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Abstract: Floating object detection in complex water environments is challenged by false positives,
missed detections, and limited multi-scale perception. A lightweight and efficient method based on YO-
LOv8n is proposed. A Multi-scale Adaptive Context-Enhanced Layer Aggregation Network (MAC-
ELAN) , integrating reparameterized convolution (RepConv) , is introduced into the backbone and the
deeper layers of the neck. Through cross-layer feature fusion and contextual enhancement, feature discrim-
ination in complex backgrounds is strengthened, while structural reparameterization balances detection ac-
curacy and computational efficiency. In addition, P2 and P6 detection heads are incorporated to improve
sensitivity to extremely small and large-scale targets. In the shallow layers of the neck, a lightweight fea-
ture fusion module, C2{-FA, is designed by reconstructing the C2f structure with Partial Convolution

(PConv) and the EMA attention mechanism. The Wise-IoUv3 loss is further adopted to enhance localiza-
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tion accuracy. Experimental results on a self-constructed dataset demonstrate that, compared with the
baseline, the proposed model improves mAP@50 and mAP@50: 95 by 4.2% and 3. 9%, respectively,

with only 1.13M additional parameters. Cross-domain evaluations on the Flow-Img and IWHR-Float-

er_V1 datasets further verify the effectiveness of the proposed approach in complex water-surface scenari-

os, achieving a superior balance between detection accuracy and model lightweightness while maintaining

low computational complexity.

Key words: floater detection; complex water environment; reparameterized convolution; feature fusion;

lightweight network
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Architecture of improved floating detection model
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AN 3.9. FAEBR AT 640X 640, Batch Size
Wh 16, V25 %0h 300, 5% FH SGD itk %% , W1 A
2] N 0.01, 88 0,937, HAE I 4 &t Jm 10
A~ Epoch 3¢ ] Mosaic 3 5 DL 48 7 50 S0k 2 1k .
PR RE S B SHEE N y=1.9,0=3,
ToU ¥ (B8 & 48 0 3l 7 25 5058, I 2R AR 204
RAENH . HAWEREE T mAP@50,mAP@50: 95,
K155 P XA 10156 R EAT A, 5256 34 76 e
FHEAT DARIE S A P S AT A B

LT I Oy vk 5 SR R K Y R dhT
YOLO FR SR B % b2 3 b T il 5256 %t
BN FE 4, A SR % GhostNet™ #l ShuffleNet™”
4351 Y OLOvSn A5 7 A Sy e ek AL A5 7 () 10 55
BEAT X A3 B o SC I S5 R R W, 5k 2 B AL A
Ll , i B8 05 YA 76 25 WU 48 br B IS T B 4R
Tb, Hh mAP@50 #2755 4. 2% , mAP@50: 95 #2755
3.9% , KE W AR A A 5 1% 5
2. 1% #F—20 5 H AR R I 4T AR, T 4 5 ik
£ mAP@50 5 mAP@50: 95 |+ 43 51| 5 ¥ 43 56
3.7% 5 3. 3% , K i R AN G [n] K 4y B 4
5.2% 5 2.3% . M T X A AL b e AR A
YOLO11s, & L EE S 5 A R H— 2 1%
B AP S BT 5 A ARG I

E #E R 7 T, & AL GPU P& By

®1 ARHHEENNRER

Tab.1 Test results on self-collected dataset

Model mAP@50/%  mAP@50:95/%  P/%  R/% Params/ FLOPs/ Fps/
M G (framess )
YOLOVSn 59.0 35.4 69.1  55.1 3.01 8.1 158
YOLOVSs 58.7 35.5 66.7  55.8 11.1 28.5 142
YOLO11s 60.7 38.1 70.7  55.4 9.43 21.6 148
YOLO12s 60.1 37.6 69.8  54.7 9.25 21.5 144
YOLOv8n+ GhostNet 59.5 34.8 69.7  53.7 1.72 5.0 135
YOLOvS8n -+ ShuffleNet 58.9 34.6 68.1  54.1 1.71 5.1 152
ACH 63.2 39.3 74.2  57.2 4.14 1.5 128
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FPS #1422 5 5/ X £ 24 25 F GPU W IF 17
AN . BAAEH ,YOLOvVSn 1 T 45 44 fif &,
A i W 52 B A AL b, ShuffleNet
TE AR = AL T8 8 T HE S IR AT TR R L FPS 2
JEALIR FHEL LR A A |1 GhostNet i %5 4 B 457 11E
Az W5 P9 AF U ) F B s sk SR AR A R . AR S
T IEAE G ATE B UL 5 R ARG s TS | 3
WA T & BAR R 7E 128 frame/s, BEWE I /&
S AN T SR R BT AT RS B S AR A
DT FE I A B 5, 128 frame/s B & T KL
PRI 1 S B A BT oK, B — ST Ay,
A SRS R R B b ) M S WA 55 . 5 b TR
J5 % A K T IR TR P A I e S B TORS B AR A 5

PR LA R S B A

#E— 25 75 E R B% IWHR _Floater V14
TEECE 5 b 0 A AR R A T VR 3R AT TR b S
B S5 RN ER 2 i n o TR T L AE 2 TR AR
RS A T RAEA TR AR
mAP@50, mAP@50: 95 5 K5 & & 4> % & T+
1.8%,0.6% 5 2.0% ; 5[ F 5 F YOLOVS 2t
# ) YOLOvVS-HSH & & A Ik, 7 mAP@50 5
mAP@50: 95 P I AZ 0 48 bi b ¥ 50, R B R
o ) B B JE K I BB ) o ALK RefineDet A 1]
Ik B e 9 89. 2% (A L S 4 m ik 23.5 M,
ME LA JE 3 2 A 1 % e AR o A oK, L
REFE AR AR T A S v o

£2 AFHIEEIWHR_ Floater V1K ik 4 R
Tab.2 Testresults on IWHR _Floater_ V1 dataset

Model mAP@50/%  mAP@50:95/% P/% R/% Params/M
YOLOvV8&n 90.1 67.1 87.1 83.6 3.01
SSD 77.5 — 85.6 79.1 22.8
RefineDet'* 85.6 — 84.2 89.2 23.5
YOLOv8-HSH™ 91.6 67.3 — — —
AT 91.9 67.7 89.1 82.3 4. 14

K 3EIR T 78 EHE 4 Flow-Img b A9 I
AR . AR T I A A 7 B E mAP@50
5 mAP@50:95 454t 2. 5% 5 1. 2%, %Ak
PERE TR TE . 5 SSD M L, A% 7 32 DL HE /N A5
YRR AR AT TSR 0 R RS AR T Re-DE-
TR-R50, 4 75 ¥ 19 2 % & P AR M i 9526, 1M
mAP@50 fl mAP@50: 95 43 5 #& F+ T 14. 8% F
6.4% . 7£5 YOLO R4 el it Bk iy % L A
TEIN R R EEEERE . 5 PAR-YOLO
A EE AR A E S D 44. 2% BIE LR LAY
mAP@50: 95 BE X 1. 1% ; 5 USD-YOLO #f Lt ,
FIR mAP@S50 FEAIK 0. 8%, (HLAE B ™ 4% () mAP@
50: 95 %55 4G 1. 1%, AR RUELE N 5 & =
I — R R SRR Z IS T R4 . A
® F YOLO-Float, YOLOv7-CA-Dynamic K
YOLOV7-EGE ZE 1 8Y  A 5 1k 14 45 W48 75 4 A
FHTE . DL RS R AR ST U5 1A 7E Flow-
Img B4R 5 LA RS T A RS B 5 40 8 4% o
(A3 N e i Al R R T
Wi

K3 NFHIEE Flow-Img B MliK & R

Tab.3 Testresults on Flow-Img dataset

Viodel mAP@ mAP@ Params/
ode
50/ % 50:95/ % M
YOLOv8n 82.9 45 3.01
SSD 80.6 40. 3 22.8
Faster R-CNN'* 56. 2 31.7 314
Rt-DETR-R50"" 70.6 39.8 41.3
YOLO-Float™® 83.3 42 91.8
YOLOv7-CD™” 81.1 38.1 51.5
YOLOvV7-E6E™ 81.8 36.9 110.3
USD-YOLO™ 86.2 45.1 12.35
PAR-YOLO"™ — 47.3 7.42
AR TH 85.4 46. 2 4.14

3.3 HEI
3.3.1 M&%LEHMH

ARSCHET B G AE  fEBRLBR |T R
S 9 {1 Tl S 56, LA E 4% IO 8 SR 1) A R
FAGI T AFRMA ST TEREA a2 %



o511 3

B R, A5 < T[] 52 2% K BRI 10 i Ak 22 RUJSE 507 ) A 1771

TR T, 25 TSk 2F 4 %60 B 70 1 i 7 AR T B AR Y
Wi, 960 T P 2 S O vk 0 A B S A ot

I A MAC-ELAN M5, A5 58 7 A6 K5 B
SRR s B k. e o mAP@
50 5 mAP@50: 95 43 il & F+ 2. 6 %6 F1 2. 0%, [A]
Bf S8 5 FLOPs 20 5l B A% 14. 6% F1 11, 1%,
AR R, MAC-ELAN 78 14 58 45 4E £ 55 68 T
4[] Bk AT 385k 20 T U A TR S B TR B S0
B Pp R 4R T 5 E— 28, 51 A P2/P6 A il Skt 35 1
SRR G A v RUBE AR Y 3E N BE DT L ff mAP@
50 SAS R SR T 1.8% M 1.2% ., SR, 52
16 25 B o8 mAP@50: 95 5 A [\ R R MR
o LR R ZAARE LN IJLA w5, P2
W3k 51 155 40 B R RRAF 78 58 Ak 40775 2 38 1 [F)
N N R B A S S BN Ol = R 7N
P 77 A T 5 K, 2K Sk 25 R 1 T E AR
A5y L 52 2 P L n] BE R B0 H AR AR AR ) RUBE R AR
JZ 2 ] 43 B AS B, 5 ) G 00 RS M 5 b Ah L R TR R
JE R AE 7638 A5 B 5 25 [ 407 1 25 S 3
TR RS MERE . SRR BiREm 5] A P2/

P6 A I 3k % F £ T AR RS 22 R A6 DU g g 47 B A
DBV RIS AT AT AR R &2 e b H AR R
JE AR Ak ) 3 IO L 7E DR AL 1 C20-FA M HLm
w AR B S EMA & UL, 1545 4%
TOUAG 0 16 A A g T TR A R TR S
B S5IAFE. P EMATEE LA A S
N7 T 24 A S B 0 R R T A — R
LA Tt o3 PR AR AR AT Ok 0 MR RS TG [, DT
PEFE TR AE B 2% K IR BT T i AR e M 5 A,
1A WloUv3 fit 2% ok B0E — R4k T H br 22 fir
£ g, i mAP@50 5 mAP@50: 95 43 51 & F+
0.7% F10. 2% , W40 2% R B7E £ 5 121 S AE [m]
VRS 2 7 1w EL A R AR AE

2 e SR W IS (T B, S R Y R PR
ek B A i . 5 LB ALA Lk, mAP@50 42 FF
4.2% , mAP@50: 95 42 FF 3. 9% , ki it R 5 7 [l
RGBT S5 1% f2.1% . Hi mAP@50: 95
1 4 2 48 T R I BL AR AE R R ToU B {H T ¥ B 4%
BT RS E BRI BE ), 1 — 2D 90 IE T T 05 B Y
e

R4 FRYHRMHEMIREER

Tab.4 Ablation analysis of different improvements

MAC-ELAN P2/P6 C2f-FA WIoUv3 mAP@50/% mAP@50:95/% P/% R/% Params/M FLOPs/G
X X X X 59.0 35. 4 69.1 55.1 3.01 8.1
NG X X X 61.6 37.4 70.9  54.2 2.57 7.2
X N X X 60.8 35.2 70.3  54.8 4.61 12.3
X X NG X 60.6 37.8 70.7  55.2 2.94 7.9
X X X N 59.7 35.6 68.2 55.1 3.01 8.1
N N X X 62.1 37.4 71.9  56.2 4.62 12.1
NG NG N X 62.6 38.2 73.1  56.7 4.14 11.3
NG N NG N 63.2 39.3 74.2  57.2 4.14 11.5

3.3.2 C2M-FA#4Eak A #i 3k

B IE C20-F A B He v i 38 3 1L ) B L 5G
ZROCE WA AU AR SO R T LS AN R E E
45 432 A F factor S JLFRH U 1 3 0 2 A0 ) 3
SEE, A5 RANER S R

58, 7E EMA FE B 0 2 800 fl s g6 op st
factor Bt 4,8, 16 AT X%F b . 45 R W/~ , Factor=4
i, mAP@50 il mAP@50: 95 43 %] Ky 62. 1% F
37.7% ,Factor=16 i} T [ % 61.2% 1 36.7%,
Factor=8 F Bl e 4 o ¥ B 2k /)N 3 2 B 444 ot 3 1

K5 CAUFAERMHEMIEER
Tab.5 Ablation results of proposed C2{-FA module( % )

mAP@ mAP@

Model P R
50 50:95
Factor=4,EMA 62.1 37.7 73.1 55.3
Factor=16,EMA  61.2 36.7 71.4 55.7
Factor=8,SE 62.2 37.4 73.1 56.6
Factor=8,CA 61.9 37.2 70.6 56.9
Factor=8,CBAM 61.3 36.4 71.9 54.2
Factor=8,EMA 63.2 39.3 74.2 57.2
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2 HARGI A TUA T WA A B 5 koK 43 4 )
SRRAE AR AE 1, 520K B T R, Factor=8 7E &
IKBE ) 5 F R IR A R S B . R RS
— Factor=8 % T , ¥t EMA % #t 5 SE .CA Al
CBAM #EAT%F b . S5 R R, SEM i R 25 (1
mAP@50: 95 BE I ; CA 7 [F R A S EAE R T
W FEAE — B iR 46 ; CBAM & 14 1 BE AR X 4555 .
L Z T EMA TE 45 Wi ds br 38 R w A % E
b= I T S =2 S N T = B/ B
Hbrmang . B, ZHl 6 i S, 7E3R Tk
TUAE Ay [ e SHfe oot A 0 A% M S5 2 b RE T
3.3.3 ML IHK

Ry B UE R bR BREE BRI A B AR SOX)
WIoUv3 Y CloU, SloU % J7 gk 47 T %F Hh 3L 45
iR MEK 6 R, 45 REN , WIoUv3 £ mAP@
50, mAP@50: 95 K i % 55 4 x| 3 LA & A
I, MHELZ T, SToU £ A 1R w5 L35, i
FER T IHAE R @ 5] A BT IR Ry
] 249 5, B 300 SR ] ) 3 R i o Tl o 5 5 R
JEE 38 3 AN B B, DA 7 R Ak 2o AR v RO A% AR
BTtk AR % U0 AE it o BP9 34 A ) A R 2
W, R AR T X TR R AR A o B 4 o 4 T T A
HE A O B % BRI 5, WIoUv3 745 B 5 i 6k

F6 SINFTEMKRBEHAZHLER
Tab. 6 Results of introducing different loss functions( %)

WK REL mAP@50 mAP@50:95 P R
CloU 62.5 38.2 73.1 56.7
GloU 61.8 37.6 70.5 56.0
DIoU 61.2 36.4 68. 2 57.0
SloU 61.1 36.3 68.1 57.5
EloU 61.5 37.7 72.5 56.2

WloUvl 62.4 37.5 69.1 57.2

WloUv2 61.8 37.4 70.3 56.8

WloUv3 63.2 39.3 74.2 57.2

R R P D T S EA A BT A ] AR AR — S AL
i, B 1 AN )45 2K ek BCAE A H AR -5 1k RE I
MR 2E S o 5 BRI K W I R I 3 b A
TEARN T P05/ F AR A )R, %) 5 6 65 2 5 iR A
il 58 ) BEOR HE E , WIoUv3 7 25 & M ik I B iE
FH T A SRR ] i A7 B T4 THI 28 15 5 T Y
KIS RE Tk S5z ALBE ST
3.4 AL ER

P 6 FIEL 7 23 S R 1 /I F bR 8 4 3 57 DA K
RS Z K AR 5T BRI 45 RN L

(a) IR

(a) Original images

(b) YOLOV8nf&#l
(b) YOLOv8n model

(0) AL HERY
(c) Proposed model

F6 /N EFREZ 15T A [R5k 9 A6 0 245

Fig. 6 Detection results of different algorithms in scenes with many small objects
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Leaves 0.91

(a) R aRE Fr (b) YOLOv8n#i Ay (c) ASLHEAY
(a) Original images (b) YOLOv8n model (c) Proposed model

Bl 7 S 2 5l F AR RUBE R B 3 51 A [R) B0k 0 A ) 4%

Fig. 7 Detection results of different algorithms in scenes with complex backgrounds or large target scales

RASRF M ATF IAERA YOLOVSn, AR S0y ik
FEZ2 T 52 2% K T PR S5 vh 349 2 30 o O 1 1k i
/N BT, YOLOVSn 1A 7E— E TR ,
I 55 Z K BN 5 T W7 A R A i AR SO iR RE S
WA R MU bR, ELTO A R L A
B SR AN B AR FAERE D ST iiae . #E
A N 2 RJE Y 5, YOLOvSn Xf R A8
R KB B AR IR RE A R A SO e S R
SE RIS 6] RUBE H AR, 1A 80 3 5T R
W25 R E I 55 . LAk G TR B R 7E /N H AR
R 2o RO 38 I K S22 2% 75 s ikl T 34 H A B
PR B Az e RE S R .

B K T VR R A R A AR B AR RE
25 KPR, AR SCHE YOLOVSn B Al | 2 i —
BRI %, Bk, "I MAC-ELAN
P A = T5 T W 2%, 38 ik 22 ROBE P IR R A g

S E WK
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