R EER 2 R T 005 197 ¥ (Fefilatyev,
2012 ; Fefilatyev 25,2012 ; Wang 45 ,2017) ;2) 3 T &
HHR A F5 ( Gaussian mixture model, GMM ) 45 i %
BRI AR 2 8 T 110 505 S HER 19 777 ( Chen
45,2018b) ;3) $REEUEEMME 2 8/ X8 1 R AR E
T 8 T A0 5 80 SR A )7 1% (Zhang 5§,
2017) o TS HR L T35 Bl bR 19 45 R A P
AR 7 H R U2 5 ( Westall 25,2008 ; Zhang 45,
2017) ,

VTR 2 AT B A A1 1Y) e g O Ji 1 i —
WARAL ., hy ik DT TR A 7 S5 B A ), Zhang 55 A
(2017 ) $& HH —Fh 5 T 2 A% 5% 28 4 ( discrete cosine
transform , DCT) 14 W5 #5400 550 AR Ay H B G 32, il
FHESHURSZ AT A~ 8 x 8 RYEIG L ffi FH A2
% PRGBS BB A -0 A JE i B (G e
SORE R EE R, PR S ER A R
AMEA KA A, WA o 7RI 5 R TR
25 B E T AR HE (B 7 = 0. 1, M ad WK E R it
THT) o XS5 A S5 EAT 20 2RI, X T 2R Y
G 5 a > T WHERNTHTS X THFL T Y
PGS, WK DCT FRECE R b i [ XU %
D518} KI5 T R #2807 1) b 155 i 78 A ) 4
PR R BE  AE N RRAEAE ) GMM 355 H o iy 5
TR ML B J (AR 275 VR A R I 4528

N TR A B R AESATTR I R
R, Chen 25 A (2018b) 4t 1T —Fh (i F B 3 17 14
HEI GMM AT LA A 09 7 % | 78— 2 1) R
TR GMM Hp 4 47 ] 7 B0 19 1 v o A, 7E A
3ok v X 2% A i 387 23 A 19 2 ORI 9 47
BOARMA NG Bk GMM TEE—1 &
o3 BOA5ER R, IR 3 — 1S3 9 03 A B 6 T A7
T A TP A AR A

ASCAE 32 F5 ) AL (support vector machine,
SVM) J5ik , T 77 1786 B2 B J7 8] ( histogram of orien-
ted gradients, HOG ) $#1iE | I H 45 & 2 R A AR A
28 M 4 AE ( multi-scale cross modal linear feature,
MSCM-LiFe ) Hi -2 65 il 3532 ( Prasad %§,2016b) X}
R 25 SR A7 4 8, 7% B 3] SeaShips 48 4R H A

R LR 78 SMD B dla i bt a7 ik AT 1 5k
B, K5 AT — e T HEAR A2 T AU i A B AR
30% MRTIN 25 SRR B, e Z AR A B, I
S AT RGN 25 SR AE AR 22 T AR /N T H B TR 30%
() A5 T AE VR A M B 1, T B A 30 A o R e
74.1% B ERK 44. 7%
2.2 HRBMENEAARBREN T E

Girshick % A (2014 ) 55 — RSB T 2T CNN
(R BB A, BT & 04 2 T DX S8 A A R i 48 T 2%
(region convolutional neural network , R-CNN) >R F] 1%
BRI 5 AT A58 35 DX I T8, P ) s S 3 [X
BB CNN $E47 53268 i R T2 2600 1Y
B, M5, BAne st 2 T CNN iY77 ik H
MR VF 2222 L T 2 AR H A G I @it 3
i T 2% 28 W 8 AR AR H ARASI AT 55 v A P g
B, 3B T e AR E bR A AT 55 v 5 0 3 ok
SO IFRID AR T — SRR R ik

Bousetouane 1 Morris (2015 ) #: CNN FH F AL #%
HRLEE Y IAT 55, (A R 28 I 48 R IR URRE
P SVM X NN 42 HURY 45 1 i0E 47 53 26, e
Annapolis IR Xt AlexNet , OverFeat . GoogleNet
FAR R 22 058 JL AT /N2 ( Visual Geometry Group,
VGG) Fr 2 Hi 19 VGG 2 Rl 9 2% HE AT 1 Ah , Over-
Feat M5 (1 mAP BUZiEAS, K 70. 21%

Bousetouane Fl Morris (2016 ) % T Fast R-CNN
(1) B ARG I Do 26 B840 5 b T I i Bl g 1 e R
R A X 38 3 1L M 2% ( region-proposal network ,
RPN) LKAl ] HOG S5 GE TSR s Ak 1A 7 T3
RorI FRe A5 g 28 DX 38 19 5 ¥, 43 BT 45 2R Kk, R-CNN
5 Fast R-CNN {6 1 X S 805 356 9 A 58 4l i
TAETE R PG ARG DU RS /N I A, 32 Tt
PR PV R A Ry — Pl R ) b 9 DAl i
B RS R 2 B R RE 2 R 55
UK EHEEZ RS\ T RN
A

Cruz F Bernardino (2016 ) P¥A% T 35 sl % 1 Fll &
TG 0 3P A T 328 XS B DU HE(E B CNIN X i
VEDCIHEAT 3 28 0 H B A I O vk | R B 1R Bl
1 48 DAy Al DI U e el b is B B R A
Rk

Cane fl Ferryman (2018) 32 | & T E& 1 L4
I E AR INEC Y Y 3 &, ke T B TR HE B CNN
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MR, BXiF, HigH, IS, miE
BRI B S N R A S RE

HARAI 77 v B S AL A IR, EE AT
LB EEURAE ADE20K ( Adela 20000) Hr 4 & g 5
HAn i B4+ %t & 7 U gk 4, IF{ F MODD |
SMD IPATCH F17 K% £ 4l 4 (SEAGULL) Hr iy — 6
G P F BV E R A 0 A4 52 A R T ok
W25 SN A2 OS2 R R I 45 SR i & T,
{6 1] SegNet 3845 T — 1. 520 F10. 207 ) N-MODA LA
J20.240 F110. 080 I¥] N-MODP; fifi F & %50% 25 6] 42
FHE M2 (efficient spatial pyramid net, ESPNet ) 2K 75
T -2.743 f1 -0.624 i) N-MODA L) & 0.208
0. 138 ) N-MODP; fifi FH 1= 24 3% bt £ X 2% ( efficient
neural network ,ENet) 3875 T - 0.762 #1 - 0. 115 1)
N-MODA A} 0.272 F1 0. 024 # N-MODP, $kifi,
SRR | T A B FE S 1Y H bRE LA RO T
(1) ] L,

Zou %5 N (2019) { FHXHARA B AR 2647 8B 4 28
() SMD ¥dia4E | 43 WX} Faster R-CNN FIEA R BE L AHE
T H Fy K 0 45 A ( single shot multibox detector,
SSD) FEATIIR , #5453 T 84. 35% #11 80. 23% [ mAP,
I H{# [ ResNet 34 T Faster R-CNN A7 f%) JE 7t %
% VGG, 15 T 88.08% I mAP, Moosbauer YN
(2019) fdi ] Faster R-CNN 5 Mask R-CNN f& %1 7E
AR AXT SMD B4 ) 73 kAT, ey
FRAIE 45 - 15 W 2% ( feature pyramid network , FPN) A9
Faster R-CNN B AR5 T 0. 773 (1oU B{E R 0.5)
F10. 854 (ToU B{E M 0. 3) i¥) F-score, Scholler %5 A
(2019) 3 F K I K 20 4 B B3 52, XF Faster
R-CNN ,RetinaNet FlI YOLO (you only look once) F 7%
RIZ% b ) YOLOV3 W 4% i 47 PF A, 43 5l 3K 45 T
81% .86% F190% (1) mAP, I i 1% b REERY 7

¥ f#i RetinaNet 1Y mAP $&7+%] 90%

Shao 4§ A (2020 ) 45615 G I | 13 2 J1 LI
55 YOLOv2 4% K Ao ) 31 Bl FR il 6 163 j2 4 1) 1=
B 30 19 R IE M 2R LR X3k, 3K YOLOv2 ™)
LRI 45 A A5 i SRR BRI R R AR AT T
itk YEHTE SeaShips Bt LTI, 45 R4
YOLOV2 5 T 4.4% B mAP 2T+ ($27+ % 87.4% ) ,
I8/ T 5 Faster R-CNN fJ220F

R IRARGE B JH T W TR A 1
s E ARSI -5 308 FH E A A 0 AF AR, 75 o B E A A
(eSO imalllh R = R = i | G S (EW iRl BT
JERE . CNN AL I X H bR RO 9 s |
DX 3R T8 ) 6% B ke Sy JE At RS N B0 ) DX S ST
a R TR AT,

F2 BARXHET SMD i £, ffi F GeForce
GTX 1080Ti GPU X 4% Ff H bk I 28 3 J7 1 i DA
SR ARSCIERR T TE B ARSI S HLAR S i
TFp CNN A 4 45 5 B BE H AR A A 7Y Faster
R-CNN(Ren %,2015) ¢ Hif & FPN(Lin %,2017)
FEZ A ROE W RRIE B L3 35 X 3 ) A AR
A DL R — B Bt H AR B AY SSD (Liu 45,2016)
], S 56 6 BT — B B H AR DU AR 7 YOLOv4
( Bochkovskiy %2020 ) FJCHGHE H AR R Cen-
terNet ( Zhou 55,2019 ) V£ 558t H Ar 6z 45 2 14 4K
2, HHEAIY A HEET ImageNet ( Faster R-CNN 5
SSD) B MS COCO( YOLOv4 5 CenterNet ) I 25 i
B AT fine-tune U[I?}]‘:O

T SMD B4R i bR i A —Sn) 8, A Sc S
% Moosbauer 25 A\ (2019) 5, % ToU BI{E 53 51k
0.3 F0.5, I H A FH AR AT 5 904~ 28 0] ik

%2 CNN FiEARAR BiRtGMIEf 5 R
Table 2 Evaluation results of CNN ship detection methods

AT HER

P FERK P45 Sz AP, /% AP, /% AP/% APY/% AP“/% W%/ (Wi/s)
Faster R-CNN( Girshick % ,2020) ResNet-50 500 x500  80.1 65.7 4.6 359 49.7 2.4
Faster R-CNN + FPN( Girshick %%,2020)  ResNet-50 500 x500  84.7 74.6 6.7  41.3  53.0 11.0
SSD ResNet-101 ~ 512x512  65.0 40.0 0.6  20.4 30.4 12.9
YOLOv4 Darknet53  512x512  86.2 77.4 1.8  40.7 55.4 49.7
CenterNet ResDCN-101 512512 73.7 56.2 0.4 269 50.3 41.7

T AR R B S R ;ResDCN 2=F 7 residual dense convolutional network;APS APY F1 AP e/ N His

HER AR T HER(MS COCO FrifE) TEAE ToU BIE T AIEIIME

2085



2086

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 7 ,Jul. 2022

AR, APS APY F1 AP 43|27 /N F A | A
HARRIK R H R (MS COCO FrifE) FEA ] ToU B{H
TR, ToU BIHEUE AL FE N 0.3 ~0.95, %
B 0. 05 RAE—K, WK (frame per second, FPS) &
INMIEETE B R GPU I & #0 W] D) Ak B A RS A =
MEEFRF | E X 2 REALH Faster R-CNN B
X 22 KRB H bR 938 RV AE ) AL Tk T 45 R A ek
HERY YOLOvVA BERITEF- SRS 3 EALFE RS, 5%
FERIIE , 1 TSR RS G SMD i & b AR b 1
AN =B HURE AR, 3 2 TG S5 R AR T &
AERAH RN B ARAS AT 55 18 A FE

3 MARBRKRNES PN ARESR

FUR S EARAS AT 55 O 37 5 e 1 — S ]
FI RSN A THT i B8 BEAME S 23 TR, PR I
GG DU BB AT I PR (Y I RUARAIE 96 T I8¢
TR ST RDG, AR S ARAT BT A0 300 45 by 7K T e
K TR BB ER, DT 2% AR R A 2 B )
PRl T R EOR, BAORYE, AT H ARSI T i A
6 MHARMER

1) LA H AR ROBE 2R, 70 35 W42 RR L
b, s BT, TF R A0 A5 LA | B Rl fiE A5 /)N
TR AR | 2 A A 25 DR ALY 4 m] LA e A
[F)— Wit P 5o, S SR GO Y H b B R Y
REZAEME, I H 2 b 5 IS AR F 3T Ak iy /N7
P AR AT BE BAT AR AL 58 RUBE . 72 CNN AT rpr %5
ANRUEE B H AR £ 4 BRI Ak i 72 v 7R R AE 18] L
Xof IO B /0N B DX, B T R TR R IR W 4%
R IR A2 BT SR DR R R 3 A A RUBE 1 s e AR e
IR b 75 AT A —Se i 58 o, R &
TEREE]— &> CNN AL (40 R-CNN) X o imi 1 Lt
LGN ON SR aN=PE IRy € e i N N E R e 7
£ W % B T % ( Bousetouane Al Morris, 2016 ; Shao
4%,2020)

2) RA I B 2 e, A E AR A AR 22 48 o3
(250, 140, 78 SeaShips B4 45 Hh K I A 4347 7l
Be BT AR EAR M | THCRE BT L G A R A
6 25(Shao 45,2018) . AN [A14i1 53351 H A5 BT AR |
SO RR A IEA BRI ZE 5 RN B 2 R
PEERAE TR R A A PPAR TR A5 A4 (2 02 1) il
o 2 AR TR AR 500 P9 Y 22 R A A ROl AR

20 2 R 28 R 20 O KL B 5 E CNN AR b AR 35
R ) R SR AE 3 JORL A 3 HUARZE , A ) T AR A
WG BRI T 3 43 FEhR 25 1 L B 3 7F — S A
FHE TS REA R, NTTSE I T 4542
S0 B P - A A

NI RME L, BRI T
Bili Wb TN AR A%, AL T 25 B R A i R AR, TN T =
Wedss RGERFEE | R o] SR WU A R B A T
X P RASFE IR AR T 7 55 . [FIRE, B AR
R B3k rp 37 A AR R T LA X R TR B RS
FDE BB SR ORI BE . 3 TR dek 3 25 A A AR
Py, ) A3 R Y T RS AR ML (AN Chen %5 A
(2018b) By 6 ) AW 4 15 s RN AG 5t AR AY 280,
BT R E GMM 28t 24 F40 i 5 74
TRUAE] 5 P — AR v - (1 5t mT A AR AR 1Y)
T St A T A Y — ol B %

4) K Sh AR, Y S R O K T IR AE
RSB ES S s St R @y =
WA TR T SRR B B, — LSk ek
IR R RIEENS IR BUERA =, EEXEK
AT B0 785 70 2 1 B AR 4G, W] A2 RS e A Tk A T A
AKX R 25 SR A 7 205 1 o 2l g

S5) ABLI R A FNE Bl 78 [R]— BN [R) 4 & LA
NTR) 1B 2 B AG S FA 48 ) — S P Akt R |
PIRIG KN 7 B FESER S A ML 22 5], 16
PEABE R TPAR SRV 6 5 B IR 56 8, [ e 7E ]
VB LGk S bEE - 6 1w | 31
TRALE R REEl , EL R ;A I 2 25t AR Sk
BRSO, I, N T 0T 3hF & AT B bR
DU AY R ELAT — 22 A2 0P i et

6) I i MG, e FEv7 A S 00 B L 414
S, BT AR B, PR A5 o3 A T e — A A2
B TR, FAB A AL 4t A v A e s Tt &l 1%
Ji N, FE (S T B = 00 v e, 3 A
PR B A e T 25 SR B A By 1y R Ve | S0 i
MELAFA R f IR 55 4 3 58 4 vh R 1 Tt xE DA
T

4 AR BAREN R TR

BEXTES 3 T P U FARA I (4 5 A HE A, LA
BT M AR o, MRS IR R
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MR, BXiF, HigH, IS, miE
BRI B S N R A S RE

AR A 2 K T B AR L AR B R AL
DA KA B 2 R0 3 28, X 3 T4 48 07 ik B AR
L G I AR AE 2 b Y- A 0 5 8 o 7 1
B B 5 ) B A 30 A S (R i 9 Al R 22 36 T4 T
Sr i R H PR ARG I 20 3R ( Zhang 45, 2017 ; Chen
45,2018 ) Y SEUHE s CNN J7 125 U T i 5G T R A E B i)
B Z A4 7] 8 ( Bousetouane F1 Morris , 2016 ; Shao
45,2020 , [a) i 22320 14 3 S 53 H] M 45 ( Cane 1
Ferryman ,2018) &5 & 1 & J1 ML Mgl A B 5615 S
(Shao 45,2020 ) 45 Mk

AR SCITE B b3 ARG 450 8 4 £ K A1 ot
TR /B A ARSI RCR 822 LA S /b CNN 7
AR AR B AE b B IO 5E 09 0] B, 7E A B
BRI RE RPN DT T T SERR TS B
XF SRR H iR AP 5 0 D R AN ) 52 R A )
IR T s e A BRI DR VT, TR ALTE
BARIB AR MINFE T T RE R
4.1 TuALIE SSRGS

U ) A 0 T s 1 45 B AT A% AR B B LA
R RAFDCIR AT B 2R PE 25 BORME R, AT PLidE i
T EANEE G R r Am LGE . B2, BHETR
ZHCET CNN A AR ) BRAS DU AT ke 2D X0 ik 2 4
AR AR T AR 3G ) 25 5 T ISR

ML W 15 i 52 RGBS A MR Sty 9
FRTBIR T , X LA BREA v o i 1) PR AR AIE | I 20 B
ISR L 9] g M 7 S i P o e ) 2 2 R, A
AR G B 7 v A 5 YA DRI v (B B s e
TR A HARE A B 04 A5 T [ 2 8 Y
L (1L R s nie s un) 3 Uil S ol eR) 3 s uiey
T UE R TR AR R R B AR A R RO 2 P

AT HERHOR M R Z 1, RGO 23 HE 3 7 1 (O
iy 45,2013 ) 730 B T4 AE Y 77 % (AR M
VT A0 4 ) | 3 T 5 Y 7 35 (Stark AT Oskoui,
1989 ; Katsaggelos 45,1993 ) FlIJE T2 >J 1y )71 ( Stark
F1 Oskoui, 1989 ; Katsaggelos 55, 1993 ; Ik Bl £ 2%,
2019) ,

TR A EBRAS AT 55 v, T 5 76 AR A A7 i b
(A% A 2x Bl LR 67 5 RO ORHI A A 7 % AP
BNLA R PTZ 8545k H 5 (0L A AN s i A8 4k, 7E47
TR 0 GBS b= A AL AR R 281k, FE%K
Pk ) By, A] RS2l iR AR AN e 5 7 =
B B3 Ak, | ftm A (it fdett e

A CEET SeaShips B 22K T — L HA T
PERVEARIE T I7E, JFRE T 8RR B ALY
KrPERE . S 1 BADUI AR A 5 1 0P AAE 3,
BRI ~ 15°, 15° ] I BENLEER: ; 9 1 BLL
T i R A IRUTR DA B 5 ol 45 KA 30 R
BRI, AN o ven RO I 1) AR (M8 P 2R G
H[20, 607]) ;2 1 L0 TR A8 A 3 Y TR
SEREAS—  FERC AR AR I 28 i B AL B A B Y
MR (G EE I N [0.5, 1.25]) 0 LAk, R TR
ARARLAT 7 W) (R 52 e, DA K — 20 3 SRR 4R 1
A ARSI T KE RS JE RS

7% 3 Ml BN RIS B9 SeaShips £ S 1E
1080Ti GPU F 1%k Faster R-CNN £ ( £:F Res-
Net-50 JEfili P9 2% ) (i MERE R I, 7T LUE i, i 1
I G B AR VI ZR A B AE 45 2500 1Y AP (H L
ARG T B s R U R BB 22 5 mAP (B 55 H
T 5% , R WA G )T BB 8 A R e AR R A 4
A

% 3 SeaShips HIREHIBE BIEHERELLES

Table 3 Performance comparison before and after data augmentation

] #25] AP

GRS : - . - - mAP
Lk E2 A e Wl A it Sy

A 0.813 0.898 0.836 0.878 0.808 0. 906 0.857

S 0.908 0. 905 0. 909 0.904 0. 906 0. 909 0.907

TE L P R R & 5 R L4 24

H A Ak T 5% #8502 BT HT M 2% ( generative
adversarial network , GAN) 7£ &% 2 W 8 43 PR
B RS B T R R SRR BHR
FAR N IR AN B PR, B 4 g AN TR R AF T

TR MR, X R AT 55 8 T IR 00 5 Bl 4T 55
Arruda 28 A\ (2019) f#i F CycleGAN 4% F| FH £ 75 #5
T TR R AL B AR 1 E bRl B AR e
FRiE RO HAREUENE , S0 T U835 B AR i,
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T HIA A R 1 PR AN O H AR Bt U 25 H Ak
DS AU A I PERE 4R = T 10% . Katayama 5§ A
(2019) fifi H 23 X4 2k pR I 25 CycleGAN ¥ K T
FARDLAHE 1) R G B E S LIRS I 6
A TE 5 1 BRI 25 YOLO9000 H A A% il 455 51
mAP 4y 41. 8% , MR GRIRTH T 7. 0% , M L]
JR R CycleGAN (38.8% ) #F 47 (4 B & IE 2 &
1 3.0%

TEHAB BB, GAN L H] T3 BB i 14 ), SR
HH 2% A 0 Hl A1 28 il AN X A 1) 8 B ¥ ) (Frid-Adar
%% ,2018 ; Mikotajczyk F1 Grochowski,2018) ,

R 7T GAN BB BB )y =X e Xt
Yk 77 2t n] 45 280006 5C 1 B R As AR 1Y | T
FE T BRI AL Z2 A ARSI PR BE

T AE A bR A IS R BLAT 3 WA [ ERY RE
71 ,Chen 55 A\ (2018a) 7F Faster R-CNN #5571 fit) B2 3
IIA AR 26 25 0 45, HG v PR G001 ) J8 03 26 4%
WINB R E WA EE Z 5, 55— 5201 900 1 555
I ISAF VAL T IBOLBR X 35, (region of interest, ROI) fY
RRAE ) VR A, P38 43 2 22 )l ok — 3k
PR SATIENAL . ZEVIZR Faster R-CNN AL, i
FH—FoT 8 7 205 2 BUR AR R AR AR 4l 53 2 2
T 10 At 0 24 1 BB ) A0 1 DB (BT A5k IR — 1> B
— 7T, X T M 4 i B/ ME I 2R
PEFH 2R ; 53— 7 T, Faster R-CNN 2% 1) 75
BRI AR o M R IR A, T — AR
FERN 5 )2 ( gradient reversal layer, GRL) ( Ganin Fl
Lempitsky ,2014 ) SEELX P22
4.2 $XREZHFENRL

1RGSR N SE 7 15 52 B RS SRR 2
M ke < BT I 5 ek A RUBE A B8RSR B, CNIN
B AN TR RPAIE 2 90 B AT AN T) 1) sz BT, HG 3 A
M AR R WA AR, EERE R, Bk
JZ B 2 i A5 RUBE U/ N1 PR TEAAE (BT B X 1 A IXC
Wi, TEARME B PR A I 4R, O 8 223 Q3
RUBE ZREPEIRIRR, I I /N RUBE H AR S T 46 00 7 B
BUSENH . Bousetouan Il Morris (2016) fff &£ & i1 &
PR GE 7k EA T DR IS, {E A Y 0 288 T 02 B A T
s B AUk o PR, AR SCHEI S 2% 1T H Bn A
UL X RUEE Z2 BT DL AL 8 07 2 X R R A7 0
it

30 FH B A D S5 X b RUBE Z2 e AT 00

A 32y k3 o A A 22 RS )RR AIE T, AN [
RUBE AOAFAE I B3l %0 B bR RUBE 58852 P AH 1 5 7Y
HFRIEATRI [R5 4 T P X — SR ) Fe A 2R 5
B, AR A RUEE L9138 G R AN i /N R
— G R Y e RO v A 122 0] ) ARG T 45 28
HBROR R T Bk R — S R R G T B
PR DAY AT — A, PRI SR AR K [R]I
2 R 1 G 3 i 1 RS BITE I 2R B 5 I BeR
JE WA — B, B S B0 U ORS # 1 T B (Lin 45
2017) .

R B 5 12 DU AS 30 5 ke 4 PR 1) T A
2 RUBE (W ARRAIE | T2l o X R IE A T B D B
WAL S5 B AE 77 A R AR I RUBE Z A P, Lin 48 A
(2017) PR JZ AL b i 22 00 R AR X H A
AT 55 AN]SR T 125 4 9 38 A R A 12 S0 /N RUBE
H AR BRI -3 2 P4t 7 — b 3 T S A
T RRAE 4 FIE W45 B FPN ., 2 I 45 el R fiE 2 i
W 2 b iR = B RFE LT I, 38200 E R AR JS Y

S ] 5 R A A B ) 6% v ) 07 )22 4% 1) A i R 28 ok
1 x 1 (RS PSR RHAE AR N, ¥ 3 H 24 2 9%
FRRAIE LT 55 4 fif 1

Fu 55 A(2017) 2 H T 2 45 BLUEAL B Be 22 AE il
H 5 48 I 45 Y ( deconvolutional single shot multibox
detector, DSSD) , fifi FH F 45 B2 ('8 5 AR X ¥R J2 1K
RREGEAT EoRAE A0 T B A5 2R AR R 19 D7 725 38 3
T 5 R TR SR IR0 45 v T 7 2 2 ) AR BT il A
1 2 R RIRFIER

FECHAE N (2019) 229K T A ] B bR AE D7 vk
FIAN R JZ G Z AR AR Rl G A2, 74k T DSSD M)
2R RE RS O 2% B S5 K, SO B R AR Y J7 X
PATHRRERL & P TERRIERE & Z R B m T —1> 3 x3
1845 AR T LA YR A 3000, 88 DSSD AU REEAR 1T
BHE R, HIUS T &I mAP, SRR 45 A (2020)
BT T 5 AR W 1) P2 R 36 Rl S AT, PR AR
JERFEIOE B 2R, B R I IR 2 KRl S Y
XA R ARG P45 78 SAR G AR ARG AT 55 Hh B
13T H SSD BEARIE LY AP,

B2, BB T AR BAT SRR AR I 3 B Aok
IR R 174 BOBR A AR 4R 1 v o Bk AR I 4%
( higher network , HigherHRNet )
(Cheng % ,2020) MO FE , 1/2 28 T35 43 B % (1 15
R ZEASIN /N RUBE F RIS AT B i B E IR . AT

high-resolution
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$F27HE/FETH/2022F7 B EEEEUSTAAE RS URRIIK S EE
FEET R IE 4 235 T A /N RUBE H A G ST A HRNet) JEAH X 4% | ff F SMD 2088 42K H bR 2 0 i

G3HRARAN R A IA) T 38 2ok R PR A SRR A R
FET I 2 AR EHR N IR XS i RUEE 2R
FEG BT R AT 34, IRl 4 i 1 4 07 BTG 43 B
FHNESUE B, BT, & A S BRI
PN 35 1 S B s Ak 1T A9 JC A HE (anchor-free ) 77
¥ (U CenterNet( Zhou %,2019) ) , W& {H A — 2
WG IT 1]

ARICHET Detectron - £ ( Girshick 55,2020 il
mmdetection -5 ( Chen %5,2019) , 7£ Faster R-CNN
BEFR X ResNet Femth 25 DL N 16 22 RO H bRk
T4 Ak B9 5 40 3E 2 M 4% (high-resolution network ,

IS ELHZE 76 500 x 500 142 F1 800 x 800 {3 E P
A PR AT THEREMNR, LA Ge-
Force GTX 1080Ti GPU, 25 4n3k 4 pron , SLg 4y
SIEFT 0.3 F10.5 VE8 ToU R{ESE T mAP, X ASTA]
R H bR AP (54051 19 ToU 13 {4 BU(E 5 Fl K
[0.30,0.95], A F@ 0.05 HUBE— K, S50 5l %
W, IR B Be At FH 9 (B8 o3 BE R X F 2 R
H ARk AR A 2 T e AR . RIS, FPN J7
AR DB E RGO T 45 /0 T ANE P Ll
W 2% 2 [] 22 RUBE B ARG IR0 1 22 B, HRNet 3% il
D) 265 D) 45 K i P85 b 4038 1 /N IRUBE H BR ARSI A5 R

R4 TRBANIPERZRERUEZEREELE

Table 4 Performance comparison of different input scales and multiscale-optimized models

£ 5 A &%
Bii)| LR R 2 AP, ./% AP, /% APS/" M g Lo
i L X 2% sz gz Mo/ APos/% AP /% APY/% AP“/% (W)
Faster R-CNN( Girshick % ,2020) ResNet-50 500 x 500 80.1  65.7 4.6 35.9  49.7 2.4
Faster R-CNN + FPN( Girshick %%,2020)  ResNet-50 500 x 500 84.7  74.6 6.7 41.3  53.0 11.0

HRNetv2-W18

Faster R-CNN + FPN( Chen %% ,2019) (Sun 5 2019)
un 5F,

Faster R-CNN + FPN( Girshick %%,2020)  ResNet-101
Faster R-CNN ( Girshick Z#,2020) ResNet-50
Faster R-CNN + FPN ( Girshick %% ,2020) ResNet-50

HRNetv2-W18
(Sun %,2019)
ResNet-101

Faster R-CNN + FPN( Chen %%,2019)

Faster R-CNN + FPN ( Girshick % ,2020)

500 x 500 70. 8 57.1 0.6 31.5  46.4 11.2
500 x 500 83.3 69.9 7.1 40.5 53.4 8.7
800 x 800 84.2 74.5 15.0 42.0 56.5 2.3
800 x 800 85.5 73.4 8.8 42.6  55.7 8.9
800 x 800 82.3 69.5 16. 8 39.3 52.1 10. 4
800 x 800 85.9 72.9 10.3 41.4  57.3 7.1

T LT AR S B RALS R . APY APY L AP 2313 7R/INEL P BRI REY HARTEA ] ToU BB T B9~ 2918

4.3 TEES5HFERL

PR B ARAG I 7 5 230 T L AR B
I R SRR RS 2O TR )5S A7
it IR A B [ B AL v, )y 2 52 B BRI DR 2R AR K
FREE B FR T 2T CNN 4 B bR B 50 4 4
XA B AR Jr 28 2 1742 55 1 5 AR AE O T A A
R AR HE CNN 5570 52 R iy () 25k R 22—
JETEWG R R A L v A E R A I R
KHE

FERRAE B AR R IAT 55 o, H AR G0 8 527 3 17
AR U AR, TR, A il 2 25 51 X
LR A I DX S A T B A i v T AR A P
Shao 2% A (2020) 5T YOLOv2 Mg &~ T A H
BRI RY i i 3o g 4R 1A 30 MR Z R E
2 L7 W BT BT I8N T AT R IE S, Fan il

Chen (2019) ffl ] —F & 13 1AL 0977 1 4
PRI AT B H AR 7 R B A ] Faster
R-CNN BEAT FARASIN , 45 FE BEE A 13 Wit/s 2
218 /s,

T, AR A AR A 0 450 4 4 0T 5 22 008 A v 1
HERh RO 2% | SR Tk 26 W 28 A7 106 B A TH R TR
MobileNet £ %) 3 fili % 4% ( Howard 45,2017, 2019;
Sandler 45,2018 ) il Bt Rzl A9 M 2% 2 Pk 19 45
BEREFIA 22 [0 25 18 28 25 D7 | 0 DRIE AR 2 G 1 22
ASHBL] T R 0T, R WR BE s Ak 1 L By
it (s R AP 2 8], ASCEET VGG16 M
JAS MobileNet 5 SSD H fn Rl 20 5 4 17 LA H
PRAGIN P 2 A SR TR S E O s B T
FET SeaShips HHELE A T mAP B, G5 R 403k 5 fr
TN o i a5 32 B IR B (floating point operations ,
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*5 BHRIERNSHEMNEZEES
Table 5 Parameter quantity and calculation

quantity of object detection model

i ZHE/M FLOPs/G mAP/%
SSD300 VGG16 20. 03 29.27  83.1
SSD300 MobileNet V1 6.94 1.28 84.3
SSD300 MobileNet V2 6.27 0. 80 80.3
SSD300 MobileNet V3-Large  6.71 0.57 77.4
SSD300 MobileNet V3-Small ~ 2.24 0.18 74.5

TE PR B SR ALER

FLOPs ) 7%t T8 — M AREAS BT BTG 2550
1B R BRI R

/DS ) SR R SR A SRR TR
BV 5 BORF AT O A LR — 20 fi i A T 3
FERRIAT U BERIAFAE T IR T (B B U
PTG AT DU e B D5 A7 O 5k
frfifl, FrEng BB DI E A KL, A F T CPU
PEATTHRL WE ] Im2col 5577 75 W] LIA HIECE T0 4%
Dol D 2 B A RS RO £ PR A ) S 31 £ 5 ]
S A 2 EERTE

5 & i

FE T WP AU ) AL FAAS DU A H A
R By — A BT AR A F S RSN 55 Y
FOAME A S O R BB, AR 32
YRURE ) B R 1 TR B o 8 I 5 BT ] B R N R R
il B s ] AR BlE 4R PR A AEARSR A
Pt AL Gt AR s 5 M RE A2 BRAE IR
AT T — 87318 H ARSI A i e A 05 12
RIAUE I X 26 75 325 1 AR 8 A A 00 03 [ A 2
ARV B S SEFTE I 5 I8 RS FELL R O
I FEJT #E— 2L IBTSE -

IDE-V&/ R SRl 2 W A O R (TR YRR
WRHE R I HAT R EREAT 0L . B, AIE LAY
KLEEBEFT 732 . B BLBCARLE RO AR U, AT L o 7
et EIn e (915 B, BA A Z W iR A 1
TV, AR T B I Rafe B . e B B AT
BT AN AT 22 5 A PR U, AR EE Y
— Ve 5 HITE . B AR N SRR T A —
Bk, 275 HATAE T )2 09 b A6 D RS 4R 9 bn

TAs PRI L RIARTE 5 Z s A7 R T A B
et on  MPBUREE BA B SErERE .l T EdE I
AR IS T A BIR Bt %) K090 5w LA R 555 A 1 SR <
AR CIRASAUAB DL, X S A Y Bl A A T3 A,
B A R B A i 4 TS Y A 5 Y R ) O 1k
Z— o RERER ARG FE A — i BRI, 1 IR
AR HARIr2E o TR AR TR S5 M 5% . X O A
B AR AT AR AN 3 B A R T HCE B o 1Y
E— B HETE, WFFE A AT DL i ) o Bl 4R | A ek
S T A R o RIbR 1 5 D kT sE ) B BdE
8 SE A 4 A8 AT, MarDCT 0 4R 14 &
J& LA S Moosbauer 558 A (2019) X} SMD %% 4E 49 4>
B AR o3 B R AR 9 AN o A AR

2) BRI gt — 2B ik, X v g i 4 A
AT EI R R AT 55 BOXE L, 16 5, Wt — 2B 2
R EFR (JUHIE/N B bR) Rl (g R 254, L
W02 R EUR S B 518 UE B R4 Ir=t,
WP BRI Y — R U PR I AL 25 | (] I il
A TR ) H R AREE e P2 AL T AY [R]— K
ST PR A R AT LI 225 3 R i A6
DU DI Ao ARSI 45 SR A B VE T s — 3 o i g )
T (AN RUBE H bR Y BEAIL S 1)) 32 3135 S5 B
AR, )5, 25 R R P A SE PR T 5 R
JIRNIFERR ], SRR M fe— 108 5 L DL R Pk fig—2)
R g SR | 2 A S0 AR e A 0 5 AR B AR
R # 2  EE 5 ]

B OB AXZREBRERAIFTMEAHFRIR
FARG RN —B R I RFEEEREOF LA
AR 4R 69 SMD ##% £ AR K XK FH R A KK E
9 SeaShips ## & 5 A TT 2B | £ S FT R,
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