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A beach litter detection method based on improved YOLOvV7
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Abstract: Beach litter monitoring and cleaning is a difficult and involved undertaking since beach litter
contamination poses a serious hazard to human health and marine ecosystems. Due to the low monitoring
efficiency, limited detection range, and unreliable timeliness of typical human surveys, this work proposes a
beach litter detection method based on improved YOLOV7. First, YOLOV7 is initially merged with Quantitative
awareness RepVGG (QARepVGG) to achieve rapid computation and reduce the number of model parameters.
Second, the SImAM attention mechanism is included to improve the network's capacity for feature extraction
from the targeted region of the picture. To further enhance the original path aggregation network (PAN), the Bi-
directional feature pyramid network (BiFPN) structure is merged with it. As a result, the network is more

effectively able to identify targets of various sizes and recognize the characteristics of different litter sizes.
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Experimental findings on the self-constructed dataset demonstrate that the modified model has strong

identification capability for eight different categories of beach litter. The revised model outperforms YOLOV7

in terms of mean average precision (mAP) improvement by 5.8%, frame per second (FPS) improvement by 17,

and the improved model has the highest recognition accuracy for styrofoam, plastic, and paper. When compared

to a number of widely used detection models, our improved model has the best performance. These detection

results in real scenarios show that the improved model is capable of detecting beach litter in real time.
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Fig. 1 Large amount of litter on different types of beaches along the coast of South China
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Tab.2 Comparison of experimental results of different models
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Tab.3 Comparison of detection results with the addition of three
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Tab.4 Comparison of detection results of enhanced feature

extraction networks

FEEHY 240t mAP@0.5/(%) F1 FPS
YOLOV7? 37223526 79.0 0.73 40
YOLOv7+BiFPN 37368452 81.6 0.75 40
YOLOV7+MIEBIFPN 37354598 83.1 0.78 40

3.4 hiRorIREE R
FE N [R) R ASE Y | KGN [R]— $5 i AR A5 2N
W) 28 5 B Y () F 2 RS S F 3 5. & S
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Tab.5 Average precision of different models for detecting various types of beach litter

R WK /(%) ARL(%) 4B N(%) 2 /(%) BEIE /(%) AR (%) WA/ (%) WAL /(%)
YOLOv4 82.1 64.2 63.5 78.3 78.6 68.7 69.1 80.2
YOLOVSs 85.7 67.4 68.2 81.2 86.4 71.6 73.2 82.5
YOLOv7 88.6 69.6 69.1 83.1 92.7 70.9 75.1 82.2
YOLOvV7+QARepVGG 90.2 77.3 65.3 86.6 92.2 77.5 74.2 79.8
YOLOv7+S-MP 92.2 71.4 71.4 90.4 98.7 73.4 77.5 89.2
YOLOv7+H4( /£ BiFPN 93.2 77.9 68.1 87.4 88.9 83.3 79.3 86.7
Bk YOLOVT 94.3 80.7 68.4 92.5 96.6 77.5 78.6 89.6
3.5 IHRRSG AR FUE R mAPAHI A r e 7o In N ek itk BiFPN

R T S g A O ARG I 7 3 R ROR, A
WFRIEAT T Z AR, 4585 T 6, &
6 H S 2 AP, £E YOLOVT BRI i N4k
A QARepVGG Bl 5, BRI SR FEAIL,
FHL (] gl 2>, 4G DU S B AR, mAP {34 . A
SimAM 5 5 Fl 2k #F BiFPN #5535, 35 i AN
B FUE A mAP{E 438 K o R, A
QARepVGG #EH Fll SimAM 5 i J5 , $f B 3 JiF |

BEES, F1AEF mAP {EiF— 23K, Hdh F1{E
M mAPAH 4 3] 3 K &= 0.81, 84.8%, # i Uf
YOLOV7 43 3 55 0.08 F1 5.8%, [a] i 2 % & ik
/N 281600, AT [A] 45 %5 3.5 ms, #5275 1% 46 ) 28
JEHRETE 43%. [ 6 JBon T R He s i A\ 5
YOLOv7 i 47 el J5 5 I YOLOv7 A5 2 A I 4
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Tab.6 Results of ablation experiments

5Ky QARepVGG S-MP Y BIFPN E i TR 1] /ms Fl mAP@0.5/(%) FPS
1 37223526 11.8 0.73 79.0 40
2 J 36434278 8.0 0.75 80.7 58
3 J 37140838 11.8 0.77 82.9 40
4 \ 37354598 11.8 0.78 83.1 40
5 J J 36382514 8.3 0.79 83.6 52
6 J J \ 36941926 8.3 0.81 84.8 57
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Fig. 6 Results of ablation experiments on different models.

AN RIS fy Ao 44 e

H T BAF I AR R AR [ BB S P I
WL RIBCR, AR AE LR RATHY B ks sy
(135 Faster R-CNN™| EfficientDet™”, SSD"",
YoLov3™Y, YOoLOv4™ YOLOv5™ ., YOLOX™"
1 YOLOV7™Y) k4T T 24 S8, SLub 25 351
T 7, BT, HFEREIEE L, St
YOLOV7 535 Xof ¥ 3 457 35 049 e 0 F- 35046 B 3K 3]
84.8%, FPS K3 57, % I 3505 A8 R A F HoAth

3.6

RS FE YOLOVT HBLIRKE, KA 1R 51 A 4]
rn FTEEREE B 3%, T ELIRAS T /ANRST ik . ek
R A T ARG I 5k 2 &y 3, L FIUAE B AE B =
F YOLOVT AV EFE . B 7c ik iR~
/I, YOLOvV7 Joi iR 3 i B H iy 28 851 3%, {HEk
PERERL R TR B B 3k . T ANLEG I E
B RT3 58 /N, 530 YOLOv7 AR H BRI 4
(B 7g) AR K (B 7h) B 17 O, {5 AR 2D B 2
U /N AR, I BARS] T 58 & M E (S
B i, S AL RS R YOLOVT B RUZE g
B3R RN A48 R B, ANED T TRk
AR AR, T HL RS T 5 & R RS B, B
T DA ARSI VM A 3 4 T Ak PR AR

®7 FEEBGNERT

Tab.7 Comparison of detection results of different models

ki HTM% ZHEM mAP@0.5/(%) F1 FPS
Faster R-CNN VGG16 108.2 50.94 0.61 13
EfficientDet-DO EfficientNet 6.6 51.67 0.63 23
SSD VGG16 2428 62.51 0.67 43
YOLOV3 Darknet53 123.5 70.46 0.69 35
YOLOv4 CSPDarknet19 64.3 75.23 0.71 31
YOLOVS5s CSPDarknet53 7.0 76.81 0.72 36
YOLOX Darknet53 63.7 77.15 0.72 37
YOLOv7 CSPDarknet53 372 79.04 0.73 40
B YOLOVT M CSPDarknet53 36.9 84.80 0.81 57
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Fig. 7 Visualization of model detection results of different scenes
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