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INTISARI

Pandemi COVID-19 telah dengan cepat mempengaruhi kehidupan kita
sehari-han yang mengganggu perdagangan dan pergerakan dunia, Mengenakan
masker sebagai pelindung h'a_ph sudah menjadi kebiasaan baru. Saal ini. banyak
penyedia layanan publik akan meminta pengunjung untuk memakai masker dengan
benar guna memanfaatkan layanannya, Oleh karena itw, deteksi masker wajah

: yaitu sehanyak 3830 data gambar
lgmt&hn dan untuk daty testing se
n proses training data menggunakan me
g M%[Mm:ﬂmhem]
sfer rmﬁ;wdimmmwhmw :
mrasi validasi sebecor 9%

Kanta ko :5'. Machine Learning. Convelutional Ne
Transfer Learning, Fine Tuning
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ABSTRACT

The COVID-19 pandemic has rapidly affected owr dailv fivex disrupting
world trade and movememt. Wearing o muask as o face shield has become a new
habit. Curvently, many public service providers will reguive visitars to wear masks
pmge:ﬁ-kmﬂwhmkcu&mﬂqeqfrﬁﬂrm; Therefore, the detection of
Jace masks ix o cruciol task fo help the global community in preventing the
tramsmission of COVID-19,

I making this mask detection syzeel .ﬁ'l apprroach to achieving this goal

uses severul basic Muchine Learningpackages soch as TensorFlow, Keras, and
Learning  techngg gt of object detection
classification immge g system that detects

il .- 27 Nl ﬂ'ﬂidlmf Hﬂ':m

: tem accuracy. Themumber of datavets used is 3530
futa . ter 80795 of the traiming o d 20% of the toral

mage dati for testing. Then the data troining Arocess i oo i rsing deep
18 learying methods with CNN (Convolutionad! Neweal Network) models and
NN i ues s runsfer feapuing used so ox ERGEEER vith a

; wacy of 9%
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