iﬁiﬁ%ﬁﬁ TR SOFTWARE ENGINEERING Yol26 o

XERS: 2096-1472(2023)-01-24-10 DOI:10.19644/j.cnki.issn2096-1472.2023.001.006

E T it Resnet1 SHILIK 53 EWZE B EFTEAR
MRS, BRIAT2, MR BB, ek

AT IR FEEAFE TAZZR, #Hix M 310018;
2HPTE TR FHEMAZEH KSR, T M 310018)
£42019330301193@mails.zstu.edu.cn; 2019329621218@mails.zstu.edu.cn; 2019330301190@mails.zstu.edu.cn;
2019330361008@mails.zstu.edu.cn; 1jf2003@zstu.edu.cn

B E: b s B, T ARG R ERRR RE, BER ICR TR, SCEAR I T —

P T Bt Resnet I SH IR A RS B Tk, HIE, TEResnet] 8FRZEELEMA 4 5| ASE—Netili i H B I HLHI B,
AR RS T MR AR AESRIRAE T7 5 Uk, R — Rl T 26 BN 2 ROZEGSZ B R s, (25 REAS AL & A R R
HIFFEE B . SCIREEREEN], SREEMIRun AR SR et RBCR A, AP UE K FResnet 1843 H$2 T T79.26%
H7.36%, Stt)E AR IAL B FUE K97 . 27%, 4R Resnet1843 5§27 1710.26%, F HW 0 IR R ) E B
FHE, WA, SttfERIResnet1 SHY MG WA (FPS)IAFN65.03, WT DAY B M S ERESK . RN, R £diaifsg
RSB I IEAL PR A, (LR Y 2 FhaRss, ST TR ) Bk @
&

KA Resnetl8; Wl Kiuzti®; SE—Net; £ RZESZETRIE; 9

HESES: TP3914 XHEFRIAE: A Py

Waste Classified Collection and TgdRspo¥tation Supervision
Approach based on Iq?) Resnet18

HE Yanhong', XU Yinin%2 FU

( 1.School of Information Science and Engineer ejﬁng Sci-Tech University, Hangzhou 310018, China;

EN Shuhang', LI Junfeng'

2.School of Computer Science and ology, Mejiang Sci-Tech University, Hangzhou 310018, China)
542019330301193@mails.zstu.edu.cn; 201 621218@mails.zstu.edu.cn; 2019330301190@mails.zstu.edu.cn;
2019 0361w@mails‘zstu‘edu.cn; 1jf2003@zstu.edu.cn

Abstract: In order to solvg.t m of high mixed loading rate and poor waste classification effect caused by

incorrect collection and tra in the process of waste classification and transportation, this paper proposes a
waste classification and ation supervision approach based on improved Resnet18. Firstly, SE-Net (Squeeze-and-
Excitation Networks) channe[attention mechanism module is introduced to the beginning part of residue structure of the
Resnet18, which can effectively improve the network feature extraction capability. Secondly, a multi-scale receptive field
fusion module based on dilation convolution is adopted to enable the network to feature information of different scales. The
experimental results show that the improved model of infusion of the beginning part and the late part of the residual structure
performs better, and the weighted F'1 value increases by 9.26% and 7.36% respectively compared with the original Resnet18.
The weighted F1 value of the improved model reaches 97.27%, which is 10.26% higher than that of the original Resnet18,
and the recognition accuracy of different color trash cans is higher. In addition, the number of frames per second (FPS) of
the improved Resnetl8 reaches 65.03, which can meet the requirements of real-time monitoring. At the same time, data
argumentation and weather simulation methods are used to process the dataset, so that the proposed model can adapt to a
variety of environment and improve the robustness of the model.

Keywords: Resnet18; waste classification and transportation supervision; SE-Net; multi-scale receptive field fusion;

dilated convolution
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Tab.5 Specific results of ablation experiment
Wi pom Ak A4 | bk g 2k e
eS| B/%  R/% | I i R/%  #/%
Resnetl8 96.46  93.17 Resnetl8 93.90  84.75
Pre-SE  100.00  100.00 Pre=SE  99.06  92.95
Wi AR
MSRM  99.49  99.49 MSRM  86.85  98.93
Both  100.00  100.00 Both  95.31  100.00
Resnetl18 93.22 96.46 Resnet18 50.00 77.88
Pre—SE  96.95  98.62 | 45 Pre-SE 85.23  97.59
L fa,
MSRM 99.32 87.20 | Bt MSRM 89.77  90.29
Both  96.95  97.95 Both  94.89  94.35
Resnetl8 92.21  88.02 Resnetl8 94.38  83.63
Pre-SE  97.84  95.76 Pre=SE  97.59  95.67
TR Hi
MSRM  90.91  95.89 MSRM  96.79  97.57
Both  98.27  96.19 Both  97.99  95.31
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Tab.6 Results of ablation experiment Tab.8 Comparison of experiment results
Pre—SE ;;1&1 ﬁff% 3!:/4‘1 ﬁfgﬁ% %’ﬂ F;{% %ﬂ AR5 SE— gow  TAUR/NBL AR/ FUL/IEL BORK
WAE/ N AR/ % o /h/kB B /% HHER/%  FIi/%  D/KkB
x x 93.06/86.69  85.48/87.32  89.11/87.00 43,7711 77.92 Resnetl8  93.06/86.69  85.48/87.32  89.11/87.01 43,771  77.92
° x 97.36/96.11  95.96/96.42  96.66/96.27 43,927  71.52 Resnet34  88.77/85.93  88.63/85.91  88.70/85.92 137,329  69.27
x ° 95.86/93.86  96.26/94.90  96.06/94.37 52,053  65.79 Resnet50  93.40/91.77  92.07/92.08  92.73/91.92 225,871  53.04
° ° 97.87/97.23  95.76/97.30  96.81/97.27 52,229  65.03 Resnetl0l ~ 92.05/89.28  90.11/89.24  91.07/89.26 300,657  46.13
WAL Gl A L I 45 R, KW Pre—SEMLF1- AICHA 97.87/97.23  95.76/97.30  96.81/97.27 52,229  65.03
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Tab.7 Comparison of specifi

Sk pom Al L4 el L
eS| /%  #/% R/ % /%
Resnetl8  96.46  93.17 Resnetl8  93.90  84.75
Resnet34  93.43  93.43 Resnet34  87.32  80.17

W Resnets0  100.00  96.12 Pfn  Resnets0  97.18  89.61
Resnetl0l  94.95  93.53 Resnetl0l  90.14  88.89
AICEA 100.00  100.00 AR 95.31  100.00
Resnetl8  93.22  96.46 Resnetl8  50.00  77.88
Resnet34  90.85  96.75 Resnet34  64.77  71.70

% Resnet50  96.95 96.30 % Resnet50  71.59 85.71
Resnetl0l  93.90  96.18 Resnetl0l  73.86  76.47
AR 96.95  97.95 RICEA  94.89  94.35
Resnetl8  92.21  88.02 Resnetl8  94.38  83.63
Resnet34  90.48  84.27 Resnet34  88.76  89.11

JKf  Resnet50  90.91 93.33 JEf  Resnet50  93.98 91.41
Resnetl01  90.04  90.83 Resnetl0l  92.77  89.53
A 98.27  96.19 AR 97.99  95.31
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