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floating objects in river channels
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Abstract: Detection of floating debris in rivers is of great significance for ship autopilot and river cleaning, but the
existing methods in targeting floating objects in the river with small target sizes and mutual occlusion, and less
feature information lead to low detection accuracy. To address these problems, this paper proposes a small target
object detection method called PAW-YOLOvV7 based on YOLOV?7. Firstly, in order to improve the feature expression
ability of the small target network model, a small target object detection layer is constructed, and the self-attention
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and convolution hybrid module (ACmix) is integrated and applied to the newly constructed small target detection
layer. Secondly, in order to reduce the interference of the complex background, the Omni-dimensional dynamic
convolution (ODConv) is used instead of the convolution module in the neck, so as to give the network the ability to
capture the global contextual information. Finally, the PConv (partial convolution) module is integrated into the
backbone network to replace part of the standard convolution, while the WloU (Wise-loU) loss function is used to
replace the CloU. It achieves the reduction of network model computation, improves the network detection speed,
and increases the focusing ability on the low-quality anchor frames, accelerating the convergence speed of the
model. The experimental results show that the detection accuracy of the PAW-YOLOv7 algorithm on the FloW-Img
dataset improved by the data extension technique in this paper reaches 89.7%, which is 9.8% higher than that of
the original YOLOV7, the detection speed reaches 54 frames per second (FPS), and the detection accuracy on the
self-built sparse floater dataset improves by 3.7% compared with that of YOLOV7. It is capable of detecting the tiny
floating objects in the river channel quickly and accurately, and also has a better real-time detection performance.

Keywords: YOLOv7 model; floating object detection; self-attention and convolution hybrid module; omni-

dimensional dynamic convolution; WIoU loss function
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Fig. 5 PAW-YOLOvV7 network structure diagram
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Fig. 6 Results of different data expansion methods
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Table 1 Results of ablation experiments

#1%] Head ACmix ODCBS WIoU PC-ELAN mAP/% FLOPs/G FPS
79.9 1054 101

-

2 A 811 1195 86
3 J 856 1016 75
4 \ 80.8 109.8 97
5 V 815 1054 108
6 J 78.1 837 124
7 W \ 873 1153 56
8 R \ 882 1192 47
9 J 90.8 119.2 48
10 \ \ V J 897 978 54

M 1 Al1E, H—48 )5 YOLOvT Bk, 1
K5 (mAP) 2 79.9%. 45 40 IMA /N BARK I,
KB LTHT 1.2%, BEWI/N B A )2 v AAT 208 in
ANEFRRSERRIEE L . 55 = 5] AT ACmix B
YRR KigsE T, #2517 5.7%, $i] ACmix
AT A R I8 /N H RS (R B R R IR . 20
HN AN S GRS T ESH, [ mAP 42
THT 0.9%. ETAHF CloU sk Bl WIoU,
ol DR 28 X T S A N G, mAP $2FH T 1.6%
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PRt i e A58, PR (mAP) 5 YOLOVT 2
F+T 9.8%, wHETIHT 7.2%, [FRF FPS thAg4E+y
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Table 2 Comparative experimental data of each algorithm on

FloW-Img dataset

(R0 mAP/% FPS FLOPs/G Params/M
SSD 73.3 71 78.4 26.3
Faster R-CNN 76.8 63 75.1 1371
YOLOV3 85.7 125 96.3 61.5
YOLOv5s 84.1 236 64.7 10.7
TPH-YOLOvV5 82.3 69 125.6 26.1
YOLOv7 79.9 101 105.4 37.2
YOLOvSI 86.4 117 155.4 43.6
PAW-YOLOv7 89.7 54 97.8 25.4

F3PALAE N, ASCEETEETEY RS/ A
AR A L A RS B AR AL T YOLOVT S 4 5
T 3.7%, KRS R R P T ERA R, AR
AR R EE IR, AR Sl [ K 22
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1%

HIZe 1. 7 2 R 3 ATLAAR Y, AR SCHR Y A Bk
2 14 FEARR T T R R I P v REAR
ghrgmhnfaise, HEES T ERAE. PRk
IR TR LS R, 3K T RIS by 304 SC
125 4 S IR 0 P BB R AT, (ELAR AR R S I A T
ZKR,
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A3 BEMIEEE Skt R
Table 3 Comparative experimental data of each algorithm on

self-constructed dataset

Bk mAP/% FPS FLOPs/G Params/M
SSD 57.9 67 78.4 26.3
Faster R-CNN 61.3 61 751 1371
YOLOvV3 59.7 137 96.3 61.5
YOLOv5s 66.5 242 64.3 10.7
TPH-YOLOvVS 63.7 74 125.6 26.1
YOLOv7 68.1 98 105.1 37.2
YOLOvSI 65.9 106 155.4 43.6
PAW-YOLOv7 71.8 68 97.7 254

4.5 A HHT

AR SCE L LA AR A P A 2 L ARSI A5 R ok e
78 YOLOVT FIA SCE LM PERE . X S84 0 DL AL 45
HFRIERIE . 235 F Gk BRI DA B 5 R R i
BT, # 8 /R T AEIX LA 5% T PR
ORI

by

SO /N FARK I L

MIEL 8 (a) AYEEE S 5t/ B AR I 25 5T e aT
Fii, YOLOVT FERGINAEIE 2 . RRAEAS I 19/ H AR
A2 R 22 I TR A AR O, 1N IE T KA i
RS A . ASCREEGIA T /N Bk 2 i
H ARSI RS FE K, 84 ACmix AR HR i iR A5
AU EAb /N BAR YRR A EA5 S, AR X
T RS TS AGE (0 1) A 5 2 B, () R 7 S P AR AN
A 5 1/ B AR e TP T A A R B

MIEL 8 (b) 5 T4 A I 45 R ) L v LUE
t YOLOVT Bk AUk i i HAn, ASChgl AW
SRS EREAR, RBEHEEZN LT XUER, A
T30 R T S BUE R E R O T ARG . AN Uk
CINVRERVGIESES w2 S

MIEL 8 (o) By/N AR E P 5, YOLOVT
FEEXTIERY H AR B RS O, MiAR SCRT LA
RO R B b o

HIE 9 W LIE H, 78 A @B xR MEER
HARBIRIN , A SO REERR R 20 N Y, B

=

B8 RRHFTRRLEB AR, (£)MBH; (F)YOLOVT R ; (&) ALKk
Fig. 8 Target detection results of different algorithms in different scenes. Left: detection image,
Center: YOLOV7 model, Right: algorithm of this paper
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PAW-YOLOv7: algorithm for detection of tiny
floating objects in river channels

Luan Qinglei'?, Chang Xinyu'"?, Wu Ye'?, Deng Conglong"*, Shi Yangiong'?, Chen Zihua"*
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Overview: In recent years, with the continuous development of deep learning technology, target detection has achieved
unprecedented results in the field of computer vision and has been applied to a large number of scenarios, such as
intelligent driving, rescue activities, and motion data analysis. In many target detection tasks, river float detection is of
great significance for automatic ship driving and river cleaning, at present, target detection has a better performance in
medium and large target detection, but the accuracy and real-time performance in the face of detection of tiny floats in
the river is poor and the model volume is large. Since the detection of tiny floating objects in the river channel mainly
faces the problems of small target size, little feature information, uneven dispersion, and serious background
interference of floating objects on the water surface, the existing methods have a good performance in target detection of
small floating objects in the river channel. Existing methods for the detection of floating objects in the river channel will
face these difficulties such as low detection accuracy, leakage and false detection, bad real-time, and other problems. In
order to solve these problems, this paper proposes an improved river small target detection model PAW-YOLOv7 based
on YOLOV7. Firstly, in order to improve the feature expression ability of the network model for small targets, a small
target object detection layer is constructed, a 160x160-size output is added, and self-attention and convolutional mixing
module (ACmix) is integrated and applied to the newly constructed small target detection layer to achieve the effect of
enhancing the model's feature perception and location information of distant small targets. Secondly, to reduce the
interference of complex backgrounds, the new ODCBS module is constructed by using Omni-dimensional dynamic
convolution (ODConv) instead of the convolution module of the neck, and the attention value is analyzed and learned
from the spatial dimension of the convolution kernel, the dimension of the input channel, and the dimension of the
output channel, respectively, in each part of the convolutional layer to enable the network to effectively capture richer
contextual information. Finally, the PConv (partial convolution) module is integrated into the backbone network to
replace part of the standard convolution, while the WIoU (Wise-IoU) loss function is used to replace the CIoU, to
realize a reduction in the computation of the network model, improve the network detection speed, and at the same
time, increase the low-quality anchor frames' focusing ability, and accelerate the model convergence speed. The
experimental results show that the detection accuracy of the PAW-YOLOv7 algorithm on the FloW-Img dataset
improved by the data extension technique used in this paper reaches 89.7%, which is 9.8% higher than that of the
original YOLOv7. The detection speed reaches 54 frames per second (FPS), and the detection accuracy on the self-
constructed sparse floater dataset improves by 3.7% compared with that of YOLOV7. It can quickly and accurately detect
tiny floating objects in the river channel and also has better real-time detection performance. Finally, compared with the
mainstream detection methods, the method in this paper has the best comprehensive effect.
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