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An Improved Lightweight Garbage Detection Algorithm for YOLOvVS
WAN Tao, LI Bo, XIANG Yutao

(Key Laboratory of Instrumental Science and Dynamic Testing , Ministry of Education, North University of China,
Taiyuan 030051, China)

Abstract; Domestic waste and its hazards have attracted people’s attention, the development of robots and objection de-
tection technology has brought possibilities for automatic processing domestic waste. In light of the problems such as the low
detection accuracy of current domestic waste detection algorithms in complex backgrounds and diverse target sizes, the large
number of model parameters., the imbalance in the comprehensive performance of deep learning detection algorithms, and the
challenges in deployment on embedded devices, an lightweight garbage detection algorithm based on improved YOLOvV5 is
proposed. In the YOLOv5 model, the GSConv module is replaced by the traditional convolution to reduce computational com-
plexity. The CBAM attention mechanism is introduced to extract and fuse spatial and channel information, thereby strength-
ening the expressive capacity of the network on the target. The model is compressed via weight quantization to reduce the
model size and accelerate the inference speed. Experimental results show that compared with the original YOLOv5 algorithm,
the improved algorithm increases the accuracy and average precision of the model by 3% and 2. 3% , respectively, reduces the
file size by 26. 6% , and its comprehensive performance is superior to that of traditional deep learning object detection algo-
rithms, with a greater friendliness to embedded platforms.

Keywords: GSConv, object detection, lightweight, embedded devices, weight quantification
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FNHEARAE Ltk T2 ], st FH LA 1) &k /] DL 58 4
Fik . WA AR AR, 2R Ll B AR TR
A

JI VB AR B Al L B T A GB D By R Al
fifi G5 B —FEER R EAR . SLhr B2 5ok &
IR — A 7 B float32 KR, wALJE H w7 2
int8 KK R, ANLLX — A il nl RURA T 4 £5 1Y
P28 i o 25 RS PE BRI AR SRR T
FERUER K, Gl B E AL, OB R SR E B T AL

TS H float32 28 4 int8, B FH intl6, HRLWE /D T
RU R/NFITH R B, A R s D TR A
DL B8 A ) T B R AR 0 2 i B e B AT AR, AT LA
JombR AR Y g AR B SRR RN e A D TR A R
DA, W T B, (Hd o —E p sk S
WESEEBEAT W, FSENMEREI, 3
TAEY [ ORG RE A . B R R . X TR S
B BRI 2 P 28 B ok R A A Y . B X T Sk A%
R UL TE P4 Z IO N . TR 2R — E I ARG BE 1Y
TEOLT s BN T BER ) R/NFITE B DR TR g 4 2
IS A T AR Sl 5 R M. TR
UERIAY — 5 I ORE BE . A SCHE R intl6 Ak, MR
intl6 [ 4 AR AU int8 ik, (HREEARFT B
A I A

3 XRERRSH

3.1 HiE&E

AR AP Y B A A 2 Ak B SCAE T A R B A
o ZEIEEALE Ok A 5 A& B AR SR R G RY 44
AARZER, 35k —WERES, Bk, Tl
T RRFSE, AL, B, BORLERIL. MRBCH., #
BEARHE, Kk, THM, Posglss, kb, HK
MR, Zypidi. tk, RERA, BYICH, HH SR,
WHHURAC, vR R, WA, P, BEESER L, AR
Mo, ANEdiHs, fEa, Rk, e, Eae,
O, BE, WA, W, £EFE, B,
SEEMHME, B, BEHFM, &, SHMmMm, W,
g, b TR BRECA R AR (R B LRI 45 Y
WEBME . RIS EREH R 8+ 2 1Y Lh B X & Il 2R 45
BFE .

3.2 XWTLHERE

SEER Ay AW, B R AL, I BEAT N 2R
P 55 20 R I 2 4 Y 50 R R A R R S Al O B 4 N
AT FF R i S H5 A R A A X A 2 50 i 1 T ) 5 2 A6
BRIFAVEE .

D PC ¥ & #1EFR S N Windowll #:1E R %,
CPU 2/ Gen Intel (R) Core (TM) i7-12700H 2. 30 GHz,
GPU 2 NVIDIA GeForce RTX3060; BAF 6 G, WTE 16 G,
4 PRI EE f python 3. 8. 19, pytorch 1.13.1, cuda 11. 6,

2) AR F G AR & RK3568, CPU Jy U 4%
Cortex-A55, 2.0 GHz, NPU 1.0Tops. GPU 3} Mali
G52,

3.3 SHIEEREMIER

A R KN (Img-Size) BEE N 640 x 640, LK
¥ & (Batch-Size) % %E H 32, # X (Epochs) &E N
300 %, #IMRET AN 0.01, fEHET AN 0.2, BUE
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PN 0.000 5. RN SGD bt . # 2 BB

AW EEMAGHEE (P, precision) . H I F (R, VEREAME | P/% | R/% | mAP/Y | RUECHE/MB
recal) . F3 K % B (mAP, mean average precision) . SE 72.1 62.9 67.5 14.6
) Wi ¥t (FPS, frames per second). & ¥t (Pa- CA 72.8 62.6 67.6 14.6
rams) . FHEIBER (FLOPs/G) . A E K /N2 4k CBAM 73.6 63.8 69.3 14.6

X ERIPEA HE bR . E R RAR A 22 500

L TP
Precision = TP L FP (8)
o TP
recall = TP L FN 9
1 m 1
mAPrz;;}DHJLPUHdR (10)

Horpr TP R REARRRZ N IE, 555 W0 o 1 11 44
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SETEAN TR A ] K TR BE 341 . 78 PR i &
FHN PR M2 F i i L. AP (B, U] B A
TR (1 S 247 o 0 S 1
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kit — 25 B R A SO I A B R RO AR S
396 A B 5 2 i R 2% 45 R0 40 Mask RCNN,  Efficient-
Det-D2. SSD. YOLOv3 fl YOLOv4 #7748 ) b g, H
SR LERANE 1R,

# 1 AR RS

3.6 HBEICIS

R TV G RS 56 45 A AR B R 45 A A B [ 1) 45 45 o R
AEEARIVERE 3R R BOR o AT T R S I T A R AR
W SRl b A IG I SOGHE Jr VA R R T X B . S 2
Ringk 3 pin. Hrp  FoRBRAZET, X NRR
WA ZAY, B3 ML RTUER, §—2W
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1 GSConv Ji7 » AUAEIE/D T 24w (Params) HIF
MIsFRE (FLOPs), b 7ER B fE mAP@0. 5 | 5¢
T —EBEMRT. BARRTEERKR, HRIET
Slim-Neck # it i 2 76 YOLOvS b @ al 4796, 3F H ¥
EloU 4 4 e 48 5 Ji 4 B 700 () CloU 4 2k i 2 5 it LA
P AT S 03 2 A A 40 o Xt S R 1) S RS B A kN 1 4
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ik PO R AP CBAM t SlimeNeck 414 FT. 47 BRI, LA AT
>0 o _— e Slim-Neck 9 B84 LR BOB . HEREAT BT 3271
YOLOv3 70.3 63.4 66.3 %3 HEER
YOLOv4 71 65.5 67.4
YOLOv5Ss 79,4 65 68. 3 Slim-Neck [CMAM| EloU |FLOPs/G| P/ % |mAP/%| Params/M
EfficientDet 66.5 54.3 58.4 X X X 15.8 | 72.4] 68.3 7.01
Mask RCNN 69.3 60. 2 63.6 J X X 14.7 | 73.3] 69.4 6. 80
R 75.4 67.3 70.6 X X J 15.8 | 72.7| 68.9 7.01
X J J 15.8 | 73.6 | 69.3 7.04
HEFLERATIES, HIR T 28 SSD, YOLOvS, J N J 14.7 | 75.4 | 70.6 6.83

YOLOv4 Fi1 EfficientDet M 2%, YOLOvSs 7E #55 Bl J A5
A e AR DL e A A AR AR T A R B WA AL, Rk
FxF YOLOvSs o f7 ok 3k, 3£ T YOLOvSs 5 & 3%
GSConv $ A | Slim-Neck {ff fb. % W& 7 17 20k . K 0 B2
DGR BRI 200, BARARTHIEE N AL 15
L ACE RN AR BT IR AG YOLOVS 8B4 By s /b, X
ik A B A SN A ST
3.5 EFEAMHEEE

N T CBAM B TER R R g R, A
S B i R BT 5 AN TR R D LR AT A AT, S
W RN R 2 By s . ARACT H Al w9 = ) AL SE.
CA, CBAM FEE R R /NFIIH 3 KA D oL T,
R 2545 TR REFE THE s

JEta B9 YOLOvSs B8 3k 7 Ab BA [/ K/, &2 2% 9
e URBUNY BB B BB T RAFIRCR . I HRR
TSR AN 38 T A2 8 2l i i A e g iR & . X B
WAELL . Xk R 9 YOLOvS 5k v e #EAT 1 F 5 .
B AL 326 HORF 5 I 25 2800 4 200 19 B R A ik, 181 7 S
TR R R
3.7 HEBUERNN

TEVNGREE A« K 1k BB fie 1 1O ALEE SO/ #E 4T intl6
AL, HIE EU intl6 KBS HLLL float32 KA S 4L
SR WA B AR, R R SR T IS A . B A
JE WO 4 PR . T YOLOvSs 55 3 45 R — 3
Ir AL SR floatl6 JE B, A5 B B Ak )5 A8 1 f) R/
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CBAM M Ay WL S, 454G 7 38 38 1 & 7 F2s ) i
1, SEHUM A RAAE SRS Bk . B TR Y R AR
RE T FMERAME . B e XTI R ar B, AT AR Ak
W R g /> T BB IR AT AR . OF R T A B
WE . SR, M A S YOLOVS frit
by 3= 930 B AR b B AR R A R RE DL S T AR A R T
BRE. B THERAX KRS LE, BAEEENER
N E S,

L E e

(1] #4E, RS, skEF, F ETRESRINEIN G E
FEGR J]. FEALLR, 2022, 48 (2): 1-9.

(2] AT, kT 38 8 2 o B9 A 35 B 3Rk I 55w F 5 [ DL
At BAUHBHLCA . 2023,

(3] B2, Brugd. BT RES 0 E 8N o5 L
[JJ. WF%H. 2020, 48 (6): 1230 -1239.

[4] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and seman-
tic segmentation [C] // IEEE Conference on Computer
Vision and Pattern Recognition, Columbus, USA, 2014:
580 - 587.

[5] Redmon J, Divvala S, Girshick R, et al. You only look
once; Unified, real-time object detection [ C] //Proceed-
ings of the IEEE conference on computer vision and pattern
recognition. 2016 779 —788.

[6] LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: Single
shot MultiBox detector [C] //The 14™ European Confer-
ence on Computer Vision, Amsterdam, The Netherlands.
2016 21 -37.

[7] REDMON J, FARHADI A. YOLO9000: Better, faster,
stronger [ C] //Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017. 7263
- 7271.

[8] REDMON J, FARHADI A. YOLOv3: An incremental im-
provement [J]. Arxiv Preprint Arxiv: 1804. 02767, 2018.

[9] BOCHKOVSKIY A, WANG CY, LIAO HY M. YOLOv4.
Optimal speed and accuracy of object detection [J]. Arxiv Pre-
print Arxiv: 2004. 10934, 2020.

[10] Jaiswal SK, Agrawal R. A comprehensive review of YOLOV5:
advances in real-time object detection [ J]. International
Journal of Innovative Research in Computer Science &
Technology, 2024, 12 (3): 75 -80.

[11] WANG X, YUE X, LI H, et al. A high-efficiency dirty-egg
detection system based on YOLOv4 and TensorRT [C] //
2021 International Conference on Advanced Mechatronic Sys-
tems (ICAMechS). IEEE, 2021. 75 - 80.

[12] LI H, L1J, WEI H, et al. Slim-neck by GSConv: a light-
weight-design for real-time detector architectures [ J].
Journal of Real-Time Image Processing, 2024, 21 (3):
62.

[L3] X 79, #REsE, KfFE, % BYOLO:. —fkT
YOLOvS Bt iyt i HAn ke 8k [1]. 5L TR
LR, 2024, 46 (8): 1444 — 1454,

[14] WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional
block attention module [C] // Proceedings of the European
conference on computer vision (ECCV). 2018. 3 - 19.

[15] HU J, SHEN L, SUN G. Squeeze-and-excitation net-
works [ C] //Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2018. 7132

M . www. jsjelykz. com



.28 . TIN5

o33 %

= 7141.

[16] HOU Q, ZHOU D, FENG J. Coordinate attention for ef-
ficient mobile network design [ C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2021. 13713 - 13722.

[17] SANDLER M, HOWARD A, ZHU M, et al. Mobile-
netv2: Inverted residuals and linear bottlenecks [C] //
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2018: 4510 —4520.

[18] PANWAR H, GUPTA P K, SIDDIQUI M K, et al.
AquaVision; Automating the detection of waste in water
bodies using deep transfer learning [J]. Case Studies in
Chemical  and
2. 100026.

(191 XIFvds, BMEW. EHW, 55 mtEfE YOLOVS: b
WA EEERERGENEEIR [T 8 T75FA
¥4, 2023, 45 (6): 2205 -2215.

[20] MA W, WANG X, YU J. A lightweight feature fusion
single shot multibox detector for garbage detection [J].
IEEE Access. 2020, 8. 188577 — 188586.

[21] Bk B, B/, EWL, 5% BT YOLOvT Wbkt
Woskatse U1 iR PLIE 5%, 2024, 32 (12).
1-8.

[22] ZHANG X, ZHOU X, LIN M, et al. Shufflenet: An ex-

Environmental  Engineering, 2020,

tremely efficient convolutional neural network for mobile

devices [ C] //Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition. 2018. 6848
- 6856.

[23] MA N, ZHANG X, ZHENG H T, et al. Shufflenet v2.
Practical guidelines for efficient cnn architecture design
[C] //Proceedings of the European conference on com-
puter vision (ECCV). 2018. 116 —131.

[24] REZATOFIGHI H, TSOI N, GWAK J Y, et al. Gener-
alized intersection over union: A metric and a loss for
bounding box regression [C] //Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recogni-
tion. 2019. 658 —666.

[25] ZHENG Z, WANG P, LIU W, et al. Distance-IoU loss:
Faster and better learning for bounding box regression
[C] //Proceedings of the AAAI Conference on Artificial
Intelligence. 2020, 34 (7). 12993 - 13000.

[26] ZHENG Z, WANG P, REN D, et al. Enhancing geomet-
ric factors in model learning and inference for object detec-
tion and instance segmentation [J]. IEEE Transactions on
Cybernetics, 2021, 52 (8): 8574 —8586.

[27] ZHANG Y F, REN W, ZHANG Z, et al. Focal and effi-
cient IOU loss for accurate bounding box regression [J].
Neurocomputing, 2022, 506 146 — 157.

[28] ELFWING S, UCHIBE E, DOYA K. Sigmoid-weighted
linear units for neural network function approximation in
reinforcement learning [ J]. Neural Networks, 2018,

107: 3 -11.

129,299,999,999,999,999,999,999,993,993,293,299,293, 293,299,299, 993, 290,290,299, 999,033,230. 299,099,039, 939.939,0399,239,299,939,099,039,999,999,999,999, 099, 099,999,999, 999,999, 999,999,999, 999, 999,999,999

CE#E 8 7D

L4003k k. A ™, ZEmst. B TIRIIRIEZITHE Sk
B [I] AEPURS A S THE AR, 2023 (6):
145 - 148.

[41] R TL0e, W4k 3C, M 2. it DST RS VUK R Bk
LRI Re s B iz b g B A (0. 1 B R 5 ALK,
2014 (9): 4.

[42] B @, #4630, fRIIE, S5, JE T 52 R 4% 1 o
PURRBR 2 AL Bl i iz Wit 58 LI 1. e HLmi. 2019,
40 (1): 3.

[43] XIE'Y, LIU C, HUANG L, et al. Ball screw fault diag-
nosis based on wavelet convolution transfer learning [J].
Sensors, 2022, 22 (16): 6270.

[44] YIN C, WANG Y., HE Y, et al. Early fault diagnosis of
ball screws based on 1-D convolution neural network and
orthogonal design [J]. Proceedings of the Institution of
Mechanical Engineers, Part O: Journal of Risk and Relia-
bility, 2021, 235 (5): 783 - 797.

[45] RIAZ N, SHAH ST A, REHMAN F, et al. An intelli-
gent hybrid scheme for identification of faults in industrial
ball screw linear motion systems [ J]. IEEE Access,

2021, 9: 35136 - 35150.

[46] ZHANG L, GAO H. A deep learning-based multi-sensor
data fusion method for degradation monitoring of ball
screws [C] //2016 Prognostics and System Health Man-
agement Conference (PHM — Chengdu), 2017.

[47] AZAMFAR M, LI X, LEE J. Intelligent ball screw fault
diagnosis using a deep domain adaptation methodology
[J]. Mechanism and Machine Theory, 2020, 151:
103932.

[48] PANDHARE V, LI X, MILLER M, et al. Intelligent di-
agnostics for ball screw fault through indirect sensing u-
sing deep domain adaptation [J]. IEEE Transactions on
Instrumentation and Measurement, 2020, 70. 1 - 11.

(497 AN Z, JIANG X, CAO J, et al. Self-learning transfera-
ble neural network for intelligent fault diagnosis of rotating
machinery with unlabeled and imbalanced data [ ] ].
Knowledge-Based Systems, 2021, 230. 107374,

[50] WEISS K, KHOSHGOFTAAR T M, WANG D. A sur-
vey of transfer learning [J]. Journal of Big Data, 2016,
3 (1. 1-40.

[51] ZHUANG F, QI Z, DUAN K, et al. A comprehensive
survey on transfer learning [J]. Proceedings of the IEEE,

2020, 109 (1): 43 - 76.

¥R MU www. jsjclykz. com



