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A garbage classification and detection method based on GINet
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[ Abstract] In order to better serve the classification of urban garbage and improve the efficiency of front-end collection of garbage
classification, this paper proposes an intelligent garbage classification network based on GINet. Firstly, manual annotation is carried
out on the basis of Kaggle and Huawei’s public garbage classification data set, and a training data set for garbage classification is
established. Second, in order to improve the generalization ability of the model and expand the training samples, a targeted multi—
background image enhancement method is designed. Finally, in order to solve the huge difference in size and color between some
similar garbage in the garbage classification data set, VGG -16 is used as the main feature extraction network, and a garbage
identification network that combines multi—feature extraction and attention mechanisms is constructed named Garbage Identification
Net (GINet). The simulation experiment shows that the algorithm has good robustness and stability in complex environments, the
detection time is only 20 ms, and the accuracy can reach 94.5% , which satisfies the high efficiency detection of garbage targets in
industrial scenarios.

[ Key words] garbage classification; deep learning; GINet

SRR 5 et ATy b T BIF A B B, 3 L 3 A7 7R
R I RS R AR 3 M 25 AR i 2 R)
DlYa %j\[zjmﬁT—‘ﬁiﬁﬁﬁj\;@/\%o %gﬁt}j@

0 53] 5
UTAER , v [ [ ST B A A A AR AR AE AN

W, DRI, B3R AR 2 002 S A BRAE R A O
B —MFOLT B AL B R i A e S
7 3 AR X AP 20 2 S ECESE  S RUK BRI
P E G e AFAEAR R A Bk o IR GEit Al i, Sk A=
EBETEY G S wfa  ve R Ve T NI €ve G R S 32
AFEBIR o TR E PO T R ok £
R TN THARLAL B, (H A Ab P A ) 2 i
RCRAR AR R HL TN B At B 52 iy K i i
SR FEE Tk AL AEOR AP %, Hlds A
AR AL CAE 224~ STt v i 52 it , DA I 2
FHLE NI SLI 0 S AL B 2 OZAT L AR

YR, BRI AR I BT FE A XA 1F 22 Ak

YEE®E N BEEIE(1997-) 95 BlEEgE Ak, 055 1] IR BE 242
BIVEE: BiFIE Email ;2398248206 @ qq. com
YrfE EHA: 2020-09-22

TN DIRE R AR ZLAME IR RE, 5 I ] s
ISR I 2 48 0 B 3Rk I A/ HoAT T P pE R
P, S N\ AR — B L T 40 B B B % R
MRS HIE, B TR IR 5 RS i E S A
[F], AR N T4 BORH R 508 AN [R) i R ik 19 4% e 55
o, BrEEE, KR4, PR
K, DRI i e SE 1 o

WLAER  WE TR 24 > 1) Rl & J S 5 A
28 W 2% 1 7 3 4 28 T ik o T B B A 4
PEO, Hirr, Abeywickrama 2 A8 B3 4y 20
FEMG 5328, ik S ) dE ML AT G B 28 ) 2% X 6
B AT TN 2, IS TR B R R R
83% M YLIZE S, Mital 25 A I/ T i 2 561 5K

YV B E RN ¢+ A8 it 5 & A




1

BVEIE, % 3T GINet Ao 3 72 i 4% 153

B3 PR R R R B A, OF BT T MR R R ik
87.69% [f) GarbNet # 7Y, Seredkin 25 A" i ot il
% Faster— RCNN'" [48 57 710 0 5328, HME i e
15 BN RO LI T SR, (H TR ]2
LR Z B R B 25 S B R, B AR B i &%
REIARZE A,

25 BT A LB R TR T 2 R R
ARSI S 13 3 L Rl G B 3 3 RN 59 ( Garbage
Identification Net, GINet) . 7ERIZE AN ZEFIIMIA T £
T BB R 2, FE TR RIS g R
RZAGRE ) 3 o 1 3 e R RUAE B 00 AT 55 B
B, LTI THEE P 5 2 RHE R SR
1 &xigit
1.1 ZEREGERE

PG 5 1 AR 2 v BRI AR e ) 10 H 20
1, BN o s Sk A . Hod SR E
AT RS AL B A0 08 12 2 R 7 e I N 18 TR TR &R
BOAFIN R EE R B BRI sREAR B AT
DA TG SOR | 585 6 B, ] LA X 45 1R
AR TR, 1858 B GERFFAE (1 [R] 300 AN S
HRRFIE .

AT T — BT R ) 27 S R 1
SR T EERTE IR B R A
4 5K R SR A — U RV AL 8T, i F R
RN, Ak T AT VR BT, I LABEPLZH
B o BAGEREIR A 2 CNN JF g i il
i WHFRAS RIS DS AT o
for FYGE do
A, AARIH = get_minibatch (A5 LE )
if #530 == YI|Zk then

B A MG, Bt H AR = shuffle. miniback (i AfH,
HFrE)
lambda= Unif(0,1)

r_x = Unif(0,W)

r_y = Unif(0,H)

r_w = Sqrt(i — lambda)

r_h = Sqri(i — lambda)

x1 = Round(Clip(r_x — r_w/2 ,min=0))

x2 = Round( Clip(r_x + r_w/2 ,max=W))

yl = Round( Clip(r_y — r_h/2 ,min=0))

y¥2 = Round( Clip(r_y + r_h/2 ,max=H) )

BAEL =, ool 2 a2,91: 92 ] = B AfEL -,
c,xl a2yl 92 ]

lambda = 1 — (22 —x1) * (y2 —yl)/(W % H)

BrHAME = lambda « HARA + (1 ~ lambda) *
B HARME

end if

A = model_forward (ij A{H)

loss {H = compute_loss (% Hi{H , HFRME)
end for
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Fig. 1 Schematic illustration of multi—background enhancement
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Fig. 2 Overall network structure
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Fig. 3 TUM module
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Tab. 1 Garbage classification data set
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Fig. 5 Data cleaning solution
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Fig. 6 Model accuracy comparison
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Fig. 7 Model loss comparison
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