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Artificial intelligence for waste sorting using applied deep learning models
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Abstract

This research aimed to develop and apply an artificial intelligence system for waste classification by
utilizing deep learning technology to analyze and categorize various types of waste. Specifically, it employed
Convolutional Neural Networks (CNN), a highly efficient technique for image processing, through a no-code
deep learning platform, which facilitates easier development of deep learning models. The research process
was divided into three main stages: data collection, model training, and model testing. A total of 2,000
waste images were collected, categorized into four main types: general waste, organic or wet waste,
recyclable waste, and hazardous waste. These images were used to train and test the waste classification
model. The experimental results demonstrated that the system could classify waste types with an average
accuracy as high as 91.5%. The system achieved the highest efficiency in classifying general and recyclable
waste with an accuracy of up to 100%, and the lowest efficiency in classifying hazardous waste with an
accuracy of 86%.
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Figure 1 Examples of images for the four types of waste in the dataset
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Table 1 Confusion Matrix.

Actually Positive (1) Actually Negative (0)
Predicted Positive (1) True Positives (TPs) False Positives (FPs)
Predicted Negative (0) False Negatives (FNs) True Negatives (TNs)

lag TP, TN, FP uag FN Tun13199zunundga1n1ud wazaiuisald Confusion matrix 11AMIATUTELY
UseAnsnmuasnsviiunedie Model Tuguuuuaang 9 lavaten 1aun Accuracy (rnugnsissimeldnseiuded
\inUUA39) (Chorakhe & Noppitak, 2023) #9301 Eq.1

TP+ TN
TP+ TN+ FP+ FN
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Figure 2 Screenshot of the waste classification model being trained using google teachable machine
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910 Figure 3 LJun1suanInIsas1wuUTIaeni1siT1gUunImaesisayUsznnee Teachable machine
Tutumeunsufumsnfinesluna fnsusu Leaming rate Fsaandu 0.001 tietaslilnnaieuslélusngi
Winzay uae Batch size aandy 16 ierfiudszAvsamlunsUszanananarannislimiemus lagldsunin
Y92 4 Uszuam Usznause Ussiaminly dssunvduviddvioden Ussinvisleifa uazussinndunsne msudsteya
aamﬂwqm?]ﬂaau 85% wavyannday 15% i eUszifiuuszansnmlasnavesnisviunenansiae Confusion
matrix 4 Figure 4 wazUszAndamlunisdnuenverlunsazssianeg 80% 9 100% nyatoyanaaou

fakandly Table 1

Table 2 Performance of the classification model for each waste type based on 75 test images per category.

Waste type Precision Recall F1-score Accuracy
General waste 85.23% 100% 92.02% 100%
Organic waste 95.24% 80% 86.96% 80%
Recyclable waste 92.59% 100% 96.15% 100%
Hazardous waste 95.59% 86.67% 90.91% 86%

Confusion Matrix for Waste Classification

Gereiu Waste

Organic Wt

Atun

Recyciatie Waste

razardous Waste

Caneral Waste
FUareC Wasie

Facycable Waste
Hazardoon Waste

Mredicted

Figure 3 Confusion matrix showing the performance of the waste classification model across the four

waste categories: general, organic, recyclable, and hazardous waste
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Tud1u09veUNS g Precision 95.24%, Recall 80% way Fl-score 86.96% U44 11usinuuiasdas
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ﬂixﬁw%mwﬁﬁqm fiAn Precision 92.59%, Recall 100% Wag Fl-score 96.15% WansteANainsalun1snsIadu
g3 laAalnogansudiukaruiug wardnsuveLsunsI8dan Precision 95.59%, Recall 86.67% way F1-score
90.91% wandliiudianuaugassnIenuwiuduarauasudulunnsadu
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Figure 4 Screenshot of the web interface showing the output of the waste classification system.
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Figure 5 Screenshot of the program interface developed for classifying different types of waste
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3. wan1snaassldszuulyausshvgdmiunsfauenvezdienisussendlduuudnaainisiseusitedn

dadeantunmmeasdldssuvtyylssAvgdmiumsdauenies Men1sUssendlduuuinasnisiseusigedn
u Tagliidenmaduan 3 viu fnsanuasdssiiulssansamlussuutiygussividmsunsdaunveziie
nsUszgndliuuuasniadoudiddningliuuusmiiunuam uashuneseidemadnnuguiouiuing
uazATUNE UaAse Table 2

Table 3 Evaluation results of the artificial intelligence system for waste classification using deep learning

model application

ltem Mean  Standard deviation Level of satisfaction

1. System performance 3.67 0.58 Good
2. Deep learning model processing performance  4.00 0.00 Good
3. Display interface 4.00 0.00 Good
4. System security 4.33 0.58 Good
5. Suitability of the devices used 4.00 1.00 Good
6. User convenience 4.00 0.00 Good
7. Feasibility of real-world implementation 4.00 1.00 Good
8. System processing speed 4.00 0.00 Good
9. Accuracy of waste classification using the
deep learning model 453 028 Good
10. Appropriateness of system design 4.67 0.58 Very Good

Overall Average 4.10 0.43 Good

971 Table 2 nansuszLllugunvessz ULl UTERvgdmsunsAnuenvezaiensuszenalduuudnass
ns3oufidean Taedlermngianads i 4.10 eglusedud fuildsuanadeggaensldaunasanumsa
vosdwld uazUssansnmvssnisesnuuuszuulaTinAede 4.67 Fseglusedufinn suiifidadesesann
fio Anuwiudilunisuunvezvedlunanisifouiiddnuazanudasafouasanuaiosvesssuuaiads 4.33
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figafe suUszANSAmYBIsTUUALAAY 3.67 ﬂﬂﬁ?}u’hmiﬁmiﬁwiﬁLﬁ'mLﬁaﬂ,uﬁmﬂwsﬁwmiamﬁ’uiwd’m
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Usglnnugefiuansnaiy nansisewuin iswﬁﬁwmsﬁummmﬁwLLumJixmmm%dﬁﬁwmmLL;JiJ&TWLQ%@ﬁﬁ&
91.5% IneiiuszansamgsgalunissuunvezUssiamiluuasilofadifianuusiugfis 100% uazargaluns
SuunvsrdunTeiidanuuug 86% wonani nan1sUszifiununnessruulneidnmaauadssi 4.10
olusedud Tasuilisuasiuugsanio mnumnzautasUsyavsnmusinmssenuuuszutlaesmAeds 4.67
fafiorndunselaseussamifsnuuuneulgiudenuausalumsdssnanauasieasia vilissuy
anansadwunvezUssanialUuagsludaiiddnvavangldeg1aulug aenadesiu Chorakhe and Noppitak
(2023) fiu Zulhusni et al. (2024) Ainuin Mslilasstedszamifisauuuaeuligdulunissuunuasfauenves
anusolvinadnsidauutugige uonani Phachanai et al. (2022) §aldszyimsliszuu Al Tunsdauonuey
HeifinUszansamuazanusInislumsianisues
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