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A Garbage Imageclassification Algorithm Based on the
Improved Efficientnetv2 Network
ZHANG Zhen-li, CHEN Yuan, FU Hao, ZENG Lu”

(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China)

[ Abstract] An improved version of the EfficientNetV2 network is presented for garbage image classification to address the limitations
of mainstream algorithms, such as poor dataset universality, limited recognition types, and algorithmic constraints in specific
environments. The proposed algorithm emphasized both classification speed and accuracy. The EfficientNetV2 network was utilized as
the baseline model, and classification speed was enhanced through the incorporation of the SK ( selective kernel) attention mechanism.
Transfer learning strategies were employed to improve classification accuracy. By leveraging deep learning model frameworks for garbage
image processing, the need for manual feature extraction from dataset images was eliminated, and the scope of garbage recognition was
expanded. Experimental results demonstrate that the proposed algorithm achieves an accuracy of 99. 71% on a self-built dataset, which
is an improvement of at least 4. 77% compared to other algorithms, such as GoogleNet. Furthermore, in terms of time efficiency, the
proposed algorithm outperforms algorithms like VggNet19 by at least 50% . Through the enhancement of the EfficientNetV2 network,
accurate and faster garbage classification is enabled, providing a scientific and efficient solution to the growing challenges posed by
garbage issues.
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Fig. 1 Model compression schematic

¥ Mk . www. stae. com. cn



2025,25(10)

SRIEF 45 BT U0 EfficientNetV2 W45 (1) 45 3% B /3 264 1 4231

PG RT3 el T AS T) B 1 DAk 5 3, i B A 92
REAS F AR 4 AN [) MG R SH 0 2 245 B9 1 4k
5 I R G AR Y T M R R A B T
B AR T T U2k g, R, BB Efficient-
NetV2 B2 0 T ik /24 h . B 2 Efficient-
NetV2 2% 1254 15,

EfficientNetV2 F R () BEA L5 44 40 45 Fused-MB-
Conv BLHLHT MBConv #5183 7R 11X M Fft 45
¥, X PREERIS AT BN JZHI SENet #1242 /4%
A9 SE ( squeeze-and-excitation networks ) £&
Bl o BN JRTETRZE 28 N 45 X A B2
LU A HEAT FEERAE | SE B S LY i ) 25
BB BOCHA MG BB .

TF EfficientNetV2 2% v 5| AT JL I 42 44 2kt
#E  TEORFFPERE Y [ — 2 BRI TR A AR

WIREFRZ (stem) . BT T WA & FUZ HR T
AR AL B A BRR DD R, S m R 2E B
XA 5] 5k 25 PR MR, Bk /D T S EORN T
SUBEE, R EfficientNetV2 HAEAN B
gty it Ak, DL /IMEITC A 484 ) dn feff FH 5% e -
BRI BL T AN S 3 5 — b F R . EfficientNetV2 5]
AT — D RBEEREL o, [R) I8 3 W 28 1 56 B TR EE
IIPER

I X 26 G, EfficientNetV2 7E 01T 5B &
ZR B B[] B PR RF Bl HR T o A T R R R A T
fahr
1.3 SKiEFEANEF

HERE DIV AE R 2 > G b i 3 2 0 H %
AIFE T, JC R AE A B R Ry 50 s i, BT LA
15 BB A E UG rh B AR SC R 43, DT 4 1= 3
FEAERR PR FNRR . 7 P B v B T BILHI S 3]

WRANL I, 7 7 B B A Y ) R R A Ak PR
BB LA K HARE S5 B9 AR R

SKNet fiff FHh A e AL, iZ ALK BE B AR 4 H
FREIR A RT3 Rl 8 £ [ 9 2 B, X
B = ZAE T B, % 4 B ) U R 77 5
AR R AN IR /I A T AR A ISR TR/
ERWE IR B il 5 B B, X AL Y
AR R B AS R RS B AR 9 BE J7 . SK-
Net BT E BA H bR U B & W 4R s, A
T 5 4 3 97 AN [ ]UBE 9 AR A6 AT 55, SKNet 1Y
WK LSRN 4 FT7R o B B SASEEELE] fe i p 22

(a) Fused-MBConvis 545

H 2 UG SRR I w5 B2, B3R B 7 1) b AR R A W o I
QR B 58 BE B KSF- 5 1) L AR R 5 € R RMR sy
AE P ()38 B %4 ; Conv ( Convolution ) 4 F ; Depthwise Conv 4145
TR — R AR R 2 i Al bl 2 I 245 v I e RS R A
K3 Fused-MBConv 45+ F1 MBConv A3 4544
Fig. 3 Structure of Fused-MBConv and MBConv

(b) Fused-MBConvA<HR 454

2 EfficientNetV2 45 125
Fig. 2 The structure diagram of EfficientNetV2 network

ML www. stae. com. cn



B R

Science Technology and Engineering

4232

5 1T B
2025,25(10)

Softmax

Kernel J—~/INUSF AR A0 [, 7E 4 FRERAE VR i sh i 10, F T e S A KOS b 3R BUR) SRR 1E ; Split oA Ab B £ RO RRAiE Y
FFB TR ; Softmax 2 F A2 SR AZ BT (B R ) IALTE ; Select a5 P A AR BRI 22 RUBE RRAE P s £ 05 40 G A RPAE
FF R B RAE Sl — A, DT HE 58 B 2 1R B 1 AR AE
Kl 4  SKNet F45 2544 &

Fig. 4 SKNet network architecture diagram

TUARYEAS [FH Sc £ 7 Jak sz Y B o 5T, AT 4 5y 1
R ERATRE ) FUMERA M, X R [ 38 B 1 0 e s
9 SKNet 7EALH Z2 RUEE H by 58 BAR#, T B
FRAS AT 5545 K B AF I RICR |

SKNet fH (A BE FEAFE LT 3 P8,

55— . Split, % HRAE o AH H A KA —
FEAAS B i AR E 81 64T Group Convolution
SRR A 2 x 2 .8 x 8 MR B ]I R AT A B
BN BUZ (U2 x 2) 38 5 B A 4 SR i 4n
FRAE, AR AU (U0 8 x 8) M T 35 Al e 4 )
LR E R, &8 8 WA R B FRE B (feature
map) , B U1 A1 U2, EZEMHEA [F SR X B bR
TR, DA R RS B

9 Fuse, XS — 2045 B BN AS [A] 1) ¢
fEE U1 F1 U2 A7 RLA, AT LA HZ ST R A ek
TURIEEN T A ENTE I — ARG R R E . 2R
Je R F 4 R 24 AL VR 2 Rl R T A Ry —
MNESREER S, LIk A 25 fE 8, L H 4% ek
W 2, T B 8 B, Ford F
FOREJR TR ALERAE , F, 2R e B AE T 4R PR
JEAERE  RE T TENLRIROC R A ey =
B2 5 B RG22 R F Yt Ak Fn 4
BEEEMR ARG R S 2 R FHEm & S, X
ARHEm S A DR G ST 55 Rl A

S = F(U) = g2 UGS (D)

Z =F,(S) =8[B(W,)] (2)
KU, (i) R U AT E (L)) R R E;
H AW Ay BIAERE R U, 55 FI5E ;¢ BB %G s, M
SRR AL 25 0L R — e R ¢

AT RS P 328 B2 L 2 ) ) R 1 v i
BRI W s A RRE A 4 T BOR
BER T AR 4ERE , B0 & S 8O0k TR e
SN, HK, A T RO B B s R

o BRI TR VR Y B Sfe 1B B Gl ) E A, D
FEVERE RN T A RCR Z [, B )a, AR
45 n] X Tl T BOH AR A9BSR B 2 AT 5 rT RE TR
B Z2 A ORI R A R IEAC L, W RR
— A EEZZ N ERRE, XA S HETE N
g g H e 5 3 5 — N RRAE S (], FE 1] AL
o i ReLU pRi%k (8) #4730 , B (At brifEfL)
T4k, B4R d 3580 i BUR R M max
(e/r,L) KeBffng , o r SHWGE L N d 1 5e/IME.,
LA FIR IR [ i S 7T TR ST 55

=4 .Select, TEMM & Z AT softmax FAE
IARAS a, b, , SR 51 AR FRAE UL A1 U2 4351 5 %)
N AL RN o, F1 b, 3% TR AT, I 5 45 Rk 715
1B R BN, 5 LA 2 5 RRAE V., v &l InBUR
YRGB B AR IR B B A T R 4 SCREE
Kl U1 AT U2 A5 B, HALEE B Softmax #/E S Tt
o, BT a5 b, Z W REUHEZ T 1, Ik F
W RE BN SRR A 1 H Y

oM

a, = RERNY (3)
B

b, = By B (4)

V. =alU, + bCUz(: (5)

KHA BeR™ A, eR™ TR AN c 1150, M a
TS ¢ DNITE ;B A b 1 XA |,
1.4 SKEEAHHRFM

EfficientNetV2 25973 i 8 B B, B34~ Bir Bt
A AT A 25 4 A g, EfficientNetV2 #5550 f i
REEFIR 1 iR, BB X — s E,
T 3 x 3 FK/NWBEBUAZ RN 2, R i 75 41t i
IH—A (BN) 2 RIS R Swish, BBt 2 ~BrBe4.
XBEREYER ) Fused-MBConv i #E47 B E B fr
FIRE, o 19 )2 B R IZ I BE P Fused-MBConv 4544
IR BT, Fused-MBConv %544 1% 1 5 16 38 2>

¥ Mk . www. stae. com. cn



2025,25(10)

SRIEF 45 BT U0 EfficientNetV2 W45 (1) 45 3% B /3 264 1 4233

W2 1 2 0 A DU R R R B
Bes ~ BrBe 71X L8 F BeAf i MBConv 544 2H 18, [7]
FERHE RNERIN, RPr2EERR LB B MB-
Conv Z5H YL YCEL, BrEe 8 Hi 1 x 1 Y383 45 1
2 MALE M R Z A, XS8R S Tt
— AL AN IBURAAIE | I 58 WU ¢ A AR A AN 53
2k, il Fused-MBConv Fl MBConv 45 #4 |, Effi-
cientNetV2 45 BRI 7E R FFRCIR A S EORITTH A 2 1
(], S ko R R S U BE

1E EfficientNetV2 1, MBConv' " %5 #4 J2 X} Mo-
bileNetV2 [0 £ R AL v (1) (31 5% 2 25 A8 R4 T 1A 1) — Tl
WGHE . HALE TAE SRR 224540  BIBR 22 450 S Tk fm
Rt , N TITU80/IME A0 25 B AT R, T BB A4 i 1
e, EEFEAT TP 5 A PR 55— T
AN[EI AT PREL, EfficientNetV2 ) MBConv F Swish
P PRBCER 4 Relu6 ST BRI, Swish 3T R ALRE 8
PO EUF A AR LS BE 5 55—, 7E 451> MBConv
Hh N L TR AL PRI AUZ Z R N SE
S48 THEE A, TG SRR AL ) FRIARE T,
1K ST EfficientNetV2 H1) MBConv Z5F £ (R FF
{BIBR2E A5 K 0 R R [R] IS 35 5 1 AR 4 HRORT 75 g
41, MBConv 255 401E 5 B,

MBConv 58 H LA T LA B R4 %, 1 x 1
Lot R X & MBConv 45 44 582 4R 35 4, 4 ]
I x1 W &R R, BB E i H

%1 EfficientNetV2 #2 i) Bk LEH
Table 1 Overall architecture of EfficientNetV2-S model

V= Bk PR EEE JZH
1 Conv3 x3 2 24 1
2 Fused-MBConvl ,k3 x 3 1 24 2
3 Fused-MBConv4 , k3 x 3 2 48 4
4 Fused-MBConv4 ,k3 x 3 2 64 4
5 MBConv4 ,k3 x 3, SE0. 25 2 128 6
6 MBConv6,k3 x3,SEO0. 25 1 160 9
7 MBConv6,k3 x3,SEO0. 25 2 256 15
8 Convl x1 &Pooling & FC — 1280 1
BN BN
SiLU SiLU

(BN) Fl SiLU ( Swish ) J#0i% eR £k, B F 2R 2 TH4E Y
VEF SIS AE A HE B sk x b TRIEEBFUZ 76 1 x 1
BRZZE A=k xk EEERZE, H ik
FMELE N 3 8% S, B/NEY kAT DA B O 2 1 Jmy 5
FRIE 38 A FHIHE U i 405 5 B BRI kA
By PR R SUE R . EEREE R £ Bk T
FE55 05 2 M R BE IR BR ], TR BE A5 B2 1 2P BE AT
P& 1802, 000 1 b RRAE RN 5 i AR
LS A TR E 22 05 8 PR 2 B, FRE
BERSTIRE 3 A T i 1158 | 2 8080, R B
WO BY e 20 IR B 75 B2 55 1B A AR AE 1 1)
KANFIR 28 BT B, 3X — 20 R K K A B i
SR B T YRR SE R TETR B G
EZ )5, B SE b, SE BEHUE A4 Ri1E B
MALEAE R — 2 282, 1A A W AGE,
DIMEE GRS B R RE J1 , SE Bt n] LLUHE Bl ) 4%
A P B ARRAE 1 x 1 S E R  E SE B
ez Ja M1 x 1 ERZAtEIH—f(BN) )2,
AL B FFELE VR 08D E 1) 2 B Dropout JZ: MB-
Conv 514 () I J5— 2 J& Dropout )2, F T REPLEFE
Rl BILR B 2 i MR 40 3 7k 25 2 4 1 iy etk ek B, D) —
FE RIME R ZE FRHAS MBConv BEHL I sk 7)N /9 45 £
UREE . PP BE LI BE I A A% 8 1 Bl AL 2K 3
3, T2 DL — 7 A M3 {2 AL 2K s MBConv A5
HEER BT B 7E B8 5 4% B 3R F SRk e T,
T4 IR SE B FEAE R R LR B 4 2D
IR e Rets [l i A o M S HOCRGE, R R
HIFRIRRE T, IG5 X 4% 191z fk g

1.5 Bt /EH) EfficientNetV2 M %%

4 SK 1= JI AL 4E R E] MBConv 28 Hr J2& — Ff
BT R 5, B 763 58 37 ) KR o BT Y M g
XL 38 0 R T SK 7R & L] A9 4 e
RV 3 2T 2 28 9] 5 AR 1T R S R A 1 PRI A T RLEE
FIERME, P S5 B MBConv 45 44 25 SK-MBConv 5
Yo, HasHEnE 6 Fis

BN

5 MBConv £ Ji 3
Fig. 5 Principle of MBConv structure

BN BN
SiLU SiLU

K6 SK-MBConv Z5f4 &l
Fig. 6 SK-MBConv structure diagram

ML www. stae. com. cn



B AR
4234 Science Technology and Engineering

5 T &

2025,25(10)

L F] MBConv 29 44k, 7E MBConv H14E
A% SK ML R 7 R A BRI SE (squeeze-
and-excitation ) B 2 [8] 8 I — A~ 5E 3l 245 6 & R AE
Wb B R)ZE . X RS AU MBConv AN H]
VI SE A5 H kb 258 18 8] /9 5C &%, 0 HL g 6% ok
SK EAE AN A RATHREAE[E I OC FR . X A AR A B
T2 TR G b 17 AR v A (] RUBE SRR, AT £
FRB R 2R RE 1. AT E SRS MBCony 45
o X e n] DA R R A b B 22 R AR IS Y
RGeS, Ytk JS 9 MBConv 45 44 521
Pt fE A R A 5] A SKE (A5 X 2% BE 45 T
A 355 Ak BRI AT AS ) RUBE B LR AR AIE . 3 b 3
AN TEREAIL A A5 W 25 BE 4% BT 47 1 35 7 AR P B AN
[F] RBERFIE , TCi8 ot KR B 45 A PR R AR i /R
FERARTT FRAE . XA O RIS & T B 2K iX
FERYRE T PR Ry 7 3% PR AE A1 B 22 b RS RSk
HIPIXT 4,

B EPGE L Stem BEHIF I, BT 3 x 3 £
PRAE LSRR R, T 7 Z 05 1 FH AR —fb AL
TEeREL, 84, FIH— %5 MBConv Bl M5k
BT R 1 x 1 B R AEE 5,
SR BRI AT 43 5 A5 AR A T 25 (B REAE B2 L, AT 346 by
;] SE #EH DIdG s GE B O it 1 x 1 B

Expand Convolution
SKASER
Depthwise Convolution
YRIE T B e
SK-MBConv
Project Convolution

Batch
Normalization
Layer

Convolutional
Layer

Activation
Layer /|

Stem

“\r

Pooling Layer
Activation Layer

FRORE AR AIE W S 28] 20 41K 4 5 2 fR), 38 A oo 785l o
Head #8058 B, He rf A 46 42 J5) °F- 349 3t Ak Fn 42 3% 42
2 T A A 2 50 0, 7 o B
EARRE

25 LTk 4 SKTER LT AR i 2] MBConv 26
A B T EfficientNetv2 % 28 78 By 3% % 0 25
155 FAPERE . S8 I 7 BN R 8 T ARG
iff s A BHUAS [) RS A AR AIE T L 34 BB B v 2 AR 1Y) 43
RUERGR 1813 ok, EfficientNetv2 W 25 7E AL F &
Fe RN 2270 1) VRGBS ol o 2 00 o T o R ff N
BRSSO R B A S AR R
BAC AT 55 v B TR R AT R
1.6 FHEES

TR 2] R —FILER 2 T BOR E F A —A~
155 F2ERI AEOR B TE ) — AR 55 BTk
B TEIREE b il 2 I ZR A AL )
TSR 38 o R AT () S ECRE N AR 5. B
A% Lo SRR A TR0 R 28 %) AP AE 27 T 8 1 Rz
TLRETV AL B AT 55l S AT A AT
JEATS5 B30 A AR, AT U A RS S8, B AR K
HARERAR TR SR SRS L RHERE

BRI 8RR 2 2] g B4 ik DUR D3R,
TERRIE A 1 P I SR Y VR G500 4G B A 1 S 4

SK-MBConv =
FusedMBConv =
Blocks B

Convolutional Batch
Laver Normalization
y Layer

Dropout Layer

Global Average

Input A2 FANHL S B4 UG E0E ; Stem FH 40 B A BME A BUWI 4R I 44T 2718 5 Convolutional Layer H#5F1)Z ; Batch Normalization Layer
JHF I B B e B RS 2 M 5 Activation Layer FF 51 AJEZMEARE M ; Blocks 2 H4 S 28 0 46 () BERIBE e T 3R I 4% 45 AN 2
RN EEE I2 BT s Head Ry INZS 0S50 3543, 1 X 42 BB A v 4R A 0 A Ak L i o e 2 199 4 2 BT U 45 58 5 Dropout: Layer iy 1E I Ak
A, AT R4 B A S ; Dense Layer ¥ $% I — )2 A9 FT 4 #1205 241512 B4 27T ; Global Average Pooling Layer “A#lLfL)Z ;
Output SR8 (14 55 28 i )24, B A OB 114 T 45
(IR €I SF i A7 N LUK A7 W S
Fig. 7 Improved algorithm flowchart

ML www. stae. com. cn



2025,25(10)

SRIEF 45 BT U0 EfficientNetV2 W45 (1) 45 3% B /3 264 1 4235

SCBAE S5, Vol A5 R 235 40y L3 BRI A 55 1) 5K 5 1l
R 55 AR08 R4 S0 RN 2

WA 5 >, AT DA C AT B R A 2 5
PR I s BT A 55 S A | 4 TH] 412 ey 1Y
APERERIZ AL RE T, JU AR B A BR s AR LUAE: 55 1
O BA BRI

2 LmEERESH

2.1 RBWSHIRE

AR IZATABE R E T, #E RS Win-
dows11 K JiE 1 SCHR; CPU: 12th Gen Intel (R) Core
(TM) i7-12700H 2. 30 GHz; GPU. NVIDIA GeForce
RTX 3060 Laptop GPU; CUDA Version; 12.2; RAM;
16 384 MB;VRAM 6 009 MB;Env:PyCharm2020. 1 x 64,
2.2 HFEKEFESLE

A SCFFd FHA B 3 3 KB Garbage Clas-
sification 2 FLH 45 £ , EPE R H R AT PR
WEIBES, 3815 515 5K A, 70 12 28, ARIE AT
W SEBRAE O , BT AR A 1 SR IR -+ 3 BRAR Y
(i) L, 461 o e LA 140 97 I R AN T | BTS2
SRR A3 S M B A [ L, o 4% - O B s AR A T
HOE b E Sl I A A S BRI FLK B
A EG B RAFERFEAT T R/NA 150 x 150 By 48— A4k
B BT A B RS A g — b B A LR LA
JE A DG — % AR B B 27 > R SR g AR
FIEE AL BRI SR @3 RRCE  BE RSP A
B FIFATIHOAL, 32 i B PR e s ikt o R g 2. R
25 S KAT BB 2 MR AR V2 AK RE T s OB — bk
ARTR] RS 32 e Bt — Sork, (8 88 40 2% ) 5C Bt Ry
fiE 3 3k i PG I | B AL e % BT L T B
SRR | e ST AR 55 7 ok X Bl A R AT Y o e
PRV FTE B 4R 3k 77 575 SRIEMR ERA Y
15 5155K KR RO EERT L8 1 62 060 5K 181 A, 4% 5
TRE A Y, B NAE A AR T i S PR A O
A B A BE S R 23 I 2 5 AR il
SR8 90% RS 5 10% . 28 LT, il it g —
PG RST i P58 5 0 AR T 8 T 25040 42 19 o 4 R
— B v RGBT B 22 S ) A5 AU I A7 TS I 1
IR R Z R W OR T B R B PSR g T
FUALE S RS | AT L o R e A 0 B VO L 4
ERL AL Iz AL RE T A5 S b I B Ik 2
FIr7s
2.3 AEREERERTEE

¥ AlexNet . GoogleNet , ResNet50 , MobileNet-
V2 VggNet19  Swin Transform ,ConvNeXt Moz 5
(R (40 Ours ) 8 MBRLHERT X LESE R

—EIRIARAE GPU 4T T batch_size =8, epoch =
30 WSk, VRN TEbRELHE 3 T, IR AR TR HERf 52
(LU TRIFR U VR 20 ) A HY 2 ORIz A7 S 1]
Horr  BUNHERR A X 30 48 A B AU (EL, S2 30 45 2R A0
3 PR, AFEBIBEAITE 30 4> epoch H YR JI
BRI 8 R, SRR E AL Z P 9 s

R2 ZRAARAKESEFHEEHIE

Table 2 Detailed data in the experimental dataset

eSSl WNZRIE (Train)  JIKLE (Val) Bk
Battery 4253 472 4725
Biological 4433 492 4925
Brown glass 2732 303 3035
Cardboard 4010 445 4 455
Clothes 23 963 2 662 26 625
Green glass 2 831 314 3145
Metal 3 461 384 3 845
Paper 4725 525 5250
Plastic 3893 432 4325
Shoes 8 897 988 9 885
Trash 3137 348 3485
White glass 3488 387 3875
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Table 3 Comparison of experimental results from

different models

" P ER o NSV
o VEW gonswosn et
/%

AlexNet 88. 88 14 606 028 1629
GoogleNet 94. 94 10 340 180 9197
ResNet50 94. 44 25 671 628 4 893

MobileNet-V2 93.83 2 273 356 2 623
VggNet19 93. 89 75 627 596 28 673

SwinTransform 74.20 27 557 394 273 294
ConvNeXt 89.72 27 829 356 268 279
ARG 99. 71 20 346 732 10 856
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Fig. 8 Recognition Accuracy
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Table 4 Causal experiment 1

o xRyl |bas U BT AL

o 2wk 4R/ % Ff /s

MBConv P 98. 81 14 294

MBConv + SGE = 34.31 15 885

MBConv + ECA o 61.11 16 050

MBConv + CBAM & 50. 51 17 744

MBConv + SK 1k 99. 71 10 856
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Fig. 10 Results of garbage image recognition

ML www. stae. com. cn

0 25 50 75 100 125 150 175 200
() A EFI(97.52%)

0 25 50 75 100 125 150 175 200
(p) Hiit12(100.00%)



B R 5 TR

4238 Science Technology and Engineering

2025,25(10)

(94.44% ) . MobileNet-V2 ( 93.83% ). VggNetl9
(93.89% ) . Swin Transform ( 74.20% ) Fil ConvNeXt
(89.72% ) . IHFMSEI X LL T &SI SK F &
BIL S A0 T AT A% 27~ SR 2E Al TR R 2 > 3R
W& A R4 T 78 MBConv ARLER Hp A A [] {32 22 7 AL il
XPRERIVE BE S 00 B A B B R A FRAE 4
BRI M R APz ARE 1 S E ., SR, B iy
BAAEAERR RN . 1 58, AnTm] At TR B 2 > 48
UM RR B AR T R RS A i o A N R %k
i, X LI R B XF B 3 o AT 45 U
o ZA PR BN SR 15 45 P R IR N RN A e LAk e
BRI 2 . R, TR B 2 2 B R 0 52 22 MEBR ) T
HAEMRREME T I R R, X AE T LR o3 2 5 Rk A7
BB 45 R AT 3 By b 0o B 35 1
BRI i B R AR R EE Ty 2 —, %
R BIBIFFERG A TP e 32 THBE L il B I H R IR &,
G55 PTAAR T L BAE BONB I 28 A B R, LA
RTS8 5L ) T f B PR VB M K R A B
s G B 0 W 2% 2T 1 0 Anfal A AR AR A M B, LA
Qa3 3k P B SRR R A N A T SR R e B AR
[ 251 BBk

Z % x #

(1] thokik, HRHE, wERA, & FEPRRMELER[T]. HH5H
PR, 2020, 43(5) ; 755-780.

Xu Bingbing, Cen Keting, Huang Junjie, et al. A survey on graph
convolutional neural network [ J]. Chinese Journal of Computers,
2020, 43(5) : 755-780.

(2] BRIET, PN, ZRdtle, 4. TR ) 5 MR AL B Y IR

TR EEMITIELT]. B EOR S TR, 2021, 21(21):
8970-8975.
Chen Yayu, Sun Jisheng, Li Jianlong, et al. Research on waste
classification and location method based on deep learning and image
processing [ J ]. Science Technology and Engineering, 2021, 21
(21) : 8970-8975.

[3] Xia Z X, Zhou H, Yu H, et al. YOLO-MTG; a lightweight YOLO
model for multi-target garbage detection[J]. SIViP , 2024, 18.
5121-5136.

[4] Yang Z, Xia Z, Yang G, et al. A garbage classification method
based on a small convolution neural network [ J]. Sustainability,
2022, 14(22). DOI; 10.3390/sul42214735.

[5] Chen Y, Luo A, Cheng M, et al. Classification and recycling of re-
cyclable garbage based on deep leaming[ J]. Journal of Cleaner
Production, 2023, 414. DOI; 10. 1016/j. jclepro. 2023. 137558.

[6] Mao W L, Chen W C, Wang C T, et al. Recycling waste classifica-

tion using optimized convolutional neural network [ J]. Resources,
Conservation and Recycling, 2021, 164. DOL; 10. 1016/j. rescon-
rec. 2020. 105132.

[7] Tian X, Shi L, Luo Y, et al. Garbage classification algorithm based
on improved MobileNetV3 [ J]. IEEE Access, 2024, 12:
44799-44807.

[8] =EWS, mFiC, 454, . JT R Pk 22 My by 3 181 )
SAOTLI]. TR, 2021, 39(2) ; 110-115.

YuanJianye, Nan Xinyuan, Cai Xin, et al. Garbage image classifi-
cation by lightweight residual network[ J]. Environmental Engineer-
ing, 2021, 39(2): 110-115.

[9] Kang Z, Yang J, Li G, et al. An automatic garbage classification
system based on deep learning [ J]. IEEE Access, 2020, 8:
140019-140029.

[10] Gu Y, Ge B. Research onlightweight convolutional neural network
in garbage classification[ J]. TOP Conference Series: Earth and
Environmental Science, 2021, 781 (3). DOI; 10. 1088/1755-
1315/781/3/032011.

[11] Wang J. Application research of image classification algorithm
based on deep learning in household garbage sorting [ J].
Heliyon, 2024, 10(9) : €29966.

[12] fh, XV, &, . BT n K s 0% BpLEs A H
FREGINERE]. BEOR 5T/, 2019, 19(3) : 136-141.
Tang Wei, Liu Siyang, Gao Han, et al. A target detection algo-
rithm for surface cleaning robot based on machine vision[ J]. Sci-
ence Technology and Engineering, 2019, 19(3) : 136-141.

[13] &M, PREW, RER, & ATHE RO AT

BRI G KAL) RE T RIS S SR, 2021,
41(2): 498-512.
Gao Ming, Chen Yuhan, Zhang Zehui, et al. Classification algo-
rithm of garbage images based on novel spatial attention mechanism
and transfer learning[ J|. Systems Engineering Theory and Prac-
tice, 2021, 41(2) : 498-512.

[14] Tan M, Le Q. EfficientNet: rethinking model scaling for convolu-
tional neural networks[ C ]//International Conference on Machine
Learning, PMLR. Long Beach: PMLR, 2019; 6105-6114.

[15] Tan M, Le Q. EfficientNetV2: smaller models and faster training
[ C]//International Conference on Machine Learning, PMLR,
Virtual Event. Long Beach: PMLR, 2021 10096-10106.

[16] Hu J, Shen L, Sun G. Squeeze-and-excitation networks[ C]//
Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. New York: IEEE, 2018 . 7132-7141.

[17] Qu H, Yang J, Shen M, et al. Fault diagnosis of rolling bearing
under time-varying speed conditions based on EfficientNetv2 [ J].
Measurement Science and Technology, 2022, 33(6) ; 065023.

[18] Zhang Y, Li D, Law K L, et al. Idr: self-supervised image de-
noising via iterative data refinement [ C] //Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion(CVPR). New Orleans: IEEE, 2022 2098-2107.

¥ Mk . www. stae. com. cn



