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Abstract

Underwater object detection has important applications in fields such as ocean exploration, ecolog-
ical protection, and underwater robotics navigation. However, due to the complexity of the underwa-
ter environment, including uneven lighting, interference from suspended particles, and low-contrast
images, traditional object detection methods often perform suboptimally in underwater scenarios,
particularly when dealing with noisy data. To address this issue, this study proposes an improved
model based on YOLOv7 for underwater object detection. We use YOLOv7 as the baseline model and
optimize its key modules to overcome its limitations in underwater environments. Specifically, we
introduce a vortex aggregation network module to disrupt noisy data, incorporating a spatial atten-
tion mechanism before this process to help the network better focus on important features and sup-
press irrelevant noise. To tackle the issue of potential information loss during downsampling, we
propose the Space-To-Depth Pooling (STD-MP) module, which converts spatial features into depth
features and combines them with max pooling for downsampling. Finally, we optimize the loss func-
tion. Experimental results show that our model achieves a 4.2% improvement in mAP compared to
the baseline model.
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Figure 1. YOLO-Vortex network structure
[&] 1. YOLO-Vortex M4k &4
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Figure 2. Vortex module structure
2. Vortex 18 RE5EH
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Figure 3. Vortex-Elan and Vortex-Elan-N module structure
3. Vortex-Elan 1 Vortex-Elan-N #8254y
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AR AR TR RIRE, EAEAEIRD HEROK T BRI, ATRES ZR I RSB AR TR E, TR AR
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Figure 4. SPDConv module structure
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T . ERRLIZRIS RS, 10U 85 B AR L FAE R 2K s 2, AFE SR TR AL R L. 7E YOLOVT 1,
KT CioU [17]. AEAILFAHERIHUR R HL . CloU $i R AMUEE & 1 FRIIHE 55 FUSRHE 2 [A1F) oV, BZR &%
R T A RO AU RE RS DL e e L ) — B o I IR RE 0 2 4R VT AL, B AR 68 TR M M AR 1kl FRAE )
P, T H s e AL ER Y. CloU AT A X T Frs.

L (x—xgl)2+(>’—ygt)2+av 13
lou — IoU 2 2
(W2 +H?2)
14
a= 14
Loy +Vv (14
W,
v =i2 arctan Y — arctan —2%- (15)
T h hy,
W, H;
Ly =1- (16)
wh+W,H  —W H,

Hp, o Z—MENIL HTXSEEAT T v RS REWERREL TIPS TINAE 5 L SHEAE 78
e EL E A — 2k (W, H) 2R TIRIINE 55 0 S HE 2 5 DX 0 B BE AT B 5 (w,h) A (wige, hge) 70 il AR TR HE
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Figure 6. loU between the predicted box and the true box
6. FUMAES ESLHER) loU
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MR 7R RE R BT . RSN, ARAE A S(15), HTRIHE 5 B SEHE K SEAH RIS, v BN 0, 4%
TR, X RIREAGEN; A4k, AR ERAR LIRSS, CloU B[ & B T & (8 A R Xk
PAMIZSEREA A R 20, DT R G AR 2 7 2 97 T 2 o

B, ASCRA] WloU [18]45 2% B HUR B 4K CloU 12k . WloU il —Fhafiats 3 5 i 5 A i B 2 1 2
SrBCSRNS, MRARFEAS R BB SRR, s AR AR I SE PR S,  [RI SRR AR T S AS A R (1
AN RABBEEFZNA, TR TSR A RS B2 5 bt . LAk, WloU T RE B 8 51N T XURER IHLS,

HitEA KXW N
Lwiou = Rwiou * Liou 17)
2 2
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(W7 +H?)

o, Rwiou 9 WloU FRIBR B R B A (W, Ho) 70 IR 7S fie it B R AR08 s * o 7y e, e i
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4. SEEE
4.1. WHESE

TEAH 5T, FATRH T TrashCan [19]% 4k £ 7 1) TrashCan-Instance it As >Rt 45 28 3547 I 25 R 3G AIE
ZAE A B H A ERUERRLA R RN JAMSTEC) & #, B4 K IET J-ED [20]%#i5 4 . TrashCan-Instance
Bt d 7212 sk %, Hob 6065 5K T%k, 1147 5kHTI0IE, s 22 25 HARAK, HEH .
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2T, EEMTHRAK T MR AEAEFD . N TGN A TR, AT R EET 1 ik
H, JEREITA AR R RNR RS 640 x 640, L ZEHREMINZE, BEWA ROFMEAEA K TN
SN IPERE, JREOREAEK T B AR IIAE S5 iz AL BE

42. XRIFERSHGE

SEICHIERE MR BAFK/ANN 16 GB, #RAE R %8 Windows 10 ] 64 7 LLAR, RS STHESLAE
F PyTorch 1.11, CUDA JfiAy 11.4, #mFEiE 5y Python 3.8. JIZRF, i\ KF K/NgE—H 640 x 640,
KSR E WL 1R,

Table 1. Experimental hyperparameter settings
F 1 LWESHRE

ZH 18
Ak SGD
i E 0.01
ESYE XA 0.0005
e 0.937
batch_size 16
epoch 300

4.3. SCBHTNIEHR
N EB I ARSCEVEAEK T BAs Rl o (e, A SLE6 K H ST 250K FE (mean Average Precision, mAP)
VERVEANFERR . mAP (BT A H AR50 35946 BE(AP)E II-F 348, 17 AP T2 38 i o 50k 1 % (Precision,
P)F1H 5] % (Recall, R) 2 [A11f] PR i 2% BTl BRI T A SR A 2019 . PR T ZR T I TIAREOR, RO R B RS K
P A AT
TP

P- 19
TP+ FP (19)
R-_'P (20)

TP+FN
AP =['P(R)dR 21)
N
AR
MAP ==L 22
N (22)

Hep, TP FonEMHME, ALK IEAEA IR TN N IEAEAS; FP Ron{RBHYE, TR ALE fORE A4S R T
NIEREA; FN R, A0 IEREAE 2 FI00  FORE A s N e 22 Fh 1 280 4.
4.4, SR FFHOELE

N T AEIASCH AR AL A R, BATRA 1 F ) AR S gt AT 3 B sie iy, A A SO S AT B H
BrAGHIU A5 LEAR 7] ) S SR SRR R ) ot £ _EHEAT T 1k RELL AR £ AT Bcdha 5 911 %5 200 > epoch J&
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W R BonERC g Roe. Hit, 300 4 epoch & LASERGNZRFE. % 2 R T AR BITERS R
(P). HIEIZE(R). mAP LU F It i [a] b ipxf g 5, Horpd 45 R C AR AR i

Table 2. Comparison of the detection effect of YOLO-Vortex with other models
< 2. YOLO-Vortex 5H AR B4 MBR LR

Model P (%) R (%) mAP@.5 Average Detection Time (ms)
YOLOv5 735 65.8 66.5 12.7
YOLOV6 [21] 73.1 66.3 66.5 21.94
YOLOv7 76 65 67.6 13.7
YOLOv8 73.5 64.4 69.4 12.9
YOLOV9 [22] 74.5 64.2 69.5 26.8
YOLOvV10 [23] 74.9 61.7 65.3 19.3
YOLOv11 79.9 60.7 68.6 211
AMSP-UOD 76.2 61.3 70.3 36.9
Ours 78 65.5 718 25.6

XL EE SRR IR, A SCHE H AR R A ARG RS B R €, Rt A2 1 S AR 00 ey 3 R R
YOLO-Vortex fEAGHiZR(P) A [\ 2 (R)FIT- 45 FE (MAP) L 5liE %] T 78%. 65.5%F1 71.8%, &EM TR
HHEIE, FEAZETE mAP J7Tl, YOLO-Vortex #HHEBEIEIRT T 4.2%, SCBLT RERIVEREIR . BEfAK
&, YOLO-Vortex 7E/K T HERKMAT S+, T3 2 R AR, 7ERCIIGHE B 5 R FE 2 1A U T R4
17F-47

4.5, RNEIBIAIEEB:

Wi 3 fizn, YOLO-Vortex BTE Z AN EIHERESSE T YOLOVT, JLILAEFI4KE 5 mAP@.5 il
FEHIR P SRS . BN, EHFRZEH “rov” F, YOLO-Vortex ] mAP #2151 1.6%, &< P #2
7 0.8%, HAEIFEREE T 10.3%. X5 “trash_cup” , YOLO-Vortex [f] mAP ik 0.973, &1L
T YOLOV7 1] 0.46, ZBHSIARAILE /N B An kil h 2 BT g 5Lk

IE4h, YOLO-Vortex 7E-F#i& i % 5 4 B2 77 1 B A H R IR /1. i, 7£38%5)] “trash_branch” I,
YOLO-Vortex [¥] mAP %% 0.832, T YOLOV7 ] 0.802. /L& Witk, FELFFIREHR P G R4
&), 40 “animal_crab” ) P {4 0.156, {HH mAP {5tk YOLOV7 &t 0.088, i H itk A 7F 5 2 15 5
TR TR .

BRI, YOLO-Vortex FEAEXHREE R 75 G 24 il 0 E BEARAE 158 Ak, 7652 44K R 3% 55 h B
e E LT YOLOVT.

4.6. jHRESELE

9T BRAIE SR R SR S 4 B Vortex. STD-MP K. WioU 45 2 i) fs 446 1t R 1 szma, 3%
114E TrashCan ¥ 45 3T 7O Sea, 45 RINE 4 Pron, HrRos (il s,

M 4 R LUE H, MEEHERT YOLOVT [ Elan F1 Elan-N BEHefl #5469 FRATHE HH (1) Vortex-Elan F
Vortex-Elan-N Bt )5, mAP M 67.6%32 7+ 69.1%, X EF/H 35T Vortex B Fe % 75 /K T M s 2155 vp 5
AR B H bRFFAE, NI SE i ASEE . BEJS, K MP BE #e )y STD-MP S, mAP M 69.1%:jd
— BRI 71.3%, KEPF Ty STD-MP Bk 1 M2 N KA AR P E B BRI, #t—23Tt 1
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sy

WET %

KR . &Ja, 51N WloU ik k%Ua, mAP #7+% 71.8%.

Table 3. Comparison of different categories

= 3. TRIEAHHIELE

ok YOLO-Vortex YOLOv7
P (%) R (%) mAP@.5 P (%) R (%) mMAP@.5
rov 0.914 0.96 0.943 0.906 0.857 0.927
plant 0.68 0.559 0.638 0.546 0.565 0.579
animal_fish 0.78 0.458 0.598 0.768 0.498 0.584
animal_starfish 0.888 0.699 0.752 0.902 0.747 0.789
animal_shells 0.527 0.525 0.509 0.445 0.541 0.49
animal_crab 0.156 0.429 0.327 0.17 0.413 0.239
animal_eel 0.658 0.643 0.623 0.611 0.635 0.585
animal_etc 0.843 0.554 0.612 0.791 0.569 0.602
trash_clothing 0.895 0.501 0.717 0.901 0.471 0.586
trash_pipe 0.859 0.905 0.891 0.913 0.929 0.92
trash_bottle 0.925 0.731 0.735 0.909 0.692 0.727
trash_bag 0.78 0.646 0.71 0.772 0.657 0.694
trash_snack_wrapper 0.873 0.412 0.421 0.915 0.412 0.421
trash_can 0.988 0.853 0.92 0.948 0.849 0.897
trash_cup 1 0.388 0.973 0.86 0.25 0.46
trash_container 0.827 0.816 0.887 0.863 0.792 0.888
trash_unknown_instance 0.748 0.685 0.696 0.745 0.698 0.701
trash_branch 0.866 0.824 0.832 0.845 0.765 0.802
trash_wreckage 0.878 1 0.978 0.892 1 0.966
trash_tarp 0.625 0.484 0.516 0.672 0.548 0.559
trash_rope 0.782 0.743 0.74 0.718 0.704 0.704
trash_net 0.674 0.697 0.775 0.631 0.697 0.744
Table 4. Module ablation experiments
4. ERIHR LI

YOLOV7 J ol v V

Vortex \/ V \

STD-MP ol V

WloU V

mAP@.5 67.6 69.1 71.3 71.8
Average Detection Time (ms) 13.7 24.0 22.7 25.6
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T B BT AS SO S A IR, R B A BB K N, X YOLOVT BA R FRAT]
ootk JS R 43 YOLO-Vortex AT, ZRuE 7 Frx.

animal_storfish 0.81
é rov 0.96.

animol_storfish 0.83 (;r

animal-starfish 0.87 g.81 r

Figure 7. Comparison of detection results: The first line is an example of a YOLO-Vortex detection result, and the second line
is an example of a YOLOV7 detection result

7. WMLERELEE: 5—1TH YOLO-Vortex #M4E R KB, =17/ YOLOV7 #&MLERR 5!
5. &i

ARSCHRH T — At YOLOVT /KR HARKS N SRE,  RERS SN AER LRSI /K T B Fn . i3 2t Elan
B MP BEH LR 5T\ WloU 451 BR %, M58 1 R FE MR P A5 R R AR AR A SR BRE 0 250t Jim 1) B304
LR YOLOVT, KrlllAE 4R TT T 4.2%. FEARRITAES, FATK L T KT BRI 5ER, DIEREBL 5 &
MR, B PRI . FIRE, RIS KR SERH AR I i e AL S, DL S R
AR, ST .
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