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Multi-scale visual detection for waterborne ship targets
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Abstract; The water transportation environment poses challenges in terms of complexity, making it difficult to
achieve clear and diverse visual target detection in water surface images captured by conventional optical cameras.
This difficulty is particularly prominent when detecting medium- and small-scale objects in visible light visual
signals. For the development of smart maritime applications, we proposed a multi-scale ship object detection ( MS-
SOD) algorithm to improve the performance of multi-scale ship object detection in complex waters. MS-SOD is built
based on the mainstream framework of one-stage object detection models. The convolutional block attention module
is embedded into its backbone network to optimize the ability of ship feature extraction. The shallow features with
rich detailed information are added to the multi-scale feature fusion network, and cross-stage-partial residual
structure is used to enhance the fusion mechanism of multi-scale ship object features. Additionally, a focal loss
function is employed to optimize the training process of the model, and an adaptive anchor clustering algorithm is
designed to optimize the prior anchor and improve the detection capability for multi-scale ship objects. Extensive
experiments are conducted on a self-built large-scale ship object dataset to validate the effectiveness and efficiency
of the proposed MS-SOD algorithm. Experimental results show that the accuracy of MS-SOD outperforms various
mainstream comparative methods on test dataset. Especially, compared with the YOLOv4 algorithm, the detection
accuracy of large-, medium-, and small-scale ship objects improve by 11.3% , 6.0% , and 10.5% , respectively.
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Tab. 1 Statistics of waterborne ship object dataset
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Tab.5 Comparison of detection accuracy
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Tab.6  Comparison of multi-scale detection accuracy for ship
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Tab.7 Comparison of parameter scales and calculation amounts

of different detection models

X ZH/100 GFLOPs Wi/ (Mi-s™")
YOLOv4 59.5 133.7 32
YOLOv5-X 88.5 220.1 23
MS-SOD 56.8 129.7 39

3.3.2  JRAbEEfAL
ASCER Y MS-SOD 5 YOLOv4 —#F 415 % 1

NMS i A B 2 XF K A 1903000 A 245 SR 00 45 0 35 , I
IR X TN [) — E A5 i T0 A o A 1 0 38 2o 158
TRIHEZ (8] S, , ARYERE 1Y S, B T 220 B A e
FEGERME, 27 Sy 8 T BUE, WA Ry 2 13 I HE A7 7
AT, K As o B BE AR A BOIAE | S22 WA
Sk 2 TRIMHE S BT T 2 AR Hbx, B, 3
FEATFAY S, , NMS X THAE A0 R A R] , B3R
R ZE AR, XK LA AN B PR gdi e, 7
SEE e — 2L AT T A MS-SOD BA BRI R
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HEALS

Hat
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Tab.8 Performance comparison of MS-SOD at different S, ; %

Stau Viar Varsy Vie, Var,, Var,
0.50 61.6 83.8 23.2 33.7 70.1
0.55 61.9 83.8 23.3 33.8 70.3
0.60 62.0 83.7 23.5 33.9 70.6
0.65 62.1 83.4 23.6 33.8 70.6
0.70 62.3 83.0 23.5 33.8 70.9
0.75 62.2 82.2 23.0 33.5 70.9
0.80 61.9 80.8 22.0 32.8 70.7
0.85 60.9 78.4 20.1 30.4 70.1
0.90 58.4 73.4 17.6 25.9 68.2
0.95 47.7 57.4 14.4 18.5 56.7

F 8 LEREM Y S, 0. 70 B, MS-SOD #.32:
IR V0 0 62,3, HAHEEF S, B 0. 50 A,
KRS VG307 0. 7% , MR H ARG 0K 1
HHT0.8%,
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3.3.3 JHALEE

h T 2P B E R LA MS-SOD A At
THRE T b B TH Al 52 56, BT XS 58 & Y MS-SOD A
Ao 2 B 4 > B (B CBAM, CSP-FPN-
PAN Focal Loss ,Adapt-Anchor) , #H 5 HiA4 5%, 4 AN
] ARG AS R | 34351 & MS-SOD-1 ,MS-SOD-2  MS-
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Tab.9 Results of ablation experiments

H CBAM CSP-FPN-PAN Focal Loss Adapt-Anchor Vare/% — Vae/% — Vap /% Vi /%
YOLOv4 50.9 13.0 27.8 59.6
MS-SOD-1 vV 2 2 58.8 18.5 32.9 67.4
MS-SOD-2 v vV vV 57.7 13.1 28.2 66.7
MS-SOD-3 2 2 2 61.1 20.4 28.1 70. 1
MS-SOD4 2 vV 2 60.7 20.8 28.4 69.3
MS-SOD Vv vV VvV Vv 62.3 23.5 33.8 70.9
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Fig.4 Comparison of visual analysis results of different models based on Grad-CAM
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Fig.5 Comparison of visible light detection results of different
models
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Fig.6  Ship detection process of maritime supervision platform
of Yangtze River
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Tab. 10  Statistics of measured ships
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Fig.7 Experimental results of ship detection ( Wuhan reach of Yangtze River)

5 #

SRy S bR 55 T 4% 2SR R N AE Y T
FUREE 2% 2 BARAa i Jr v i it 5% 5L Ak L £ 3 952
BT —AN R 8 A HE Y 22 ROBE K AR E bR L5 A
WIS, &7 12 S0 IE 7% 2 ROE M AR B AR
b= RER d A b= RSN 0 N 43 S 7 e S
B IEREFR bR YL T B AT A B ARSI S AR
R, AN, 78V, J7 T, BT 5 07 35 A 4 LY
YOLOv4 B3k HEE T 11.4% , Hrp 4 R H AR K]
R A AR BB T X T /N RUBE i H A A
PEREFE T, 43 3R 6. 0% F1 10. 5% , H X
A0 B AR AR e A T . S BLEIE,
ZRE L OGRS T RILIE R RS &,

HEAT T AHCHERE SN, BEAh , JE T2 0 S A
VT BAFE 2020 4515 J i EH bR e 80 [ B Bk R 9
Mo T — AR

(R AR SO BMAEEA L BN, % T/ R
JEE K AR AR A 8 A I A5 SRATE A i i s ) vl —
TR,

[1]7%H0F, MR, 26k
Si2E4i, 2016, 11(6) : 807

RO R RIVR 5@ 1], Bhe

YAN Xinping, LIU Chenguang. Review and prospect for intelligent
waterway transportation system[ J]. CAAI Transactions on Intelligent
Systems, 2016, 11(6) : 807

[2] GIRSHICK R. Fast R-CNN [ C ]//Proceedings of the IEEE
International Conference on Computer Vision. Santiago: IEEE,
2015 1440

[3] HE Kaiming, ZHANG Xiangyu, REN Shaoqging, et al. Spatial
pyramid pooling in deep convolutional networks for visual recognition
[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015, 37(9) ; 1904

[4] REDMON J, FARHADI A. YOLO9000: better, faster, stronger
[ C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Honolulu: IEEE, 2017 7263

[5]REDMON J, FARHADI A. YOLOV3; an incremental improvement[ Z ].
arXiv:1804.02767, 2018. DOI: 10.48550/ arXiv. 1804. 02767

[6]LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single shot
multibox detector [ C]//European Conference on Computer Vision.
Amsterdam ; Springer International Publishing, 2016 21

[7]REDMON J, DIVVALA S, GIRSHICK R, et al. You only look
once: unified, real-time object detection [ C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. Las
Vegas: IEEE, 2016: 779

[8] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature
hierarchies for accurate object detection and semantic segmentation
[ C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Columbus: IEEE, 2014 580

[9]5kE, Tohide, T RER. TREE= 70 H AR B K o i 7 A 2k
JeS B[] Qdﬂt;i‘&, 2017, 43(8) : 1289
ZHANG Hui, WANG Kunfeng, WANG Feiyue. Advances and
perspectives on applications of deep learning in visual object
detection[ J]. Acta Automatica Sinica, 2017, 43(8) : 1289. DOI.
10. 16383/j. aas. 2017. ¢160822

[10] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R-CNN ;
towards real-time object detection with region proposal networks|[J].
Advances in Neural Information Processing Systems, 2015, 28 91

[11]BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLOv4: optimal
speed and accuracy of object detection[ Z]. arXiv: 2004. 10934,
2020. DOI:; 10.48550/arXiv. 2004. 10934

[12]CHEN Zhijun, CHEN Depeng, ZHANG Yishi, et al. Deep
learning for autonomous ship-oriented small ship detection [ J].
Safety Science, 2020, 130 104812

(13T EML, WARA, TOrdE, &5, & T Uik 4 AR 2 0 2% (i A R

FEREGILT]. AT, 2018, 41(2): 41

WANG Xinli, JTANG Fucai, NING Fangxin, et al. Ship detection
with improved convolutional neural network [ J ]. Navigation of
China, 2018, 41(2): 41

(14138, X030, R, A5 T AT YOLOV3 YARAN H Ax
K[ ]. B, 2020, 40(9) : 2561



55

BN, A 2 RUBK BRI E AR SRR I - 113 -

NIE Xin, LIU Wen, WU Wei. Ship detection based on enhanced
YOLOv3 under complex environments [ J]. Journal of Computer
Applications, 2020, 40(9) : 2561

[15]LIU Bo, WANG Shengzheng, XIE Z X, et al. Ship recognition and
tracking system for intelligent ship based on deep learning
framework [ J ]. TransNav: International Journal on Marine
Navigation and Safety of Sea Transportation, 2019, 13

[16] SHAO Zhenfeng, WANG Linggang, WANG Zhongyuan, et al.
Saliency-aware convolution neural network for ship detection in
surveillance video[ J]. IEEE Transactions on Circuits and Systems
for Video Technology, 2019, 30(3) : 781

[17]KIM K, HONG S, CHOI B, et al. Probabilistic ship detectionand
classification using deep learning[ J]. Applied Sciences, 2018,
8(6): 936

[18 ]k, Bedetle, omuk. £ NEERHIE DCA flva i L ARARK: I
BB )], WEHLTR SN, 2022, 58(4) : 177
PAN Hui, DUAN Xianhua, LUO Bingiang. Research on marine
ship detection based on multi feature fusion interaction and DCA
[J]. Computer Engineering and Applications, 2022, 58(4) : 177

[19] HAN Xu, ZHAO Lining, NING Yue, et al. ShipYOLO: an
enhanced model for ship detection [ J]. Journal of Advanced
Transportation, 2021 1

[20] WOO S, PARK J, LEE J Y, et al. CBAM: convolutional block
attention module[ C ]//Proceedings of the European Conference on
Computer Vision. Munich: Springer International Publishing, 2018 3

[21 ] WANG Chien-Yao, LIAO Hong-Yuan Mark, WU Yueh-Hua, et al.
CSPNet: a new backbone that can enhance learing capability of
CNN[ C]//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition workshops. Seattle: IEEE, 2020 390

[22]LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature pyramid

networks for object detection [ C ]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Honolulu
IEEE, 2017 2117

[23]LIU Shu, QI Lu, QIN Haifang, et al. Path aggregation network for
instance segmentation| C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City: IEEE,
2018 8759

[24]LIN T Y, GOYAL P, GIRSHICK R, et al. Focal loss for dense
object detection [ C ]//Proceedings of the IEEE International
Conference on Computer Vision. Venice: IEEE, 2017 2980

[25]WANG C Y, BOCHKOVSKIY A, LIAO HY M. Scaled-YOLOv4 :
scaling cross stage partial network [ C]//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Nashville: IEEE, 2021 13029

[26]HU Jie, SHEN Li, SUN Gang. Squeeze-and-Excitation networks
[ C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Beijing: IEEE, 2018 7132

[27]ZHOU Xingyi, WANG Dequan, KRAHENBUHL P. Objects as points
[Z]. arXiv: 1904. 07850, 2019. DOI: 10.48550/ arXiv. 1904. 07850

[28 ] TIAN Zhi, SHEN Chunhua, CHEN Hao, et al. FCOS: fully
convolutional one-stage object detection [ C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision. Seoul:
IEEE, 2019 9627

[29]JOCHER G. YOLOv5[ CP/OL]. https://github. com/ultralytics/
yolov5. 2020

[30]SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-cam:
visual explanations from deep networks via gradient-based
localization[ C]//Proceedings of the IEEE International Conference

on Computer Vision. Venice: IEEE, 2017 618

(g wHZ)



