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Image Classification (CNN) Object Detection (YOLO)
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Image Classification (CNN)



Convolutional Neural Network (CNN)
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CNN History

Pionir CNN, Direktor Facebook
Al Research Group

Pembuat arsitektur CNN
pertama yang disebut LeNet
pada tahun 1988. Arsitektur
tersebut pertama kali
digunakan untuk mengenali
karakter seperti membaca
digit, dan zip codes.




CNN History

CNN architectures over a timeline(1998-2019)

. Inception-v4
Inception-v1

ResNet-50 ResNeXt-50
@—@—@
Inception-v3
LeNet-5 Inception
ResNets

VGG-16 Xception




Conv_1
Convolution
(5 x 5) kernel
valid padding

(28 x 28 x 1)

Max-Pooling
(2x2)

nl channels
(24 x 24 x n1)

How CNN works?

Conv_2
Convolution
(5 x 5) kernel
valid padding

nl channels
(12x12 x nl)

fc_3 fc_4

Fully-Connected Fully-Connected
Neural Network Neural Network

RelU activation ]

Max-Pooling (with
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How CNN works?

Convolutional Layer




Convolutional Layer

How CNN works?
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How CNN works?
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How CNN works?

Pooling Layer







Object Detection (YOLO)



YOLO History ‘

J. Redmon et. al.

A

A. Bochkovskiy et. al.

2016 2017 2018 2020




How YOLO works?

1. Gimbar dibagi menjadi
SxS grid




How YOLO works?

_,..M-. TN p-,.l 2. Setiap cell dalam grid

-« lc?mrwm  idac akan menghasilkan
sejumiah B bounding boxes




How YOLO works?

. - - 3. Predicted bounding boxes
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YOLO Advantages

Metode Kecepatan Deteksi

RCNN 0,05 FPS (20 d/g)

Fast RCNN 0,5 FPS (2 d/g)
dig = detk per gambar

nmdg = milidetk per gambar
Fastest RCNN 7 FPS (140 md/qg)

YOLO 45 FPS (22 md/qg)




YOLO Versions Improvement

Penghilangan  Fully -Connected Layers
Perbaikan /modifikasi feature extractors.

Penambahan mekanisme BoF (Bag of Freebies)
dan BoS (Bag of Specials)




Masked Face Recognition using Deep Learning
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Latar Belakang

Performansi sistem Teknik training
pengenalan wajah penelitian sebelumnya
bermasker yang belum yang kurang tepat

maksimal

Dataset wajah
bermasker yang masih
sedikit




Rumusan

Tujuan

Masalah Penelitian

A Membangun dataset dengan
wajah bermasker dan tidak
bermasker berbasis video.

Bagaimana mendeteksi dan A Mendeteksi
mengenali wajah pada wajah
bermasker .

dan mengenali wajah
pada wajah bermasker .

A Mengevaluasi kinerja sistem
pengenalan wajah bermasker .




Batasan Masalah

ROI : dahi dan

Angle video
adalah sisi Kkiri
hingga kanan

Jumlah subjek
125 orang




Penelitian Rujukkan

Elmahmudi et.

Experiments on Deep Face Recognition Using Partial Faces
al. (2018) k k - .

Elmahmudi et.

Deep face recognition using imperfect facial data
al. (2019) k . L

Mundial et. al. Towards Facial Recognition Problem in COVID -19 Pandemic
(2020)




Mundial et. al. (2020)

Testing LFW Dataset (training dengan 98%
wajah bermasker)

Testing Dataset sendiri (training tanpa 79%
wajah bermasker)

Testing Dataset sendiri (training dengan 97%
wajah bermasker)

Testing RWMEFD (dengan training wajah 97%

bermasker)




Alur Penelitian

Deteksi wajah
dengan algoritma
YOLOv4

Pembangunan
dataset

Pembangunan
arsitektur
VGG-Face/VGG-16

Evaluasi

Pembangunan
model klasifikasi

Modul
Deteksi
Wajah

Maodul
Idetinfikasi Wajah




Pembangunan
Dataset

Jumlah subjek terkumpul :125

Range umur :anak -anak sampai lansia
Durasi :5 V7 detik

Jumlah video per subjek :2

Tools/device :Kamera smartphone




Modul Deteksi Wajah & Preprocessing

Training Testing




Modul Identifikasi Wajah

80% data tidak bermasker untuk data train, 20% lainnya untuk validasi .

Total frame yang dimuat setiap video : 20%, 30% dan 40%

Train Data Size : 3005| Train Data Size : 4527 | Train Data Size : 6859
Validation Data Size : 752 | Validation Data Size : 1132 | Validation Data Size : 1515
Test Data Size : 3829 Test Data Size : 5762 | Test Data Size : 7718
20% 30% 40%

Eksperimen

A Baseline

A Teknik training penelitian sebelumnya (Mundial dkk . 2020)

A  VGG-16 (non pre -train)

A VGG-Face (pre -train)




Leyar Jumlah Ukuran Tiap
Layer Layer VG G - 1 6
224x224x3
224x224x64
112x112x64
112x112x128
56x56x128
56x56x256
28x28x256
28x28x512
14x14x512
14x14x512
7X7x512
1x1x4096
1x1x4096
1x1x1000
1x1x125




Jumlah Ukuran Tiap VG G = Fa.Ce

HELTED Layer Layer
224x224x3
224x224x64
112x112x64
112x112x128

56x56x128
56x56x256
28x28x256
28x28x512
14x14x512
14x14x512
7X7x512
1x1x4096
1x1x4096
1x1x2622




Baseline Program

A Dataset yang digunakan : FEI-Dataset (200 individu , 2800 citra )

A Pendekatan :VGG-Face
A Partisi Data : 20% data test, 80% data train
A Classifier : Cosine Similarity (CS)

Skenario Classifier Akurasi Training
Full 1 wajah CS 100%
Setengah bagian atas CS 100%

wajah

Akurasi Testing

100%
98.56%




Mundial et. al. (2020)

Training




Total Akurasi

Frame Training
20% 100%
ANN 3006 100%

100%

Akurasi

Frame Training
20% 100%
CS 30% 100%

40% 100%

Mundial et. al. (2020)

Akurasi
Validasi

100%
100%
100%

Akurasi
Validasi

100%
100%
100%

Akurasi

Testing Precision
WOBEHN  o1.30%
77.02% 88.40%
75.03% 87.87%
'?_ZZ::?E Precision
WOBE%N  51.03%
78.98% 78.83%
79.26% 80.35%

Recall

79.58%
77.02%
75.03%

Recall

79.58%
78.98%
79.26%

F1-Score

76.97%
73.66%
70.51%

F1-Score

76.20%
75.32%
75.58%




Eskperimen VGG -16

Konfigurasi 1

Activation - Activation

Dense (4096) — (Relu) —> Dense (4096) — (Relu)
Activation Activation
(Softmax) “" Dense (125) < ®ain). [© Dense (1000)




Eskperimen VGG -16

Konfigurasi 2

Activation Activation
Dense (4096) — (Relu) —» Dropout (0.3) —» Dense (4096) — (Relu) —> Dropout (0.2)
Activation Activation |
So ) <« Dense (125) <« Dropout (0.2) <« (Relu) <— Dense (1000)




Eskperimen VGG -16

Konfigurasi 3
Batch Activation Batch Activation
Dense(429) Normalization (Relu) >R @ g > Dense (4036) Normalization (Relu)
v
Activation Activation Batch
(Softmax) Dense (125) «— Dropout (0.2) |« (Relu) Mot tion Dense (1000) <« Dropout (0.2)




Score

Eskperimen VGG

VGG-16 Test Accuracy
B3.36% 80.45% B Confl
BN Conf 2
B Conf 3

30%
Frame Total

-16



Eskperimen VGG -16

Companson of different activations

87.5 1

82 B B
=2 w9

7151

Accuracy Score

75.0 1

72.5 1

F0.0 -

Relu Tanh Selu
Activations




Eskperimen VGG -Face

Konfigurasi ANN

Batch Activation
—

Dense (1000) Normalization (3 Func)

—> Dropout (0.3) —» Dense (512)

_, | v
Activation ~ Activation Batch
(Softmax) <« Dense (125) «— Dropout (0.2) < (3 Func) Nebatioation




Eskperimen VGG -Face




