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1. ABOShips

2. Seaships

\

3. McShips
4. MVDD13
5. Singapore Maritime Dataset (SMD)
2) BiMeBERS
1. FloW (EZ¥NEIESR)
2. Water Surface Object Detection Dataset (WSODD #{iE£E)
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3. Marine Image Dataset (MID)

\

4. Multi-modal Marine Obstacle Detection Dataset (MODD 2)

Vd

5. Marine Obstacle Detection Dataset (MODD)

B

6. Sea Situational Awareness (SeaSAw) Dataset (B AXHIEHIEE, BRFE)
« = » > <

« =

Intelligent Network and Optimization Lab


#heading_0
#heading_5
#heading_6
#heading_15

EEE—————————.
ARRRAS MY L BRI L

Datasets for Ship Detection

Name Total Images Annotations Ship Types Included
SeaShips 31,455 40,077 6
Singapore 17,450 192,980 6
MCShips 14,709 26,529 13
ABOShips 9880 41,967 9
Number of Images and Annotations for Every Object Category
Class Images Percentage = Objects Percentage
. Seamark 3744 37.89% 7670 18.27%
/XABOShIPS& Boat 2034 20.58% 2913 6.94%
E% 7‘@@] & Sailboat 3842 38.88% 8147 19.41%
L Motorboat 4062 41.11% 7092 16.89%
JEEFLHKME  Passengership 2639 26.71% 1464 10.63%
SHRY KR Cargoship 157 1.58% 161 0.38%
= Ferry 945 9.56% 1046 2.49%
Miscboat 2797 28.30% 4642 11.06%
Miscellaneous 129 1.30% 200 0.47%
Militaryship 2559 25.90% 4128 9.83%
Cruiseship 1347 13.63% 1504 3.58%
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Detection Performance of Different Detectors on the ABOships Dataset

Method Feature Extractor APg APy APy AP
Inception ResNet V2 | 23.16 30.86 46.84 35.18

Faster RCNN ResNet50 V1 9.76 20.94 41.65 26.49
ResNet101 18.42 25.07 38.17 30.26
ResNet101 V1 FPN 21.39 31.18 42.07 30.03

SSD MobileNet V1 FPN 12.34 27.61 37.83 28.59
MobileNet V2 3.01 17.05 27.37 17.48

EfficientDet  EfficientNet D1 10.94 29.68 55.48 33.83

RFCN ResNet101 18.05 26.20 41.61 32.46
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1. Flow (EZ¥teNEiESE)

2. Water Surface Object Detection Dataset (WSODD #3E%)
3. Marine Image Dataset (MID) (/8= BirteNEIEE)

4. Marine Obstacle Detection Dataset (MODD)

5. Multi-modal Marine Obstacle Detection Dataset (MODD 2)
6. Sea Situational Awareness (SeaSAw) Dataset (8 KHIEE

RFHE)
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Dataset Dataset’s type Main categories Main

Weather conditions

Shooting time Images

environments

MSCOCO Generic 1 Sea Sunny Daytime 3,146
Lake Cloudy

ImageNet 4 Sea Sunny Daytime 1,996
Lake Foggy

Places2 5 Lake Sunny Daytime 6,514
River

Boat-types-recognition Specialized 3 Sea Sunny Daytime 1,462
Lake Twilight
River Night

WS0DD 14 Sea Sunny Daytime 7,467
Lake Foggy Twilight
River Cloudy Night

The main categories refer to the number of categories related to water surface object detection. The boat-types-recognition dataset includes many kinds of boats, which are all considered
as boat here. Similarly. Images in this Table refer to the number of images related to water surface object detection.
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rubbish rock
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Label Images Instances
Boat 4,325 8,179
Ship 1,832 3,423
Ball 652 2,609
Bridge 1,827 2,014
Rock 696 1,540
Person 357 695
Rubbish 461 669
Mast 177 354
Buoy 153 167
Platform 480 614
Harbor 1,211 1,224
Tree 72 219
Grass 103 110
Animal 20 94
Total 7,467 21,911
«F > « = <« = = 01%k G
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-Methad FPS mAP (%) APsgq
Boat (%) Ship (%) Ball (%) Bridge (%) Rock (%) Person (%) Rubbish (%) Mast (%) Buoy (%) Platform (%) Harbor (%) Tree (%) Grass (%) Animal (%)

DPM 4216 219 9 28 12 34 17 27 29 14 29 32 40 19 15 2

RANSAC-SVM  43.51 27 A1 1B 49 6 32 33 29 34 7 ey 31 27 36 23 20
Faster R-CNN 19.42 323 1 73 19 70 14 13 24 14 29 A 53 50 14 4

Mask R-CNN 17.79 357 7 79 18 a8 27 16 40 22 28 42 61 46 17 8

Cascade R-CNN 2056  41.1 6 82 22 9 3 19 42 34 31 37 67 63 38 12
TridentNet 10.16  B82.2 51 7 37 93 47 57 48 57 66 71 77 70 58 62
SSD 43.02 415 4 78 7 79 28 13 28 20 31 47 64 72 29 45
RetinaNet 33.84 279 54 73 12 62 26 18 20 T 17 28 31 26 4 11
Yolov3 4534  56.1 0 83 25 95 40 59 45 60 56 65 89 71 49 48
RFBNet 44 61 36.7 45 69 6 77 24 12 24 16 35 36 56 25 14 62
M2Det 4063  39.3 0 73 5 83 22 22 25 28 39 46 4 4 20 39
CenterNet 43.42 53.5 70 85 19 93 44 12 A4 20 46 61 82 73 48 53
EfficientDet 3083 313 50 75 14 49 26 20 21 16 30 41 25 58 12 0

Yolovd 4625 57.2 0 85 39 94 51 61 46 60 60 62 83 65 51 45
Yolov3-25MA 5046 569 0 84 25 92 47 62 46 57 85 69 88 73 44 54
ShipYolo 49.81 58.4 0 87 4 93 52 66 45 63 59 71 78 59 57 56
CRB-Net 43.76  65.0 0 90 69 9% 70 71 49 49 59 75 88 72 47 74

The last 14 columns show the APsg for each category on WSODD, The first two methods are traditional machine leaming method, the middle four methods belong to two-stage object detection method and the last nine methods are

dedicated to one-stage object detection method. . . " N
IRAEE LR KB ik HetE ]
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Method Year Experiment Datasets Results(mAP)
SSDD [33] 2017 1,160 2,456
SAR-Ship-Dataset [34] 2019 43,819 59,535
AIR-SARShip-1.0 [35] 2019 31 461

HRSID [36] 2020 5,604 16,951
RSDD-SAR [37] 2022 7,000 10,263
MSAR [38] 2022 28,449 39,858
SARDet-100k [39 2024 1,165,988 119,261

SARDet—100k 72 H BIs KRISAR B - M £ IR S
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Detectors Cpen Year MmALEeT
Source SSDD HRSID
Grid R-CNN [43] v 2019 88.9 794
Faster R-CNN [53] v 2015 89.7 80.7
Cascade R-CNN [4] v 2019 90.5 81.3
General
o Free-Anchor [87] v 2019 91.0 81.8
Double-Head R-CNN [72] v 2020 91.1 82.1
PANET [40] v 2018 91.2 81.6
DCN [14] v 2017 92.3 82.1
NNAM [7] X 2019 79.8 -
DCMSNM [25] X 2018 89.6 -
ARPN [89] X 2020 89.9 81.8
DAPN [13] X 2019 90.6 81.8
SAR HR-SDNet [70] X 2020 90.8 82.5
Detectors SER Faster R-CNN [37] X 2018 91.5 81.5
FBR-Net [20] X 2020 94.1 -
NRENet [44] X 2024 94.6 75.6
CenterNet++ [21] X 2021 95.1 -
CRTransSar [74] X 2022 97.0 -
SARATR-X [77] X 2024 973 80.3
Faster R-CNN + VAN-B v 2023 92.9 81.8
- Ship = Tank Bridge == Harbour ®m Aircraft mm Car MSFA (Faster R-CNN + VAN-B) v 2024 __97.9(+5;0) 8:_5_.7(+1.9)
«AF > 4« =Z>r 4= = @28\ -
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WaterScenes [TITS 2024]
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Name Year Camera Radar GPS, IMU Tasks Annotations Classes T Annotated Adverse Adverse

Frames Lighting  Weather
MODD [41] 2015 Mono - - oD, LS 2D Box, 2D Line 2 4,454 v -
MODD?2 [42] 2018 Stereo - GPS, IMU oD, LS 2D Box, 2D Line 2 11,675 v v
SMD [43] 2019 Mono - - OD, OT 2D Box 10 31.653 v -
MaSTr1325 [4] 2019 Mono - IMU SS 2D Pixel -+ 1,325 v v
MODS [3] 2021 Stereo - IMU OD, SS 2D Box, 2D Line 3 24,090 v v
MID [44] 2021 Mono - - OD 2D Box 2 Z2.635 v v
USViInland [19] 2021 Stereo - GPS, IMU SS. FS 2D Line 1 700 v v
FloW [27] 2021 Mono 3D - OD 2D Box 1 2,000 v .
LaRS [45] 2023 Mono - - 53, PS 2D Line 11 4,006 - -
MVDDI3 [46] 2024 Mono - - OD 2D Box 13 35,474 v v
WaterScenes 2023 Mono 4D GPS, IMU OD, IS, SS, 2D Box, 2D Pixel, 7 54,120 v v
(Ours) ES, LS, PP 2D Line, 3D Point

WaterScenes#iESE SEERFHIREMNXLL. ZESH. ZHREH. EAE
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0. ZIRSHERUES

BENCHMARK RESULTS OF PANOPTIC PERCEPTION ON WATERSCENES. IN THE MODALITIES COLUMN, C DENOTES THE IMAGE MODALITY FROM THE
CAMERA SENSOR, AND R DENOTES A SINGLE FRAME POINT CLOUD MODALITY FROM THE 4D RADAR SENSOR

Object Detection

Free-Space Segmentation

Waterline Segmentation

Model Modalities Params (M) mAP., mAP-oo. OA p Ok - FPS
YOLOP [70] C 1.9 68.0 42.6 99.5 99.0 67.6 72.1 50.5
HybridNets [71] C 12.8 69.8 49.5 97.2 98.0 65.3 69.8 45.8
Achelous-MV-GDF-50 [72] C+R 1.6 81.1 51.0 99.6 956.3 68.3 65.0 70.3
Achelous-MV-GDE-51 [72] C+R 2.8 83.5 54.1 99.6 99.4 69.5 68.7 69.6
Achelous-MV-GDF-52 [72] C+R 5.3 85.5 56.0 9.7 99.6 70.3 72.2 68.5

LB F77AEWaterScenesB#E&E £, 7 Z TS ERIRE
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WaterScenes [TITS 2024] (B 54DE L S Z S LEUIEE)
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