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Floating object detection algorithm based on improved YOLOvS8 model
ZHAO Congzhao

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056000, Hebei, China)

Abstract: Floating object detection on water surfaces is a crucial task for preserving the ecological environment of water bodies.
Challenges such as variations in lighting conditions and water quality can result in issues like high false—negative rates and inaccurate
target categorization. To address these challenges, an improved algorithm for detecting floating objects on water surfaces based on
YOLOVS is proposed in this paper. Firstly, the algorithm incorporates the Receptive—Field Attention mechanism to enhance the
capability of extracting features at different scales. Subsequently, the standard convolution in the C2f layer is replaced with the
DSConv to boost the computational speed of the model. Finally, the Slide loss function is employed to make the model pay more
attention to challenging—to—identify objects. Experimental results demonstrate that the improved algorithm achieves a 3. 3% increase
in accuracy (mAP@ 0. 5) compared to the original YOLOV8 network, reaching 85. 1%, with a parameter growth of less than 1%.
The enhanced algorithm exhibits strong generality and generalization capabilities, making it suitable for monitoring under varying
lighting and water quality conditions.
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Fig. 1 YOLOVS algorithm model structure
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Fig. 2 Improved YOLOVS algorithm model structure
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Fig. 3 Overall structure of RFAConv with 3x3 convolutional kernels

RFAConv H' Y 52 B W 37 FRAE AR B2~ 1
JIEIT LI R 4R B (H 5 A IO R AE HL
ATRESFEHSMYIATIT  8 T /MBI
SRR R FPE A (AvgPool ) K R A R 21K
YRHE R 2R 5 8 M 1x 1 ABERERRZ HAS
B IR 5 IH — A 35 B8 pR Ei (Softmax ) R 5 4 45
WHFHE TP AR IE R B SR, F o2l i
HERE AP A, AR 7S AR AR
B, REA BGIHRAT AR N

F = Softmax(g"' (AvgPool (X)) ) x

ReLU(Norm(g"*(X))) =A, XF, (1)

Hrp, F AR RFA BETS 200 RP1E &1,
2 T RS2 B A ()RR, O i v A T AL R A
TAFRHER N ¢ R KNI b x k54
BBk R ETFIZ AR/ Norm F£xIH—146;X 3£
TN AL
2.2 SHBAER DSConv

3L A L DSConv J&—Fh & FUZ A2 14 H
AT DA B AR v i 22 0 2 204 v O S IR B Y
AEfT PRI 5 ()TG3 TR, T DA 8 s M A BRI A7
E RO | FARR 1B T

DSConv FIHE 22l 41 1] 4 Jif 7, DA TEL 4 AT %0,
DSConv J& AL A3 A7 (5 B8 RARA A BT R 0 T
%, DSConv ™1 P4 /> #B 73 £ Jili: nl 22 b N #%
(Variable Quantized Kernel, VQK) 1437/ #% ., VQK
SURAEAA AT AR 38U, /E 0 DSConv AL 2 411
— iRy A B T S AL IR TR, A

PEFSHY H IR VOQK 1Y, AR if 45 B
()53, iR B8 4 ORI B AR 38 A P 5K o
SCPR BN N A 43 A B aL %% ( Kernel Distribution Shifter,
KDS) Fl3# 15 43 41 #4v #% ( Channel Distribution Shifter,
CDS) ., KDS #i5i#3) VOK 4 A iy 7341, il CDS
M7 5385 s d N T Y oA

KDS Expand KDS
(K.K) (K.K)

RES
(BLK,K,K)
VQK
(BLK,K.K) DS B
Original
(1,chi,
K.K)
KDS Expand ~ KDS
(K.K) (BLK,K,K)
RES
(BLK,K,K)
VQK
(BLK,K.K)

4 Dsconv {EZE[E

Fig. 4 Dsconv framework diagram
il DSConv , B 1 K /N AT Ly /b 21 45 K
NI RSy, SEBREER B A AT il Al
TR BAE IS & AR N T SR A A T
FI RIS, RERS AL IR S AR AR . 0I5k
20 AR 5K IR DR R R R B 1Y
B, A BRI T — N U, AR5 X X L e R AT o
PRAREE B~ ENAFTT 2Tl PR
8§
_ b EBE

2 C (2)

p



57

ERHEA ;BT RRE YOLOVS AR A ) 7K T 5 P 4 G 472 115

Horp ¢, R IE S, b AR B S50k
B
2.3 EBNK Slide Loss

P51 2 R BOR A H ARRL T 5 S BR H bR 22 1) 22 57
0 RS, 1 T i B 1 Mk R DT LA S A T
B, LM 2 A4 i A AL A S R P . S TR K
TP o DL 2R W) IR RS 2, 72 YOLOWS A5 4!
LR T S 45 2% BRI AL Slide Loss, AT LATE RIE Y
ST AL 255, A0 R ek BOK T A 3 A ) ToU
(Intersection over Union) {EE’\JEFi’J{EYEj\JIaﬂ{EM, /I
T B R OREAR KT w B IEREAS , (HEE I
R RREARTEAE 73 2 AN WA 1T 78 52 ORI AR 2%,
TR e 2 AL X BERE A | T B 5 b R Ok
WNZRINEE 245 2R R B0 o 53 8 2 FEAL AOREAS | S A
MR AEAS 73 i B 2 A, Slide Loss 45125 BRI

il, x=u-0.1
f(x)=_|'_el_", mL=01<x<pu (3)
, X =

Slide Loss 12 RECUNE 5 iz, H A @ v 2
JIEMEARBHSERAEA B EHS 8, 76 p BHT3
B R A 2 X 3 S 70 48] P AR X 4 K S DA T
R 2 R P AEE D B FE R ] E . Slide
Loss 45125 pRACAT LASE T H AR A6 00 530 9 R B, 5230
SR Y K TSR ) 51 A 02

0 n=0.1 p

[ 5 Slide Loss 1%k & 4
Fig. 5 Slide Loss function

3 ZXWEER

3.1 BiER&EMEMIER

Bdln 4R th MR U SR R S R TSmOk, BE
A5 A FOE IR S A FUK BT 1 R, 224 6 648 5K K]
AR 1 024x1 024, K EEY 0k 8 2. 90
(R NI URY N 8 - I LN E Y | E R
720 1B A IR AE B A RN A

mAP(CPYIRERE ) 3R BT A bR 28 107 240RG ff o
Z AR LB BB, mAP (A8 8K, TU)350 B AR )

SEHER R R, BTRYERE AL, loU 2R
HE5 LS AR A HE 2 8] () TE S 72 B2, 3l AS TR] 1)
LoU [RMERAf 2 TN LS LA IEH 575,24 IoU KT5%
T BERT, A BN IER ;24 ToU /NT5 8 I(E
I, A4S R . Y mAP B ToU BI{EI%E M 0.5
278 mAP@O. 5,24 IoU B{H% & 7 0.5 ~ 0.95
I £/R N mAP@0.5 ~ 0.95,

RS2 B (Params ) 2678 15 801 S A b Y
SR AR | A A TR A A8 R Y 3
() 2 % B2 FRARE 2 PP Al AR AR i b 1) B B AR A
FPS (Frames Per Second) 37 &5 F0 4b #H A4 ] 1% i
B, S E AR R A RE I AR —

AR SZE 0 1F mAP@0. 5 mAP@0.5 ~ 0.95,
SR FPS X 4 D PER AR AR DAL B A s 1Y
TR
3.2 ZILIE

AN 253085 R Windows 11 #-1E&R 48, CPU K
Intel (R) Core(TM) i9-12900F , Nf£ X 16 GB, Bk
A Nvidia GeForce RTX 3080Ti, \BAEH 12 G, RE
SJHEZLN Pytorch—GPU 2. 1. 0+cul2l, IS5
B YR (epochs) i 600, #LAL PR ( batch size)
K32, FEFREL (workers) 8, i A FE R R R
1 280x1 280,

3.3 XWHERSHWN

B IEAS S Bk Y YOLOv8n A5 Y i) 48 4 Ak Al
ARSI BE B O S BB AR S B B B S T I
H A5 4 I 4% %1, Faster R — CNN'™ | YOLOv3™™ |
YOLOv5s , YOLOv7tiny ">/ F1 YOLOv8n #E17 T XF Hb 52
B, SR A UL 1, 0] DL AR Sl e R R R
1 TR AR AL, A3 B T T 18. 9% (12. 6% 5. 8% |
4.29%H 3. 3%, M HA CHE A S 55U 3.0 M,
FPS W3 m K-, 3G T KIS Y R v
AN =Y AL S W Tl B X 397 NI A= A I i =
TIRA PR A L,

F1 EREEHTRERLL

Table 1 Comparison of experimental results across different
networks

- Params/ mAP@0.5/ mAP@0.5-0.95/ FPS

Bl M % % (1/5)
Faster R-CNN 42 66.2 56.3 13
YOLOv3 12.2 72.5 61.1 21
YOLOv5s 7 80.3 70.5 84
YOLOv7tiny 6 80.9 70.9 91
YOLOv8n 3 81.8 71.2 105
AR 3 85.1 74. 1 102




116 /ORI B NS5 NMOA EBRE

NEUEA MRS BIVERE, AT T — & B T HE S Ik AR IC , 3R IS SCAR A it
FURTS SR SRS L L 2, Kb VR BAR SO SR S RO K U 0,02 M, 18
BT SRRAT R R AU R R AUKIm Y AR
%2 YOLOvSn §REZEIG
Table 2 YOLOv8n ablation experiment

Method RFA DSconv Slide Loss Params/M  mAP@0.5/%  mAP@0.5 ~ 0.95/%
YOLOv8n 3.01 81.8 71.2
A vV 3.03 83.7 72.9
B vV 3.01 82.5 71.8
C vV 3.01 82.9 72.1
D vV vV 3.03 84.3 73.5
E v v 3.03 84.6 73.7
F v Vv 3.01 83.3 72.5
G v v v 3.03 85.1 74.1
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Fig. 6 Original image and algorithm detection result image
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