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ABSTRACT

Facial expressions play crucial role in communication in human life. Leaming to read these emotions
is incredibly helpful for better understanding the people in our lives. Therefore, automated facial-expression
classification is an essential research topic in computer-vision field. Recently, many researches applied deep
learning techniques to avoid complex feature extraction process and to obtain satisfied classification performance.
However, most of the effective convolutional neural network (CNN) architectures (e.g. XCEPTION) are
complicated and contain a large number of parameters which can not be fit in embedded devices. Although, there
existed many compact CNNs architectures (e.g. MobileNet), most of them provided unsastified classification
performance. In this work, we propose a compact CNN architecture that is capable of working embedded devices
and effectively classify facial expressions. To efficiently use of model parameters, our proposed architecture has
only 2.2 million parameters which is about 10 times less than XCEPTION. Meanwhile, our proposed architecture is
capable of working on embedded devices as the same as MobileNet.

The experimental results on FER-2013 dataset show that our model offers comparable accuracy
(0.7169) to XCEPTION and the upper-bound level of human accuracy (0.65+5). To test runtime efficiency of our
moel on embedded devices (Raspberry Pi), the experiments were conducted to classify student facial-expressions in
areal classroom. An image for every 1 and 2 seconds were captured from realtime streaming video. As result, our
model offers comparable runtime to MobileNet (i.e. less than 1 second) which adequate for the needs in real-time

classifying facial-expressions on embedded devices.

keyword: emotions, facial expression classification, compact convolutional neural networks, embedded

devices, real-time classification
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@ 1 o o Aa @ I
ﬂﬁsz?ﬁﬂulﬂﬂuﬁzﬁﬁqﬂﬂﬁl']ﬂﬂa'J Iﬂi‘ﬁ Lf”f%}'] ﬁ']ﬁﬂﬂﬂ UDY L’]Juﬁffu

r=|
2.2 anifngnssinsevaszan ey (Neural Network Architectures)

. b A 1 Aa <K = Y 1 = g
Eugenio Culurciello (2017) Lﬂi’t’]ﬂﬂﬂﬂigﬁTmﬂf\‘lﬁﬂLLﬁZﬂTSLiﬂugﬂﬂNﬁﬂcﬁﬂ (Deep

A,

. I g A A A a a I Aa = @ o < 1
Learning) (Huduaoudsnilscansomnuazitlunieon $aludrgivlszavanudiGoosnaun
1 a J 1
lumseonuuuanidaenssuniovislszaim nmsaasiziglununiedislsearmiionan
o ] o Aa oA . . .
dmsumsilszgndlglunalfiia 1atinsAnenTag Alfredo Canziani, Adam Paszke 1482 Eugenio

. = Y o = = Y A o
Culurciello (2016) G]NVl,ﬂﬂ'lﬂ1iﬁﬂ‘ﬂnlﬁglﬂdiﬁlﬂl‘ﬂEJTJﬂ'JnJQﬂﬁﬂﬂlWﬂ‘ﬂﬂﬂu U U8 Top accuracy

. 1 A 1 =t A g Aa [ A
1a& Operation (G-Ops) "U’f]\‘]LW]ﬁ%ﬁﬂ']‘]jﬁElﬂiiillﬂ‘i’f]"lﬂﬂﬂﬁ$ﬁﬁﬂl‘ﬂﬁm‘ﬂl‘ﬂuﬂuﬂm ANNTINN 2.3
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Inception-v4
80

Inception-v3 . ResNet-152
ResNet-50 ° VGG-16 VGG-19

75 ResNet-101
° ResNet-34

70 ResNet-18
o

®
>
3 GoogleNet
é Net
I 65
3 © BN-NIN
= 60 5M 35M 65M 95M 125M 155M
BN-AlexNet
551 AlexNet
50
0 5 10 15 20 25 30 35 40

Operations [G-Ops]

MNN 2.3 Reporting top-1 one-crop accuracy
fan: https://towardsdatascience.com/neural-network-architectures-156e5bad51ba

2.2.1 Tas9v1esa1nneu Y Multilayer Perceptron
1 I
Syed Danish Ali and Rahul Ahuja (2016) 1A399181)5gaminennuy MLP ugiun
& [ = A a 9 1 ? Y o o A v Y
nilqveslasevredszanienind Inseauilusyunareg¥u Iddvsvaunianududou
I ] I H ' [
Idwaillued @ Taelinszurumsindwiunnuiidaou (Supervise) tazlgvuaounisdann
§oUnaY (Backpropagation) 115UmMsHaNUNTzUIUMIEImMdoundY Useaeudie 2 diudey
Ao myaanulU¥19mii (Forward Pass) Msaerudoundy (Backward Pass) d115UmTaanIu
v 9 9 v
lldhanih YeyaszrudrInssvielszamifonnaudeo yaw nazszasriu mnonaunilelilg
4 v Y y 1 1 [l o ] Y @ 4 1
dnyunilsaunszmidedudoyaoon daumsaeIudounauaiinIinnIsiyouaoIzgn
Usuilasuldaeandosnungmsundoranaia (Error-Correction) ADHAAINYDIHAABUNIRDF
o 9 a g (%% a . &
(Actual Response) NUKane UMY (Target Response) Lﬂmﬂuﬁt}‘lﬂlﬂm WANAA (Error Signal) %3
(%3 a d” 1 9 [ Y ] =1 a v 9 (% d‘ 1
dygrudanaativzgnasdounduing Inssinelszamiionluianeasenudunumsdouas

1 So, -7 4 Al o Q'I { a v
uazAnhMIinYeIMIFoNaoIzgnlsuIuNszNIHaneutuies ud Indnaneudhvunedyana

Ax ' = = = . . .
N lasenelseanimenuyy MLP & 2 U52innfe Function Signal 18& Error Signal
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. . < o Y = g ] U
2.2.1.1 Function Signal HudaanaudinuonInualuruneuni uazezariulyl

=

A9rn Tnuanila I gon Tvuanil

'
A A

. I o 9 o 49! ~ e 9 1
2.2.1.2 Error Signal Wudyanadounduimayun lvualusudoyasonvedlniiiig
=

g

9 v
%

~ 1 1 9 1% 3’, é 1
Uszennifion nazgndwiudounaunnaunils ) gonsunile
Y 9
v o ! % % 1 (% . Jd o
WanMsRIIUYes MLP Ao luiAas yuvessusound (Hidden Layer) deiwandu
o [ o A Yo o 2 ' 9 dy = J . . .
dmsumuianiie lasudaana (Output) 910 Tnualusuneuniiiil i59n71 Activation Function
i ) 1o & Y I Jdou A v Iy Y ) 1 o ¥ a Y Ao w A
Taoluuaazsu lisuiludeailuendwdernunla vugoudiulivindranfe aenerow
v Y Y
ndasdoyandunludu (Layer) vuq ldamisanenuezanuuanaislaglfiduasudu@e,
. ] Ay J = & 9 H
(Linearly Separable) uazﬂaumayjngﬂmllﬂawumay,aaaﬂ (Output Layer) 1U119ATI019
o - 1 o U Y Il )
suiludesldrugoudaninni 1 sulumsimlasdoyalioglugi Lincarly Separable
lumsuamm ouput Tutlynimsswunyiildlasnislddoya mput 191117y
1 9
Tasevredszamifenieg lamnsmn 1Buds armiuldinmsnSeuieouaives Output 11 Output
Layer t1ag1%911n01510n0A1903 Output AVAIFINIT (Neuron NIAIFINIT) 11a2¥INTTUAID
a’d' [ d' A Y o 1 = [ 1 d‘ 1] 9 1 ]
WeINTANATINY Newron Midon wazlibhimves vufSeuiieunumineonivld vinaves og
1 o 1 § o I o [ o 1 1
Tugr9n5v1R Brror oon31 Error M5 viua) aldsihinissudeyagadall uaninaives
VoA o Y Y o [ 1 9°/ ] . Z’, ~ ) ' Y9y Y A o
wnnnanesnsuld Ininisdsuaniminuag Biased muiuaoui lanar 13d19du e
[ H o A 9 Y Y o [ v o g 2 a o =<
mslsvihminGeuieonds Tihnssudeyagana luazihauruaeudidnseuaunsznIng
§ < v o g
Joyagagaiie waziiiomdoyagagameaivaziinilu 1 seuvean13iIuIn (1 Epoch) 901U
o 1A A 1 = ~ Y 3 1 9 A EY [
WIMMIMMAANAIATINRAY 1NAURABVDY 7 lainuate1 13 el lumsasiaaenina Taw
= o g’/ S 19 1 1A A [ Y A "9 1 U [
maglumsduuniu andeennmranaianeousulavie lu drlsuaasinlaseiiedszam
a A 9y X ¥ Y o o4 v v Y =2 o A Yy Y a1y
Weunafryuiudnsaldwadusngndosvesnnadoyaudr 3ehimsoumsiEeud 1a uah

v
a

9 1 Y v o g v 9 = 1 v ~
11y e Tvihmaunounsn Tassuindeyagan 1 Tnd denini 2.4
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Input Layer Hidden Layer Output Layer

PMINT 2.4 Multilayer Perceptron
#1311: Syed Danish Ali and Rahul Ahuja (2016)

X { o .
2.2.2 ﬂ’ﬂijq%: NUFIUNYINY Convolutional Neural Networks (CNNs)

v J Y I A S ad a =K = T R A g
TUNNT ANFN (2559) Lﬂuu?ﬁﬂalu@]ljiﬂ!%’ﬁaﬂgﬂ!l‘ll‘llﬁuq FINYALTHAUNIIN

Ll

aw Y Y o o Y9 o ] a 4
NJTHAIYININATUNITIIINTN Tﬂﬂﬂﬂ%zi%ﬂl@iﬁljﬁiﬂ!ﬂl”l!’]JLlLiJ'Vliﬂ“h’i]']ﬂﬂ?il!ﬂﬁ\iiﬂi]"lﬂgﬂﬂ”lw

U

a S ad o @ { . 2 as & a 0o &
Tﬂﬂﬁ%’Nﬂla\iu’siaamm’ﬁﬂﬂﬂuhg%u LLfWNﬂQﬂ"IWﬁ 2.5 G’Tﬁmm’aiﬂmﬁumﬂﬂmﬂmsuwu

2
a1 Usznnunlszaeundienunaae i

C3:f. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5
INPUT Seoaoh ps 160

32x32

S2: f. maps
6@14x14

|
Full connlneclion I Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

d' Aa < ad o
MNN 2.5 mﬁaammaiﬂﬂ@uhg%u

;Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, (1998)
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v
2.2.2.1 %uﬂeuhgw (Convolutional Layer)

3 3’; A o = 14 1 9 Ao 9 ~ ] 9 Y] Y

Aurunmmsnilineivesnguieyaniudiuineglnag nulaslsismsasnum
a o o { g LY (Y . ! [ o o
SNENUAINTOA (Filter) TaoiminueadIngod (Filter) vz 195 mnulunng mssineuTigiu

9 o Y o ) [ 9 Y a 4 o . 9 a 4

YoITOYATUIIMUUATHToYATUIILNUAIBILNI NG T HazAINTon (Filter) UNUAIBUNI NG K

. v J o o [ {
FahuA hx w waansveanshaou 1gHu a1 Imi 2.6

0|11 10
0/10(1 0 11413141
0(0]0 0 1{o]1 112141313
0(0/0 0% |0]1 ="114213[4]1
010(1 0 1|01 1{3]3]|1]1
0|1]1 0 3131|110
1{1]0 0

(AL K L+ K

YauaTuLn AINTDI Haans

M 2.6 M3711A0U1Ig%U (Convolutional)

@ Y

< ‘
N: FUANT ANFA (2559)

?z’/ % = 4 d‘ Y a v 1 dy
TuguneuTigiu Hoedilszneundesniarsanasee il

1) YUIAYDIAING04 (Filter Size) AD AIWNTIWAZANUFIVOIRINGO (Filter) N9z

s lumahneuTigdu (A1 h uaz w) F99nA20619019 2.5 19691504 (Filter Size) NTv1IA

3x3 Filter
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2) %ﬁﬂmmmiﬁm@uiagﬁﬁ’u (Convolution  Type) ﬂauhgcﬁ”mmmmu (Narrow
. o o v W I = o o %
Convolution) Taena TinisvinenTagiuiineztlunuuuay Falunisinouligdu danses
. A o o asd 1 o a v o Y v
(Filter) ‘vmmwmmmamumﬁumz”lmJmiﬂiz‘mmamammmmwmam5°umn danald
o JAY Y ° @ 9 v Y A v W X A
waaww'lm1ﬂmtﬁmﬂauTag%umawayjaimmmmum NxN nUAINTDY (Filter) NUVUIH MxM
a J % 1 o L (% §
22 ldas ndvna (N-M+1)x(N-M+1) Gl’JE]fJNmﬁ‘VHﬂ’E]uI’JQ%HLLUULL?]U A9 INA 2.5

v

o Y . . < o Aa o
ﬂ’eJuI’JQ“HuLL‘LIUﬂ’JN (Wide Convolution) UJuﬂ’ljm’]ﬂE]UI'Ja%uvlaJﬂ’]iﬂjgﬂ’llaﬂmau

u

a Y o 9 A dy A A a g = 1 9 ]
ﬂl@ﬂlﬂ@liﬂcﬁﬂlﬂyjaﬁﬂlﬂﬂﬁ]ﬁ]ﬂqﬂ Tﬂﬂw‘wu%mumﬂu aaﬂ"lﬂuu%umm%ummawayﬁ RIIN

2 v £ A ' A A . o JAy Y o o P o Y A
U 9 A28 0 HAUTYNI NI TUAY (Padding) HAgNT N 1a1nT mﬂauhgﬁvumaway‘aimmm
=~ v W A F) a 4 a’l dy o

111a NxN AUaInToaniivung MxM 3¢ lamasnguua (N+M-1)x(N+M-1) mummmauiag
w Yy af A g o a g A D) o Y o o
Gvuuuuﬂ’mmumaﬂmﬂumiz;fﬂujL’dﬂma33amamnmmamawagaﬁmm AI9YNNITNIADU

v Y v {
TIQFunuuNINAINING 2.7

mwii 2.7 mshneuTagFunuuniig (Wide Convolution) 1Az M51a30AY (Padding)

@ Y

= ¢
NN TUNNT QNG (2559)

Y Y . . A o ' 9 o Y A ° A
YUIAUDINTITNIUIY (Stride  Size) ABVTUIUFDIVDIVIYATULU 1/]5]37]1ﬂ15£@@uhlﬂ

A v @ ' ' ) o Y} Yy v I
lll@‘ﬂ"lﬂ"liﬁ"INﬁE“IW‘TJGUE’Nﬂ"liﬂi’)LlI'JQ"Iﬂ!cl,l!Lmﬁ3611’6\1IﬂEJVI’J]l‘lJllﬂi]gclelfslIUTQﬂJ@\‘lﬂ"lﬁﬂTJsU"liJL‘]Ju 1

v

@ I o Aa Y 9 I [ A A @
@3@81\1ﬂ'ﬁ‘vnﬂf’)uI?a%u‘ﬂlﬁuuqﬂs\]@\iﬂ]ﬁﬂ']stll]iJlﬂu 1 ANNTINN 2.7 LLASNTN 2.8 ISUAAIANHUS

U

v

° A Yy 9 g
GUE’Nﬂ"lﬁ/nﬂf’]HT'JQ%uﬂﬂmu?ﬂﬂl@ﬂﬂ”ﬁﬂ”ﬂm”ﬂllﬂu 2
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mwi 2.8 m3vhaou TgduTasiivoyaiurvuna sxs aanTeavua 3x3 taglvuiAreansn

daundlu 2

d' v o9
NN TUANT AUF (2559)

s
2.2.2.2 $UNI13539U (Pooling Layer)

v 1

o Y A P A g9 A D) A o ¥ & o A o
MAUINAAVUIAVOIVDYA LW@iWLﬂﬁ@LﬂWW%ﬂJ@Mﬁﬂﬁ'lﬂiyc] MUY BIUNVEHINUIUN

U

D.

Vo & o < Aa 9 A 9 A . A ' A
ﬁ@ﬂﬂ%uﬂ@ui?@‘%u Tﬂfl‘ﬂ'lulﬂuﬂﬂi%ﬂ'ﬁlﬁﬂﬂﬂl@ﬂ\lﬁ‘VIlIﬂ']lﬂﬂVIﬁﬂ (Max Pooling) %39 AURAY

U a
]

Y I JA A <

1 1 a s A a @ {
(Average Pooling) MT%TﬂLW’IﬁgGIf’NGU’ENLilﬂiﬂ‘ﬁ)’!fl/d\l’ﬂﬁiTQL‘iJl!LiJ‘VIiﬂ“D’VI?JﬂIUTﬂLﬁﬂ AININN 2

max pooling
20|30
112,37
12120130| O
8 12| 2
34|70137| 4 average pooling
112/100§ 25| 12 P I
79|20

= o a3 1A = oA
NNN 2.9 GI'J’E]EJN“K‘L!fﬂii’JllIﬂEJﬂTI/Iiﬂﬂ‘lﬂijﬂllﬁ%ﬂHﬂﬁﬂ

J Y

N SUANT AN (2559)
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4 4 <
2.2.2.3 ¥um31%ou TouAugUuUY (Fully Connected Layer)
Y Y ] Y
WaaInMIdszneunuuesruneu IgFutazsuMs s Iuniland Tugsugane
a < ad o I A < o A g’/ dy 9 3’;
veairsoaiansnaeu lgduaztlumaren Toudngduuy vune Turuilazilsznovalrsyu
1 A A S I 1 o = ~ S 1 [ =S 9 A [ 4
g0 Nmestglaseueyg 1uIuKile TasimesiGlasounaazdl aslid o ununes
< % g‘/ 1 9 s < % g’/ [ o 9 o o
wilaseu nada lusuneuniuazmedigvasou naaa lugudald s ldaunsahmsmuin
Y, D) 9 1 ) v WYY  ax ay v ¥ A < o
mstlou ldenihmgmsuninsznedounanlddredsnmsina ldsumsienToudugluu a9

=
NINN 2.10

%0
eloj
SO
i

output layer

Y
®
®

input layer
hidden layer 1 hidden layer 2

a ) A 3
M 2.10 UM TN Toadug DY (Fully Connected Layer)

~ v 7Y
NN TUINT ANT (2559)

d
2.3 amlanssuiIseaind SN Ian CNNs Architecture
3 A ~ &R A 9
2.3.1 VGG Wluannlagnssuasevielssennimeonziununiig &3 VGG gnanauen Oxford
< Aq Yo ! g . o 3 o w
Wuauusnn1¥a1nIsauuIa 3 x 3 (filters) TUUABEFUUDI convolutions AL IINAUIIUBIAUVD

convolutions AININN 2.11
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ConvNet Configuration
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 [ conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Table 2: Number of parameters (in millions).
Network A,A-LRN B @ D E
Number of parameters 133 133 | 134 | 138 | 144

MMNA 2.11 Neural Network Architectures: VGG

flan: https://towardsdatascience.com/neural-network-architectures-156e5bad5 1ba

9 1
130918 VGG 19219 multiple convolutiona layers ¥U1A 3x3 1 HAWLUL WNOLAAID

o

{ o @ { <} @
f ﬂ‘]&lﬂ!&’ﬁcﬁu‘%}ﬂu ﬁ\‘]!ﬂﬂ%’]ﬂﬂ’lWﬁ 2.9 1Ua9n 3, 4, 5 U3 VGG-E: 256 x 256 LIy 512 x 512 A0

9 ]
N304 3 x 3 filters gnIdnaeassludauiotsnguanyuz NdudounaznsTINA LYo UANIA

(% ' dyd a A ' = 1 . v ¥ 2 0z . 2 dy
aanauNlszansow sy NﬂIUWQGIMQJ 512 x 512 classifiers 11 3 ¥4 @i U convolutional &I
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=

<3 Y o o a 4 =) =) 9 1 [ = A 1
muulﬂ‘Ifﬂ%HJﬁ]11!311!1/\11311JLS51ﬂﬁlm$1Jﬂ’NiJﬁnJTiﬂiuﬂﬁliﬂugﬂfﬂﬂiﬂﬂ LLﬁﬂTﬁFJﬂ’é]‘UiiJLﬂﬁfJélﬂfJ

' 2 A 9 I A 3 Ax A A H o 2 A =
Lwa'lul.ﬂuﬁ@\?fﬂﬂl!az%ﬂﬂl!ﬂﬂ@@ﬂLl]ulﬂi@ﬂl’lﬂﬂlu’lﬂlaﬂ‘l’luﬂ’]ﬂwu‘ﬂagsﬁu ‘VI\?WN@Ulu@\‘]{ﬂTﬂVlNN

[
ad ada

o v & ~ A A o o X A Y 1Ay Yo
’.J‘ﬁ‘Vlﬂil&fﬂSﬁ]ﬂgTJLHJUiﬂtﬂuizIJJEJ‘]J‘Vii’E]L‘WE]i]Tﬂﬂ‘wu‘ﬂmiﬂuwwu1ﬂiwmﬂlhlﬂiumi

e

[ v a o o
Uszandunus lagldwisiwes v
A 1 = 9 o v a’l Y
aonlaenssuaseielszaminey VGG legaanyazvinalvy lunatery uazang
I¥3zozna lumsihaisudiauy
2.3.2 Inception V3, V2 31nMsHiaiiegNaeiiosninaaidasnssuaieviedseaimiiion
Inception 11910 a andaenssuaieviedszaniion Inception V2 taz v3 1wl 2015 vi11d
. Yo o Y . ) Y . .
Inception 1A5uUMsuuzi 1y Inception V2 91nn13A 11U Taen13 1% Batch-normalization 11
o ] H [ { [ ?;'; { 4 I'4 g‘/
MIMUIUANNABLAZ AT EUUUNINTIIY VOIANANHULNINUATIDIANAIAIEDTHITDYDIFU
o a % v I [ 1 [
dau 1ud) 2015 1dilasa Inception Module Fuiluanlaonisuniotiodszamitousuluilag
Y~ @ o A s dal 1A a Y v dy
GoogLeNet lainmsnanlumsiauniseazideauniunintay emsoesuie laneil
a A A A a 9 Y o1 A 9 A 1 Aa
1) imsmndszansnnms lvadeudoyainginiouns Tasnsadrunsedieniinnm
anuazaunin neuNvzsusImToyanuantia
A A ' = = = A 2 ° wa A
2) a1 aenssunso1essanMaNTANVANNLUY TIUIUVOINUTVITAHTO
) 7 A 2 Vo’
ANUAINVBAADTITNN YU DU UTE UL
9 2 9 ' s A A o wa 1 J
3) Tsmamuanunaluunaziawesiomymsunuvesguanianoy Tuawos
da 'l
. v 2 y I @ 1
4) 13514 3x3 convolution M1y tiieiilu 1) 181 dn504 5x5 ag 7x7 awsades

vy v o ~
ﬁﬁ"lﬂllﬂﬂlﬂ 3x3 Y196 A ANNINN 2.12
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|| T
/] LR
N NS

rE AN N
/| A
/| /T P |
| " |

WA 2.12 That filter of 5x5 and 7x7 can be decomposed with multiple 3x3

nn: Eugenio Culurciello, (2017)

o

=4 Y A 1 = . %
v naadeenssunsevelszaminey Inception V3 @NNTN 2.12

Filter Concat

3x3
i
3x3 3x3 1x1
i i i
1x1 1x1 Pool 1x1
Base

= . .
HINN 2.13 the new inception module

An: Eugenio Culurciello, (2017)
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o o @ ' . 3 { o
5) i 1¥aans04 (filter) G3am150808aA18108 convolutions Ui uTugaNdudou

2 o a
UINVU PANNTNN 2.14

Filter Concat

1xn

i
|1x1| |1x1l |Poo|| |1x1|

| Base

1xn |

1x1 |

MNA 2.14 Decomposed by flattened convolutions
fn: Eugenio Culurciello, (2017)
. v A 9 .
6) Tu@a Inception §3lANNAINTAIUNITAAVUIAYDITVOYA IABNIS pooling UYL

) : I 3 v W o A . 1 o 3
NI1TATUIU ﬁqgﬂuwuimmﬁauﬂuﬂumimmumi convolution HUUYUUIU 1uﬂ1§‘1/11 simple

pooling layer AINNA 2.15
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Filter Concat

3x3
stride 2
i
3x3 3x3
stride 1 stride 2
i i
Pool
xd i stride 2
Base

NN 2.15 Decrease the size of the data
nn: Eugenio Culurciello, (2017)

4
a v v (A
2.3.3 ResNet §NAAARLALNING 014 AU Inception v3 1aelin1g feed Toyansonaans vos

g’/ 3’; . 1 ' A g 2 A 9 9y @ g’J (% [ A
MITDIYU convolutional DYINADIUDY Llﬁ$EN'HﬁﬂlfdﬂﬁﬂWiﬂﬂuﬂlﬂy’ﬁVlﬂﬂﬂﬂfHﬂﬂqﬂ PANNINN 2.16

weight layer

b d
identity

WA 2.16 Feed the output of two successive convolutional layer

nn: Eugenio Culurciello, (2017)
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I o . ' [ . .
ResNet 1114115111 residual modules ¥1@0n4 a4 stochastic descent gradient ¥ UNTY
o . g < ' o 9 I3 =

@7 input 929N preprocess 108N15L1A U patch rane) npugN I T Tuma ResNet 1Junitaly

& o = ~ YA X gy Y a
an1aenssy monster FaimuanNuanvesamlaonssumsisouinanaeldedraiag

X . Y A A, = g P
Residual Networks (ResNet in short) U3znaudisTuganmasdiuiumnmuunauilulasading

4 H
WUFIMV0IA011IANTTH ResNet AININT 2.17

X
o
]
BlN Rell
RellU

BN
'
BN

RelU

addition

RellU
¥
Xk X+
(a) onginal (b) proposed

MNN 2.17 Residual Networks (ResNet in short)
nn: Eugenio Culurciello, (2017)

Y
2.3.4 Xception Frangois Chollet (2016) Waammﬂu@a Xception YU UMD
anuansamelsulga Tuganazanilaenssumsisuauaisanlaonssunizoudenazaun
49! é = a A [ . = o dlsl 1 [ d‘
YN TEANTNMMNIAY ResNet 1102 Inception V4 HANMIMNAIUNUDIAININNIT AININN 2.18

ag 2.19
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Xception
input (J) separable convad (J)

convolution with 1x1 convolutions
1to 1 connections  from J to K maps
J to J maps

NN 2.18 The Xception module

1311 Eugenio Culurciello, (2017)

Entry flow Middle flow Exit flow
299x299%3 images 18x18x728 feature maps 18x18x728 feature maps
L |
[Conv 32, 3x3, stride=2x2 | 1
ReLU ReLU [Ret 1]
Conv 64, 3x3 [SepazebleCony oMt
[ReLU | [ReLU [Rewt 1]
SeparableConv 728, 3x3 SeparableConv 1024, 3x3
SepurableConv. 128} 3x3 ReLU MaxPooling 3x3, stride=2x2
728, 3x3
Conv 1x1 | [RelU ] [ -
stride=2x2| | T 128, 33|

MaxPooling 3x3, stride=2x2

SeparableConv 2048, 3x3
[Retv ]

GlobalAveragePooling

18x18x728 feature maps

[Reww 1
SeparableConv 256, 3x3

ReLU
SeparableConv 236, 3x3

MaxPooling 3x3, stridem2x2

Repeated 8 times

Conv 1x1
stride=2x2

2048-dimensional vectors

|

Optional fully-connecter Layer

T —
SeparableConv 728, 3x3
T [ ——
stride=2x2| [ BTeConv 73850

T
MaxPooling 3x3, stride=2x2

Logistic regression

18x18x728 feature maps

WA 2.19 The Xception architecture

An: Eugenio Culurciello, (2017)
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aoaenssunioutelseanifion Xeeption UITUIUNIHUA 36 convolutional YUADY
o Y A o 1 v g ] 1 Y F) d’@' 1
M3 IndiAeeny ResNet-34 uagiuuunaz swaiudionii ResNet tazidnlaldunauni
. =2 oq9 A ~ - X
Inception V4 39 Ividolaenssunieinedseaniion Xeeption Hunurdulauiniu
2.3.5 E-Net

Abhishek Chaurasia, Sangpil Kim and Eugenio Culurciello (2016) Wuaseveilszam

A A Aa A = PRS- A A 1 A Y 9 kY t4
nNlszansmmdngdununiie ¥ ENet  Uiigagananeme ldausaldaulauuginsal
A Adgy o ° Yt a 1o ¥
adouNN dnasnudmazamsnlszurana ldnlanuuiud aonfaenssuninuaved E-Net
Y

o—

v
=

[ 1 @ 9 ] § I H Y
arulvgazlanyuzaaiony ResNets N3 Iassainiueneoniluraieauniuenson UAsIHa 1

o i A @ Y o % Y [ Y @ T
ﬂaﬂw’luﬂ'ljlwuﬂmaﬂ‘]&lmgiwaﬁﬂlﬂuu']ﬂeﬁuhlﬂ L%ulaﬂ’)ﬂUIulﬂa@uuu‘iJm@\i ResNet 7170813

q
'
=

Y o
Tasaadananng 2.20

Name Type Output size

16 = 256 = 256

initial

bottleneck 1.0

4 bottleneck] x

downsampling

64 x 128 x 128
64 x 128 x 128

bottleneck2.0 downsampling 128 x 64 = 64
bottleneck2.1 128 = 64 = 64
bottleneck?2.2 dilated 2 128 = 64 = 64
bottleneck2.3 asymmetric 5 128 = 64 = G4
bottleneck2.4 dilated 4 128 x 64 = 64
bottleneck2.5 128 x 64 = 64
bottleneck2.6 dilated 8 128 x 64 x 64
bottleneck2.7 asymmetric 5 128 = 64 = 64
bottleneck2.8 dilated 16 128 x 64 = 64

Repeat section 2, without bottleneck2.0

bottleneck4.0

upsampling 64 = 128 x 128
bottleneck4. 1 Bl x 128 = 128
bottleneck4.2 fd x 128 = 128
bottleneck5.0 upsampling 16 = 256 = 256

bottleneck5. 1

16 = 256 = 256

fullconv

' »x 512 % 512

MNA 2.20 Architecture of ENet.

la1: ENet: A Deep Neural Network Architecture for Real-Time Semantic Segmentation (2016)
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v
U a

d2uEuAUY9 E-Net (Initial block) fio msihdeyanionin g luealinnuaziden

=4

[ <3 A { [ { %
512 x 512 FaaaWa 1HNVUIAMTLAAINAVDILADNITUAUN 16 x 256 x 256 HAIIINNUNITIIUA
I A
U®4 convolution (13 filters) tiag MaxPooling (2 x 2 without overlap) MIa3MNUBILANG VA

o d‘
ANNINN 2.21

| Input

— .

3x3, stride 2 MaxPooling

\/’

| Concat

MNA 2.21 Initial block of ENet.

lan: ENet: A Deep Neural Network Architecture for Real-Time Semantic Segmentation (2016)

' 1 I v { 1
TudruaounuiluTuga Botteneck 8 Tnsead1aumloununing 2.22 uaaza1a,
9 9 ! ]
Uszneufie 3 U M35 convolutional ATIUTNINOTITAAVLIAVDITOYAAIRIBYLIA 1 x 1 HIT
Y
1¥5211914 convolution a1 HIAIAANITVENEA N13911 Batch normalization 11ag PReLU HNIN

v b 9 v v
13521314 convolution 11aviua 911114 Dropout 1FINUA A9 IWR 2.22
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Regularizer

WA 2.22 Bottleneck module of ENet.
31: ENet: A Deep Neural Network Architecture for Real-Time Semantic Segmentation (2016)

2.3.6 MobileNet
1 < ~ o v A A 9 1% .
MobileNet 1ilu Tuiaafignesnuuundmsuiionelne Google Tnonniouny Weight
Y v o = 0 y R <t
Yo TunadredoyanIng1utoya ImageNet Nn18lusivsaunmwswiunatodiu ¥eluaail
o J 1 12
seesuauldnainvats MobileNet Tyatlszasnlunmseonuuulnldauld Taelildnineins
@ 1< @ a a { @ o A 1
wnin uanuannuilsz@nsninienvzdosasd uiiouny model AIBUY (Inception, Resnet) LA

a a g oA o
Uszaniamneglunusineounoasula
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@15199 2.1 1W5801M8D Documentation for individual models
The top-1 and top-5 accuracy refers to the model's performance on the ImageNet

Validation dataset.

Model Size | Top-1 Accuracy | Top-5 Accuracy | Parameters | Depth
Xception 88 MB 0.790 0.945 | 22,910,480 126
VGG16 528 MB 0.713 0.901 | 138,357,544 23
VGG19 549 MB 0.713 0.900 | 143,667,240 26
ResNet50 98 MB 0.749 0.921 | 25,636,712 -
ResNet101 171 MB 0.764 0.928 | 44,707,176 -
ResNet152 232 MB 0.766 0.931 | 60,419,944 -
ResNet50V2 98 MB 0.760 0.930 | 25,613,800 -
ResNet101V2 171 MB 0.772 0.938 | 44,675,560 -
ResNet152V2 232 MB 0.780 0.942 | 60,380,648 =
InceptionV3 92 MB 0.779 0.937 | 23,851,784 159
InceptionResNetV2 | 215 MB 0.803 0.953 | 55,873,736 572
MobileNet 16 MB 0.704 0.895 4,253,864 88
MobileNetV2 14 MB 0.713 0.901 3,538,984 88
DenseNetl121 33 MB 0.750 0.923 8,062,504 121
DenseNet169 57 MB 0.762 0.932 | 14,307,880 169
DenseNet201 80 MB 0.773 0.936 | 20,242,984 201
NASNetMobile 23 MB 0.744 0.919 5,326,716 -

110915197 2.1 11581181 Documentation for individual models W11 MobileNet 11

v @ o v Ry 1 o A = ° Yt
ALLUUU Top-1, Top-5 llﬂ 0.665 N1 0.871 MUAIAL Gﬁﬁu@ﬂﬂ’ﬂiulﬂa@’)ﬂuqllﬂﬂﬂﬂj']nn']\j']ullﬂﬂ

NOTUAIT


https://keras.io/applications/#xception
https://keras.io/applications/#vgg16
https://keras.io/applications/#vgg19
https://keras.io/applications/#resnet
https://keras.io/applications/#resnet
https://keras.io/applications/#resnet
https://keras.io/applications/#resnet
https://keras.io/applications/#resnet
https://keras.io/applications/#resnet
https://keras.io/applications/#inceptionv3
https://keras.io/applications/#inceptionresnetv2
https://keras.io/applications/#mobilenet
https://keras.io/applications/#mobilenetv2
https://keras.io/applications/#densenet
https://keras.io/applications/#densenet
https://keras.io/applications/#densenet
https://keras.io/applications/#nasnet
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Depthwise Convolutional Filters Pointwise Convolutional Filters

3x3 Depthwise Conv

Depthwise Separable Convolution

M 2.23 Tasaad1s Model

flan: https://github.com/Zehaos/MobileNet

= a a 3l v dJ
2.4. Anpunatiamsinnznlurinuaadelsuel
Liang Zheng, Yi Yang, and Qi Tian (2015). @AY SIFT Meets CNN: A Decade Survey
of Instance Retrieval lal3unaannmsdrsrunaiia 1uil a.e. 2000 Tag Smeulders aou11d) a1,
° . .. . < 2 1
2003 1ATimsthuaue Video Google 108 Sivic 11ag Zisserman Iaiilugaisuau asunludl s, 2006
Y~ = o . . . . A o =) o @
181nsANBINTHINUIVY hierarchical k-means 1A@ Philbin A® NFHOULULMNTITEE1A

9 1
Fulun133angu k-means Taofvua k. Huswiunguitaule deunludl a.a. 2007 18%in13
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e U0 approximate k-means 198 Stewénius 1182 Nistér Ao NsuIngu Taensdszmadsiuau k

ol ldsuaunguianls aeanluil a.a. 2008 latin1s1iuaueI5n1s Hamming Embedding 1a@
A 1 1 9 =S o 1 = Y~ o d‘ .

Jégou Ao MstUenguawaNuadieaany aoulull a.a. 2010 latin1sindue3o9 improved

FV msudasnmumianziasadimiunisasioya iuduelae Perronnin 39 1dinamaiia SIFT-

td

. < a A ] AN Yo 9
based (Scale Invariant Feature Transform) ﬂJuﬂ'ﬁ3Lﬂ513W5ﬂﬂ']WLW@W']fl].ﬂl;ﬂu"ll@\iﬂ']w%hlﬂiﬂm']

U

Y
=K A

=3 é ] dy Y a [ ] a a .
yuFeuney Falugranaril latmaiialviness iNayune malla CNN-based (Convolutional
[ ) = . I ? 1 =
Neural Networks) #8991011581522 143 a.9. 2012 Tae Krizhevsky 1Huasausn aouluil a.q.
A A ° A A . s X
2014 (3N IHNAURINANAITNT hybrid TueeAlsznovves CNN 9103101 Tag Razavian Tu
9 1 Q'I

Tidearu Babenko Idiiuanusnlumsufudzunaiia NN lunsldiudeyaiilieginaly danm

224

Hierarchical K-Means Improved FV
Stewénius and Nistér Perronnin et al.
; i R-MAC
Video Google : ! Tolias et al.
Sivic and Zisserman APP[OX'_’“%‘te K-Means VLAD CNN off-the-shelf |
\ Philbin et al. Jégou et al. Rozavian et al. E
1 1 )
1 i ] H - .
| i 1 ] ' i
—————————— —— e p——
,10()() 1002 10()6 10()‘] 100® 7010 ,10.11 10}& ,10?_5 1036
1
] ] 1
“The end of the early years” i 1 J [
Smeulders et al. ' E Meural codes i
! i Babenko et al.
Hamming Embeddin
e & CNN for ImageNet VLAD-CNN

Jé tal
Ny Krizhevsky et al. Ng et al.

SIFT-based

NN 2.24 Milestones of instance retrieval
131: SIFT Meets CNN: A Decade Survey of Instance Retrieval
FI 3’; 1= 1 A Aax °
fT"I?J"ISﬂﬁ?‘]Jllﬂ’J"I ‘luszﬂznmmgmﬂ f.A. 2000-2016 FINITALUUNAUAITNITIINNITNN

©1329U04 Liang Zheng, Yi Yang, and Qi Tian (2015) 18131 2 d9uf0 SIFT-based (Scale Invariant

Feature Transform) 4182 CNN-based (Convolutional Neural Networks)



32

1 SIFT-based (Scale Invariant Feature Transform)
Lowe, David G. (1999) 9511819791 SIFT 71498911910 Scale Invariant Feature
v Y
Transform ﬁaﬂmm@ﬂmulugﬂ ﬁﬁu@gﬂumﬂamiﬁmuwwnﬁnmm HUMTUBILEIAIN
o Y [ 3’/ 1Y d’f Y] o a = o Y o Y
11 wh ldgamuiu lidesuednvamansmnuananie 4a49 sz ldawsaiunldly
=1 1 A FI 9 1 ) A 49! I VAo oA 9 o
migﬂc%ﬂumﬂugmﬂuslugﬂauq “l@qwuazgﬂmmlmuﬂmmawu Tﬂmﬂuﬁgmﬂuwmuﬂﬂ%ﬂu
I 1 o o VoA g’/
Lﬂuamamﬂiumimmiizumgmumm
4 9 a Y [ 1 a 4
108 ADUNTNU LALADL (2553) 83118 13791 MIaT1mdnyazauuUUEN Y (SIFT)

3
I [ AR A o Y a ¢ A 1 Ig o A a
Lﬂu aﬂaiﬂnwumﬂﬂumiamiwmwamfgﬂmummm‘w TﬂﬂhlﬂellUﬂ‘]J“]Ju'lﬂﬂiﬂﬂﬁ‘ﬂ'l\ﬁl'ﬂﬁ

(3

] [

~ = o 7q Y A Yo . .. o
agneglunmas ansarimnlszgnaleluiEean1339190g (object recognition) N3NINTUYD

)}

o

A A 9 A A~ 1 . A Y o
Gb"V\IT]‘Ll‘L!i]3Lilliﬂﬂﬂ'liuﬂﬁﬂ]’E]iJaﬂWWLW’E]Wﬁ]ﬂ‘V]iJ NHUSIAU (keypomt) LWE]GlGHL‘]JuG]’JiJSﬂi]ﬂ

v
v 1 d =~

w 4 9] o o '
anvuzd1A1y (keypoint descriptor) NAUANHUIAUNUINAGA 1WOADINITAIUAINIAYAUN TN

Q

o o [ <
@]’E)\‘lﬂﬁin!,mﬂ ’JHJ’N]E‘]@QGl,uﬂ”IWﬂQﬂﬁTJﬁ%@qN NI VHﬂ”ISVHi]G]fIﬂ‘Hm G ﬁ?ﬂ@ﬂﬂﬂﬁﬂ‘lﬁlﬂ!“’

@

1Ay 1A NNIMITZEENINLVEAAA (Euclidean distance) iw14anﬁauaﬂmﬁﬂym‘”ﬁwﬁ’mmﬂﬁu

iR ﬂﬁ@fﬂﬂﬁ‘ﬂﬁﬂ ﬂﬂﬂlﬂﬁﬂ’NS s 'Vlﬂiﬁlmuhﬂ‘ﬂ amﬁmaﬂym mmlmm 2mwumﬂmﬂ

U

d
)
1AEINY nmi’Jmiwzmwam@@mummmmﬁ'mag 4 Supousai
1) Manfsgim ludiavuanagszeznig (Scalespace extreme detection)
2) Msmruamunuagaauls (Keypoint localization)
3) ﬂ”liﬁ”lﬂuﬂﬁﬁ%”lﬂﬁllﬂﬁi]ﬂﬁu% (Orientation assignment)
4) M3 A5 UUENHULIAUVDININ (Keypoint descriptor)

2 CNN-based (Convolutional Neural Networks)

Q Jd an
TIAU ﬁiﬂ’)iiﬁuﬂa (2559) Convolutional Neural Network (CNN) mﬂuﬂmmmu

r%f-_“JID

VY94 Deep Learning mﬁani%ﬁuiuﬁwﬁu H9 Deep Learning 719 gﬂgmuwuwm Machine

9
%

. = 1 Y Y 19 1A ' o Y a o a ¥ 9
Learning #9911 1udmsaesn lilwiFeslnues lsgniinauewudivarsduil loReasduves
Deep Learning ¥191011UU1804 Machine Learning %Ha 1A539191)52@1miew (Artificial Neural

H o 1 J v o ' L Y]
Network) NAsUUUUNITYINUYDIIATINGFAS AUDIVDIAUITT FAUUUT 109NN L85 UMT



33

a 4 2 = U A ] = A o A 4
wgamangeu lueaai lunsainlasavieneluan (Deep) tazlisuIuInuansoLsaauIn
o v Y o =} ) o F) A 9 k) a
Wo sEAUAMUTUFoUURIILUTasIziosned T uuA T Tewdn 1y lannasiia
Y @ = Y a K . A =~
‘HaﬂmiIﬂﬂﬂjllﬂﬁllﬂﬂﬂﬁliﬂugl‘lﬁaﬂ Convolutional Neural Network (CNN) fi9 N15U
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input layer hidden layer output layer
MNA 2.25 Deep Learning

an: MultiLayerNeuralNetwork
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MNA 2.27 global-average-pooling-layers-for-object-localization

A: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
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https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
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2.5. mydalszansow (Performance Evaluation)
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NN 2.28 Deep Convolutional Neural Networks (CNNs)
131: D. Viet Sang, N. Van Dat, and D. Phan Thuan, (2017)
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NA 2.29 Architecture of our 1 1-layer network
l31: W. Wan, C. Yang, and Y. Li. (2016)
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MW 2.30 Algorithm flow for predicting whether an image patch is a face or not

a1 Cha Zhang and Zhengyou Zhang (2014)
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MW 2.31 The multi-task DCNN network adopted in this paper

131: Cha Zhang and Zhengyou Zhang (2014)
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AWN 2.32 CNN structures of the 12-net, 24-net and 48-net
An: Haoxiang Li and other (2015)

Bo-Kyeong Kim, Suh-Yeon Dong, Jihyeon Roh, Geonmin Kim and Soo-Young Lee
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WA 2.33 Our automatic FER system contains several DCNs

1311: Bo-Kyeong Kim, Suh-Yeon Dong, Jihyeon Roh, Geonmin Kim and Soo-Young Lee (2016).
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131: Bo-Kyeong Kim, Suh-Yeon Dong, Jihyeon Roh, Geonmin Kim and Soo-Young Lee (2016).



45

Y
TaelunsuiEuanInNIeiiinI591 Ensemble 11471514 deep Convolutional neural
@ g A 1 a oA I o
networks (DCNs) nUdoya FER2013 i1 slugnamsiSeuiinonifiia DONs sgiluilse Townilu
msldyadoyansineusuinaiuvealuniiii alignable 1ag non-alignable late1lsz@nsam
a a A a oA g‘/ o a o
lumsilsziumanaoasuilszaninmlumsiUfinauves FER 91niuiin1sins iz inannns
Y
naaes luduaounisnadoud msunsUSuuuIimiin1gsy 4o4aves non-alignable 1Az
A A a a1 A Y g’/ o Y Y A v
DCNs Midoniiasemiuanugnaesves FER lutuaoumsnaaeudimsvulunihn luawise

o v v o ' Y A g9 o v Aa @ s {1 ]
ﬂ@@ﬂllfﬂuﬁlla3‘]Jﬁ'i_lﬁnlﬂuxivlﬂﬂjilwu5]]’E]jaljﬁGL‘L!53WLIﬂWiﬁﬂﬁuiﬂﬂ1ﬂﬂ1iﬂﬂ@Qﬂﬂigﬂ@ﬂﬁ%ﬁ]u@g

U3 AMN

Conv. 4x4

Pool 43 Conv. 5x5

Ave.

- |.|I.u 2vedy Ll
S—— 2
10 Predictions P(ylx)

Augmented X

9

MW 2.35 a01fnenssuved DON wazgduaeumilsziliuwadiemsinudoya
fan: Bo-Kyeong Kim, Suh-Yeon Dong, Jihyeon Roh, Geonmin Kim and Soo-Young Lee (2016).
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Raw Image
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Max Pooling
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128 Conv
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Max Pooling
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| 0.5 Droupout

WA 2.36 CNN-SIFT Hybrid method

1311: M. Al-Shabi, W. Ping Cheah and T. Connie (2017)

Octavio Arriaga and Paul G. Ploger (2017) 1@fnu1NeINVIT04 Real-time Convolutional

4
Neural Networks for Emotion and Gender Classification 1aa319m3a529¥1 1w ealngg
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WA 2.37 Our proposed model for real-time classification.

31 Octavio Arriaga and Paul G. Ploger (2017)

Andrinandrasana David Rasamoelina, Fouzia Adjailia and Peter SINC AK’. (2019) la
AN UNEINVITOY Deep Convolutional Neural Network For Robust Facial Emotion Recognition
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MW 2.38 Residual Squeeze and Excitation block.

31: Andrinandrasana David Rasamoelina, Fouzia Adjailia and Peter SINC~ AK'. (2019)
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' P A q s a 9 3 , & o Y a
sEUINADUAEDI NN N 18I N U N T uANNIANA VBN UNAVAN U AAUAY
wvad y L. 2 < 0w A (o = &
nazuauANABING 1uga Squeeze and Excitation 11/1a0nd1151 CNN N11/5D1)gamsiania
[ @ @ 4 [ ¥ A a 14 1 1
Autaziu 1agUseaeananyeIn1sil Ao MIINUWITINNDF TUIAAZ ¥DIN19UBY convolutional

A Y A ' [ 3 @ Y 1
LW@iﬁlﬂ’iﬂﬂﬂﬂﬁﬁJﬁﬂﬂﬁUu1ﬁuﬂ1@@ﬂNmiﬂ%ﬂﬂJ
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Natalia Efremova, Mikhail Patkin and Denis Sokolov. (2019) ladnyUNeIT LS 09 Face

and Emotion Recognition with Neural Networks on Mobile Devices: Practical Implementation on
. =1 a A o 4 1 9 ]

Different Platforms laei/3eufievilszaninimvesuuusiasaluunanrlesuaieg laua Geu,

mobile 118¢ Raspberry Pi 10814 pre-trained 917 141A@ FaceNet ¥4 luniseenuuylnseadies CNN

9 . o . @/
111519 residual 314U 20 parametrized AINN
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I input image 144x144
¥

| 3x3 conv, 32

h 4

| 3x3 conv, 32

|

maxpool

Y

3x3 conv, 32

Y

3x3 conv, 32

B

-

-~ —

3x3 conv, 32

L 4

3x3 conv, 32

j

o

3x3 conv, 64, /2

Y

Y

3x3 conv, 64

P

_|,
|
|- —
|
|

3x3 conv, 64

——
~

h 4

|
|
|
|
|
|
|
|

3x3 conv, 64

!

"

| 3x3conv, 128,12

]

3x3 conv, 128

—

=

3x3 conv, 128

I

‘ 3x3 conv, 128

I

| 3x3cony, 256, 12

]

‘ 3x3 conv, 256

—

‘ 3x3 conv, 256

!

‘ 3x3 conv, 256

|

fc 5

|

NINA 2.39 residual network with 20 parametrized layers

3: Natalia Efremova, Mikhail Patkin and Denis Sok

olov. (2019)
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111391 data  augmentation YAYOYAYNTINAIAIBAUINTDIUWAL (1) unaIToYA

U u

vy LY Y = . am J
AIBITULLFUVDYANITAUNIVDI Google (ﬂ']ﬁﬂuﬁ"lgﬂﬂﬁ/\lﬂ\ﬁ/l, gif uamﬂimmmwaum) tae

an v R ax Y Y ' A aa a Aa 9
7819 YouTube taz(2) M3uUNNIA Lo nHi131m321INMIa500 leaall auaduuilaniud
1 =2 dy a 1 =
3 TuMIANYIY (A 20 AUIYILHIN 19-68 1)
& o ¢y ¢ A ' v Y
unanuiduaueorsuaivivunaaeiuiudanlvl  aondasnssunissug
° 4 3 { ¥ ¢ o ' @ o A
HUVTIADINAUDU AT ONILTIUFTOITVA! T1UIY 5 NUOITUA HAMIANTUNIUYDUT DY)
a o o t4 = Y a A A v ~ A o o
WamnFunIsIatIIsNal s alssumeunulssaninmve unsevielssammenniu s
Y C4 { o o o . 3 o~
sruudeemsginsainnmnlanudiyanuylumssiuam (iPhone 7 31'l)) nazginsainds
1 Raspberry Pi (Movidius)
~ a Aa o A 1 o 14 1
nnmsnfseumeulssaniamvoauuiiaeaiuanAnUENaANo T NILHINIUMNT

o 9 4 ' o o 9 J A A A
ﬂ@ﬂ11ﬂwu1llagﬂ1ium ﬂ’J']lllliluﬂ']GUE]Qﬂ'ﬁi]@insh_lwu’luullwaﬁwaiuuaﬂﬂﬂﬂ 98%
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UNnn 3
= AadAa v
IZIVEVITIVY
N - s A = 0 ¢ ey ) ¥
et IaglszaanieanyInstunelsualanlunti laels Tassadig
1A309101 52 @ Mifion (Convolutional Neural Networks: CNNs) Hagziiodangun1sLaadoon
2 9 I R 3 aw a . < 0 ~
N9anIi 7 ngu FuTUIT81BINAA09 (Experimental Research) Tagaziilunisinaues Tuaan
= Y A= Y a . o ¥ a o dy A
UMsuenFuUNan Iage199331u1UNIIN Xeeption Model AINUANYATIUVOLUVTIA0IN AD
o { v o d J ] % v I a { { 2
MIMHUAANUFNNUFIZHINTRIMIAZANUAURUTITINUA TasTiTuaounseoniuy

v 1 o Y { v ' . Yy 9
Idaolagnssuaseviol Tanududeunitiosaanii Xeeption Model 91mM3ldyadoya

FER2013 Lﬁmﬁmgaz%’ﬂmmmuﬂuéﬂumﬁmuﬂ

3.1 VHADHITNMITIAUUUNITIVY

Y
AA v

Fuisesiiiifaguszaeditodnyinissuunersuaiainlunilaeld Tasaas
A5 09161/3z @M (Convolutional Neural Networks: CNNs) tiazifiosangunistierasonn
NN 7 Ngu FuiluisuFimaans (Experimental Research) Tagazdlumsthaus Tumai
ImsuensuiianTaedhedagiuunan Xeeption Model ﬁ’qﬁuawagmmmuuuﬁmmﬁ Ao
msuruRad T sz e imaazanudniu Filui Taelisuneunsesnuuy
Waodnsnssumdedeil fanududouiifosainin Xeeption Model 11MN15 I9gadoya
FER2013 iilesiiuuassnenaanmsiugilunssumn
3.1.1 ﬁﬂm%’ay’mﬁmﬁu FACS (Facial Action Coding System)
3.1.2 ponuuy Inssaduns ool sza1mdion (Convolutional Neural Networks:
CNNs) J511l5901111910 Xception Model
3.1.3 msaiu Tueadmfumssuunersual
3.1.3.1 TwaadmSumsswunetsual 7 ngueisual
3.1.3.2 TwaadmSumsswuneisual 2 nguelsual

a 4
3.1.4 3!ﬂ§1$ﬁlla$ﬁ§ﬂﬂa



3.1.1 ﬁﬂm%y‘mﬁmﬁ’u FACS (Facial Action Coding System)
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ANHIVDUANLINGY

QU

'
v A

54

[ t4 ' a o 4
’Jﬂ‘UfﬂﬁLLﬁﬂ\i’éﬂﬁMﬂ!f)’f)ﬂﬂ%‘l%ﬂﬁ}'ﬂuizﬂ’l'lﬂﬂ'li'IJ;]ﬁJJW‘L!‘ﬁ

! ¢ A A vy dqw A Y v A y 2
TEUINNUYBY INITUIVYLTOIUIS YUY ﬂiﬂfﬂ’]ﬁliﬂug“ﬁﬂm@y’a FER-2013 ﬂgﬂﬁﬁ’lﬂﬂluiﬂﬂ

v v
Kaggle 1ud) 2013 &alimsswundaungu 1insvua 7 nqu 18un 0: angry, 1: disgust, 2: fear,

3: happy, 4: sad, 5: surprise, 0¥ 6: neutral AININT 3.1

Ml 3.1 Aedadeyaludoyaya FER-2013

Sad Surprise

Neutral

M3197 3.1 M audoya FER-2013 dmsumsaiie lumanioielseamiion

o 1 4
(Convolutional Neural Networks: CNNs) 91L4UN 7 NQUDITU

: Youa
v a0 S Vv o Ly G
paUNLIVen s1eazIRen ) y YoYAMNIUINTY s
. ) Ul amsy
andaz Voyya Taaa
nagey
Unpleasantness luni1TInss 4,953 4.462 491
Unpleasantness luw ‘L?l} 1 ]1 ¥ U 547 492 55
Unpleasantness Gl‘lJTi‘L?ﬁﬂﬁ’J (fear) 5.121 4.593 528
Unpleasantness luntuadh (sad) 6.077 5.483 594
Pleasantness luniliaauay 8.989 8.110 879
Pleasantness lunihilsgnaiala 4.002 3.586 416
Pleasantness lundiwuuilna 6.198 5.572 626
FINNIHUA
35,887 32,298 3,589

10915199 3.1 Msutesaudeya FER-2013 d1rsumsadnlunansony

Usgamifion (Convolutional Neural Networks: CNNs) W11 Tunismiieiiuaudoya FER-

2013 dnsumsadaluaanTorelsya e (Convolutional Neural Networks: CNNs)

9
51\1’6)\33‘1JLL‘U‘]J3J1%1ﬂ Xception Model uialuens1aIu 90:10 ﬂWﬂﬂDWH’Ju"lgljf]HﬁVN?iiJﬂ 35,887
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Aq 9o @ 4 A o Aq Yo [ A o
A Taggan ldmisuaiaTumaldiuan 32,208 2 uazgan lddmiunsnage iy
3,589 NN MNAIAL

o3 av01 luAAT LN Pleasantness/Unpleasantness 321/5znou 1daae 2 ngu laun
nauiusvenanymein1udula (Pleasantness) nguitsvenanyme lulinnuauls
(Unpleasantness)

VoA o 1A N Y A 9

ngquitsuenanyuzNiaNuanls (Pleasantmess) laun lunihlianugy, lunih
Usznaale, vaz lumhuuulnd

naunusvenanyazd lulinawauly (Unpleasantness)  laun luntiiings,

luwi luyew, lunituad, uaz lumhnga

3197 3.2 M udeya FER-2013 drwsumsade lumamieselseamiion
(Convolutional Neural Networks: CNNs) 914440 2 ﬂijﬂJ’e)”li ol

(Pleasantness/Unpleasantness)

. . , | TeyadmSumau | deyadivng
IgazRuAvIYa nulunin
) Taaa nageuluaa
nquiiiauen
anvazNanuaula 19,189 17,268 1,921
(Pleasantness)
nquitieuen
anvaz hifianwauls 16,698 15,030 1,668
(Unpleasantness)
sanue 35,887 19,189 3,589

d' 9} 1 d' 1 (%] 1T A 1 d‘
INA1319% 3.2 YoyanquuavenanyueNUANUAU 1Y (Pleasantness) HAZNGUN
Y
Havenanyar N lulinnuanle (Unpleasantness) W s11uluminanualisnuiy 35,887
1 I VoA [ = A o g’;
A Tagmiuilunguinuavenanyaz1Unuauly (Pleasantness) UTIUIUNIHUA 19,189
[ o [ o o @
a TasutailudoyadmiumsuTmaa $1uau 17,268 0w deyadmiunadon Tuaa

v 9
NUIU 1,921 7N uazﬂ’qu‘ﬁmmﬂaﬂymm”l"luﬁmmau"l% (Unpleasantness) UIUNINUA
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9 [

[~ o ) [
16,698 0 TasutiududoyadimsumsuTaa $1uau 15,030 nw Joyadmiunadou
Taaa 914U 1,668 NN AINAIAY
3.1.2 eonuuv Iasaasuns omessanifen (Convolutional Neural Networks: CNNs)
YFu1l3a31/u3191n Xception Model
a o dy o 9 A ' = .
Tuauddeiazingue lassasiunsevielsea1minen (convolutional  neural
< o Aa Y A= Y a
networks: CNNs) Tagazitlumsinaus laaninmsuensunan lagd19aegduunuon

EX]

[ g’l a o - o { o v d 1
Tuiaa Xception muuﬁuummmaummmmﬂ ﬁ@ AN UAANNTUNUTIZHI
;4
=

]
=

] o v da a
BOINWHUASANUTUNUBLBINUN Iﬂﬂ@ﬁ)ﬂlmﬂ’gﬁﬂﬂﬂ"lﬂ Xception model

Entry Flow Middle Flow Exit Flow

Input 64x64x3 images
30, 30, 32 Feature Maps 2,2,512 Feature Maps

[ Conv 16, 3x3, strides = 1x1
l BatchNormalization, Relu

\
| |
[ Conv 16, 3x3, strides = 1x1 —’

|

l BatchNormalization, Relu

l SeparableConv 786, 3x3

l BatchNormalization, ReLu

l

: |

Co?v i [ SeparableConv 786, 3x3 ‘
strides = 2x2 ]
|

[ SeparableConv F, 2x2
l BatchNormalization, RelLu

l BatchNormalization, ReLu

l I
[ " -
1x1 MaxPooling 3x3, strides = 2x2
::r?;esx— 2 [ SeparableConv F, 2x2 ‘ l 8 %3,
[ separableconv 32, 3x3 malization, ReLu ]
BatchNormalization, RelLu |
[ l MaxPooling 2x2, strides = 2x2 l Conv n, 3x3
Conv 1x1 y ,
strides = 2x2 [ SeparableConv 3253 ‘ GlobalAvergePooling
l BatchNormalization, RelLu l Softmax
I
[ SeparableConv 32, 3x3 ‘
l BatchNormalization, RelLu l
[ separableconv 32, 3x3 |
| BatchNormalization, RelLu
l MaxPooling 3x3, strides = 2x2 l
Repeat 4 Time
Number for Flirter (F) F = {64, 128, 256,512}
30, 30, 32 Feature Maps 2,2,512 Feature Maps Prediction n Classes

M 3.2 a01Iaen3 U BT10091511 39910 Xeeption model

9 H v
nnmmantlaenssutiazdsznoulidqe 3 @au 1aun @2ui 1 Entry Flow @aui
1 H Q‘ o o %}
2 Middle Flow ttaz@audi 3 Exit Flow Iagisuanmsthdoya msiauunuive wagns
)
FTUWUNMTUAAIDONN TN NINUA n NQY
U A I wa =3 g’/
ludaud 1 Entry Flow aziilumsnsesnmauiauuuveius lagaaeonuininyu
. o 35 0 . v ¢ .
convolutions 31U 4 ¥U 1A8N1591 normalization 11z N13 15 1UWIFY activation relu 1UNI5

o y o o o A o g 1 . a
muuuﬁi}mﬂﬁ}ﬁnummﬂim (filters) LWN%TU?U%ULﬂHﬁ@QLVIT%Tﬂ convolutions A
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[ H Y
Tudaudi 2 Middle Flow v Idguianbauz NaziBeauazsudouuniulasazgnuen
9 9
convolutions $1UIU 8 T TABITAOIHIU N5UENUBY convolutions TIUI 2 FU TIUIUA?
A X 1 2 <3 o o w
N304 (filters) WNVAUNAZ AOUN TABIENIN 64, 128, 256, waz 512 Wuargatiea iy
HazMrUATHIA lUNITNTOUNINY 2x2 mapping
1 A . < Z ~ wa A @ A~
ludauh 3 Exit  Flow uvuaeunuaaigaauianionuanyasyeanInig
= A = < 2 A o A @ g
J18azReANINNga Favzgnuansantily 2 ¥u TaelidInsed (filers) AD 786 @2 HAZHY
Y v v H
convolutions FUFATGMINY n Fu HAINTO (filters) NNV 3x3 FI92NBIVOINUMTTIUN
AMSUAAIBNDNNTHINTIUIU n ﬂfjll nagly global average pooling NOAAUUIANIS mapping
Y = 9 9 L A 9 o o
Wi 3x3 Taud 1x1 gamerz 19Menau softmax tenszdunisiia Tunsswunms
uaaseannudmihlildgndeaniga
) [ o 4
3.1.3 m3as e lueadmiumsswune syl
) 1% o J J t4
3.1.3.1 Tumad msumsduunesual 7 nguelsyal
o ) o o 4 1 4 1 {
TumsdSulgaTueadmsumsswunersus 7 nquersual imsud lu Tudiud 3

A (2 A

g & ! N ' .
Exit Flow L‘]JusuumuﬁuﬁmﬂmﬁnmmaﬂmaﬂymgmmmwmmwazL?}&Jﬂumﬁm G?\ﬁ]ggﬂ

q

= 3 o o 3 . b "o 3
neneonu 2 ¥u TaelaIngos (filters) ﬁ@ 786 17 LA YU convolutions G])”L!f,:fﬂﬁ}iﬂwnﬂll 7 ¥U

@

1AIN504 (filters) 1IN 3x3 FILMNPIVOINUMITUUNNTUAAIONDNENINTIUIU n NGM
¥ . A . "o = Y Y
wazly global average pooling INDAAVUIANIT mapping IN1ND 3x3 Teauda 1x1 fjﬂ“m&%%cl“lf

) 4 o o
WINTU softmax 1onszauMInu lumsiwunmsuaaseennisdninli lagndesuin

naa

Q

Entry Flow [ Middle Flow Exit Flow

Input E1xEDG images

30,30, 32 Feature Maps 2,2, 512 Feature Maps

SeparableCony 786, 33
BatchNormalzation, Relu

e parableCony 786, 33
EatchNormakzation, Relu

MaxPooling 3x3, stndes = 2x2

Conv 16, 3x3, srides = k1
Comv 16, 3x3, dtrides = Ixl

Batch Normalization, Relu

, 33
Bat ch Normalization, Relu

Sepa rableConv3z, I3

SeparableConv3z, 33
Batch Normalization, Relu

Sepa rableConv3z, 33
Batch Normalization, Rely

Batch Normal

F,2x2
Batch Normalization, Rely
Conv 1x1
rideseoxz | | SepRrEbleConvE 22
,Relu

Maf ooiing 22, strides = 22

Conv 7, 35

Conv 1x1
strdes=2:2

Global Averge Pooling.
softmax

Repeat 4 Time
Mumberfor Hirter (F) F ={64, 128, 256,512}

30,30, 32 FE3ture Ms 2,2,512 FeatureMaps Prediction7 Qasses

! ) @ o J J J
ﬂTWﬁ 3.3 IiJLﬂﬁﬁ'lﬁ‘iUﬂTiﬂ'll!uﬂ’ﬂ'liiJm 7 NAUDTITNNU
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o [ o J ' 4
3.1.3.2 TadmsumMssuune1sual 2 Nqu1Iual
@ ) [ o 4 ' 4 Y 1 {
lumsdSulzaTuaadmSumssuunersual 2 nquersual Imsud 1 Tudiuf 3

. 3 ? A wa A v Aa = ~ =
Exit Flow Lﬂuﬂluﬂﬂumlﬁﬂﬂﬁlﬂ!ﬁuﬂﬁﬁi@ﬂﬂmﬂ]slﬂl%‘ll?)\iﬂ1w1/lil’i1ﬂﬁ$!E)‘(’Jﬂiﬂﬂﬂfjﬂ BIVS 1N

u
9

o 2 v v 2 y C e %
ueneoanilu 2 5u Taoliaansod (filters) AD 786 A2 1AW convolutions FUFARIIMIAY 2 FU
142n304 (filters) N 3x3 FI9LNBIVDIANUMTTWUANTUAAIDNONNANINTIUIU n NG

9 . A ) o = 9 Y]

waz 14 global average pooling INDAAVUIANIT mapping NN 3x3 Taauda 1x1 qﬂmmﬂ%
J U 4 o o

Wandu softmax 1enszaunsaL lumssuunmsuaaseenniednii 1 lagndesuin

=
nga

Entry Flow Middle Flow | Exit Flow

Input 64xE6LG images
30,30, 32 Feature Maps 2,2, 512 Feature Maps

[ conv 16, 33, strides = 11

[ Batch normalization, Relw
I

[ conv 15, 33, strides = bt

| Batch normalization, Relu

[ 5= parableconv 786, 33
| Batchmormalization, Relu

[
|:’[“'I m_lm [ 52 parablecony 786, 33
= | BatchMormalization, Relu

[ SeparableConvF, 2x2
| Batch Normalization, Re lu

J I
| | Sdes —
Conv ixl MaxPooling 3x3, strides = 2x2
[ sepambleconvaz, 3x3 | stides = 2x2 [Sepamhla:ar!w:_, &2 |
3, | Batch Normalization, Re lu |
| Batch mormalization, Relu | [ T |
1 Marooling 2@, strides = 22 conv 2, 313
Conv 1x1
5;::,_5 =212 | Sepa mhle[:nrfv 1-2,36 I Global Averge Pooling
[ Batamorr : , Felu ] ovow—
[Sepamhld:nmrﬂ,m I
| Batch normalization, Relu |
[ separableconv3z, 33 |
| Bstch Normalization, Relu |
I
[MaPosing 353, strides =2 |
Repeat 4 Time
rumberfor Hirter (F) F ={64, 128, 256 512}
30,30, 32 Feature Maps 2, 2,512 Feature Maps Prediction 2 dasses

Y ) o o C4 1 t4
ﬂ1Wﬁ 3.4 TNL@ﬁﬁﬂ’ﬁ'ﬂﬂ?iﬂ'ﬂlUﬂ@'ﬁNm 2 NAUDITUN

a 4
3.1.4 Wguazagilwa
= Y1 .. .
Wieuneunanisnado Iaglda1 Accuracy, Precision, Recall 4@ Confusion

Matrix
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NaMIANHE
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HaMs AR MINT A UMsAITTuNSITY Tidad]

4.1 myfaamuuiuiweaTmaavuns osneufiune S aussauL g
4.1.1 Anuminéwes Tuea Swune1suel 7 nguensus
4.1.2 Anuingwes Tuea Suune1suel 2 nguensus

4.2 nm/w%’wmm‘ﬁ“l%’iumsai’muﬂmﬁm‘fuuqﬂﬂmmqﬁa (Raspberry Pi)
4.2.1 navninensildvealuaa Swunersual 7 nguersual

[ ! o J J 4
4.2.2 L?ﬁT/ﬂiWﬂTﬂiﬁi%ﬂlﬂﬂIMﬂﬁ VULUNDITHMU 2 NQUDITUN

(%) ) 4 a d
4.1 M3IanNMiue1ve A UUIATOINBNTUNDIANIIOUL G
4.1.1 anuududrves Tuaa Suune1sual 7 nguersual
~ o o ' v ¥ ! ¥ v Yy
imstuunsiaunguldnenua 7 ngu 1dun lunihings, lunidliveu,
luwihnda, lunihianuge, lundue$h, lunihidsevaiale vaz lundhuuuilng

1A Y a  d Y o
NWUIN Mﬂﬁﬂ\lgﬂ@]ﬂﬂiuﬂTV‘li’JM (Accuracy) AAluTosas 71.69 @1MITOTUIUN

o J Y A =\ Y a 2 A o A
aﬂymzmsuﬁmmmmmﬂhwummmqm UANUYNADININNGA FIUAT ANNTNN 4.1



Unnormalized Confusion Matrix
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MW 4.1 wamseanuuy Iaseas1unsemelszamnen (Convolutional Neural Networks:

CNNs)

A4 A At
WaNTUINGUNNAINYD

Q

Y ~

] Y A '
lunduast AaNuaNAD AN 57-60% (N1

U
1

kY

Foarlosnaany

9 ~ ]
a

s
% %

Y

v

'
=)

UU ANNITTUNANTNAURUUN

I J o
lunguuesluntiinga (fear) 1ag

NIUNISIULUAIN

v A ' Y o B 9 o A Y o Y =
Ideamrsnesuieldnnguuesluniings vazluwdued TanvuzhlndiRewazadionda

o 2 g A o A ' g ' dy Y o @ A
NUUIN G]NLﬂuﬂ’lifﬂﬂ‘ﬂ%zfl]'llluﬂﬁﬁﬁlll‘ﬂﬂl!ﬂﬂ“lﬂ\i 2 ﬂquullﬂﬂfﬂl,ﬂu ANNINN 4.2



Label : Sad  Predict : Sad Label : Fear Predict: Sad Label : Fear  Predict: Fear Label: Sad  Predict : Fear

as

3

3 @ ] 1 Y o 9 9
MNN 4.2 MNAI0819NUUR TUHTINGT (fear) g TunTiue31 (sad)

a ~ o C4 ' C4
M19319N 4.1 Wammﬁﬂumﬂuimﬂamuuﬂmmm 7NANUDITUAU

Tuaa i‘:l'lllil_ﬂa'l‘iilﬂi 7 ﬂfiila'l‘iilﬂi alpha acc precision recall fbeta_score fmeasure Total params/M Total FLOPS/M
stmple CININ - 63.33 75.83 50.63 42.82 60.45 0.64 25450
simpler CNN - 63.33 76.86 51.49 61.47 61.47 0.56 T6.76
tiny XCEPTION - 6336 74.77 51.35 60.67 60.67 0.02 6.81
mini XCEPTION y 6620 75.29 3695 64.67 64.67 0.06 20.33
big XCEPTION = 66.87 74.63 58.93 65.73 65.73 0.21 131.54
tiny_Alexnet = 66.76 74.31 57.76 64.87 64.87 0.36 697.02
MobileNet_1_00 1.00 £9.43 70.56 68.38 69.69 69.69 324 35.18
MobileNet_0_T73 0.75 65.59 71.1% 65.04 70.08 70.08 1.34 48.55
MobileNet_0_30 0.50 67.01 68.17 63.59 66.83 66.83 0.83 22.14
MobileNet_0_23 0.25 67.09 71.51 62.41 66.58 66.58 022 396
Our Model - T1.69 T1.73 T1.69 T1.59 T1.59 212 11519

1NA319N 4.1 wamsfFeumen Tumadun 7 ngy Wi Tumanaunsaduun

7 Y Y g A A A "o A
msuaasorsvaimalunihlaafiga Ae Tuma Our Model 3iA1 Accuracy M1 71.69 A
.. [ % = [ =\ 9 a 14 1A F) =
precision IM1AY 71.73 LA recall AU 71.69 g3 lgmiaiimesogn 2.22 a1 uay U

FLOPs 0gfl 115.19 411
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ﬂ1§'1\1ﬁ 4.2 Wﬁﬂ'J'lﬂJLLﬂJHEﬂ"U@QI?JLﬂﬂ VULUNDITNY 7 NYUDITUNY

Twaa nguTltsvandnumz Iiin a0 (Pleasantness) nauTitswandnyaz ITlainmayle (Unpleasantess)
ﬁ]upna]gugﬁ' ﬁﬁ:l'll.lﬁ.“’l (happy) | Uszmaimla (surprisey Unfi (neutral) inss (angry) Tiwau (disgust) A&7 (fear) 1w (zad)

T ng:“a'ﬁ“gﬁ. precizion | recall precision recall precizion | recall | precision recall | precision | recall | precizion | recall | precision recall
simple CWI E5.15% 50.16 T9.57 7134 67.57 4.51 30,51 59.76 3E.15 56.76 2538 55.37 5585 4504
simpler CWIN E5.76 53.05 TIAE 7235 71.57 5556 51.73 57.60 50.51 6212 2E.58 50.83 5135 4551
tiny KCEFTION E7.71 B3.17 7380 T71.56 BE.37 57.52 53.36 37.96 3E.1% 50.00 33.52 45.30 5185 48.05
mini XCEFTION BE.51 B6.25 75.72 TE.E4 66.93 €2.72 39,67 60.16 30,91 63.64 41,86 5237 .11 4516
big XCEPTION 8532 B35.13 T1.88 T6.TE 6551 61.72 5295 6516 65.45 66.67 45.43 5438 5589 51.47
timy_Alexmet BE.05 5534 TR.EL T4.61 7540 36.54 3519 63.62 60.00 75.00 3542 6426 55.05 50.54
MotbilelNet 1 00 26.01 E7.10 ELST El.3E T1.57 €1.14 59,67 6134 65.09 2048 54.92 SE.12 HMEE 5119
MobileMeat 0_T3 B5.E9 E5.45 B1.57 83.37 7157 E1.EE 6253 63.19 T0.51 B4.TE .36 63.50 36.06 53.18
MobileMeat 0_30 83.30 EE.O1 8253 81.37 63.26 63.06 3784 57.76 T0.91 E1.9E 51.52 55.51 56.57 45,70
MobilalNet 0 25 ES.ER B5.50 TT.E4 El.36 B2.EL 50.78 6042 6056 60.09 67.86 48.30 53.46 5101 .40
Our Modal E4.63 £B.9¢ 8544 8482 SE.6E TLIS €188 63.14 T0.00 T6.36 L2 56.15 GE.B0 57.91

1 1 ) o o 1 o 1
INM5199 4.2 HaANUUNUGIved Tuaa TUNoITNAl 7 NGUITNALl WU Tuiaa
o G4 ! SIdd' A a [ ..
Our Model @113 munoIsnaingy Uszrarals laanga 1eNa15a1910A1 precision
A 85.44 A2 recall 1IN 84.62 709A9UIAD UAINGY UAIA precision 1A 84.63 1AL
recall 1M1 88.96 ANAIAL
' o o J U 4
4.1.2 ANUINUGYDI TuAa TWUNBITHAL 2 NGNDITVI
9 v
imsswunduaungy 1insrua 2 ngu nguitsuenansazndinnuauly uag
ngulvenanymz N lilinnuaula
1A Y a <3| Y oA
WU UANNYNADITUNINTIN (Accuracy)  Audosas 86.07 nQUNLIVON
o = ~ 9 ~ A (- @ v 1
anvaznianuauly Tanugndssiniiga tagsesanine nguitsuenanyme I Tl
=~ 9 o v ==K Y ' o o 4
anwaule Tanugndes ey Jsensodzllan anuuiudivesTuma Swuneisual
1 4 o v {1 o 1A
2 NgueIsNEl BANuaIsa lumssmun nguituenanyaz 1NN uls (Pleasantness)

YN v z:'
1aa dan1nn 4.3
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Mormalized confusion matrix
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anwauls uaieiorsa 0 4.3 siildnudedanaialumssuuniiosnin nquitsuen
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D.

(% Y

ganadoUToya FAUTIWIUNINY AN INT 4.3 TanvaznIndiRewazadiendaanuun &
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I A o A 1 ¥ 1 Y o @ A
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e Taner et Label : Unpleasantness Label : Unpleasantness
Predict : Unpleasantness Predict : Pleasantness

PER

q‘ @ [ T A oA =
MW 4.4 M08 gUNATAIWANTY (Pleasantness) tazngui lulinnuauly

(Unpleasantness)

a ~ o 4 ' C4
M1319N 4.3 Wamil‘lﬁﬂﬂmfJ‘]JIﬂJLﬂam!LuﬂﬂﬁiJm 2 NRN|ITU

Tulaﬂﬁmunmwai 7 ﬂﬁ:ila]‘iimi alpha acc precision recall fbeta_score fmeasure Total params/M Total FLOPS/M
simple CNN = 83.03 83.03 83.03 83.03 83.03 0.63 23453
simpler CNIN - 8295 8295 8295 3295 3295 0.35 76.73
tiny XCEPTION - 2186 8186 31.86 81.86 81.86 0.02 672
mini_XCEPTION A 3403 8403 34.03 24.03 3403 0.05 20.14
big XCEPTION - 2417 2417 3417 3417 23417 020 130,06
tiny_Alexnat - 8222 222 8222 8222 8222 055 626.65
MobileNet_1_00 1.00 8332 8532 8532 3332 8332 323 8517
MobileNet_0 73 0.75 8315 8515 8515 8513 8513 1.83 4354
MobileNet_0_50 0.50 3415 8515 86.15 87.15 33.15 0283 22.14
MobileNat_0 25 025 83.00 83.00 83.00 83.00 83.00 022 396
‘Our Model - 86.07 56.07 56.07 56.07 56.07 219 11512

AN 4.3 HamalToumon Tumadun 2 ngu WU Tumandusadwun

4 v Y A S 1w '
msuaasorsvaimalunihlaafiga Ae Tuma Our Model 3iA1 Accuracy 111U 86.07 1A
.. [ % = T @ = 9 a 14 1A Y =
precision W17 86.07 UA1 recall 11NV 86.07 TAsliM lgw13imesogn 2.19 41 uay U

FLOPs 0 115.12 §1u
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M1 4.4 wannuiudes Tuea Swunelsual 2 nguelsual

Taadwmarsal n{uﬁ' irandnbuzhila) mmila (Pleasantness) | 0 i wonanyasd thifla) waa (Unpleasantess)

2 fllilﬂﬂli‘uﬂi Precision recall precision recall
simple CNN 83.91 84.31 $2.01 81.57
simpler CNN $2.40 5.23 $3.57 50.48
tiny XCEPTION 82.77 83.25 80.82 80.29
mini XCEPTION 82.56 6.93 85.73 §1.02
big XCEPTION 83.24 86.67 85.25 81.54
tiny_Alexnet 54.70 82.33 79.38 51.83
MobileNet_1_00 85.74 86.68 84.83 83.78
MobileNet_0_75 $2.87 58.64 87.77 51.65
MobileNet_0_50 85.06 85.28 $3.09 82.85
MobileNet_0_25 $3.86 84.30 52.01 §1.53
Our Model $6.99 $6.00 $5.01 $5.01

! ' ) o o J L4 J
VINATNN 4.4 HAANWLLUGIVDITHIAG TIUNDITHA 2 NGUDITUS WU
o o J ' {1 @ 1 1
Tuiaa Our Model 8111303 UN1TNAINGN NauNlUenadnyuzlinnuauly 1dAange
1oN15UIINAT precision 1AL 86.99 1A recall (NN 86.99 59989WIAD UnquilLiaUen

anvaz lutinnuauls JA1A precision MNAY 85.01 LA recall 1A 85.01 ANAIAL

v Y o J d Y
4.2 nayndnennsnlylumsdwunrsuawuginsadadi(Raspberry Pi)
Dataset 1. AaU3A 10 15730 fps 1280x720 1Agn15 Sampling NIW 1 IUIN 1 AN
a a A o ) o =q Y o i3 Sy o
Hag 23U 1 /M LW@UH\I']SF]WI@]@'@‘UL'Ja']/‘VISWfJ']ﬂ'iV]hle'Glufnﬁﬂ?L!uﬂﬂTﬁﬂJmUuQﬂﬂﬁmﬂﬁﬁ?
(Raspberry Pi)
9
VUABUMININIUUY Raspberry Pi
. a2 a a
1. Sampling ﬂTW%Tﬂ'JﬂT@ (1310W 271 0IN)
2. 111 face detection 910N Tudied 1 Tl Opencv
[ 1 o o ~ [ 49! 9 1%
3. LAY face uWmuﬂmﬁumiumawﬂﬁuﬂyﬂmm NIDUIVLIAT IRNICADU
TuunenTuel
0o ¥ v ' A
4. MEI1¥D 1 -3 i]ummzimmia

9
5. MU0 1 — 4 91UIU 4 59U
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! I3 C4 @ ) @
M99 4.5 wamanaaeumsiuun lunihuuglnsaideda (Raspberry Pi) dmsuluaa 7

Ny TaggquaIn 1 3119 @o 1 7w

Imﬂaﬁnmnmiutﬁ 7 n’gjumiugﬁ FPS1: CPU CPU RAM RAM Total params/M | Total FLOPS/M
Second temp usage total used
simple CNN 0.20 66.06 77.37 896.70 323.79 0.64 254.90
simpler CNN 0.09 60.76 0.75 896.70 322.67 0.56 76.76
big XCEPTION 0.14 54.22 0.78 896.70 360.63 0.02 6.81
mini XCEPTION 0.12 53.64 0.78 896.70 373.71 0.06 20.33
tiny XCEPTION 0.08 56.40 0.76 896.70 380.88 0.21 131.54
tiny Alexnet 0.40 57.73 0.82 896.70 351.33 0.56 697.02
MobileNet 1 00 0.09 60.76 0.75 896.70 322.65 3.24 85.18
MobileNet 0 75 0.14 57.64 0.75 896.70 367.28 1.84 48.55
MobileNet 0 50 0.08 61.38 0.75 896.70 366.47 0.83 22.14
MobileNet 0 25 0.03 62.86 0.75 896.70 364.81 0.22 5.96
Our Model 0.18 56.90 71.79 896.70 344.01 2.22 115.19

A o t4 @ p
MNAITNN 4.5 wamsnadeumitunluniiiuuglniaidadd (Raspberry Pi)

1 <3 o Y J o N O @ U
wu anuiE lumstwunlurinuuginsalded (Raspberry Pi) d1msuTuaa 7 ngu Tag

U a A X < = a ~ a 1
UMW 1 UM ae 1 NN %QINL@Q Our Model flﬂ'ﬂll!ﬁ’)@g‘ﬂ 0.18 ’J‘L!'lﬁ CPU Naurnuey

=)

U

56.90 A UFAFea N3 19911 CPU Aalludevas 77.79 19911 Ram 1831191 344.01 Mb &

314U Total params/M NN 2.22 11ALI1UIU Total FLOPS/M IMINY 115.19 A94n 1WA 4.5

iag 4.6
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7 Class Image FPS1: Second
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MNN 4.5 e lgnadoumadunlurinuuginisidiadn (Raspberry Pi)

dmsuluaa 7 ngu TagguaIn 1 310 ao 1 NN

~ 0 s o o L v oAaa
NN 4.5 1INMINATOUTIUN 1TV DUQUNTAIHIAD (Raspberry Pi) 113 10 15
a A o 1 d‘ [ o Y 1w 9y A d'
AUIN ATUIU 4 59U NUIN LUDATIVIVUIIUIU 4 ﬁﬂﬂllﬂwnﬂﬂ 28 GhJWu’] UNIMNN 8 uae 13 Tﬂﬂ
= < A o
UANULIIURAY 0.203361222 , 0.189860593 UL

7 Class FPS1: Second
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o
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01 @
E : E li;!;l
simple_CNN simpler_CNN big_XCEPTION  min_XCEPTION tiny_XCEPTION tiny_Alexnet  MobileNet 1 00  MobileNet 0_75  MobileNet 050  MobileNet_0_25 our Model

Model

d' S 9 o o 1 o 1 a =
M 4.6 wamsiseuneunardmsu lueasun 7 LGEURNEEN)Y Iﬂﬁlf;:ﬁlfﬂw 13U
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! o G4 (J o [
3197 4.6 wamsnageumssuunlunihuugnsaldeda (Raspberry Pi) d11150Tuaa

7 N Taggunn 2 319 @o 1 A

Tumadmune1sual 7 nguensual | FPSI: | CPU CPU | RAM | RAM | Total params/M | Total FLOPS/M
Second temp usage total used
simple CNN 020 | 56.54 0.78 | 896.70 | 37521 0.64 254.90
simpler CNN 0.09 | 6121 0.76 | 896.70 | 323.48 0.56 76.76
big_XCEPTION 0.14 | 5573 0.78 | 896.70 | 36155 0.02 6.81
mini_XCEPTION 0.11 | 53.96 0.77 | 896.70 | 376.31 0.06 2033
tiny_XCEPTION 0.08 | 5808 0.75 | 896.70 | 381.19 0.21 131.54
tiny_Alexnet 039 | 60.06 0.79 | 896.70 | 31437 0.56 697.02
MobileNet 1 00 0.09 | 6121 0.76 | 89670 | 323.44 3.24 85.18
MobileNet 0 75 0.12 | 5883 0.74 | 89670 | 369.03 1.84 48.55
MobileNet 0 50 0.07 | 62.79 0.73 | 896.70 | 365.86 0.83 22.14
MobileNet 0 25 0.04 | 62,05 0.74 | 896.70 | 365.29 0.22 5.96
Our Model 0.19 | 5742 0.76 | 896.70 | 346225 2.22 115.19

{ ° s o .
1A 4.6 wamanagoumsiwunluniiuuginsaifed (Raspberry Pi)

J < ) Y 4 @ . o o 1
WU anuE lumswunlumiuuglnsaldeda (Raspberry Pi) d1isuluaa 7 nqu Tag

=)

qunn 2 3u1di 6o 19w FaTuaa Our Model inwi3a0gH 0.19 3u1# CPU Tgaingiiog

= = 9 a a9 Y Yo =)
57.42 oerualea 1Un13 1 CPU Amtludooay 76 1%91u Ram 1a91u9u 346.25 Mb &
31U Total params/M 1101 2.22 AT I1UIU Total FLOPS/M 1NN 115.19 AN 4.7

ua 4.8

7 Class Image FPS2: Second
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M 4.7 nalgmaaeumsswunluwihuuglnsaldeda (Raspberry Pi) dmsuTuiaa

7 N Tagguan 2 31 Ao 1 2w
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4 o C4 C4 (J -
NN 4.7 91NNITNAAOUTINUNDITUBIVURYNTAIFHIAT (Raspberry Pi) N
as a A o 9 a a0 1 A )
’MII’Z] 15 UM UIU 4 91 Tﬂflalf]f 391 2 IUIMN A9 NN 1 NN WU LUDATIVIVIIUIU 4

Y 1w Y A A A < =
591]1?\!7”?11] 28 1“1}”«!1 UNMNN 4 a5 Tﬂﬂilﬂq'lllﬁ\uﬂaﬂ 0.170171185, 0.196908037
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7 Class FPS2: Second
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Using Cpu / Ram for Processing

B3 cPu_usage
3 RaM_usage

2

Percent %
2

simple_CNN smpler CNN  big XCEPTION  mini XCEPTION  tny XCEPTION  try Alexnet  MobileNet 100  MobileNet 0 75 MobileNet 0 50  MobileNet 025 Our Model

Model

M 4.9 samaSeuisums1¥aiu CPU 1ay Ram vugilnsaifda (Raspberry Pi) voq
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ua Ram vugUniaideda

(Raspberry Pi) Y89 Our Model W11 M3 l#aymine1nsilylumssiun 7 nquersuaiuu

91/n3aiilada (Raspberry Pi) vosTuiaa Our Model Iim3l¥nunlndifosiuTumadun

1% { o 4 1 o
422 naymineninldvesTuma Swunersuel 2 nqueIsual

! o C4 @ ) @
M99 4.7 mamanaaeumsiuunlunihuuglnsaidedl (Raspberry Pi) dmsuluaa 2

Ny TAeguNIN 1 3N @0 1 AN

Tamadwune1suel 2 nguelsual | FPSI: | CPU | CPU | RAM | RAM | Total params/M | Total FLOPS/M
Second | temp | usage total used
simple CNN 0.19 | 54.47 0.79 | 896.70 | 408.76 0.63 254.53
simpler CNN 0.10 | 55.95 0.77 | 896.70 | 453.61 0.55 76.73
big XCEPTION 0.14 | 53.27 0.77 | 896.70 | 391.30 0.02 6.72
mini_XCEPTION 0.11 | 53.71 0.77 | 896.70 | 405.27 0.05 20.14
tiny XCEPTION 0.08 | 53.85 0.77 | 896.70 | 416.44 0.20 130.06
tiny Alexnet 0.37 | 56.92 0.81 | 896.70 | 452.14 0.55 696.65
MobileNet 1 00 0.20 | 53.36 0.73 | 896.70 | 545.72 3.23 85.17
MobileNet_0_75 0.14 | 55.39 0.75 | 896.70 | 503.01 1.83 48.54
Taaadwune1susi 2 nguetsual | FPSI: | CPU | CPU | RAM | RAM | Total params/M | Total FLOPS/M
Second | temp | usage total used
MobileNet 0 50 0.17 | 58.05 0.72 | 896.70 490.42 0.83 22.14
MobileNet_0_25 0.04 | 6l.064 0.74 | 896.70 448.25 0.22 5.96
Our Model 0.25 | 50.52 0.77 | 896.70 423.68 2.19 115.12

1NM519N 47 mamsnageunsiunluniuginsaidada (Raspberry Pi)

1 <3 o 4 % . o [ [ '
wu anu lumsswunlunihuugilnseifed (Raspberry Pi) d11i5u Tuiaa 2 ngu Taogw

paruwalFea Unsldau cpu Aadludesas 77 199U Ram 1831191 423.68 Mb 1

Do

TUIU

Total params/M NNV 2.19 1Az 314U Total FLOPS/M (MAU 115.12 @90 IWA 4.10 1ag 4.11
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2 Class FPS1: Second
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Tumadmune1suai 2 nguelsusl | FPSI: | CPU | CPU | RAM | RAM | Total params/M | Total FLOPS/M
Second | temp | usage total used
simple CNN 0.20 54.38 0.78 896.70 408.82 0.63 254.53
simpler CNN 0.10 53.07 0.76 896.70 453.54 0.55 76.73
big XCEPTION 0.15 53.75 0.78 896.70 392.78 0.02 6.72
mini XCEPTION 0.11 53.17 0.76 896.70 404.73 0.05 20.14
tiny XCEPTION 0.08 53.79 0.76 896.70 415.85 0.20 130.06
tiny Alexnet 0.39 56.20 0.81 896.70 450.84 0.55 696.65
MobileNet 1 00 0.21 53.10 0.71 896.70 531.48 3.23 85.17
MobileNet 0 75 0.14 | 54.85 0.73 896.70 486.97 1.83 48.54
MobileNet 0_50 0.18 58.90 0.72 896.70 487.62 0.83 22.14
MobileNet 0 25 0.04 | 58.78 0.74 896.70 447.67 0.22 5.96
Our Model 0.26 51.05 0.75 896.70 424.58 2.19 115.12

{ o 9 4 (% .
1NMINN 4.8 wamanadoumssuunlurinuuginisided (Raspberry Pi)
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FUANW 23U @9 1 NN “]NTJJL@EI Our Model UANLIIDYN 0. 26 IUIN CPU oavinuoey
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51.05 pefalSea N3 ldau cpU aadludesay 77 1691 Ram 1831191 424.58 Mb %

91U Total params/M IMNY 2.19 11a231UIU Total FLOPS/M 1NNV 115.12 A4NIN 4.12

oy 4.13



2 Class Image FPS2: Second
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M 4.12 nalgmaaeumsswunlumiuugnseideda (Raspberry Pi)

dmsuTuaa 2 ngu TagguaIn 2 319 @o 1 NN

2 Class FPS2: Second

=

IE: EREaN

° =

o
w
o ®oo m

simple_CNN simpler_CNN big_XCEPTION  mini_XCEPTION tiny_XCEPTION tiny_Alexnet MobileNet 1 00  MobileNet_0_75  MobileNet 0_50  MobileNet_0_25 our Model
Model

3 o o o 1 o
M 4.13 wamsfseumeunardmsuTuaadiiun 2 nguo1sual

TaggunIn 2 19 @ 1 7w



74

Using Cpu / Ram for Processing
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1 o o 4 1 4
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1 o o 4 1 J o o 1
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w3, luminlsgraiale waz lumbuwwulnd wud fanmwgndealuningiu (Accuracy) fin
I Y ) o 4 Y A =1 9
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max_pooling2d_1[0][0]
batch normalization 3[0][0]
add_1[0][0]
separable _conv2d 5[0][0]
batch_normalization 9[0][0]
activation_7[0][0]
separable _conv2d 6[0][0]

batch _normalization 10[0][0]

add_1[0][0]

0
256

(None, 15, 15, 128) 8768

(None, 15, 15, 128) 512

activation_8[0][0]
conv2d 4[0][0]

max_pooling2d 2[0][0]
batch normalization 8[0][0]
add_2[0][0]

separable_conv2d_7[0][0]



activation_9 (Activation)
separable_conv2d_8 (SeparableCo
batch_normalization 13 (BatchNo
activation_10 (Activation)
conv2d_5 (Conv2D)
max_pooling2d 3 (MaxPooling2D)
batch_normalization 11 (BatchNo

add 3 (Add)

separable_conv2d 9 (SeparableCo
batch normalization 15 (BatchNo
activation_11 (Activation)
separable_conv2d 10 (SeparableC
batch_normalization 16 (BatchNo
activation_12 (Activation)
conv2d_6 (Conv2D)
max_pooling2d 4 (MaxPooling2D)
batch_normalization_14 (BatchNo

add_4 (Add)

separable conv2d 11 (SeparableC
batch normalization 18 (BatchNo
activation_13 (Activation)
separable_conv2d 12 (SeparableC
batch_normalization 19 (BatchNo
activation_14 (Activation)
conv2d_7 (Conv2D)
max_pooling2d 5 (MaxPooling2D)
batch_normalization 17 (BatchNo

add_5 (Add)

separable conv2d 13 (SeparableC
batch normalization 21 (BatchNo
activation_15 (Activation)
separable_conv2d_14 (SeparableC
batch_normalization_22 (BatchNo
activation_16 (Activation)
conv2d_8 (Conv2D)
max_pooling2d_6 (MaxPooling2D)

batch_normalization_20 (BatchNo

(None, 4, 4, 256)

(None, 2, 2, 512)

(None, 1, 1, 786)

(None, 15, 15,128) 0
(None, 15, 15, 128) 17536
(None, 15, 15, 128) 512
(None, 15, 15,128) 0
(None, 8, 8, 128) 8192

(None, 8, 8, 128)
(None, 8, 8, 128)
(None, 8, 8, 128)

(None, 8, 8, 256)
(None, 8, 8, 256)
(None, 8, 8, 256)
(None, 8, 8, 256)
(None, 8, 8, 256)
(None, 8, 8, 256)
32768
(None, 4, 4, 256)
(None, 4, 4, 256)
(None, 4, 4, 256)

(None, 4, 4, 512)
(None, 4, 4, 512)
(None, 4, 4, 512)
(None, 4, 4, 512)
(None, 4, 4, 512)
(None, 4, 4,512)
131072
(None, 2, 2, 512)
(None, 2, 2, 512)

(None, 2, 2, 512)

(None, 2, 2, 786)
(None, 2, 2, 786)
(None, 2, 2, 786)
(None, 2, 2, 786)
(None, 2, 2, 786)
(None, 2, 2, 786)
402432
(None, 1, 1, 786)

(None, 1, 1, 786)

batch_normalization 12[0][0]
activation_9[0][0]
separable _conv2d_8[0][0]
batch_normalization_13[0][0]

add_2[0][0]

0 activation_10[0][0]
512 conv2d_5[0][0]
0 max_pooling2d 3[0][0]

batch_normalization_11[0][0]
33920 add_3[0][0]
1024 separable_conv2d_9[0][0]
0 batch_normalization 15[0][0]
67840 activation_11[0][0]
1024 separable_conv2d_10[0][0]
0 batch normalization _16[0][0]
add_3[0][0]
0 activation_12[0][0]
1024 conv2d_6[0][0]
0 max_pooling2d 4[0][0]
batch normalization 14[0][0]
133376 add_4[0][0]
2048 separable_conv2d_11[0][0]
0 batch_normalization_18[0][0]
266752  activation 13[0][0]
2048 separable _conv2d 12[0][0]
0 batch normalization 19[0][0]
add_4[0][0]
0 activation_14[0][0]
2048 conv2d_7[0][0]
0 max_pooling2d 5[0][0]
batch_normalization 17[0][0]
407040  add 5[0][0]
3144 separable_conv2d_13[0][0]
0 batch normalization_21[0][0]
624870  activation 15[0][0]
3144 separable_conv2d_14[0][0]
0 batch normalization 22[0][0]
add_5[0][0]
0 activation_16[0][0]

3144 conv2d_8[0][0]
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add_6 (Add) (None, 1, 1, 786)

conv2d_9 (Conv2D) (None, 1, 1,7) 49525
global average pooling2d 1 (Glo (None, 7)
predictions (Activation) (None, 7)

max_pooling2d 6[0][0]

batch_normalization_20[0][0]

add_6[0][0]
0
0

conv2d_9[0][0]

global average pooling2d 1[0][0]

Total params: 2,222,419
Trainable params: 2,211,559
Non-trainable params: 10,860

total flops (model 1): 115,186,970
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Absirect—Factal expression classiication plays oruclal rede
In human-computer Interaction A large number of sulomated
melhods have been propossd since the pasi decades. Recently,
desp kesming 15 bromdly applied In computer vision feld as
well a5 faclal sslon classificatlon. The reasons are (o
avall complex T extractlon process and obtalned saiished
classificallon performance. In this work, we propose a deep
comvolutlonal newral networks (CNNs) mode, Inspied from
XCEPTION, to dassify sven groups of faclal expressions To
efficiently use of model parameters, the model architecture has
only L2 milllen parameters which |s aboul 10 tmes kess than
XCEPTION. The experimental resulis on FER-2013 dalast shaw
that cur model oflers comparable accuracy (U7 169) to the stale-
of-ihe-arl methods and the upper-bound bevel of human sccurscy
(L6545 In additlon, our model wses kss number of parameters
{han the state-of-the-art models and without using exira features
and data auwgmentalion

Index Tarms—emollons, factal expression classtlication, com-
puter visbon, conyolutlonsl neursl networks, XCEPTION

L INTRODUCTION

Facial expression is & vital element of human comm-
nication. Indeed, facial expression as a form of nomerbal
communication can be interpreted substantially faser than
verbal commumication. The homan emotions cam also be
imvestigated over facial expressions during regular interaction
between human beings. The well-known and broadly used of
facial expression definition was defined in [1] called Facial
Action Coding Sysem (FACS)L FACE defined seven groups
of facial expressions which ame happiness, sad, anger, fear,
surprise, disgust and contempt The automazied methods to
recognize these facial expressions provide a new dimension
to human-compater interactions (HCI). The examples of such
applications ane customer satisfaction during receiving service;
student intention in the classroom; the appropriate meactions by
robot [2]. For such applications, facial expression classification
becomes an crucial problem in computer vision esearch field.

Recently, convolutional neural networks (CMNMs) [3] have
been broadly applied to classify images instead of using
the model induction based approach. To come across the
complex feature extraction, CNNs uses several comvodutional
layers to learn features from those input images. The coarse
feanmes am leamed during the fist couple layers of the
network. Meamwhile, the monre complex featunes are captured

UTE-1-5386-5535- 21 B30 00 @2018 BEEE

in the deeper layers of the network. Generally, CNMs-based
approaches provide satisfied classification performance.

Regarding to facial expression recognition in the wild chal-
kenge helded by Kapggle in 2013, [4] provided the best accuracy
about 71.9% on FER-2013 dataset [5). This method was based
on CMNs trained with square hinged loss. The tranfer leaming
approach was applied to CNN archiectures in [6]. This work
performed fine-tuning on a pre-trained peneric network (ie.
for ImageMet dataset) using facial expressions dataset This
work also provided hetter accuracy than the challenge baseline.
Later, [7] proposed a hybrid method to merge Dense SIFT fiea-
tures (Scalke Invariant Featue Transform) with CNNs feahmes.
To the best of our know ledge, this method generated state-of-
art accuracy on FER-2013 dataset which is 73.4%. Recently,
[8] proposed a CWNs mode] named BE-V GG 12 inspired from
V3G architecture. This model produced accuracy of 71.9%.
Interestingly, the noumber of parameters was decreased to 4.19
million parameters duoe to the use of 2048 nodes in the two
fully connected (FC) layers. However, W G(-like model may
not efficiently use of model parameters as in XCEFTION-like
model.

In this work, we propose a deep CNNs model, inspired
from XCEPTION, to classify seven groups of facial expres-
sions. The proposed model atilizes both residual modules and
deptiwise separable comvelutions to decowple the mapping of
cross-channels and spatial correlations. More specifically, our
network architecture is less complex compared to X CEPTION.
Our mode] aims to leam mone global or coarse features sinoe
the small sizme of input images (Gdx6d pixels) allows us to do
mome calculation with small extra cost The global featares
may help to increase classification performance in cases of
ambiguity between classes such as sad, fear and peutral As
result, our obtained recall for FER-2003 dataset increases
dramatically while retains satisfied precision.

The rest of paper is organized as follows. In section II,
several related works about facial expressions classification ane
described. Section III provides more detail abowt our network
architecture. In Saction I'V, experimenial results ane illusirated
and discussed Finally, we conclude in Section V.

II. RELATED WORK

Although, there are a large number of researches melaied
to facial expression classification since the past decades. In
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this section, we focus on several researches that applied deep
learning to mitigate this problem on FER-2013 dataset that
was uwsed in the competition held by Kaggle in 2013,

CMNs is arpuably the most popular deep learning architec-
tures. In the past few years, several effective CNNs architec-
tures have been proposed ie. WGG-19 [9], Inceptiony'3 [10]
and XCEPTION [11]. In general, most of the parameiers in
CMNMs are in fully conmected layer which uses for classification
aspect as in WGG-19. InceptionV'3 reduces the amount of
parameters by using global average pooling which takes the
average over all elements in each featore map. Meamwhile,
XCEPTION utilizes the advantages of using residual mod-
ules [10] and depthwise separable convolutions. As mesult,
XCEPTION produced the best performance on the ImageMet
dataset and alse on a large imape dataset comprising of 350
million images and 17,000 classes. Although, X CEFTION has
nearly the same number of parameters as Inceplion V3 (ie.
2285 million and 23.65 million respectively). XCEPTION has
claimed o efficiently use the model parameters than Inception
V3. However, XCEPTION model may be more complicated
for facial expression classification which contains only seven
groups of expressions and small sizne images (64x64 pixels) as
in FER-2013 dataset [5].

The winner of FER-2013 facial expression recognition
competition is RBM team [12] with the accuracy of 69.4%
on public test set and 71.2% on private test set To the best
of our knowledge, this is the state-of-the-art on the FERC-
2013 dataset so far This work wses CNMS that imcludes 3
comvolational layers (with large filter sime). Themre is only
onz maxpoo] layer after the first convolutional layer. For
classification aspect, there are 2 fully connected layers, where
the first has 3072 nodes and the second is the output Layer with
T nodes. Instead of sofimax activation function, the mubti-class
SWM loss is applied to output layer

Recently, according to the effective of %G04G archilecture
in image classification problem. [8] proposed ¥WGG-like ar-
chitectare to classify facial expressions. The BEVGG-12 and
BEVGG-14 models are presented with 12 and 14 comvolu-
tional layers respectively. There am also 3 fully commected
layers, where the first and second have 256 nodes and the third
has 7 nodes. In addition, this work wses data sugmentation
and L2 multi-class SVM loss function. This work claims
to prodoce T1.0% accuracy on public test set and T1.9%
BCCUracy on private test set by using BEWGG-12. However,
the BEKVIGG-12 and WiGG- 14 architectures have abouat 4.19 M
and 4.92 M parameters respectively. However, the number of
parameters is still larger than the number of pammeters of our
mdil.

A hybrid method to classify facial expressions was proposad
in [7]. This work provided the state-of-art results ie 73.4%
accuracy on FER-20013 and 99.1% accuracy on CK+ dataset.
Scale Invanant Feature Transform (SIFT) features ame used to
increase performance on small data Both egolar SIFT and
Dense SIFT wenre merged with CNMs that produced the state-
of-art accuracy.

1. CLASSIFICATION OF FACIAL EXPRESSIONS

Our proposed model is based on convolutional neural net-
works (CMNs) archiectures. Mome specifically, this model
entirely utilizes depthwise separable comvolution layers as
inspired from XCEPTION model. Thus, the hypothesis of this
maodel is that the mapping of cross-channels comelations and
spatial cormelations can be entirely decoupled.

A complete archiiecture of the network is depicted in Fig.
1. The network is composed of 3 Aows. The imput data first
enters the entry flow, and then through the middle fow which
is repeated four times with increasingly number of filters each
time and finally through the exit Aow. Hence, all separable
comvolutional layers also have no depth expansion as the same
as in XCEPTION model. This architecture is composed of 14
comvolutional layers as feature extraction for the nebwork.

In the entry fow, coarse featwres are extracted through
4 comvolutional layers followed by batch normalization and
RELU activation function. Mote that the number of filters
always increases two times from the former comvolutional
layiers.

In the middke fow, more complex features are ex-
tracted through 8 separable comvolational layers. Afier passing
through 2 separable comvolutional layers, the number of filters
increases two times as well ie. starting from 64 filiers, then
128 filters, then 256 filters and finally 512 filers. Hence, at
the end of the middle flow, we will have 512 features of 2x2
mapping.

In the exit flow, the most detailed features are extracied
through 2 separable convolutional layers with 786 filters.
Then the last comvolutional layer is applied with 7 filters of
3x3 megarding to 7 groups of facial expression. Then, global
average pooling is use o reduce the mapping sire of 3x3 to
I1x]. Finally, softmax activation function is applied to classify
facial expressions.

IV. EXPERIMENTAL RESULTS
A Seup

The experiments are conducted on FER-2013 dataset which
i5 a popular standard dataset for facial expression classifica-
tion. The datasel consists of 35887 gray images of 48x48
mesolution. The iraining dataset consists of 28709 images
while the msts are validated and test data which are 3,589
images for each dataset Each image contains a human face
{in the wild) with one from seven facial expressions ie. angry,
disgust, fear, happy, sad, surprise and nevtral. The examples
of FER-2013 dataset are shown in Fig. 2.

The classification performance is measured through several
measurements (ie. accuracy, precision and recall) on the
ftest dataset of FER-3013. We also compare classification
performance of our proposed model with several CNNs-based
models ie. mini XCEFTION [13], BRYGG-12, BEVGG-14
[8] and XCEPTION [10]. In addition, we also compane with
several CMMs-based models introduced in the source codes of
[13] which are simple CNM, simpler CNM. tiny XCEP-TION
and big XCEPTIOM.
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Figure 1: Our model architecture inspired from XCEPTION model.
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Figume I. Samples of FER-2013 dataset.

This work is implamented using Keras [14] running on top
of Tensor-Flow with GPU support (NVIDIA GTX 1070, The
model is trained using training dataset for 500 epochs using
ADAM optimizer [15). Afier finish training, only the most
accurale masde] evalusied on validation set is chosen

B Experimental Resulis of Our Model

The precision and recall for each group of facizl expressions
produced by our CNNs model is illustrated in Fig. 3. The
overall precision and recall ar also pletted as dotied lines in
the graph. Momover, confusion matrix is pesenied in Fig. 4.

The overall precision and recall produced by owr CNNs
model ame 0.729]1 and 07077 as shown in Fig. 3. There are
3 groups of facial expressions ie. happy, surprise, disgust
that produce higher precision and recall than the overalls.
As expected, the highest precision and mecall ame obtained by
classifying the happy face due to the large mumber of training
faces. When classifying surprise and disgust faces, obtained
peecision and recall are also high since both faces have quite
clear visual characteristics and does not hard to distinguish
them from the others. Thus, CNMs can learn the distinctive
characieristics that lead to accurate classification.

lii

¥

= el

i

Figure 3: Precision and recall obtained by our modal.

In case of classifying nentral and angry faces, obtained
recall of both faces is almost equal but lower than the overall
precision and ecall. However, precision of classifying nearal
faces is significantly betier than that of angry faces. It may
due to number of training faces. As shown in Fig. 4{a) and
Fig. 4(b), it seems that a large portion (shout 14%) of newtral
faces are misclassified as sad face. In contrast, a large portion
of angry faces are misclassified as fear and sad faces (ie. 13%
and 10% respactively).

In case of classifying sad and far faces, obtained precision
of both faces is comparable but also significantly lower than
the overall pecision. However, recall of classifying fear face
is significantly better than that of sad face. We can notice that
a large portion of fear faces are masclassified as sad and angry
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Figure 4: (2) Mormalimed confusion matrix of our modeal (b)
Unnormalized confusion matrix of our model.

faces (ie. 16% and 10% respectively) as shown in Fig. 4(b).
In addition, the samples of corectly and incomectly classified
images of sad and fear faces are shown in Fig 5. Moticed that
even human beings are not capable of distinguish these faces.

C. Comparison Rexuis Wirh Orker Models

As clearly seen in Table I, our model offers significanthy
higher accuracy and recall but comparable in precision com-
pared to the other models. The mason is that cur model is
more complex (ie. having more parameters) than the others.
Thus, cur model can learn more complex. distinctive features
for each facial expression than the other models.

g
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o

s

Figure 5 Samples of comectly (left) and incorrectly (right)
classified images (a) classified a5 “Sad™ (b) classified as
“Fear™.

Table I Performance Comparison With State-of-the-art Mod-
ebs
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in millicn parame kers

Although the human accuracy for classifying facial expres-
sion is 63=5% [4]. Our model performs in almost the upper-
bound value of human-level parformance. In another word, our
madel performance is comparable to human performance.

Compare to the winner model [4] in the challenge using
FER-2013 dataset which generated T1.2% accuracy, our model
achieves a bit higher accuracy of 70L69%. In addition, ouar
model uses less parameters {ie. 2.2 vs 5 million). In other
words, our model produces comparable accuracy but less

When compare to the-state-of-ant accuracy (73.4%)
in [7] that merges SIFT features with CNNs, our model
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produce a bit lower accuracy. Unlikely, our model uses the
raw data from FER-2013 dataset without using extra features
and data sugmentation.

V. CONCLUSION AND FUTURE WORKS

In this paper. the problem of classifying facial expression
is addressed. To deal with this problem, we propose 8 CNNs
model inspired from XCEPTION modzl. The mode]l comains
around 2.2 million parameters withoat using fully connected
layers. The model produces classification accuracy in almost
highest-upper bound of human-kevel performance measured in
the standard dataset ie. FER-2013. The model also provides
comparable accuracy with the-state-of-the-art models but using
less parameters and withowt wsing extra features.

In the futune, data preprocessing and data sugmentation will
be applied to FER-2013 dataset to increase number of training
images. As result, the model will capable of handling more
variety of input images resulted in increasing of classification
BCCUTECY.
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