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Abstract: To address the challenges posed by environmental noise, complex water surface target distributions, and

the blurring of small-scale features in water surface target detection against complex river backgrounds, this paper
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presents UltraWS, an enhanced water surface target detection algorithm that integrates multi-scale features and
attention mechanisms. Firstly, a spatial attention module and multi-head strategy are incorporated into a standard
detection network to fuse multi-scale features and improve the detection capability of small targets. Secondly, the
UltraLU module is introduced to enhance class activation mapping and reduce the influence of environmental and
distribution factors on target detection. Finally, a Tucker tensor decomposition method is applied to achieve model
lightweighting, enhancing model interpretability and inference speed. Experimental results demonstrate that the
proposed UltraWS algorithm improves resistance to background noise, enhances small target detection, and
achieves a balance between detection speed and accuracy suitable for edge deployment requirements. On the
WSODD dataset, the algorithm achieves the highest mAP value of 84.5%, outperforming other mainstream
methods by a considerable improvement. This proposed algorithm, coupled with the established channel safety
inspection system and evaluation method, contributes significantly to the advancement of intelligent river
transportation.

Keywords: water surface target detection; attention mechanism; class activation mapping; tensor decomposition
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Fig.1 Waterborne target images perceived by unmanned surface vessels

Ry LB A A R R AT O R BB AL RN, AR 2228 W AR R T UMY BRI RS TR B B B bR A Uy ik
T XU BE A H BRI 5 7 L R-CNN™ (regions with CNN features ) ¥ il 9 28 4 48 2 |, 1% 7 1k 76 A6 ) 1 78 v 18
T R R DXl B A > B3 A R AT |, 0 28 HE 38 Ak i ST B CNINGELE HE 7 40 25 00 . R-CNIN R 2% HL 5k
iy E A A s R i B AR R B8 7, 38 3 22 B B 2t R 4 AL 1 s B oA 0 B bRk DU P e L 0 HGE T IV
AREGHEE BT B E A A I ) 2% D % AR SR AR R AR L R 1 2%, YOLO™ (you only look once) 7 D) K Ak
23T YOLO 1 % 82 SR A R s AR A 380 2ok %k g AL PRI v g A 7 8 48 77 A — A 181 280 a 1) 900 245 2R ) I 5 B



116 TR KF FR % 47 %

H b5 4 28 RO & [B1IH AN 75 28 578 i Ve AE A8 iUt B . YOLO M6 15 2 H b A 0 52 0 7y P 36 45 - 1) S i 4
i YOLO B8 75 R4 b P A I 22 4> AR R i HE T S0 052 A, n 8 30728 S RO A 425 2) o Al
PR+ YOLO RE % 78 A4 8 1 0 1 90 482 T G 00 22 AN ] SR /N IR 88 F AR5 3) 7 B 2% : YOLO B4 199 2%
SR RH X B, B T UG RS (ol A 2% A S BT A IR b B s g 1

FE K T BRAG  AH DS 58, BBl ST TR AE A I A L TE R A 2 RO RS2 B T I L
T T N A o ROR BTN BE Sy o T — TSROV X K Tz 38K I 1) AL B T YOLO v3 % sk T/ F
PR BRFAE A B o AR A SRR T R T 2 R S X — Bk o ) B K T H bR AR N Rk R TR MR e A
FR AR VE AR AS i 4005 A T AL, i o TE b TE AR AS v F AR 4R O A AR o ¥ A5 P9E T YOLO v3 [ 45 il 5k 2 %
EREBR PR T T K FAR AR DNORS BE o SR T SRR O Rl G I S £ R R 9 K T H AR BR AT JE . Boveon
SRR T T AR 0 A O I i T O S B A A B K RO B RN AR AL M 4 o Zust SRR B WF ST
5553 Mo 3 T R v I B A A A 0 5 R 2%, A RO B I A AR T A

AW FENS 2237 5 02 22 W5 S5 9K T F RS AS AT 55 2R A7 20 B o RT K TED F AR A I A 55 Hh A7 7 R 58 Mg 7
Chn s KA OEIR KU AR B W K, H AR S W S SCBR AR /), A o3 A B DL S B 2 (o - 5 4R O A EE
B oA M B oA ) A )RR, 22 09 05 12 T0 R A RO T 2 A B F RS BEAT VR U o AL, R AR A A
RIS R0k R, R T R, S BORE W LI TR, LG I A 3140 i 1 4 E AT R, ROK BELAS o A 4 REFL Y

T [ AT AL 38 22 4 3R 8 7K THD AR AG WA 55, B %S 7K THT PR35 8 75 O | s R A X L B, 1500 42 1 — il
Rl 22 RUPRE R AR 1 T T AL, 39 50 A YRI5 ) I T I AR A I B, BRAE UltraW S 3005 o 5 IA TR SL AU K
I 246 b BT R B 2 Sk SR, Bl A 2 N R AR B A RO AR R BE ) o WF ST R
UltraL U #5E B 3 56 & 000 BRI, /N R38R 3R 5 70 A TN 3 R A I F AR OS2 . AT, 366 T D0 A\ BE 34 35 R R 34
GALERE B, BT B AT Tucker 5K 5 23 A, 49 55 DA AT A G D0 S Y ) T figp 8 P 5 #fE LA R S LA TR
il SCH AR, BORMERE T 21 AT T2 S 0A AR LU IR S, T R Y A SRk B T A A ) R R R 0 4y
PR SR o PAURT [ A 00 28 7 3K B A S P SR [ I, 0 RO el A, S BT A 30 g TR Y AT
A A AT K D H AR G I 550k 1) SR Ak b, 0T T8 K T PR - 9 A 4 4 BRI QB P R AT 0 A L AR T AT
1 22 A S (9 BEAL T Uk

1 UltraWS 7K HE B frte M & &

h S22 5 S A N SR T B KD R AGE I A 55, T % 0 A RN ) K THT 490 AR o A AT TR O3
Br, $2 10 UltraW S 7K T B A 4G I 5532, B AR SR AE 2R N 2 P, B A0 5 3D R 40— 20 ke gk M AL 9 H s
R 9 2 5 25 20, 32 Ultral U BB HE A7 3000 WS 389 56 5 55 =28, B3t Tucker 5K 70 fff B2 30 Ak H A A 00 45

________ Wk EARNS | O UnaLUBERERGRME

I | |
I
| : :
I | |
Head : : |
| I
ing | :
I
i I !
I | |
e e et e ettt L 1
________________________________ 1: P
[1boat10.92 | :
O boat20.91 | ! 5. |
O boat30.87 | fwm!
[J ball 10.80 | 1 Dy
1 cnf
U ball 2074 ! i
[J rubbish 1 0.74] | els

LTHEAE S

2 UltraWS 7K B #54 &5 B HE S

Fig.2 Framework diagram for ultraws waterborne target detection algorithm
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Fig.3 Architecture diagram of improved object detection network
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Fig. 4 Architecture diagram of attention module
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Table 1 WSODD data set
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Fig. 8 AP values for algorithm across different categories
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Table 3 Performance comparison table of algorithms %
WSODD # ¥ 4
RS PEAH 48 75 Precision Pl 5 A5 Recall TEARFE 5 F1/% PEAL H8 H5 mAPe™
YOLO V3 67.19 70.33 68.72 67.12
TridentNet 73.57 64.97 69.00 69.33
CenterNet 70.72 61.14 65.58 63.31
YOLO V4 71.30 68.29 69.76 71.69
GiraffeDet 77.41 72.08 74.64 76.52
YOLO V5 79.51 72.17 75.66 75.13
ShipYOLO 77.68 76.11 76.88 77.22
YOLO V7 80.89 76.92 78.85 79.91
Our Method 85.56 78.63 81.95 84.50
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Fig.9 Performance comparison graph before and after algorithm improvement
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Table 4 Comparison table of tensor decomposition before and after improvement
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Fig. 10 Physical Illustration of NVIDIA Nano computing platform
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Fig. 11 Partial Illustrations of safety hazard object detection task

Bt XL PR A A RRAS TR 51 AR AR NN B AR BRI AR 24 R T BRI A B R S R AR @ﬁﬁﬁn
18 2 4 RS 5 MR A3k o e ad PRI A 22 4 38OKS: B oK T L AR A I B30 3, ok PR 9T AT A T A 122 4 KU Bk
YU Bl VT 2 4 DK o X AN TR AL T 2 e AR, 1 R A7 XURS: TP A 8 2 A i ﬁé#q&,ﬂ"ﬁjﬁ%%m@
A B

4 & it

BEXT 22 4 50 0 2 TR S R K TR H AR RS AT 55, 328 1 UltraW'S 7K I H AR ARSI B33 o 120 300 7 B 78 4G
W2 b as (] B e 5 2 3SR L Bl G i  ) 5 2 RUEERRAE , B2 5 A LN AR B9 R I RE ) o Ry ok
JINFR B[R 2R 5 43 A DR 26 X0 ARG T A5 2R B B ), B i 4R UlleralL U ASE B 396 58 I 500 Bkt 55 T 1) G A M 9 855 B 0 540
AT E B BT T X AT Tucker 5K it 43 fif , 14 55 TR B AG DU ASS Y ) T fire R M 4 B R, ST RS
RS gl

S 45 R W T UltraW S ZK T H A5 A DU 58 0 BAT R4 09 248 4 e 8 H AR U S5 4 A8 0, 52 3K T v
TE 4 4 B BRI f) 22 25 F AT g B PEAE 2R . 7 WSODD %4 4 - UltraW'S 577 32 B0 HH 45 1y 1k B, BUAS 84.5% 1)
mAP f 5 B o i UltraL U B8R 82 5 7 5005 0 39 5t W s (0 0 T4 R ), B0 e i 4 0 H b o 2B 8 48 o 38
T T 105 TG L A W0 S8 R VR R A S T R o RATC A D A ST A 22 A A A R R T AR S A B A
TEN AR b LR B BRI Z 2K R . KRR REEAR T ENCEL WG REET R T, i~
SR FEVEAE AN [F) ) 55 1) 5 e 1k AUz AL

S % Tk

(1] s el T A S TE /9020 44 A8 (7). /K08 T2,2017(11):7-11.
Yang J Y, Huang C. The preliminary conception of the smart waterway in the Yangtze River Estuary [J]. Port & Waterway
Engineering, 2017(11):7-11. (in Chinese)

[ 2] W], i ALiE 4G JCZ AR 12 R GE B [7]. 807 3R 5 9 1,2022,40(02):183-185.
Shi M. Design of 4G wireless video monitoring system for inland waterway [J]. Digital Technology and Application, 2022, 40
(02):183-185.(in Chinese)

[ 3] RUIF . EAGRAL BB TE AN S AT 72 09 B H (1] AR R 240K ,2019,41(08):187-189.
Zhu M X. Application of image processing technology in ship navigation [J]. Ship Science and Technology, 2019,41(08):187-
189.(in Chinese)



%4 AEERF e AR ALE KA ey K\ B AR AR Sk 125

[4]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

T SRAR SR T ML A WL 1 s 10 B S s O U R SR [9). P K (R 2 ),2015,15(11):138-140.

Wang X, Zhang G R. Port container unloading location recognition system based on machine vision [J]. China Water Transport
(Second Half), 2015, 15(11):138-140.(in Chinese)

JUE SR R P AE TR A 2R TR B 5 R R R B T SO A B AR RN 5 R [0, P A E 5E,2022,17(01):227-234.

Yan R H, Xie H C, Hua M L,et al. Wide-area ship target recognition based on motion and appearance feature method [J].
Chinese Ships Research, 2022(01):227-234. (in Chinese)

SR Z SO I IS L T 0 Rl R X 48 1) AT AT R R T Bk (3] 1T S AL TR 55 0 ,2021,57(15):251-258.

Guang R Z, An B, Pan S D. Ship detection algorithm for aerial photography Channel based on frameless network [J]. Computer
Engineering and Applications, 2021, 57(15):251-258.(in Chinese)

Zhou Z, Sun J, Yu J, et al. An image-based benchmark dataset and a novel object detector for water surface object detection[J].
Frontiers in Neurorobotics, 2021, 15: 72333.

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. July 23-28, 2014, Columbus, OH, USA:
IEEE, 2014: 580-587.

7R 2R T BUMRSE X &M, 55 . 3% T Faster-RCNN B (1) 38 38 b 25 Kz il 58235 [J/OL]. 35 MOR 2% 2% # (T2 2% W): 1-10[2023-09-01].
DOI:10.13229/j.cnki.jdxbgxb.20230553.

Li X J, Quan L Fi, Liu D M, et al. Improved traffic sign detection algorithm based on Faster-RCNN [J/OL]. Journal of jilin
university (engineering science) : 1-10 [2023-09-01]. (in Chinese)

W5 R S e, A 2 ROE RRAE R AL [ T 72 0 (9 Faster-RCNN /K 38 557 3 R 51 [I/OL]. 35 AL FH : 1-8[2023-09-01].
http://kns.cnki.net/kems/detail/51.1307.TP.20230613.1820.004.html

Jiang Z J, Wu B J, Ma L, et al. Faster-RCNN identification of floating garbage with multi-scale features and polarized self-
attention [J/OL]. Computer Application: 1-8 [2023-09-01]. HTTP:// http://kns. cnki. net/kcms/detail/51.1307.
TP.20230613.1820.004.html. (in Chinese)

E BRI R A, S T 80 Double-Head RCNN (9 JE A LT 1 A 15 /0y H AR A I 532 325 [J/OL ). b 5 it 28 AL K K 2 2%
#2:1-10[2023-09-01].DOI1:10.13700/j.bh.1001-5965.2022.0591.

Wang D W, Hu L C, Fang Jet al. Small target detection algorithm of UAV aerial image based on improved Double-Head RCNN
[J/JOL]. Journal of Beijing University of Aeronautics and Astronautics : 1-10[{2023-09-01]. DOI: 10.13700/j. bh. 1001-
5965.2022.0591.(in Chinese)

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. June 26-July 1, 2016, Las Vegas, NV, USA: IEEE, 2016: 779-788.

XU X 2505, X0 R AR . 1] &2 2% 38 3% H AR A () YOLOvS B3k (R AL WF 58 [J/OL . 1 B ML T RE 5 i A :1-11[2023-09-01].http://
kns.cnki.net/kcms/detail/11.2127.TP.20230629.1435.002.html

Liu H, Liu X M, Liu D D. Optimization of YOLOVS5 algorithm for complex road target detection [J/OL]. Computer engineering
and application: 1-11 [2023-09-01]. HTTP: // http://kns.cnki.net/kcms/detail/11.2127.TP.20230629.1435.002.html.(in Chinese)
X D75 2 i B R R T BCHE Y OLO v4 By A 5 HAR TS PR ZL SIS I 7 7k [0]. AR Ml WA 27 41,2023,54(02):240-248.

Liu G, Feng Y K, kang X. Thermal infrared video detection method of pig ear root temperature based on Improved YOLO v4
[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(02):240-248.

i R SR AR E AR TR ) A A BB B I B R SR IS (D). T R OR 2 2 417,2022,45(07):103-111.

Zhang T F, Ran B D, Wang K. Image detection and recognition algorithm based on pressure vessel crack research [J]. Journal
of chongqing university, 2022, (7) : 103-111.(in Chinese)

WL, A5 . 2 N RHEAE YOLO 8332 v i B T WF 58 [J]. 1 7 0 4 5430 &% 24 41%,2021,35(06):96-101.

Xu X G, Li H. Multi-scale feature in YOLO algorithm application [J]. Journal of electronic measurement and instrument, 2021,
35 (6) : 96-101.(in Chinese)

FERPT SRAIAG X HHG A5 T ) A2 A PR e 49 2 T RS DN £ 4 5 9% DCN-YOLO[J]. 35 /L T2 5 1 1,2023,59(15):
318-328.

Lu J Z, Zhang C Z, Liu S Pet al. Lightweight DCN-YOLO for strip surface defect detection in complex environment [J].



126

TR K F F IR %47 K

[18]

[21]

[22]

[23]

[27]

[28]
[29]

[30]

[31]

[32]

[33]

[34]

[35]

Computer Engineering and Applications, 2019,59(15):318-328.(in Chinese)
BN Z e KRS IR L-YOLOSE M T 42 a3 G 11530 1) S I 8 3 A ARG I RS L (0] 1B AR 27,2021,48(01):89-95.
Shan M J, Qin L F, Zhang H B. L-YOLO: real-time traffic sign detection model for in-vehicle edge Computing [J]. Journal of
Computer Science, 2019,48(01):89-95.(in Chinese)
HNPBLAR TN R BN AR WA R R 22 RUBE R AIE B B OKCTET /N B BR AGI [J]. A3 2 AN 3R 27 41k, 2023,44(01):
212-222.
Tong X Z, Wei J Y, Su S J, Sun B, Zuo Z. Multi-scale feature fusion attention and typical surface of small target detection [J].
Journal of instruments and meters, 2023, 44(01): 212-222. (in Chinese)
T— R D PR T 5F SPMYOLOV3 (/K & 3% H An Al [1]. 113801 &R 5 67 FH,2023,32(03):163-170.
Wang Y Z, Ma J Y, Luo X, Wang S Z. Surface waste target detection based on SPMYOLOv3 [J]. Computer System
Application, 2023, 32(03):163-170. (in Chinese)
0 1R Akt 2R M IR 7 R . 22 A 1 5 S — Bk A 2 109 2 B K T E AR A (D). R Tl K 2 4 4,2023,55(04):107-114.
Feng J J, Li B, Tian L F, Dong C. Semi-supervised surface target detection based on multi-view cross-consistent learning [J].
Journal of Harbin Institute of Technology, 2023,55(04):107-114.(in Chinese)
TR SRR AR AR T 1S VA A R 0 A KT B A I 5K [J/O L. A8 Hh B R 5 2 4 (1 SR 27 i) 1-8[2023-05-25].
Feng H, Guo J D, Xu H X. Water surface target detection algorithm for precise target location [J/OL]. Journal of Huazhong
University of Science and Technology (Natural Science Edition): 1-8[2023-05-25]. (in Chinese)
JEL i R ), A 5 2 T IR S AR B R ) TN BE K TRT AR A I R 2 (], L 5 4 8 2 41, 2021,43(06):1698-1705.
Zhou Z G, Jing C, Wang Q L, Qu C. Surface target detection and tracking of unmanned craft based on spatio-temporal
information fusion [J]. Journal of Electronics and Information Technology, 2021,43(06):1698-1705.(in Chinese)
Bovcon B, Kristan M. A water-obstacle separation and refinement network for unmanned surface vehicles[C]//2020 IEEE
International Conference on Robotics and Automation (ICRA). May 31-June 4, 2020, Paris, France: IEEE, 2020: 9470-9476.
Zust L, Kristan M. Learning maritime obstacle detection from weak annotations by scaffolding[C]//Proceedings of the IEEE/
CVF Winter Conference on Applications of Computer Vision. June 19-23, 2022, New Orleans, LA, USA: IEEE, 2022: 955-964.
Woo S, Park J, Lee J Y, et al. Cbam: Convolutional block attention module[C]//Proceedings of the European conference on
computer vision (ECCV). September 8-14, 2018. Munich, Germany: Springer Science+Business Media, 2018: 3-19.
Xu B, Wang N, Chen T, et al. Empirical evaluation of rectified activations in convolutional network[J]. arXiv preprint arXiv:
1505.00853, 2015.
Redmon J, Farhadi A. Yolov3: An incremental improvement[J]. arXiv preprint arXiv:1804.02767, 2018.
Li Y, Chen Y, Wang N, et al. Scale-aware trident networks for object detection[C]//Proceedings of the IEEE/CVF international
conference on computer vision. October 27-November 2, 2019. Seoul, Korea: IEEE, 2019: 6054-6063.
Duan K, Bai S, Xie L, et al. Centernet: Keypoint triplets for object detection[C]//Proceedings of the IEEE/CVF international
conference on computer vision. October 27-November 2, 2019, Seoul, Korea: IEEE, 2019: 6569-6578.
Bochkovskiy A, Wang C Y, Liao H Y M. Yolov4: Optimal speed and accuracy of object detection[J]. arXiv preprint arXiv:
2004.10934, 2020.
Jiang Y, Tan Z, Wang J, et al. GiraffeDet: A heavy-neck paradigm for object detection[J]. arXiv preprint arXiv:2202.04256,
2022.
Zhou F, Zhao H, Nie Z. Safety helmet detection based on YOLOvV5[C]//2021 IEEE International conference on power
electronics, computer applications (ICPECA).January 22-February 4, 2021. Shenyang, China: IEEE, 2021: 6-11.
Han X, Zhao L, Ning Y, et al. ShipYolo: an enhanced model for ship detection[J]. Journal of Advanced Transportation, 2021,
2021: 1-11.
Wang C Y, Bochkovskiy A, Liao H Y M. YOLOvV7: Trainable bag-of-freebies sets new state-of-the-art for real-time object
detectors[J]. arXiv preprint arXiv:2207.02696, 2022.

(%% & M)



