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Improved YOLOvS5-based Underwater Infrared Garbage Detection Algorithm

GAO Yongqi, YUAN Zhixiang
(School of Computer Science and Technology, Anhui University of Technology, Maanshan 243032, China)

Abstract: An improved object detection method (YOLO with EffectiveSE, Focal-EIOU, DCNv2, CARAFE,
and DyHead) is proposed based on YOLOVS to address issues in underwater waste infrared target detection,
such as blurred boundary details, low image quality, and the presence of various irregular or damaged
coverings. The InceptionNeXt network is selected as the backbone network to enhance the model's expressive
power and feature extraction capability. Additionally, the EffectiveSE attention mechanism is introduced in
the feature fusion layer to adaptively learn the importance of feature channels and selectively weight them.
Deformable convolutions are used to replace the C3 module in the original model, enabling it to better perceive
the shapes and details of the targets. Moreover, the CARAFE operator is employed to replace the upsampling
module, thereby enhancing the representation ability of the fine-grained features and avoiding information loss.
In terms of the loss function, the Focal-EIOU loss function is adopted to improve the accuracy of the model in
target localization and bounding box regression. Finally, DyHead is introduced to replace the head of YOLOVS,
thereby enhancing the model accuracy via dynamic receptive field mechanisms and multiscale feature fusion.
The improved EFDCD-YOLO model is applied to underwater waste infrared target detection and compared
to the YOLOVS model. The model achieves a 21.4% improvement in precision (P), 9.7% improvement in
recall (R), and 13.6% improvement in mean average precision (mAP). The experimental results demonstrate
that EFDCD-YOLO effectively enhances the detection performance in underwater waste infrared target

detection scenarios and effectively meets the requirements of underwater infrared target detection.
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Fig.1 InceptionNeXt network structure
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Fig.6 EFDCD-YOLO network structure
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Table 1 Experimental environment configuration

Configuration item Configuration item parameter

Intel(R)Core(TM)i9-10900X

CPU
CPU@3.70GHz
GPU NVIDIA RTX2080ti
Graphics card 12G
OS version Ubuntu20.04
CUDA 10.2

Compiling environment Python3.8+Pytorch1.12.1

22 HBEENA
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5700 kMG . X ER AR T 3 RIEN5
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AT E 7(d).

SRR YN GREEATINAAE 9:1 1 LL R ax 26 E 45
40 5130 sKINZGEA 570 skill4E. Wit i
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(a) AT IOE
(a) Visible light

(b) ZL5ME
(b) Infrared light

(c) HSV 75 #ft (d) ZrREAH

(c) HSV transformation
K7 Trash-ICRA19 ¥4

Fig.7 Trash-ICRA19 Dataset

(d) Comprehensive transformation
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% .
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Table 2 Replacing the backbone network experiment

CoordAttention*, GAM®!, BiFormer!?®), SGEP"),
EffectiveSE 715 ML G BEAAERSFE . THREEM S
& EAR . SRIRSE R 3 s

EC RN IVE =L IR

Table 3 Add attention mechanism experiment

mAP/% GFLOPs/G Params/M
BaseLine 53.0 75.2 322
CoordAttention”  53.2(+0.2) 75.2 322
GAM?* 53.6(+0.6) 107.9 424
SGE* 53.6(+0.6) 75.1 322
BiFormer* 55.0(+2.0) 139.6 33.8
EffectiveSE* 55.0(+2.0) 754 32.6

mAP/% GFLOPs/G Params/M
CSPDarknet53 43.8 15.8 7.0
InceptionNeXt 53.0(+9.2) 75.2 322

MK 2 ATULEH, @i ET M, Mk
InceptionNeXt FHE T Ji A 3T M4 CSPDarknet53 2
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Trash-ICRA19 ##i4E L 5] A\ InceptionNeXt 4% 1] LA
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InceptionNeXt 58 | oeidt B % (1) Rk e J1 FURRE 32
Ry, 48T+ 7RIAZE KT B AR AT 55 A s A
o

N T VS ERFERL & 2 b 5 N = I HL I
T HI52I , SE56 LS N InceptionNeXt 45 ) YOLOVS
W RS, 7E Trash-ICRA19 44 EXFHE T 5N
1000

MR 3 FTLAAEEEE], 7E5] X GAM A BiFormer [
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Table 4 Improvement experiment of loss function

mAP/% GFLOPs/G Params/M
BaseLine 55.0 75.4 32.6
SIoU* 55.0(+0.0) 754 32.6
WIOU* 55.0(+0.0) 754 32.6
DIOU* 55.6(+0.6) 754 32.6
FocalEIOU* 55.7(+0.7) 754 32.6
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Table 5 Add DCNv2, CARARE, and DyHead experiment
results

DCNv2 CARAFE DyHead mAP/%

GFLOPs/G Params/M

55.7 75.4 32.6
v 55.8(+0.1) 74.0 32.7
v 55.9(+0.2) 75.8 327

d 56.4(+0.7) 76.2 32.8

S v 55.8(+0.1) 74.3 32.9
S N 56.5(+0.8) 74.8 33.0
v \/ 57.3(+1.6) 76.5 33.0

\ v v 57.4(+1.7) 75.0 332

MFE 5 AT LA 22 E)% DCNv2 . CARAFE. DyHead
BATANFRC B LI f5, SRR P IRE R, THEEA
B SHE B SR ERERIEE, &
RS EAS LI E I, b TR & 5—T7
[, A CARAFE H1, ESRTHE AL RS T A
BEPEMI RIS, JEBEIN T S AL B R E R IR R 471200,
31\ DyHead {E Y (RAE EEIR T T 0.8%, BARHH &
MBEE/DNERE RS, (H153) 7 EAER R H A5 E LA
SPREER, W T R AR A IE DL, A R TR
TP HERA PR R

7E[FRF 5] X DCNv2. CARAFE F1 DyHead 1
SN, B VEREAS R TR 3R T, PR EEE
B 7 feEE 57.4%, T HARE SEER T E

W B, BAE R RagaR T b E
FRINBZIRE T o BN AR (1 52 BT Al L B T 4
AbFTEER S H AR, o5 T HARE AL AERE: HeE TR
RURRHIER K Be ST ARSI RE /T, A58 R T 4 b i o
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2.5 XfEESKIE

TR UEA SO IR AR R A S, g
EFDCD-YOLO # # 5 YOLOvS-LeakyReLU .
YOLOvVS5-transformer ~ PP-YOLO . YOLO-Ghost
YOLOV5. YOLOv7 F1 YOLOv8 %A% 7 fE Trash-
ICRA19 ¥ dli4E Lt xf b, MEAFEBERLE Py R,
mAP. GFLOPS F1 Params J5 T fIPERE, Frpst bk
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Table 6 Comparative experiment

P/% R/% mAP/% GFLOPs/G Params/M

YOLOV5-

59.8 34.9 38.0 15.8 7.02
LeakyReLU
YOLOV5-

46.3 40.7 40.1 15.6 7.02
transformer
PP-YOLO 56.8 44.5 46.5 16.1 12.3
YOLO-Ghost 57.8 46.1 46.7 8.0 3.68
YOLOVS 438 44.0 43.8 15.8 7.02
YOLOvV7 452 532 51.8 103.2 36.5
YOLOvV8 51.0 444 479 78.7 25.8
EFDCD-

652 53.7 574 75.0 33.2
YOLO

MFE 6 AT LAMZEF], EFDCD-YOLO 7E P.R.mAP
T AES] T 65.2%. 53.7%M 57 A%HIKEHE, X
b TR YOLOVS 0 AR T T 21.4% 9.7%F0
13.6%. [FIBSAHES T HARBIAY, 7E P R\ mAP J5HI#
BAEBRLS, REEITEENSHE LA EM
a0, {HX R & A B, EFDCD-YOLO %
TEF BT RRE R A A0 B R SO anpLl, LReis
SRR AR AT I ) A AR R A L 21 [R]EAE 5
—J7 IR B 8% v oK T IR R Pk, $RICE RA 7
ST, TS SRS A 1 H BRAGI 45

NY R EFDCD-YOLO T Ho At AR 7Y
L, SEERXTEE T SRR TT 100 eI EHREE
ARk, k8 FivR.
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N T BRAEAR I RE, SEIR ] T AN FIRIAL P-
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