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Real-time Detection Method of Floating Garbage in Open Channels
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Abstract; Aiming at the problem that floating garbage in open channels is small in size and easily disturbed by factors such as reflection

on the water surface and strong light, resulting in missed detection and false detection of floating garbage,a real-time detection method of
floating garbage in open channels based on improved YOLOVSs is proposed. Firstly, the data set is expanded by means of data

enhancement to avoid overfitting caused by too little data. Then, combined with the weighted bidirectional feature pyramid network
(BiFPN) ,the feature fusion process of the YOLOV5s structure is modified to improve the detection accuracy and speed. Next, three

=]

. ,
improved 3D CBAM attention mechanism modules are added between the Neck and Head parts to enhance the extraction and positioning
capabilities of network information, which can effectively reduce the missed detection rate and false detection rate of detection. Finally,
the network input resolution is increased,so that the image had richer detailed information and more accurate position information, which
is conducive to the extraction of small target feature information. The experimental results show that the average detection accuracy of the

improved YOLOVS5s algorithm reaches 89.9% ,which is 9.5% higher than that of the original YOLOVS5s algorithm, and compared with
other target detection algorithms, it can improve the detection accuracy and ensure the real-time detection
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YOLO-zP! - - 0.873 11.7 85 - -

TPH-YOLOv5®! 0.832 0.856 0.864 16.9 59 38.4 10 252 595
M YOLOVSs 0.864 0.860 0.899 10. 4 96 16.1 7132128

3.4 HFLSCIR

R T IR A SRS AV i SCHE T T
THARSEES, — Lt T 5 508 HSr e g R an gk 3 it
/N, HP R YOLOvSs %7 il A BHE B9 R SF R 640 x
640, YOLOVSs Fnki A BMZ RS2 1 280x1 280,

HIZE 3 0B il 0, ARSI G J5E R 2 75 T, 38 00 ) 245 £
AR ESETE TR B2, (LR AN 8 B2 254 r T %
1B BCRFIE Bl AR AN AT LR R A THAG I RS 2 K
JEEFIAR 1R i m] LA i v 00 5k 52, /e M8 T 9 246 g A
JUE I J ) RE 5K 5 5 A T-CBAM 4271 1 A UK
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FEEFRAT G YOLOvVSs % BH IR B P7 dr 3 S ARG 7 -89 -

JEEFIURE At (L2 A 0 588 2 AR 5 1 0m ) 28% Fy o A
FUBE R IR, B A8 o4 o0 2% il 5 5 2, S i T-CBAM
B BIHE A e SR | B AN KR B AR T T A
DUPKS B A0S B 5 R [ S 28] 38 A v, T EL ARG 3k 32
AT —E 8T, 5 2% BRS04 X 2% (4
AR PEAR AR 52 % B SR AN 2338, 5.
B URRE A L BN G T-CBAM #2352 i 455 1
SEARIE WIS | e BRI X F 3 B Rl e
#F YOLOvSs 5751 GFLOPs {{ L YOLOvSs k4
0.3, HSHRA A K, Ui/ NIRRT T AL
AR PERE . &7 Ze e a] i, 2iciE YOLOVSs 1Y~
YRS B2 AR IR L IR YOLOVS's 5, 430 52 I g ] pof 7

metrics/mAP_0.5
% JAYOLOvVSs == %3t )YOLOVSs

Step

50 100 150 200 250

B 7 J& YOLOvSs 5 #& i YOLOvSs &

KR A AR K 52T mAP_0.5 xf 1t
K3 OHEREE

Methods Precision Recall mAP_0.5 Times FPS GFLOPs Params
J5 YOLOVSs 0.803 0.731 0.804 10.6 94 15.8 7022 326
YOLOVSs 0.802 0.798 0.826 11.1 90 15.8 7 022 326
YOLOV5s+Bi-PANet 0.844 0.856 0.880 10.2 98 16.1 7 087 871
YOLOvV5s+T-CBAM 0.847 0.842 0.878 11.2 89 16 7 124 369
YOLOvVS5s+Bi-PANet+T-CBAM 0. 864 0. 860 0.899 10.4 96 16.1 7 132 128

3.5 RNERSH

9 T BAE k9 YOLOVSs B0 (i AT 450k, 43 i) fefe
FHJE. YOLOVSs B Rl it i) 3 1 X 4R b i ]
G 7 SRR A AR, LA F A 5], APl 8 Ay Ji
YOLOVS5s Bk Fek it 1) YOLOvVSs Bk 7 A 6] T4 3%
S ARG I 25 5 % L B, Hevp, A2 B R YOLOVSs 5
PRI 55 5, A7 B R Bk YOLOVSs B ik A A6 ) 45
. 8 (a) Feam K IR B WAL /NI R, BT LA #)
eV s U A 8 Ak 558 /N P Y I 35 T A TR T G T
FFCAL /NSRBI 5 (b) FoR K T 52 TP AR,

2 DR ot 10 0 PR A 7K T B4 53 1 A T 7 e 33, A+
DRSO TE 5 5 (o) 7R K T 58 6 T HE A A I, 72 [ A2 5
ST AT A, A PR AN SR A T SRS 6 o
KT R WA ORE BE LG A2 e, g8 b el Y
YOLOv5s BT T YOLOvSs %%, Ji YOLOVSs
SRS A 37 5 0 TR A MR Be K 25 A 5
BRI ARG (1 175 0, I B T2k ) YOLOVSs 55
2, H H R R EE A I, PR, ki B YOLOvSs 1
FE T o VRG BE B I

(QYNIEERER A8 RN a'll]
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HURFIE G AR $ s /0y F B R RS I0A 2 AR 2 5 0 HL
T Neck F1 Head #73 Z [B] 5 70 3 >k 1) CBAM {E
FIIHUE] , BEAE A R A DU 1 T Az e R A 2R 42
ARG BE s B J 38 K I 2 i A0 o B (MR B
TR B 0 007 B AR S RN SE I =F = (A AR T/ A
PRRFIEAS B4R, i SE g 25 T, 8 7 A IR
TSR 4 TR) BsF G 00 £ SF- 25K BE SR B T 89. 9% L, B
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