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Classification of human facial expression using artificial intelligence techniques
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Abstract

Machines are increasingly being used for different work in society for a variety of tasks including very complex things.
Therefore, the machine’s perception requires that it understands the environment and the interlocutor. This article
reports research on machinery that learns to recognize the emotions expressed in human faces. The development of
this research uses artificial intelligence techniques, combined with emotional classification and in-depth learning by
using an artificial neural network that has been trained together with transfer learning to identify the seven major
emotions of human emotions, anger, disgust, fear, happiness, sadness, surprise and neutral. We can take advantage
of the tool set and transfer this deep learning technique, such as recognizing the emotions expressed in the face of
the elderly that show when they need help. The results of the experiment, show that machines can effectively detect

human emotions with precision and can be used to develop into commercial products.
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Figure 1 convolutional neural network of LeNet (Sorce:
LeCun et al. (1998))
LeNet 1sznauaat (layer) 6149 909
1.1 Input layer
&w5ulu Figure 1 input data 1w matrix
YU1Q UAaz element Vad matrix A1 0-255 (Lav 8 On)
TABLEY 0 UWNWFFN LAY 255 WNUETT WAZLRTTTHININAN
a . da 5 e oo

WNUELNNNANY LTNLANENIAY (grayscale) vingd i
v u input \U3UF input data 2zl matrix 2U1a n x
n x 3 {8 n WNUIUIUIA (pixel) 23mwlnudasla Las
3 Aaanuiduvauasluudas WNE red, green, blue (RGB)

1.2 Convolution layer 1 1 (C1)

L 4 A e A
i uruidunuiveddiineiasng
Ui:mmﬁwuuu'ﬂauhg%’u U9 uaaImaEINT
vaauligtuaad convolution layer lag input data 1w
matrix IU1A 5x5x3 UWNWNINT B 5%5 pixels FILNAT7
a " 14 .
Tuzfimafiaae 0 whlufivevvesnn lasfiannunm
1 pixel IFoninafiailin zero padding tWaiunvaying
ANUEIATYVEY pixel NBLIATIVALVBINIW MY zero
padding Tu3u#t ¥ilWiAia input data 2u1a 7x7x3 Tugld
Adsinin 2 gade W UaT W, mgiauwia A
L zdd ﬁl 1 A tﬂl o

wwnwlanDvaI filter K38 kernel LW filter 41 convolute
(unstiitAa dot product) AU input layer matrix lasgy
fiter matrix lUfaz 2 Wiy (Sunin stride = 2) azld
output U84 layer NAVWIA 3x3x2 i 2 Aas1winwas

ANTN



Vol 38. No 5, September-October 2019

laput Volume (-pad 1) (7x7x3) Fnl(er wo (;‘ux;) Filter W1 (3x3x3) Output Volume (3x3x2)
: of:,:,0]

x[: 5 wif: 0] [ ]
000 0000 /1,+'r 110 53 4
o 2 Ml 0 [0 T 3 .1
o 1 [iPr]e]2 o o] 011 =N i
o 1 T2 [2]2 o woferE, L Wiz, z,1] ofz,2,1]
o o LR 11 1 400 N E
8 (38 23 28 [ (00 [ 4B 100 3 I
N (08 (o8 08 (08 [ 1[0 101 % 2t 0
w m wol[:,: wi[:,:,2]

’B"o't' 0 /A ﬂl T 1

=ttt ve By 0 =7 il B

0 2 [FIEIEN o A E il [ 2

o ENjaaie a0 ias b0 (fx1x1) Bias bl (1x1x1)

02 0 Jo (1] bO[:4z,0] bl[:,:,0]

0100 2 0 1 9

0000 0

00 0 0

00 1 0

o 1 [ZJof0]z2 o

o122z 0

0 2 o[t 0

0001000

0000000

Figure 2 example of convolution layer (Sorce: http:/

cs231n.github.io/)

1.3 Subsampling layer Tl 2 (S2)
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Figure 3 example of subsampling layer (Sorce: http:/
cs231n.github.io/)

N3N subsampling 1J%n138a resolution
283 feature map \Hoaa sensitivity 284ta382181328 N
Wisnuuuaeuhigtu densvduuszmibeadeusasnin
ydBsanlyan

Subsampling layer Tufi 2 (S2) 289
LeNet L Figure 1 14 fiter vawaa 6 filter wdae fiter Suua
2 x 2 1 stride Wi 2 dsiuazvnldiAa output FIRNA
6 matrix (138N31 feature map) Wdaz matrix VU190 14 x
14 pixel lis S2 fiax2=4 inputs ALDNUINILINT LD
amdae weight fauazluiluuanduen bias uazidnllg
WInTu sigmoidal LWLALINL Subsampling layer Tuft 2
(S2) %3V LeNet Tn Figure 1 fla hidden layer 2 w43
idetnadszamifisaurill Tagfidruan neuron v 6
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3.1.4 Convolution layer ‘%uﬁ 3 (C3)
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Figure 4 input feature map of C3 (Sorce: LeCun et al.

(1998))
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2. Pretrained CNN: GoogLeNet
GooglLeNet gmﬁmaim Szegedy et al.
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(2015) \JuiaSatnedszanifisuuuuaauligd (CNN) #
an pretrain ﬁugﬂmwh ImageNet database (www.
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Figure 5 layers of GooglLeNet (Sorce: Szegedy et al.
(2015))

3. Pretrained CNN: Inception-v3
Inception-v3 QmauaI@U Szegedy et al.
(2016) \JuiaSatnudszaniisuuuuaauligdu (CNN) @
11 pretrain ﬁ’ugﬂmw‘tu ImageNet database LTwLAINY
GooglLeNet
Inception-v3 Aitaualag Szegedy et al. (2016)

[
o ' o

fTud19 9 a9lu Table 1

Type Patch size/stride Input size
or remarks

Conv 3x3/2 299x299x3
Conv 3 x3/1 149x149x32
Conv padded 3x31 147x147x32
Pool 3x3/2 147x147x64
Conv 3 x 31 73x73x64
Conv 3x3/2 71x71x80
Conv 3 x3/1 35x35x192
3 x Inception As in figure 3 35x35x288
5 x Inception As in figure 4 17x17x768
2 x Inception As in figure 6 8x8x1280
Pool 8x8 8x8x2048
Linear Logits 1x1x2048
softmax Classifier 1x1x1000
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Figure 6 example of convolution (Sorce: Shibuya (2017))

Figure 6 uaadl#Anin Convolution layer
#iNN13 down-sampling faga"u’w’ﬁﬁ Ll,azmmmgﬂﬁ’lm
o A fl a o ' v & .
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U9 4x16 LBUINIQEUNY input A lidunneasume
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4. Pretrained CNN: ResNet50

ResNet50 1w deep residual learning
network lagu1anANNAANIN deeper network (neural
network fifina1sau) sinflazinsulildfioge optimum
o & ~ a v {o'a A o A
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Gauaadl Figure 7 ResNet50 39danwauzii feed-for-

ward network THhaniLg

X
Y
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Figure 7 residual function of ResNet50

5. msisewiuuuaialan (transfer learning)
maseuiuuudalan 1lun1sh pretrained
CNN anlBiiugaiuduamniy train CNN 1Nan1I7L

luanumzdn transfer learning 7301330917313 train
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ann ﬁy'dﬁl,ﬁadﬁ]’m pretrained CNN VL@TL'%EJ%?T features @19
pa3iag liunnues dadagu n3i5 train CNN Twal
ynuaanadadldmmidudiugnm luaaiimsld transfer
learning analdmwislifasnw e

Figure 8 me%u@ ANV transfer learning
I@mﬁ"ﬂﬂmu layer q@ﬁ’mvl,@ﬁm fully connected layer;
softmax layer; Wae classification layer a:l,ﬂu%uﬁﬁﬂuﬁ
LNz T mzﬁ%umﬂ G]il‘:l,%f;lu low-level features L%
Way (edge) %ea (blob) & (color) NN3¥N transfer learning
azihguuIn gitinldde luvnefdiouaa layer gariny
Tndwamzdgmnsvaulug ms train aldmwAsdlid
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Predictand Deploy resudts
assassnetworkacouary

.
|

Tmestnad

o netork

Figure 8 transfer learning (Sorce:: Beale et al. (2018a))
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Figure 9 The appearance of the eyes and mouth in an

emotional image

2. Pretrained CNN
N1 Pretrained CNN &1%3UN1337U%A
a1sunlaInMsLaasaannIdntinlasliisnns transfer
learning luldsunsn matlab 270 pretrained CNN LLUyU
GoogLeNet, ResNet50 LazVGG-19 @3 Figure 10
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Figure 10 Training progress

3. WANISNAADY
U321n307081991%3% 30 A% LaHiINIT
nanasltlsunuiinmueITunauiu nass webcam
VR ENe o a eV v o o .
wikidaldpnaslindhaauiaaet lauadwias Figure 11
v oA (d‘w v v . Py
T@zJLLamvﬁm;d'sﬁ]mmzmsummuvlﬂmﬂ Al algorithm 1
v 6 oA 1 &)

LRWAGILEIN L ITRANA b lugﬂwmmmmmauﬂu

(probability) yasonTuailenanala (surprise) g&ﬁd 0.96
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Figure 11 Show the researcher’s face and surprise

emotion captured by Al algorithm.

namIuenuezansuaiudanla (surprise) lag
;js'mﬁ’mnsmaaaﬁu'a 30 au laglAudazaurinnin
Usznanalavsindasanss 10 a5s uasvimiinluasual
aw 10 059 1Tlue9 Table 2

Table 2 The results of the surprise experiment

Type of Positive Probability Negative

network accuracy accuracy
VGG-19 65% 0.73 75%
ResNet50 80% 0.85 85%
GoogLenet 91% 0.90 97%

Positive accuracy flan1MunNeadued Al
) A o = & Py A v,
algorithm ‘ﬂl*ﬁwmﬂummmuﬂaﬂlﬂgawq@ Warvinms
nasadrwInyszraiala
Probability uaadiauu19ziduiafied
6 dl v o o v
ansuaiszvanala Luaa‘mm‘smaaqmﬂmﬂ‘smm@h
Negative accuracy AaAUYNABIVEI Al
L dew e o I
algorithm AlRHaLTwaTu AN ggfigaLilaginmimasas
uinesuaidng
1 m:i :1' vV o
lagluswvasansuaidugildvinmmaseay
WUINDAN AR lIEIIARIIN LA LWaI189A 7N
1Az dueInallnIsBINMTMNLAWIN Ansamadtn
WRZAN AZARLARIAWIINALBTIN DL Und F9vi liAnanw
o o A ' & A A R 8 oA
Fuguwaana NNz duiuaasaanians 0.59 Sida
Fanuiazduinnie 50%
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Figure 12 Showing the researcher’s face and anger

captured by Al algorithm
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