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Lightweight Recyclable Garbage Detection Method Incorporating Attention Mechanism
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ABSTRACT: The work aims to propose a lightweight method based on YOLOV4 to detect recyclable garbage, so as to address
the problems of slow detection speed and large model weight files in the current garbage detection methods used by smart gar-
bage sorting devices. The MobileNetV2 lightweight network was used as the backbone network of YOLOv4 and the
depth-separable convolution was used to optimize the neck and head networks to reduce the parameters and computation to ac-
celerate detection. The CBAM attention module was incorporated into the neck network to improve the sensitivity of the model
to the target feature information. The K-means algorithm was used to re-cluster to get suitable self-built recyclable data with a
priori frame for focused detection of targets. The experimental results showed that: the parameters were reduced to 17.0% of the
original YOLOv4 model. The detected mAP reached 96.78%. The model weight file size was 46.6 MB, which was about 19.1%
of the YOLOv4 model weight file. The detection speed was 20.46 frames/s, which was improved by 25.4%. Both the detec-

tion accuracy and the detection speed met the real-time detection requirements. The improved YOLOv4 model can guar-
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antee high detection accuracy and good real-time performance in detection of recyclable garbage.
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&1 CSPDarknet 53 EEMITHESSHE
Tab.1 Computational and parametric quantities for each layer of CSPDarknet 53

Type Filters Size Output HER/10° ZHR10°
Conv2d 32 3x3 416x416%32 149.52 0.86
Conv2d 64 3x3/2 208x%208%64 1 594.88 18.43
Conv2d 32 1x1 208%208%32
Conv2d 64 3x3 208%208%x64 1417.67 32.77
Resblock_bodyl x 1 208%208%x64
Conv2d 128 3x3/2 104x104x128 1 594.88 73.73
Conv2d 64 1x1 104x104x64
Conv2d 64 3x3 104x104%64 1107.56 102.40
Resblock body2 x 2 104x104%64
Conv2d 256 3%3/2 52%52x256 1 594.88 294.91
Conv2d 128 1x1 52x52x128
Conv2d 128 3x3 52x52x128 3 765.70 1 392.64
Resblock body3 x 8 52x52x128
Conv2d 512 3x3/2 26%26x512 1 594.88 1179.65
Conv2d 256 1x1 26%26x256
Conv2d 256 3x3 26x26%256 3765.70 5570.56
Resblock_body4 x 1 26x26%256
Conv2d 1024 3x3/2 13x13x1 024 1594.88 4718.59
Conv2d 512 1x1 13x13x512
Conv2d 512 3x3 13x13x512 1993.61 11 796.48
Resblock bodyS5 x 4 13x13x512
&1t CSPDarknet53 %% 4514 20 174.16 25181.02
TE: 3x32 Fm Koy 2 BB, HALKIEN 1,
% 2 MobileNetV2 EEMITEESSH =
Tab.2 Computational and parametric quantities for each layer of MobileNetV2
Input Operator THAEREEL ¢ g 1 IE S E-R/ S $kK e A R/10° BRE/10°
416%416 Conv2d 3x3 32 1 2 74.76 0.86
208208 bottleneck 1 16 1 1 78.91 1.82
208%208 bottleneck 6 24 2 2 220.13 9.41
104x104 bottleneck 6 32 3 2 170.55 29.81
52x52 bottleneck 6 64 4 2 109.03 80.64
26x26 bottleneck 6 96 3 1 131.61 194.69
26x26 bottleneck 6 160 3 2 164.12 457.92
13x13 bottleneck 6 320 1 1 79.34 469.44
13x13 C‘;‘LVIM 1280 1 1 69.22 409.60

A1t MobileNetV2 /2% 4t 4 1097.67 1654.19




Faa oM

RN, A RATE AL R R A mT eSO SR A I T vk 247 -

2 YOLOv4 E=BREN

21 ETFMEMRL

JRiGH YOLOv4 BiAlfFAESEGEZ | iR ER
SR, IR T U S 80 | PR R R, (i
SRt 5 R R R R I T 2 () s B A AR A
RS HE D R B M LS MobileNetV2 KAk
J#i 7 Backbone, 1 MobileNetV2 ##: CSPDarknet53
FOHTR A A T R LA IR 4 BrR, 2 T g%
PR BUE , R T 3 DAESUEMEE, 9k
52x52x32, 26x26x96. 13x13x320, iX 3 A SUEE
JEREAE S SR X 45 1) g A o

YOLOv4-MobileNetV2

Input (416, 416, 3)

’ Conv2D (208, 208, 32) ‘

|

E ‘ Inverted resblock (208, 208, 16)x1

!

E ‘ Inverted resblock (104, 104, 24)x2

¢

! | Inverted resblock (52, 52, 32)x3 ‘~—>‘ Output 1 (52, 52, 32)‘

E ‘ Inverted resblock (26, 26, 64)x4 ‘ E

| ‘ Inverted resblock (26, 26, 96)x3 }4—»‘ Output 2 (26, 26, 96)‘

E | Inverted resblock (13, 13, 160)x3 |

| | Tnverted resblock (13, 13, 320)x1 }—»

Output 3 (13, 13, 320)|

B4 SRR Y 3T R 45 A5

Fig.4 Reconstructed backbone network structure
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Fig.6 Visualization results of feature map
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Fig.7 Overall structure of the improved model
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Fig.8 K-means clustering results
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Fig.9 Sample of collected recyclable garbage dataset
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R 5 AT, S50 1 J2%% YOLOv4 )3T M4
B al MobileNetV2, F5R mAP {H H A 85.56%, {H
A B b, SR 3 T 22.23 Wi/s; SEI 2 FISCE 3
IR YOLOv4 By EERE 43 5{# F K—means 5.2
P A JE BOAE FN 7 S P 25 A 3 ) CBAM b,
X 2 B A B TEE SR mAP B, H
PR ARG DU R FE RIS, L HUE A CBAM Bk H:
o0 B AT e o B, SRR RlA CBAM 53R
Ja ., BRI RIS HEN SC 4 255 T 3 At
D7k, AL mAP HiAE] T 96.78%, AT
1EESE T 29 13.1%, R Bl 20.46 Wi/s, FHES TS
552, 3HREmEIEER K. &6 nlHl, 4567 3 Mk
BB AP HAAE] 95% LA b, UEHA
K-means R ILF PR ISBIME, $im TR K
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B, PR TR HARRRIESS B USRI

R T B8 UE SC R R A AR A A T [ A sy ARG I A
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( Faster-RCNN, YOLOv4. SSD. YOLOv5s) 53¢
rR R Y OLOv4 A 7 AH [m] A9 a5 i AT 2%
PERER T HE 25 3 7.
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Tab.5 Detection results of ablation experiment

SHRF5 MobileNetV2 Kggns CBAM mPrecision/% mRecall/% mAP/% (r;ﬁis,/l)
1 v 89.08 82.94 85.56 22.23
2 v 94.98 88.55 92.65 16.84
3 96.79 90.26 94.29 15.87
4 4 v 97.95 92.34 96.78 20.46
T TR R Ti%0r %,
R6 [/RXEEM AP EXfLE
Tab.6 Comparison of AP values of each module to model
AP {H/%
LW
glass textile cardboard metal plastic

1 88 84 91 81 84

2 92 87 95 93 96

3 92 92 96 95 97

4 96 95 99 96 98
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IHPEREER . BLAR SSD AR AU [ A IS BE eIk, (HHL
AR SCA R /INFIRGE 0 3 5 #R A T Faster—RCNN A5
J5tE YOLOV4 BRI mAP K 91.65% , AL E SCAEH)
K/NA 244.48 MB, EHABBIAIK, HESR YOLOVSs
TE 2RSSR Hp (RGN T e ey ELRBS AU SR /)N, (H
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R EE K 20.46 Mi/s, AT YOLOv4, #1244
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XTI 10 Fias . txF ARG gs R al 0, RS
TR T REAG I T [l sy 3, E R AR A I 245 SR 1) A
JEME AL BE L, S Y el A R £ T LAl A AR
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Tab.7 Comparison results of models

AP {H/% FPS/
A mAP/% ALELA s !
glass textile cardboard metal plastic K/NMMB (Wts )

Faster RCNN 88 92 98 95 96 93.64 108.33 5.54

YOLOv4 88 88 93 96 93 91.65 244.48 16.32

SSD 95 92 91 84 84 89.19 92.65 16.04

YOLOv5s 89 86 92 90 93 90.17 27.1 27.87

Ours 96 95 99 96 98 96.78 46.6 20.46
BRI
AL
GIRREIHR

a JRH b YOLOv5-s

¢ SSD

d Faster RCNN e YOLOv4

P10 ST ARy SO A R 5 A S TR RG2S A X L

Fig.10 Comparison of detection result between the improved model and other models
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