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Abstract: Recently, with the development of industry and the improvement of living standards, various wastes are
generated along with the production of various products. Most of these wastes are used as containers for products, and
plastic or aluminum is used. Various attempts are being made to automate the classification of these wastes due to the
high labor cost, but most of them are solved by manpower due to the geometrical shape change due to the nature of the
waste. In this study, in order to automate the waste sorting task, Deep Learning technology is applied to a robot system
for waste sorting and a vision system for waste sorting to effectively perform sorting tasks according to the shape of
waste. As a result of the experiment, a Deep Learning parameter suitable for waste sorting was selected. In addition,
through various experiments, it was confirmed that 99% of wastes could be selected in individual & group image
learning. It is expected that this will enable automation of the waste sorting operation.
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2. Deep Learning
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Table 1 Specifications of vision system
ITEM Specification
Defect detection Color, shape detection
Camera RGB ,1920 x 1080, 30fps
Pixel resolution about 500 um
FOV 960 x 540 mm
Detection resolution 20 mm over
Working distance 550 mm over
Scan speed Max 15,000mm/s
Controller 17Core, Memory 16G, SSD
Deep Learning program Neuro-T
Zuelole] A4 "L*—M] e &% HskE
@ A % Az on
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Vision /\]Z:Eé]-‘l] 3% table 17} o] #H7]&E 57
o me} BF7F €3k color visiond} ZAH|o]o]<]
d9s 1 10}01 FOV 960 x 540 ©]g3}9lom
G A2E 9lal A8 Deep Learning = 1312
Neuro-TE- ©]-8-3}3]t}.

- 61 -



. AlEx
—_o

et

[ <Camera> <Vision Controller>
5
i
e Y
\-«_Robul Controller>

<Conveyar=> <Teaching >
AN

(a) Structure of classification system

(b) Classification system set-up
Fig. 1. Vision inspection system
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Fig. 2. Cdlibration of system coordinate
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3.3.1 Deep Learning setting
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* Label & : Object Detection / Box Label

* Train 541 : Search Space : Fast
Inference Speed : Unchecked

8} o|H]A] Train Set - 1007(60%)
Test Set - 40°5(40%)

s Error data : IHAE, SFHE, VHE
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Fig. 3. Learning sample image

3.3.1 Threshold parameter 4%

2 Ao A W7 parameter density, threshold
2 density= 3.2 A3} thresholdi= 20, 50, 80
o= XYsATE table 20149} o] 209 w7}
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Table 2 Detection rate according to threshold value

Featur | Densit | Thresh OK Error P;):es

eSize |y old (%) @ | nfe
*

16268 LI 20 | ss4 | a6 | 405
*

16268 LI so | 429 | 571 | 364
€3

16268 L 80 | 348 | 652 | 437

Fig. 4.

Detection image by changing Threshold
Parameter

3.3.2 Density parameter 4%

Ao A= ol Ao Adelxet AR B
WO Z parameterol| A densityE 1, 2, 3,22 7133}
2331 threshold 5002 A3t} 28] A3} density
7F 2 w7} 1Y W] HT} process time®] F7F £

L}gk o} 30 HlsjAE Hho]stE W2 process time
S YER AL Qitk tEo] 2d we] HEEC] AlY
31 errorE©°] WA 119} Deep Learning 8h55011 41 <]
]2 9] parameteri= densityS 2% 173}l threshold
2 20902 14at] AT (Table 3)

Table 3 Detection rate according to density

Featur | Densit | Thresh OK Error P;I)rfges
e Size y old (%) (%) Time
%
166¥1 s0 | 304 | €7 | 142
28
*
166*1 2 50 432 56.8 15.8
28
*
16268 ! 3 50 429 57.1 36.4

Fig. 5. Detection image by changing density
parameter

#7150 FL Vet o' Wy Eo] o] A

St AlE H Al w8k A A
WHO 2 Deep LearningS 7331

W olm|A|, 1F olWA, ME&IE oMAE
o]-gate] m¥Aola A adE St & 5 9l
RS B i s T e

705 o]u]X] Deep Learning®] process 372
A A78E A omAE o] gate] AlEE whE

ot o

1S o gES APsn AEe AW

fUl

135 ©]9|A] Deep Learning®] process 74> §-
A st AFEE 99 ovAelA AlE T
2 747} epiE S Aegstar oherst AlE FellA g
F& Wgstar A WSl (Fig.7)

NH& 135 ©]7A] Deep Learning®] process 37
S A oA E E3 epEEsEtal T1E o|v|A]
MM AFHE TES st o)A A

- 63 -



9 OgollA ghiE E dolHE FEsle] ses
Z&sta AEE

Deep LearningS 58t
9 A A ol 76%clial IREF(Over
Detection) 16.2%, W|i&-+(Miss Detection) 7.8%% Lt
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(a) Lndividual fraining source image

(b) Lndividual Learning Labeling Images

(c) Lndividual learning results image
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Fig. 6. Deep Learning results of Individual learning

(a) Group learning original image

(b) Group Learning Labeling Image

(c) Group learning result image

Fig. 7. Deep Learning results of Group learning

(a) Individual + group learning original image

(b) Individual + Group Learning Labeling Images

(c) Individual + group learning results image

Fig. 8. Deep Leaming results of Individual & group learning

Table 4 Deep Learning results according to Image type

Over Miss
Type of learning | OK (%) | Detection | Detection
(%) (%)
Individual learning 76 16.2 7.8
group learning 95.8 42 0
Individual + group 9 1 0
learning

Experiment of Detection

Miss Dection

Over Detction

®individual learning M group learning Individual + group learning

Fig. 9. Detection result according to Deep Learning
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