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[HZE] BahmpREIUIMTE TR, (HRZH RG], SRR IR i, i, 307
— MR, AL R AR GAIE TR, R =S SRR, A BT R B,
THAFHARBURHE, IORRTHEGIRMOCHE,; AR T2, BT ASIMYLIERZ, KBRS
7, TENGHARRWELT, BRI ERUS:, 78 FER - 2013 BdEde b iTilsk, R A K280
5 7E CK + B LHEATROA, NS FAHERZEATIAS] 0.96, K TS AE4A Core ML ALY, 454 Xcode
FETE 10S SHEE T S RIE RS App, 7F iPhone 8 Plus REMSTRE , WialT, IRBIRCRIASITI,

[RER] MERERAN,; SRMEML,; RT3, Google Colab; Core ML

[FE4ZES] TP 391. 41

Mobile-Oriented Facial Expression Recognition Based on Shallow CNN

ZHANG Dongxiao, CHEN Yanxiang
(School of Science, Jimei University, Xiamen 361021, China)

Abstract: There is a huge demand for facial expression recognition on mobile terminals. However, due to
the limitation of computational power, most popular deep neural networks cannot be directly transplanted.
Therefore, a shallow network is designed in this paper, which can not only save the amount of calculation, but
also ensure the recognition rate. The network uses three groups of stacked convolution layer, which helps to in-
crease the receptive field and facilitate better feature extraction. This is the key to improve the recognition rate.
The network also uses the global average pooling layer instead of additional full connection layer, which greatly
reduces the number of parameters, and reduces the risk of over-fitting in the case of insufficient training sam-
ples. The accuracy of model is higher than that of most existing algorithms on FER-2013 data set. The accuracy
rate can reach 0.96 by fine tuning on CK + data set. The model is transformed into the core ML model, and a
real-time expression recognition app is built on the i0S side with Xcode platform. It can run stably and smooth-
ly on the iPhone 8 plus, and the recognition effect reaches the expectation.

Keywords: facial expression recognition; conrolutional neural networks ( CNN); global average pooling;

Google Colab; Core ML
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S TP IR AP E | AR RIS BRSO, — eI IR B R S
WHE LG AN AKX | TR 2 R S ORI ] 3 S e g A T I . AN AG IR 2 28 R
B, T AARSCHISY FEAEPIEE I, AT R B RS N TR, N T B4R IR e iy
FEAES O TR, B ST SEAA LR R ST A A R SR AE s SR
KIEG RS F I Bk 7432, IS HR ML (support vector machine, SVM)'7 "™ K —jE4F (K -
nearest neighbor, KNN)'*'  BEHLAAR ™ 45 36773 nf AFERs & BE % R BUS REFRISE3, BA T4y
TR EA R, SFEERNZ R IR, SRS TR S Z 26 | P f s

VT JUARTR B 7 A TE e SO0 S it , ZERIE D7 TR AR 20T 5 R, s AR 2 )
% (convolutional neural networks, CNN) =2/ G2 P24 220 gl s o 28 25 46 () 1T F 2 3 12 )
AR IR 2 72 A G S Ok SIRE S I ML G, RSP EET . IR, &
TR L A MR IE s VR R TR B R 45 A i R B 00D U I 246 3 BB R i 58] B ML AR A 78
o, RS ES EAA BR A E RN . TR L) E B R XD IS RAFRIRBOR

H AT iR IE B0 H F 2 AE PC o, (EURIEJUARERS 3 BLIK W ) P % SR i A T R shom i B
KK W ELBFE T, ol Lhdsk A shiaill A 3R 12810, 4R 210 ; WY& e [e
5 NRAT LA Ik FH 2 15 K ) VR 0T T S i A sk 22 1 3 5 B4 PR AN BT S5 F—— PR TRH AR /D
AN, (HJRIREE 27 ST HELE T (19 T Ui 8 25 A A E AR, T S IHAE R TR B I, 255 T B,
XSRS IO AR B AE dhv . TT 22 MUARBRURRIE 0 iz AR I A B, SUORRET 2 4% 2 i g H
ke B, ARG T —MRIZ ML WIEETER OB AR RPR A ETR T, RERIRFE AR,

1 ANERBHBEERIRAER
L1 ANREREHES

PEBEE RPN Y 2GR, & FEE# TG RSB . IR X I T AR 192 °% 4 Lyons
A AT 1998 AR T —AS H AL tEFREE RS (The Japanese Female Facial Expression Database,
JAFFE) , fdfied, A6y, bk, DO, AR, FANGT 7 R AR maR R, it 213 KERE,

HET R T 12 B ER 4 B T 2010 4EAY The Extended Cohn-Kanade Dataset ( CK + )2,
ZBHREAERA 123 A AMET 593 RIET R, B A 5% T M AR A 1Y B 5K IR 7 bR % K s i
BOTHSERS . 5 JAFFE ML, ZEBIRENHEAREE L, HZ 71 “BH0” £,

T A BAREIL FER -20137 BRI Carrier 1 pER -2013 B REMRIRS
ST 2013 AEH AT EEAE , Bl FEORIE T MR, & kXY E
1135 887 SR IR AM EIE, SCfE# & AT 1E Kaggle F1 ICMI2013 Tab. 1 Thelapelgnd amount of each

- - expression in FER -2013

V6, HEARREC 28T AR EEEIE, KA 48 px x
48 px, RAEFAES JAFFE —2, &4 7 FhE LA 5 A .

1:/]?% Label %&E Amount T Expression
p

0 4593 A5, Angry

0 -5 (angry); 1 =K% (disgust); 2 - ZMH (fear); 3 - JF 1 547 PR Disgust
> (happy); 4 =50 (sad); 5 —P5iF (surprise); 6 — ik 2 5121 BUE Fear
(neutral) , AEFIFENFAOREARRTE RO RIAORRAE IR 1 7R . 3 8980 FFA Happy
A 2 P RO T A, P40 sy T4 4 6077 il sad

1570 S AHY 1000 Befl M2 W MU AR I e, R 5 LA 1 TR : . ﬁ;@s;“’jf

ARG DTk, X X Se 4R, FER - 2013 AR RHLEE
PR B, LA T A e AR SO SR AR R X RE AR B 5K, T AR SCER R e B ] FER - 2013 #4is 4
VAR R A I 25
1.2 FREFRHIER
ZL MR > O IR AR R WO 7 AP AEIZ AL RE J1 55 10 I8, ANREE 2R s f R . IR 2 Oy
http :/xuebaobangong. jmu. edu. cn/zkb
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AR sl R TR IR BRI, T AR SOR MR B 4

AlexNet ™ 7 ILSVRC2012 MRS LK B, KIS 45 Fh M4 S5 2 2y bl th ) BB MOk by,
AR FUTEWA T MAETTAT . RGN RWI IR, FERE ) AR SE 4, AR M5k, Gl
IR 22 VGGNet'™ | L4735 T AlexNet H15 x5 F1 7 x 7 &%, SN 3 x3 HH,
£ ILSVRC2014 LB KILFF, JasiiE 2055 %M VGGNet 7ERFAEHE B T AR5 T HoAth VR B M 25
B RACHY, RN R REAE THERAY 3 x 3 A% HA U 2 B

BRI W 25 LA S ) RRAE R RE T, A RAICR B A, (B IRE NS S S HBbE 2 KR
B, SHER AR, TR 2 IR R R TR IR 5 R BT A F N B LB )N
HESE AR, ASORTLMEHWE ML, e E— A umE 1 R EZ CNN B,

B1 BAFXRERINBMEED
Fig.1 Network structure for facial expression recognition

TEQIEL 1 R Mg g5t ASOfli ] = 20 e S G R Z R SR B AR R G R IE . S ETRZEA
By FHERIERAZ Y | (TP R ICRAE , SORARTFUIRA G, E=dER=2T, BRER/NA
3x3, H—dlh 3 NEBECH 32 WBETUZA, 5 4h 3 MEREEC) 64 METUZAM, =
Hh 2 MEIZECH 128 METRZEM— DR EC 256 INABRIRH M, 3 B 420 19465 B UZ B 3 1Y
JE5% VGGNet Jii &, VNI F & WRHIE, SB—4IME A2 5 AE R8N 2 x2 cRifb)2,
=itk 2 e, B RUZ 2 EAMEH ReLU 306 pREL f(x) = max(x,0) , BElEA/NT O B
Fyih o, MR . TN YIZR, DL AGE A ) R S R EOR R, TR G AR O 2
Z a4 AT BN (batch normalization) Z7" .

INTHRIE R T RIEFON SR M R ZHA e U Al 2 Z R 1 sl 120
R, WSCHR [20 —22] SR XM . HTT S 0975 SRR R S 0 BN R R (BRI
ZEEH) MR MERBIE— M EIT, SIERARFR 74— & GAP (global average poo-
ling) , HUEARJE HSCHR [38], EOREAR MBI RIEZ B9 BB — P 20T, XS, GAP I
AR TAENLE, F9 b, 2t ZWEM Pooling, oa HHR H RS R PRAFIE, AEANERIE
EH R R ML A, R R PMAE e &ot, SBIRENZ MMM, GAP I IE 4 nf L
X — (R, T HAH R R, IR RERIR TSk, B, ASCEERE GAP KR, HI7ESE =4
GREEE 1 GAP,

GAP J5 B )2, HA B8, b Tl i il G, R — a2 )E, P
Ke GAP JZ2Hify 2 22 [ 48— Dropout J2* | Dropout H3RTE 0.3 ~0. 6 Z [alJE%& iyt 2 A0S Rk

C
Vet Softmax, Bl S(z,) = e/ Y e, Hirfz SRS | MIZITH ARG IE, € RERIAEL,
j=1
BRI one —hot IRy = [y, .55,y ], HPE i MRENIL Ty, =1 Hy, =0 (%),
C
TR BB A SRR BB, L = = Y, vilog, (S(z,) ) o o,y JR2ERIRRES, S(z,) M HZS i
i=1
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22 ILHY Softmax FIH EL, SEPRUNZRIT BRI BEAL B — L A ] TSRO0, 2 D iZzAtt ik
AR

Adam PRALFE 0T Us AOMSR AR R AR R, LR S, B2 R BIER BE 2 2 [ A5 1
W&k, AR SCRANZAE LR O 280

2 AR B AR
2.1 HEmAE

FER -2013 #a4E B8 MEAELTE “emotion” “pixels” Fl %R0 HIBEHHE
“usage” = AB4y. Hd, “emotion” EFIEIRZ;  “pixels” Tab.2 Distribution of data sets
TEEEEE; “usage” 1R T XN FEARMHE—H T IIZRE 5% Label  BUR Length  FHI& Usage
“Training” , T INZRd R #FATEAER “ PrivateTest” 1T Training 28709 Train set
ILRSE R ML “ PublicTest” , $ M8 Usage it bl e PrivaeTest 3389 et set

PublicTest 3589 Validation set

Gy R Z ALY, WnER 2 FR,

M1 KFE, FER -2013 BARERRIEIREASAAAIIME, Feolle “PDO%” MRS H & HAbZE )
B 10% o7, X EEZRIEBIROR . i, A SRS, 2 IS RIREA YRR
RbE, X B EEEHAGEUR . MPLgEE . RS | BENLIERE S5 m < RO FEAR,

BRI, GREEARL 3 T4, A TSR A2 ALRE T, FE DI Rad B2 i X REAR A T R ML
s, B, BRRA—HCRIOEEA, SEBENLIGIRIR IS B A B L5 b T S 808
2.2 NEFERSHIEE

Google Colab J& Google 28 B —/ MW H , B e R KB P — 2 ity A TR B i 28 ) 285 1| 5 F-
B, HJFRF A SN Tesla T4 (9 GPU 45, 2912 GB WYIGIT RAM A2 358 GB [l I 774t 25
[ 3R A T T A R AL R oK, BT AAR SO FZ A & 1T 25

ARITREA, SEREXRBI G E X EE, D24, A XWSEOE . SR Z R
Dropout 384 0.3, FEE1 AL )2 520 Dropout HER M 0. 45 BNHURIEEARLCK 128, eI 2R S
B 224, EDYIZREEA S8 28 709 B LABFHEAEASKL 128 FHICE , 7ERIESE FAHAEAR Ll 128, wIth
S RIE R 0.01, FEREIREATEE T, DRI RS, DI T s 80 0 o 1 S At 2
F TS R 2 IR

1.8

0.80 1.6

£ 0.76 2 1.4
= 0.72 12
= 0.68 £10
¥ 0.64 0.8
& 0.60 0.6
0.56 0.4

0 50 100 150 200 250 300 0 50 100 150 200 250 300
Yl 258 %0 Epochs I %8 %k Epochs
a) ER R AT ZE Acc curve b)#k M2k Loss curve

B2 #WEYIGHEREHEMRLHEE
Fig.2 Acc curve & loss curve of model training

SRR 2w, NSRS L AOUMERG R BEE VI GREE B3 N, R e /D, UL 2ok o0 RAF 5
ruEgE b A ERG R AR R AE LT 300 R 2R3 TP 22, DI R ) RO BE ) B 2k B ER
BON 2R3 300 F 70 A7 IS B e A AR
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2.3 HREGEMN

B EEIAAE FER - 2013 JIX4E b a3 Normalized confusion matrix .
e CEE T I R Y

HRSENLR, AMRKTIS W2 RN
LRI IE L FE  (normalized confusion matrix), Xf — Disgust

SmBIA T I, FrmBn 3 e e e e NN
HOREACIRL RN AT RE AL, EORREIE 2 e & . _ N
1, RIS IR, BRI o Ho N -

W, WARKE, SR L S 00
(happy)” Fll “fif (surprise)” X PIZEFNE K /‘ﬁﬁ

YU By, “TROE (disgust)” A« Swrprise

Hﬂ;
= \’1{‘/]‘4‘
=] =]
[\8] (O8]

\ " N B | | toa
(neutral)” K2, HAAFNWHHERMFEE R, P | - o .
ﬁTT”%?ﬁ “ EJ:}‘LE\‘ ( fear) 7 “ 'f/ﬁlb ( Sad) ? R BUR TR G0 BUF P —0
oA /ﬁ ( angry) ” %\%‘l‘% H = %1}% »fEE E{J i Angry Disgust Fear Happy Sad Surprise Neutral
Sk ﬂ;‘/ * lﬂ M « I, Iﬁ » ‘ T,# _J,‘ T 25 5 Predicted result
_EOATE 3, B CEAR (fear)” PTAEATT B3 W FER-2013 Wit s k0B 45 K
) « IRL | ” J N
DIEN, 2921%08) “BME (fear)” RAF I N Fig.3 Confusion matrix of the
“fas (sad)”, 29 12% F A “H P (neu- model on the FER-2013 test set

al)”, 25 10% BN <A (angry)”, 29 7% SN “45F (surprise)”, 29 3% T Ky “IF L
(happy)” . MARFPFINESIRIGRAG P BkIE 2 5K, Z2RME4 P, IWE4RFE, 5k SerARp 5 9R
2 “RMHE (fear)” AHEL, TR Z5 SR BB g5 3

570> Sad HitE: Neutral A Angry 153 Surprise FF L Happy
B4 #RiEAFear MM HER(FANLERETETH)
Fig.4 Some samples of “fear” (the texts below are the predicted results)

XFEOLIERRE R “fidsy (sad)” Fl “AR (angry)” MFEARTRBA R, WE S s, JFEA
PREEN “Hilr (sad)” 1 “HES (angry)” BYRIENENR FRFIEALT G BRI, ALY F50 4
SERANE T LSRN, Gl A WO A R A RTREAS, 358, FER - 2013 MAAE PG %
P (fear)” “f50> (sad)” Fl “HAR (angry)” FIPMEARZHTR, XX =MEE A FPR K
1 A

14 Neutral RYH Fear A Angry JF L Happy F Surprise W Disgust
330> Sad 1 Neutral L Fear JF.L> Happy % Surprise K3 Disgust
PPY p <l

B 5 #xiEA“sad” (L) “angry” (T )HESHER(FNERBETETH)
Fig.5 Some samples of “sad”(top) and “angry”(bottom) (the texts below are the predicted results)
U BRSO EROPERET, FTRABEEAE NIRRT P AR R, FAH, HaHEAFO:
P=P/(P;, +P;),R=P/(P; +N;),F, =2PR/(P +R),
http :/xuebaobangong. jmu. edu. cn/zkb
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oy EEXFEEAN NS, P, FORIEF TN X R IEFEA (tue positive) $; P Fn T A% =245 (H
AIEZRNM AR (false positive) %8; N, FR/R B FR G H T A AL R A (false negative)
Bl Ny FoRAIEIZFNE H g BB AN EZ R AR (true negative) %1,

M AR T A 20 L B ZR G PR RERT, FTRAEEUER SR A, A = (Py + Np) /N, Hodr, N oK
FEAR B

BIRYTE FER —2013 JHRAE 455 brin sk 3 Frw .

#3 tHEIFE FER -2013 MK & MR
Tab.3 Evaluation of model on the FER -2013 test set

Bl bR PEN B F AR
Expression Precision Recall F, value Number of samples
"5 Angry 0.67 0.59 0.63 491
R 3% Disgust 0.70 0.73 0.71 55
B Fear 0.60 0.47 0.53 528
FFL> Happy 0.90 0.88 0.89 879
i l> Sad 0.54 0.58 0.56 594
THF Surprise 0.81 0.82 0.82 416
4 Neutral 0.62 0.74 0.67 626

KRG AREFR A A MR, AR AR, BRI & Fh R G A W B br, 2T “24H
(fear)” F1 “HPE (neutral)” PHFPEERIEIEAN2E T 10% , FZRU EITRPRZ AT, BT
B0 0.7, AWK REEER T FRFRE RSN, BTET FER - 2013 $UREATERHHEA, X H
SR A YN ZRAE it X R RAF T — A, 53R NE 6 Fow, Hor, MHRER “PO% (dis-

gust)” FRIGEA KIS HEHA,

K% Disgust R Fear  JFu0 Happy 530> Sad PVF Surprise  H1¥E Neutral

Bl 6 SMMREPMAE(L)FMINEE(T)PHRERESR

Fig.6 Abnormal samples in the test set (top) and training set (bottom) of each expression

FHWHITEOA “SCFERIERT “ai@Ege < BIAREER” <RI AR/ T B
ARG A, X R REASHIZRIRIF R T, IEA Goodfellow 45 48 H UARAE . FER -2013
BARARAAAEPR TR | FEAR S A MR, NSRBI RN 65% £5% , AT AR E 283k 3 A\ 2K
WA ERR, [RIRHEB FER - 2013 HEERGE U PERIE R 8 %1 : 18 FER -2013 Jiil4E B, Jf
BRI | MobileNets + Softmax Loss' ™/ | HkIRFEAIWZE T | PRIRFERITEE S, DURAR ST IEM
HER 5124 0. 66, 0.69, 0.69, 0.71, 0.70,

T BRI AR T), B IERIAITE CK + B BRI, CK + B4 5 FER - 2013 £fife
HAWRNA 6 M, Frlix BRI 6 R, A T AR, 78 CK + HEEHLAII 20% KIFEA,
BT 3 YWIRAARPRAFIIMH, HEFIAON 0.76, HARAIEIRNER 4 FI7R

GEIRLH, BRIAE “FF0s (happy)” A1 ¢ f?lﬂc (surprise)” L A9IZ AL RE Sy B, T AE HoAh R 1
Bz AR 1 . JRIRIBR T FER — 2013 AEAS S0 LA KRBRTE RN LASL A TR TS AS B W2 A B
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SCHE, AR )15 45 S SR T AR AR AE AT RE 2 KARARRE , ldn: “AE< (anger)” A PR (dis-
WM”ﬁﬂ%@@“%E”ﬂ“ﬁ%”ﬁ,%ﬁ%%?kﬁﬂ%u@%%%oﬁﬁﬁﬁﬁ%%“ﬁ
> Chappy)” Fl “M3F (surprise)” WIXJEAT LLALTE A THIFRARFAE, 0 “ WM | “BEHE O T8
5o FTLIZBR ) 0 R FEART 5 T
F4 BB CK + Wik LSRR
Tab.4 Evaluation of model on CK + test set

FE IS A ml F, AL
Expression Precision Recall F, value Number of samples
R Angry 0.50 0.78 0.61 23
SR Disgust 1.00 0.52 0.68 31
R Fear 0.38 0.26 0.31 19
JF > Happy 0.92 1.00 0.96 36
30> Sad 0.48 0.61 0.54 18
1514 Surprise 0.93 0.93 0.93 59

N T HEBREAE AR R, O R M A R A RCR, IRESEA R, e — 2 AT
4 (fine tuning) . FEHLIIEL CK + H 80% HIREAVE M INZREE , TERIATREAR LI, HERIA N 0.96, L
RIGHRINR 5 iR, 53R 4 XL, SUHERERIRERT
x5 HEEREEE CK + KK LHIER

Tab.5 Evaluation of model on CK + test set after fine-tuning

B RS PENCIE: S F1 AL
Expression Precision Recall F1 value Number of samples
HS, Angry 0.83 0.87 0.85 23
JR % Disgust 0.91 0.97 0.94 31
ZHHE Fear 1.00 0.95 0.97 19
JF:L> Happy 1.00 1.00 1.00 36
50> Sad 1.00 0.83 0.91 18
T Surprise 0.98 1.00 0.99 59

1186 NIMIAEA ) 8 DHEARTIM F iR, X EEHHRFEARMIE 7 Pras, A 3 Mkl “4<
(angry)” BYREARTII R “IRAE (disgust)”, A 1 Mrid R “IRE (disgust)” BIFEARTM Ky “ A=
(angry) ™, M7 L2RAE, A “IRE (disgust)” MG I FIARIEN “IRE (disgust)” AYFEAS
FARBA XS], FrUARMET & “ e R" g5, ERER “Pil (sad)” A “A4S (angry)”
HIREAS, Rl s 1 SR “A2 0 (angry)” BUREARIX 3B A AR, MERRORLEE H 10
“HAR (angry)”s B R (fear)” FRAFWM N U (surprise)” BIEIE, I AR IR MER &
ARG RN, Xt — %%IETHJ?CFJ?L%%F@?”&X PR 5,

B B B B

AP AR =S RAR—50F
Angry—Disgust Disgust—Angry Sad—Angry Fear—Surprise

B 7 CK+#IEBEMVBERMHER (LA EIRE,GATMNVER)
Fig.7 The samplespredicted incorrectly on the CK+ data set
(before the arrow is the real label,and behind the arrow is the predicted result)

3 BEZIBIRE
3.1 BHmAEAMBERALZIERE
AL FEEXT 10S RGRTF R TFE, sl AE 1) 5Ll & Core ML, iXJ&—1~H Apple A Fl &
hitp : /xuebaobangong. jmu. edu. cn/zkb
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ARl T HELE , HARME T — R 90 T LUK LA 2 2 BV 13 i0S App W T B, fiiJH Xcode #E47
MmN T &, RARIES 1 Swift, {# Coremltools B Il 25 BT 158 B4 TensorFlow A5 AU 54414 Core
ML MG PN H TR 2 shim T &

3.2 BEmARRE

AR BT, 7F Xeode TFR T, #r—1~i0S TREWH, JHAIH#—1 “Single View App”
(RN ] ), JF TS & 1E 4R Swift, #EATFRFIG, % ERF R im0 HEm, JFsmiE sh
U R F App BlAR; #E “Info. plist”™ SCAFH, ¥ “Privacy-Camera Usage Description” 25 H, N2/
PTG A FHRLR

IR 2. AT, Xcode HAE LAY ClDetector API J& Core ITmage HEZEH IR — AR B %%, W]
DAHFATALRE X AR . WdA . SCRSEXS iR, o T AR R AR, A SCHEEH] ClDetector #£47 A
A A R 75 B AL — > CIDetector X142, Ff44 A% 3 4R U MG B8 4% A 31 CIDetector H7,
AR R BIG , )2xak [ XS 07 A5 8, PRI A B 5B, XA BIGEEY . Bikk
OO R

B3, FAEHA, 1) Nk ClDetector ARG I 25 F1 R LA B ; 2) 7E sessionPrepare PREL
EF‘ . ﬁ'ﬁ%%f?%%?ﬁ ’ ﬁﬁ?%@?ﬁ%{%%@ﬁ , iﬁﬁ@] E@@ﬁﬂ%?ﬁﬁﬁtﬂ @J CaptureOutput IZI%[':F' H 3 ) E
5 viewDidLayoutSubviews PREUFI viewDidLoad PREL, filh & HAG S S0G I EI1E; 4) 7F captureOutput
PR, R 3 8B5S 0 TR A TR A AN IS ARG 5 0 R PR, A 0 281 g A X 217 1
it A BRI 5) E AN SCARBRZ A, TS R T 2R
3.3 BEHIREFMIETHR

SEPRAE TN App WIAIZATIG , # A ST E A& S8k, BRIk h SE A I X 48, 4%
FEE TS5 R R TEBEHE T )7, #E iPhone 8 Plus FREMEHLIHETT, FURESF WK 8 i, K 8 H,
S REE N T E S A, HARERRFISIT4 R,

AWFFAMRMT “H P (neutral)” “PBIF (surprise)” “FFL> (happy)” “4S (angry)” “f5H:l»
(sad)” “ZHHL (Fear)” A1 “FER: (disgust)” 7 ROl WIS FAOIEHIEE L SSChR At AT, o 70
PSRRI, ATER) B (fear)” FASBARIY “Bi0: (sad)”, ARG B (dis
gust) " FIEPEARBI N AR (angry) ™o Tt Rl — 5 T2 20 AT 8 A0S R0 3 70 e 15 ) IR0 S8 O G
55 R W FATEE S, AR BT, G R TR i (sad)”
Al RS (angry)

Tk 587 PRI R e e AR
J B BT Start Neutral Surprise Happy Angry Sad Sad Angry

8 iOS i App iE 1T =5l
Fig.8 Examples of App running on iOS

4 ZERIE
S T A SR TR, ASCHE T — R R B2 MGG | 4L = M B R

SMIn—~ 2R AR . HET FER - 2013 RIGEHEEE, 7E Google Colab *F- {5 H] TensorFlow #17ill
http : /xuebaobangong. jmu. edu. cn/zkb
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Y5, #£ FER -2013 MM CK + BE 4 E BRI BIRCR . M Core ML K YN 25l A AR
FEH] 10S # 8l , 7E iPhone 8 Plus FREFSER A . WiHIZ T, FER -2013 H¥adE L0025 R HIX
B EAFAE W FEARTIRR RS R TEOL, X AE— PR _Lsgm T ACRI A PERE , 52 282 sl (1 HU 8K
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