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Improved YOLOv11n-based water surface garbage detection algorithm
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Abstract: To address the decline in detection accuracy caused by complex water surface backgrounds such as wave
interference, light reflection, and object occlusion, an improved YOLOvlln-based water surface garbage detection
algorithm is proposed. First, the Bottleneck structure in C3k2 is replaced with the FCM module to construct the C3k2-
FCM module, mitigating the loss of spatial position information during downsampling. Second, a FPSC-SCSA module
is designed by introducing shared convolutional layers with different dilation rates and the SCSA mechanism to replace
the SPPF module, enhancing the model’s focus on key regions and reducing the loss of crucial information. Third, a
BIFPN-V2S module is developed by replacing the neck aggregation network with a multi-scale feature fusion network
embedded with the SDI module from U-Net V2, expanding the receptive field and strengthening global contextual
interactions. Finally, an SGSV-IoU loss function is designed to improve boundary shape and detail representation,
enhancing the localization of irregular floating objects. Experimental results on a self-built water surface garbage
dataset show that, compared with the original YOLOv11n model, the improved algorithm increases mAP50 by 2. 8% ,
while reducing parameters and computation by 0. 81 M and 0. 1 GFLOPs, respectively, demonstrating the effectiveness
of the proposed method.

Keywords: water surface garbage; YOLOv11n;loss function; SCSA attention mechanism; shared convolutional layer;

multi-scale feature fusion
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YOLOv11n network structure
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Fig. 2 Schematic of the operating principle of the FCM module
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S 44 TR B E pooling models
(IR SGD Bk mAP50/%  Params/10° GFLOPs
i AP R N 640 X640 SPPF 76.9 6. 4 2.59
=) R .
R 0. 001 SPPF-CBAM 76.5 6.5 2.61
VIZR R 250 SPPF-SE 77.1 6.4 2.63
HE A H N 24 ’ ) ' ' '
SPPF-CA 77.3 6.5 2.65
R (recal,R) VB 10 {2 S 2 5 B (GFLOPs) . ¥4 SPPF-SCSA 7.4 6.4 2.62
J& (mean average precision, mAP) 3R Zg & ¥ fili £ A 1) FPSC 77.6 6.4 2. 64
fit . S8R Params KM BRI Z 2B E, MXEHTHEA FPSC-CBAM 77.9 6.5 2. 66
XA 20~ 2D 7w, FPSC-SE 77.9 6.4 2. 68
TP
= FPSC-CA 78.3 6.5 2.71
P FP L TP (20) 5
FPSC-SCSA 78.8 6.4 2.67
R—_ 1P D
"~ FN-+TP
AP le( d (29 ST 45 R E W, FPSC 19 mAP50 #{&{ -7 SPPF #
- Herh 5] A CBAM, SE. CA #l SCSA fy % ¥, FPSC
" = 25 5 4B JE 2 0 /4 | i Bk % e 0
AP = L3 ap, 3y MAPSO BRI T 0.7 S4BT SR B
ok TEFIE N ) 22 BB KAFIE T magpe . Hk, % CBAM,

K. TP FRk EHIRBN EFREAR, FP FRonpiss
RHENIERAEEARL, FN Fom 5% 52 b f 2 py B
AH n IEINEBE b ORI, AP IR B RPN
SEHET R, mAP Fom i 255 AP WE ¥ (E, mAP50
M ToU B{HE K 0.5 B mAP,

3.4 FPSC_SCSA =S|I NARRFE AN FIXTLE

YGRS B SPPF f5 Kt 4k J2 0151 AAS [R] R ik 26 11 2
T2 Itk R TR Al 22 e 0 AL AR R AE 42
BT A o B AN R CR A8 SCHE SPPF A FPSC A e o 43 331
i A PR BE U0 BR Y 12 2 AL, AR BR T B ) (coordinate
attentions CA)™ | JE 45 5 3 Jil ( squeeze-and-excitation,
SE)P | % FH 3 B J1 B Bt (convolution block attention
module, CBAND " %, 3 5 i X FL 52 50, 3R 48 43 4 A A Bl
)Xo A TG 0 e R S e, SE 2 SR AN 2 R,

H %% 2 AT %0, 78 SPPF 5 HUAH [ A7 & 51 AR E &
HLA . CBAM.SE.CA il SCSA ¥JRE7E—E R E FiR T+
TR PERE . Hoh SCSA Bt SUR o R MR TR
mAP50 25 T 0. 5%, iF R &g T 0.03 GFLOPs, J&
BT SCSA £ £ 18 X JZ Uk A3 38 FEAE A 1L 3 4 07 1 1Y
Hodt, M2 T8l A CBAM FEE HILHE S5 & B T
0.04 M, {2 mAP50 4 FRE 0. 2% . 3% 5 U A9 2 ik H b AH
£, MHIA SE A CA = I HLH F 31 ok — & B E
FE$ T, (H 3R TH 08 E 55 SCSA M H 43 B T 0.3% A
0.1%, Bil# it SCSA B T 0.01 #1 0. 03 GFLOPs,
ARV LR,

FPSC #iHeil i £ K SPPF i e Kb 2, 351 A
AT BB R A =R B2 0 H A SPPF 50t 7 .
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SE.CA 1 SCSA {E R HLH 51 A FPSC HEH K I B2
i T ILAE SPPF B g 32 8L Fh L FPSC 5 SCSA
54 M RCR B . FPSC-SCSA YL B 7258 FPSC 4
Jn0.03 GFLOPs 15 T . mAP50 427+ 7 1.2% ., HE
He4 mAPS0 R E T 1. 9%, B UE T ASSCHE 9 FPSC_
SCSA BT B T 7K T B2 3% A6 U 1 5 J7 Th 04 A &k
3.5 MERHXEEW

JoiTAL BT 3 9 SGSV-ToU #51 2k pR %5 ) #5570 M fE 119
FEMA , AR S8 BUJL AR BE A1 5 19 B 2% B8 4 (CloU, WioU
(weighted intersection over union)™ . EloU ( efficient
intersection over union)™’, SloU ( scalable intersection
over union) " 1 Shape-ToU)1E 2k %f Fb %F 42, 4 43 51 1
T YOLOvI In FERIAE R Il 2 L I X 2 A AS [ 45 5k o6 %
HEZKTET 17 A A 55 b w0 s 2R S g A R n R 3
Ji7Rs

R3I MEEBHILLLE

Table 3 Comparative experiments of loss functions %

PN P R mAP50
CloU 74.2 72.9 76.9
WloU 75.5 75.5 77.4
EloU 77.5 76.3 77.7
SloU 75.6 75.1 77.9

Shape-loU 76. 2 76.1 78.3

SGSV-IoU 76.5 76.4 78.17
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WYEF 3 Frn, 51 AR R 2K R $ (CloU, WloU,
EloU.SloU Fl Shape-loU) J& , £ (%) £ I 4 B 5945 ) — &
TEEER R T, Horp, SToU 16K 8 2 07 i A T Al 81 2k 6
B AR L mAP50 5 T 0. 6%, {H7E 73 7] 2 Fl 4 {8 B
R LRA XSS R R W], Shape-ToU RUR AL, H
mAP50 BELLRIET 1. 426, K50 3 A0 A [0l F 43 B $2 75 2 %6
3. 2%, %M Shape-ToU 7E /)N H #5865 M K K 58 He B 25 5
W 0y B AR A AR 5 th BB L AR T CloU 7E ik
20 20 R

9 56 0F IR L AR SCAE Shape-ToU $ 2¢ 2R 50 fill
fil & GSL 5 Varifocal Loss. f## SGSV-IoU i %k & %k, #F
— R Y h FEEA S H AR 2 Re ), O 5 TR A K o

£4

B AT b B R B B A B . S5 SRR L SGSV-ToU M
B AT R FE RS 00 BE L A [0 3R OR mAPS0 Ay BlR T T
2.3%.3.5%.1.8%. H51£45 Shape-ToU M kb, HA 5 B
A F R A mAP50 40 - TF 0.3%.0.3% F1 0.4%, Eik
25 R, B 3R 0 SGSV-ToU it 2k R B AE /K 18I 17 3% 46 )
1E 55 vh & (R e IO T H A 451 2% pR L 8 SURIE T SGSV-
ToU #5445 o 8500 4 30bk:
3.6 THBLSSIG

Ry SR IE AR SC T 4 R A B R B 1 A R B O AH B3R
ZVE L FE H Y K T by 3 B A R 2 A Rl e, S
WS RN 4 FroR . T A RIS T RRBIRE T AR ST B
1 A

H AL SL IS

Table 4 Ablation experiments

HH  FCM-C3k2 FPSC-SCSA SGSV-IoU  BIFPN-V2S  P/%  R/%  mAP50/% Params/10° GFLOPs
Heg 74.2 72.9 76.9 2.59 6.4

1 J 76. 3 75.5 79. 1 2.68 6.4

2 J 75.5 75. 4 78. 8 2.67 6.4

3 J 76. 5 76. 4 78.7 2.59 6.4

4 N 76. 4 76. 2 78.2 1.75 6.2

5 J N 78.5 75.3 79.2 2.52 6.3

6 J J J 81.2 76. 8 79. 4 2.58 6.3

7 J J J J 80. 1 77.3 79.7 1.78 6.3

P 4 20 S 06 28 SR AT D0 o AT — o A e Bt 7 P T
HERL R R mAPS0 8RR BT, 78 4 A3
— SR L TR 3 A C3k2 BEHL B
FCM-C3k2 5 4 iy i ik 5 R de ol B35 mAP50 AR LR 4R Tt
2.2% . S S5IHA 5] A BIFPN-V2S 8 1)
PR R e € 5 40 i 2> T 0,84 M Al 0. 2 GFLOPs,
YT AR Y RS S B0 AR T R O . AE R 3R R
Bl EEY b, R SGSV-I0U #i 24 oF % 14 B 3 35 5 5
A dp B LR AR RN AT T o B SRR A 1SR AR B T 2. 3%
3.5% . UiBAMAESE 0 BOHE I RS B O i B R
#, FPSC-SCSA £k 5 £ GFLOPs B AL, (H7E
HERR 2 A | M mAP50% 4 54 & T 1.3%.2. 5% il
LOY REL T H B i KR M D i F B M £ 2RI
g,

T IE 58 A SR e 4 TS 38 5T S 2 3 A S i
— B P A DU AR B 2 2 AR R B Y R R L SE R 5Ok
FCM-C3k2 BRI R G 4 T 1 L = P FPSC-SCSA [A] i}
IR p A LR BRI T 7 mAPS0 32 T4 2. 3% . Eb B
I A FCM-C3k2 Bt 7E mAP50 L3255 T 0. 1%, [ #f 2%¢
AR FE/D 0. 16 M0, 1 GFLOPs, 25 6 J2: 76 52
55 5 MY SR Toin Ak B SGSV-ToU, 3 L £k R T &
mAP5S0 25 T 2. 5%, A8 i A ws s 7T —x i

FEMIREAR, 53050 5 BAIM L B AR S HE LT 0. 06 M,
B 3 B mAP50 FArR EFFT 2.7%.1.5%
F10. 2%, BB SGSV-ToU 1 #2 Tt i1 FHHE 1] I3 14 fig J5 11 4K
REE. T 7 LA A RS A K 3 2R AR AL
% A MR mAPS0 0 B3R E T 5. 9% 4. 4% 2. 8%,
SRR IS 4 IR 0. 81 M A 0. 1 GFLOPs, %5 I fir
RS 7 R R MR A RE L B — DI E T SR
HE A RO

3.7 EREENEZE

Sk — 25 VI it B i 1 R R ek SR A
2 1 7K TR SR W B8 AR B AT S I8 U U, O S B 2
B BT e - RS D B A VD 5 v - NP R ST R 11
(Faster_RCNN, Mask_RCNN) 5 £ [y Bt (YOLOv3-ting.,
YOLOv5n, YOLOv6n, YOLOv8n, YOLOvY-ting, YOLOv10n,
YOLOv11n), S 45 03k 5 iR .

GO FR W T B A ARk AR A TR AR T R
BB Faster, RCNN 1 Mask  RCNN, mAP50 43 %1l 42 T}
4. 5% 3. 4% , H et Bk i S 800 5 1T 5 5 IR 05
BRI A BERTE. SHEHRE YOLO®
A, B E B A mAPS0 AR SIRTE T 5.1%.4. 3%,
49.3.8%.3. 5% 3. 1% F1 2. 8% . 7E KB 25007 T , ok itk
B SRR A I T 7.75,0.4,2.37,0. 9,1, 15,0. 91
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Table 5 Comparative experiments
ER7 P/% R/ % F1% mAP50/ % Params/10° GFLOPs
Faster_ RCNN 73.8 72.1 71 75.2 41.3 206. 7
Mask_RCNN 74.1 72.5 73 76. 3 44.5 260. 1
YOLOv3-ting 72.1 71. 6 71 74. 6 9.53 14.3
YOLOv5n 73.1 71.4 71 75. 4 2.18 5.8
YOLOv6n 73.2 71. 6 71 75.7 4.15 11.5
YOLOv8n 74.1 73.2 72 75.9 2.68 6.8
YOLOvY-ting 73.8 71.5 72 76. 2 2.93 8.3
YOLOv10n 74.1 72.4 73 76. 6 2.69 6.7
YOLOvl1n 74.2 72.9 74 76. 9 2.59 6.4
AL 80. 1 77.3 76 79.7 1.78 6.3

M 0.81 M, fEIFRE L AUA YOLOvVSn BEAR T 2otk 5
P I R R T R B <l O NS o )
SRR AEAG RS R e A T R H AR I Rk L
Sy SR T BT HR L R
3.8 ZWERFMMHSIT

Ay B O b R R B R A T YOLOv11n 7E K
AT 57 3G T AT 55 o 1) T R O 3 L A SO e B O 4R Lk
A7 T X L2 56, I X0 AS [R) 28 B K T 7 3% 09 A6 I 245 2% 3 AT

i = : =

Erre,

T AR AT, IR 8 TR . AR 1 AT N R IR B, 5B 2
A 3474 BT B YOLOvI 1n B ¥k 5 48 30l ik 8 1k 1)
Kz 58, K 8 nf %, YOLOv11n 76 i % 84 H k5 . £
B b5 S A7 76 Y 00 B AR, 238 30 K DR B OR 2 1Y )
ML RHEFEERER T HARE S RERS ., A
A o A5 A O AL 5 R AR 5 L A AR T TR R X /N H
b 5P H bR B9 1R 50 B8 7, R R R Ak SR T Rk HE R S
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(a) Original image

A
(c) Ours

B8 AR X L
Fig. 8 Detection results comparison
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Fig. 9 Comparison of average detection accuracy
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