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A Study on Maritime Object Detection based on Deep
Learning using Collage Data Augmentation

Shin, Hyeon Cheol

Department of Control and Instrumentation Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

In the 4th industrial revolution era, a new concept of shipping logistics
4.0(Shipping 4.0) was introduced that combines advanced technologies such
as artificial intelligence, big data, and the internet of things throughout the
marine industry. In Shipping 4.0, the concept of autonomous vessels and
smart ports is established, which entails technologies that can automatically
recognize and analyze maritime conditions and perform work automatically,
reducing accidents due to human error at sea and working maritime
situational awareness technology is essential for its efficiency and safety.
Recently, maritime situational awareness technology is being developed
through information fusion with multiple sensors, such as an automatic
identification system(AlIS), to recognize the maritime situation by using vision
technology based on artificial intelligence method and to ensure information
reliability.
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In this paper, we proposed a collage data augmentation technique for
deep learning-based maritime object detection for maritime situational
awareness. In addition, we proposed a high-speed horizontal line detection
method using a dual hough transform and a multi-sensor fusion method
using AIS device, and verified this through experiments by applying the
system to design, development, and maritime environments according to
technical factors.

When the proposed collage data augmentation method was experimented
and verified in the maritime object detection data Singapore Maritime
Dataset published according to the verification procedure, it can be seen
that the average accuracy of object detection is improved by about 1.43%.
In addition, it can be seen that collage data augmentation method has been
improved by about 25.7% compared to the previous ones when experiments
and verification were conducted in the marine environment near Busan
Port, which was taken by Korea Maritime and Ocean University. The
performance of the entire system using high-speed horizontal line detection
method and multi-sensor data fusion method can be seen to be improved
by about 30.2%, which shows that the proposed method can enhance the
performance of maritime object detection and, in particular, effectively
perform in a general marine environment.

Through the method proposed in this paper, accurate maritime object
detection is possible, and useful information can be provided together
through the multi-sensor information fusion with AIS device. We expect
reliable maritime situational awareness from autonomous ship and smart
port.

KEY WORDS: Deep learning, Object detection, Multi-sensor data fusion, Horizon

detection, Maritime situational awareness
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Fig. 2 An example of ship bridge for maritime situational awareness
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Fig. 9 Visual and VTS data projection based on data normalization
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Fig. 10 Mapping from cartesian coordinates of images
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(a) Input image (d) Multi-scale filtering (e) Dual-Hough transform

(b) Resize image (c) Select region of interest (f) Detect horizon

Fig. 12 Flowchart of the proposed horizon detection method
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Fig. 13 Multi-scale median filtering process with region of interest
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3.2.1 Retina-Net
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Fig. 15 Histogram of the object’s bounding box area ratio
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Retina-Net &7+ 4585 7Y AAHAE 2do] Fs PT o
Fig. 159} Zo] A7} EA43t= A7 (foreground) Xt} AA 7} EA3HA] = i
Z(background)e] Edo] SEE B2 E4Y TAZE st dhgo] A==

A& fdstr] Hs) At A

Retina-Net AZ71& 2] (D} o] 7]&9] Cross-Entropy Lossell 2] (5)3 #&
o] Balanced Cross-EntropyE <% 3stol® zI}e}w]E(hyper-parameter) «, 2k
Focal-LossE 913+ —(1—p,) & F7Feted Ao =mn S BHAFo s A%

ste AshE AAshe TS AL

—log(p,) if ground — thruth class
N 4
CE,) —log(1—p,)  otherwise 4)
v if d — thruth cl.
FL(p,) = —a,(1=p,)"10g(p,) . b= {jl)—p Lthig)z?se ruth class )

Many negative
example, no
useful signal

Few positive
example, rich
information

Fig. 16 Many negative background and few positive foreground boxes
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Fig. 17 Cumulative distribution functions of the normalized loss
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Fig. 18 Sample images along every 50 frames in SMD
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=&oll A Ajkst= dHolE 47N HA EE=+= Fig 183 o W
, T olm A= Adl EF do]g MARVEL[I6]IA  z3 8] o] X (container
ship), &d74d(passenger ship), =X (tanker), 18|31 o AX(tug) 2= oj
e oF 1,0009] olmAE F=st] AR FAHAE @Y o|u| Ao tisiA 7]
st&sE JA B8 md DeeplLab-V3+H33]E &&3te] FA Q2 o] x| o A

A

AAGele FRAY. B4 oz 20 9L vgoz 338 4z
7, 5P o mAY BAS Hustel FAGA X HED AP
o 9ok B AAE Fal AAE 9 AR oWAst AANAE Y e
2 ooje] ARE A AE EAUIHE AHAT WL 279 v
A AA oluA 2/E B E=H] FHL oF £ ;L UAsh: FUsE
Hejste] AgHoln FAHR dole Yol shstet

B oERAM ANSE dolE 34718 B AA ovAE JF JH=
olo] Rolt Woly] WEe|, Y A /& Hske] T =Fol
ed AL T WA, A% AAAZ delH SMD olHAe =79
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e 7] 23 wet FAFHE 3 oluA 9 F AA 5 yepit.

Table 1 Image and matrix shapes of collage data augmentation method

Image size (width*height) = 1920 x 1080
Image Resize Matrix Total Image Resize Matrix Total
size image shape instances size image shape instances
Large 240 x 216 8x5 40 Medium | 96 x 90 | 20 x 12 240
Medium | 192 x 180 10x 6 60 Small 80 x 72 | 24 x 15 360
Medium | 160 x 135 12 x 8 96 Small 64 x 60 | 30 x 18 540
Medium | 128 x 120 15x9 135 Small 60 x 54 | 32 x 20 640
Medium | 120 x 108 | 16 x 10 160 Small 48 x 45 | 40 x 24 960
- 22 —

Collection @ kmou



ZohF dloly FA7IHelA A-E o Z7|ef oA Ar]o] wWE HAHY =F
S 27 A AAe] =] W ti(arge), F(medium), A(smal)Z &3}
o Aoty A7 7IES BYstr] AsiA diAA HE R 3 Hol
Bl MS COCO[341 4] 2|3t 7S vte o2 SMD on|=x] Z7]el BtA A FAl
A olstal, o] & Table. 29 #o] YehiL

Table 2 The definition of object size in MS COCO and SMD

MS COCO SMD
Image = Image =
size (640 x 480) size (1920 x 1080)
Min Rectangle | Max Rectangle Min Rectangle | Max Rectangle
Area Area
Area Area Area Area
Small 0x0 32 x 32 Small 0x0 80 x 72
Medium 32 x 32 96 x 96 Medium 80 x 72 216 x 216
Large 96 x 96 o0 x 0O Large 216 x 216 00 x 0O
et ol Aol =Fol AHFe =7 ZIFd ugk #&Adstr] fsiA
240x216, 192x180, 80x72 =Z7]E Zt7Zt large, medium, small 27|12 d€3}$ 1,
Fig. 19% large 2712 Ze}5 dole Z77I%e] sad dole o Aotk
Fig. 19-(@+ AA AFsts 716k AA HE7]o st Al 71€ <5 dHoly
o 7= o] Eo7t= HolEE 9u3tH, Fig. 19-b)= AAE dolelst AA
AAE A AZEE] BEF AL YEhAT
2 =304 Atste Zek dlolH S 7S Retina-Net A&7] 2 &3}

=
[€)
WRle] ddds 5 B4 48 24
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{a) Single instance images

Container |
Ship

Ship

Tanker

Tug

Collage Augmentation

{b) Image segmentation (c) Segmented images

Trfob: Corstassont Srig) g1

Target image,;,.
= (image ge, = 1)
« (Bnagepeigne= m)

(e) Merge single instance images with bounding box coordinates (d) Set bounding box coordinates

Fig. 19 Collage data augmentation method for object detection
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(a) Examples of generated image using collage data angmentation

()

Fig. 20 The data examples by generated collage data augmentation
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Table 3 AIS Message parameters, types and descriptions

Field Description Field Description

1 Message Type 4 AIS Channel

2 Number of Sentence 5 Payload

3 Sentence Number 6 Checksum
ID Name Description
1 AR B (AAZ) A" YREL (class A)
2 YHAEA (B) e AREAL (class A)
3 AREL (&) 2% A Yx|ET (class A)
4 1A= B 71R1=9] x|, UTC, 2%}, slot HE
g | M T % el ud A= AR Hols % el B ol

Ello]E
6 7N o]zl HIAA] A" SAlS | olxl ol
7 o]l =l FA18E o]7l Hlojg =l
8 olFl & HAIR] HE 4ls g olAl glolE
9 | #F pMEE F37] HRIEL E2E AR FE7] AREL
10 UTC @ ZxaA UTC AIZF 9+
11 UTC % @&t 38 R UTC At 8
12 M = HE AR AEE sAlS | o 9 Holy
13 A oH &l AR bR # HAIX] &l
14 M T S HAIA HE sAlS At A B bol™
s Ao =4 OAIAl B 27 (CIAZoZRE 4Eey
+s)
16 g9 BE 9 1A% AL FRel 54 wiol gy
17| DGNSS %4 old wjAlx] 7|%Zol| 4| gt DGNSS 27
18| #ZF Class B AH] YR 21 Class Bo] BZ& YR AW (HA]R] 1, 2, 3 thAl)
19 | &% Class B ] YA 2L Class BO] &4rd x| Au (FRAYE =3l
20 | GlolE P33 T YRR 71R=2 flsll @A =2 slot
21 ol A1 A 2 AtoNS §I3t 1A o JHf Ex
22 g el tAR] ZIR=o] Qgh Afd R A7) mE e
23 a5 29 T U9 2E ols=of tigt A mefulEE 24
24 Class B A& A8 Class Bo] A" AA dojg 2 ol WA dlo]g
25 42 5% oA HAlA| 2t AROIA o A2 olAl HolHE A&
26 o %% olxl HAIA] g AROIA tHE FAIZ olRl golElg Ad
27 A7 AlS U tlAA] AR olA R E (AHH HAIA])
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X B a1 w A2 9] Payload 487] &E£Ak= 6719 HIE Fo= WHEE o
Mol HE oz WEE 1 Table 4914 Hod Ao wet on =
o B =wdAe 8-37 =7t e MMSI A H e} 61-115 HE7HA]

A= 8 Ax AHE eI

Table 4 Message type 1: position report class A

Number Field Length Description Member
1 0-5 6 Message Type type
2 6-7 2 Repeat Indicator repeat
3 8-37 30 MMSI mmsi
4 38-41 4 Navigation Status status
5 42-49 8 Rate of Turn (ROT) turn
6 50-59 10 Speed Over Ground (SOG) speed
7 60-60 1 Position Accuracy accuracy
8 61-88 28 Longitude longitude
9 89-115 27 Latitude latitude
10 116-127 12 Course Over Ground (COG) course
11 128-136 9 True Heading (HDG) heading
12 137-142 6 Time Stamp second
13 143-144 2 Maneuver Indicator maneuver
14 145-147 3 Spare spare
15 148-148 1 RAIM Flag raim
16 149-167 19 Radio Status radio
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Collection @ kmou

Message IAIVDM, 1, 1, , B, 16T68g2uPP009>0KTD4ud8A?vD2@6L, 0+38
Contents Description Value Description Value
Message Type IAIVDM AIS Channel B
Parameters Number of Sentence 1 Payload
Sentence Number 1 Checksum 038
Course Over
Message Type 1 211.6
Ground
Repeat Indicator 0 True Heading 511
MMSI 440124150 Time Stamp 10
. Maneuver
Navigation Status 0 ] 0
Indicator
Decoded
Rate of Turn 128.0 Spare 0
Payload
Speed Over Ground 0.0 RAIM Flag 1
Position Accuracy 0 Sync State 0
Longitude 35.088080 Slot Time-out 4
Latitude 129.076670 Slot Number 412
- 29 -
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Fig. 22 Process
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Fig. 23 Object filtering processing by selected horizon line
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Table 6 System environments descriptions

Device Description

Item Name Capacity | Quantity
Mainboard ASUS Z10PE-D16 WS - 1
CPU Intel® Xeon(R) CPU E5-2640 v4 @ 2.40GHzX20 - 1
GPU NVIDIA GeForce GTX 1080ti 11GB 2
RAM Samsung DIMM DDR4 Synchronous 2400 MHz 16GB 1
HDD WDC WDI0EZEX-08WN4AQO (02.01A02) ITB 1
SSD Samsung SSD 850 EVO (RVTO01B6Q) 250GB 1
AIS Samyung ENC Class B AIS-50N/AIS-50B - 1

Software Description

Item Name Version
0s Ubuntu 18.04 LTS
IDE Pycharm 2019.3.3

Framework Anaconda 2020.02

Language Python 3.6.10
Library numpy 1.16.1
Library scikit-image 0.17.1
Library scikit-learn 0.23.1
Library tensorflow-gpu 1.14.0
Library pandas 1.0.3
Library keras-applications 1.0.8
Library keras 2.3.1
Library opencv 2.4.1
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B omRoAq Ass FEA AEIEe A8e AWs7] AsiA SMDol A
Azd WA 4R 2 AZ PEe AT AW ALE dolEE 1172
Full-HD(1920x1080) ¥/Fo.&2 o]Fojzl 2,77270¢] Z#dS &83lo] Fig. 229}
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Fig. 24 An measurement method for comparing detected horizon line
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B =EdA Abste 8 AEVWHE 45 exer g4 oxts A U
o] o2 7|H e BlmA#E Table 73 o] 71&3tuct Ags Axe=
AA 22&E SEAcoR FAstY 23p&o wek 25", 500, 95" o=
H vlwatget ol¢} 34 Table 82 zF 7|Ho| WE A4t APLEEE vl ws}t
o] e

Table 7 Statistics of errors in ¥ and « for different methods

Percentile position error (pixel) / Angle error (degree)

Method (Y= Yam,‘”a’*a’GT‘ )
25" 50" 95t
Proposed 0.82/0.11 1.82/0.30 16.23/0.99
MuSoWERT[15] 0.54/0.11 1.49/0.29 8.17/0.88
ENIW[15] 1.82/0.30 117.81/1.10 224.48/4.88
Hough[15] 16.23/0.99 221.02/1.69 384.01/7.83

Table 8 Values of processing time per frame for different methods

Method Proposed MusCoWERTJ[15] ENIW[15] Hough[15]

Time(sec) 0.32 9.2 ~hours 0.3

BB Z@olAs MuSOWERTIIS) 7ol 7bg Hojd AR=g nalh. 8
A AAEE SHolA 9222 AR R A FYSES Bt 9@
%ol A Houghlls] 71%el 71 #ofuut o= ZddAs T4 2@
Ashe melth Ase SHA AE/ME 1R Hold HIEE Mot
MuSOWERT 7|%3} Mm@ o) 25 Qxpgo] £53 o] vs] &% 2w
L 888% WE 212 & ATk W AAsE FHA AE M) Hatetd
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Fig. 25 The line indicates the horizon detected by the proposed method
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422 3 AAAE AF 4 AF

2+ =woAde AdAE dadEd AdeEsrE ds AR=E-AdE

(precision-recall) A& 7[¥te =z 3 FH+ AL

b

(mean-average precision)=
Btk A =(precision)o] & AAAE dagSol s A=d AFrF A
EAE drbt AgetA et A=A YRt Ad S(recal)> A
Fow HEdoF & AAol st daEFo] SvEA HE

o, AZEdoF st W EAES dvtd & FotdleA o gk A
A ok

+ AA AX(ntersection over union, loU)Z A 2|3}e] Fig.

of Al AAZE AR AH BAGAL dareFol AFT BAGA

249} 2
AA A AEE ddste 7IEeE ASEY. AN Axs dadFel A
=3 AAle 9A AHEE vy EY FdoU threshold® ot =& A

AATS &3t AAN AEE UYehlE o A5 AAZA

X
oo
N

N,

B, 37 B, B F@ A4 WA ek F AASAT AAAE
pro WAooz HEHc
ol = Area of Overlap __area(B,N B,)
Area of Union » arga{'gv - Bc.' )
IoU < Threshold IoU > Threshold

[

Fig. 26 Definition of the intersection over union
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Table 9 Conditions of precision and recall

Name Description

True Positive 1 A&t A9l confidence score’} &&
(TP) 2| daw ANe 220t AYE WA (OF AAEE A)
3 A% ARG AANAS 10U} B guct 2
Aae AL 18 20E 3504 Rojol AET LrletA| 2
O e [ AEw el 2ea Aea 2N 6F S A)
2 A& AN BAGR oU7F 29 HET A

True Negative
(TN)

False Negative

(FN)
True Positive True Positive
Precision= ———— , Il =
TEASIONT "l detections fieca all ground truths @
1 E dass,APcl(z(s(ez
AP = /; pmt”p(r) dr, mAP= total number of classes ®
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+ SMD HolElE &8st fl¢t o] Hit AUEE 7|
A AEAHSLS H71E AP3 Fig. 25-(= HA dolEdA 2+ &
F AA & Y9 zE 793 Ao =Z, Vessel/Ship’ ®leo]E 7} <F 75%E 1A s}
= BXE HAY. dHolEe EF¥E sty B4 s Aol gstdd,
‘Ferry’, ‘Vessel /Ship’, ‘Speed boat’, ‘Boat’, ‘Sail boat’ Z&} 2ol thajA vt 2&
< APt o, AAH WA o ERFIE FHY2E UH APS 1Y

AT

150000

m Ferry
m Buoy m Ferry
v 1 m Buoy

100000 ® Vessel/Ship n Vessel/Ship
m Speed boat m Speed boat
m Boat m Boat
m Kayak w Hayak

50000 = Sail boat
m Sall boat ® Swimming person
B Swimming person w Fiying bird/plane
w Flying bird/plane = Dther

o

Other

(a) Objects type count per video in total values

0797 1448 1474 1484 1486 1582 1612 1626 1627 1640

(b) Test data set image size analysis

Fig. 27 Results and graphs of SMD analysis
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B =FoAA A dHleoly SMD+ F 1078 |4, 5,232 =9, 36,77970 ¢
Al el AAAES FHsAoH dA A7 A7E =g Hl

olfl S47IH3 1o mE AdFEAHAE =70 w
18g v A7 Table 109 dlolg F4&

B A
JEhaT

Table 10 Results of SMD detailed analysis

MVI Frames Labels
small medium large total
0797 600 399 391 468 1,258
1448 604 2253 2795 - 5,048
1474 445 890 3115 445 4,450
1484 687 Z 2061 687 2,748
1486 629 1604 1942 1887 5,433
1582 540 1620 3806 1054 6,480
1612 261 2249 265 2 2,514
1626 556 1602 392 556 2,550
1627 600 2104 2096 2 4,200
1640 310 1258 836 4 2,098
Total 5,232 13,979 17,699 5,101 36,779
AP A3 Table. 119) Aol AAHEY 712 SMD elolelvhg AL4d mdle) A
A B AUEE 87.94% AL HYgon, ZF dHolg =7A7|HES &85}
9g o, 217k 88.28%, 89.37%, 88.31%= °F 0.34%, 1.43%, 0.37% 39 %<
Belth =)o w2 =771 F medium Z7)E HolE XL AEFIS
o 7t & Aes BHHon, ol Fig 25-(b)et Zo] A dolele] AA =
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Table 11 Results of object detection in SMD

SMD Only Collage | SMD + Collage(S) | SMD + Collage(M) | SMD + Collage(L)
96.50 79.69 96.92 97.13 96.62
85.55 40.44 86.53 86.99 84.35
85.01 79.94 83.37 87.70 86.69
97.69 83.13 97.72 99.09 98.13
77.70 59.42 79.82 82.92 81.51
86.13 65.62 86.29 88.08 87.81
83.98 62.14 85.20 85.57 84.84
80.57 76.47 79.72 81.29 79.70
97.98 74.13 97.74 96.69 97.17
88.25 77.11 89.52 88.22 86.26
87.94 69.81 88.28 89.37 88.31
o|E Z7|d wE AFAAE GAs BHsH] s A9 HelHE =7 &
2 e 2Ydte 44 dese v A3 By AEEE vt 4
A3 71& SMD ol WS AE3F 7|3} v 2R S uf, large 7S AR
& A= F AolE HolA ko, small, medium =7]E &8st ZTF
Hole 4718 8l el olFo AL & 5 Avh A 23
< 22 Elﬂi dlolg F7ste] 25 2719 AAel ds) AF23 oF 1.11%,
X A7 dloly F4ste F3F & =719 Ao thal oF 0.98%, 6.24%=
5 @gol o] T AL olF B, BehF HolH FAIPL FEH AFAG
el AARE Asdol Mt F A8 Agste] dolHE F75
Fe W EaRFow HolHE S4Y F de As EHAdH. ol wE 482
= Table 129} #Zo] 7|=3th
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Table 12 Detailed results of object detection in SMD

SMD SMD + Collage(S) SMD + Collage(M) SMD + Collage(L)
Y small medium large small medium large small medium large small medium large
0797 33.22 82.93 75.40 34.50 78.74 87.95 35.62 75.35 92.93 34.59 77.92 86.98
1448 32.24 72.24 - 30.49 73.96 = 32.68 75.86 - 32.61 71.94 -
1474 10.69 77.52 26.06 10.37 74.13 23.80 09.12 84.71 17.27 09.71 83.20 21.61
1484 - 68.55 73.69 - 67.51 44.33 - 71.70 91.69 - 78.04 39.57
1486 32.42 22.27 40.37 31.09 22.66 44.14 31.47 29.94 39.32 29.48 26.64 48.14
1582 16.50 89.61 06.10 19.44 83.17 05.98 18.20 88.15 07.27 17.89 86.94 06.11
1612 76.06 15.80 - 76.12 15.55 = 77.27 15.88 - 79.36 15.94 -
1626 34.47 49.89 33.88 42.27 34.44 3528, 35.77 40.31 45.33 38.52 35.14 34.33
1627 46.30 84.67 - 44.67 88.92 - 44.30 90.66 - 45.34 80.35 -
1640 70.52 50.51 06.25 73.46 50.25 09.42 68.88 51.22 11.60 70.39 55.93 09.38
Total 39.16 61.40 37.39 40.27 58.93 35.85 39.27 62.38 43.63 39.77 61.20 35.16
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423 N2d A9 B A%

A 2-Elo] el A

9% 242 M IS
T%% dolHd Ads A%

W Rl hhintel A =R E HolHE 7]Hke
stk 32 dlelEE Table 133 Zo] % 1,032z Y] I 5412
Mel AAE x3dsta o, Table 4= AFZ2x4E Yehdd. Fig. 262
Table 13< 7I¥Fo = HolE & g z® AZ3ste] AT A& vERAT
Table 13 Results of the built data set analysis
] Labels
Video Frames small medium large total
C0022 516 1,548 2,064 0 3,612
C0030 516 0 517 515 1,032
C0048 384 0 384 384 768
Total 1,032 1,548 2,965 899 5,412
Table 14 Results of object detection of the built data set
S SMD+Collage(S) SMD+Collage(M) SMD+Collage(L)
MD
= horizon = horizon = horizon
63.28 70.03 66.68 83.04 90.20 70.87 68.31
61.97 80.54 82.40 93.56 95.45 98.65 99.09
37.37 76.06 96.44 92.50 96.87 84.42 94.56
62.63 75.29 74.54 88.30 92.83 84.76 83.70
3000
2000
m small msmall
1000 + m medium m medium
large large
0 - —|—. - g J
37 S o)
\r 48 I
& £y &
& & &

Fig. 28 Built data set test image size analysis
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Table 14 vebd A3} o] F7hE Hole] SMDREE AHE-3F A= 62.63%
of vls) At ETeF FHVIMES T8l dad EHe 8830%= Ho Y
=7F oF 25.67% Fsd AdE HAo E i Adbsts FHEA HEVHEE T
a 7 dde AASIS AT 92.83%=2 oF 453% Feste HETHOE HA
AEEE oF 30.2% S7Fkst™ Fig. 273 Zo] Yehdth ol Tl Adsts
7ol 48 SMDEW oy, WEZQ HolHAMNE F& Hee B F

A=e HERIT

Fig. 29 Results of object filtering processing by selected horizon line
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2 =AM Ajdste A BEERS T A oy HE AZ
3} A¥= Fig 283 #o] AEMoz BdHH Aldstes FHA HEHES 5
3 F=d FHAH HARE VR AAE FEHHT A FHs= AAe =
A IH Y ®J AASAE oz 2GR Y. AN HREES 53
AA ] BRE AAEEE7] felA YA FEStE AA BAZA 9% %
o sgelEdFAENE, 5, I8 AR £o2 5¥3t Yepdth o
o Adste 7IME E8sto] e Al FERe HEo ddEd A A

Fig. 30 Results of data visualization through multi-sensor data fusion
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