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Fig. 1. The evolution of facial expression recognition in terms of datasels
and methods.
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SCAENFEREB T —AMEREEE. B2,
1] RAE, A AL e, #xff, {E[Facial expression recognition based on deep learning: A
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3 E3THE ; ;
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An overview of the facial expression datasets. P = posed; § =

Database
CK+ 7]
MMI L

TFD | ]
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201 imape
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andl 2,900
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213 images

Lab
112234

images

Lab

35,887 images Web
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Lab

images

2,500 images Lab

TABLE 1
spontaneous; Condit. = Collection condition; Elicit. = Elicitation method

Expression distribution

& hasic ¢ pressins |||Il\r oontempt
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6 hasic expressions plus neutr
6 basic expressions plus neutral
& basic expressions plus neutral
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Images
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B29ERE (TFD) 2)J EE&H. TFDEE112,2345KE %
’-’%ﬁEL‘ArL’??L mEZ— 1R, e, 3218, f=tf1:r‘= RSP, EESEHHE ';:#tn’ﬁ:.tmua
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e, B, BB, =/, Bh SEsiPil. ZRIANFEEETEE,
Emotiw 201 7HhEJAFEW 7.07E £ Bi7 R LAY ,n'rw,*.
, BB (38374F28) oML (6531 #¢4) , nliARE="1TEE IR 15

BT E T E S R e S B MAFEW S B EE R R ds i el By oM e S m et = 1"
& = FARIARASFEW 2.02EmotiW 20155 SReco Tk i I EE f-F,,\}r.[Q'J.“ SFEW 2.0E 4R =4 Train (9587 #%
A) , Val (436 7H2A) Test (37210 #4) . BEITERSELSLIRAENZ—, B, #©E KE, B4,
RiL, =8, EHIES. SHLIEENRAREREA TR, il ._%Ei’iJ:’:E-i#-.x-. IRk eR R E{RER .
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FRZHTOMERSE. STEBERBRCEUTATRNZ— EE?.E, =Fu¢ J:llu e, MIRAIRS.
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EmotioNet: EmotioNst2— T ABIE#IERE, BE MnternetliEN—B HkEERIBER
accurate, real-time algorithm for the automatic annctation of a million facial expressions in the wild-R 8B EhEHE
$50 (AU) MRS 2 4050,0002 BT T i55E, H5:25,0003kEEH11TAUVHTTALEE.
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TABLE 2
Summary of different types of face alignment detectors that are widely
used in deep FER models.

# points|real-time| speed | performance | used in

poor
generalization

good/
very good

good/
very good

{BR. # '_f__',*,-'zxj AFEREVIE

S LS

ﬁ?Ei‘EE:E;mFFERE’]?é%fﬂy ﬁilﬁlgﬁiﬁ#'?uﬁhiﬁi* EDETH#EW

e-fly data augmentation)
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B T EARMEIR SR FE5h, FiRITT SIMEBEBIRY IR — 4
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SIS S N T B HE RS . - R =
IS EE L SR e sy A e o F 3 b s

fEiEen FigN, TE[Using synthetic data to improve facial expression analysi
."-"ﬁJLTﬂﬁsDﬁ¥ 1WEZRE (CNN) MEREIBERRS, LIREIEEES
ﬂiﬁfﬁrlﬂ?ﬁ (GAN) iEe]LAiE TEEE%%#DETET!—JE*J?I“M%f'"ﬁﬁ?iaﬁﬂiﬁ
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3.1.3 AR&Y3—ft(Face normalization)

IR Ik Ef =25 t, MIMEBFERIERE. B, TAISIAT mIhREAARII—
U BRI B EE‘T{ ﬂﬁﬂﬁ‘]ﬂ ft*ﬂﬂ?:i%ﬂ ‘HJ I[EE‘H’,]'

BEF3—{t(llumination normalization): El{Ek BE—7 ARHEREME, BREMNLEEETENERPLEE
BiiTE, LEZEFZEMNNFED, XTESSHEANEAZESR. E[Baseline cnn structure analysis for
facial expression recognition]®, €3IERIAIS—1, FET IMEERBEE—tEZE, EFECRMET #

(IS) BY3—1t, BETEMFEER (DCT) WE—tFAIEEZE (DoG) . HE[Facial expression rec{)qnihcm
using deep neural networks]|F{# HETESERNEA—LEAR, EREEREEMEARARR AR —HHER
LUHBREBBRIS—1t. LEsh, BXARERA, SRMERRIAE—tEL, EAREMSSSRIBE—LES _]"ﬁ"l'%rE
FRARIRBIEEE., EREFERNEAP, FSHRARFEHEL CIEIEINERAREEERE, DU ainateE,
HERaEnNRERLUN, WHEEW. B2, HENABERELGHAESEsREREETILE. ATHERR
L?s’l“lﬂ—li'.-{ [A compact deep learning model for robust facial expression recognition[#2H T —M IR 53%,
BEAENEHEEMEEES ., #E[Enhancing cnn with preprocessing stage in automatic emotion recognition]
b, (FELEET =MTENA ;i't iﬁﬂttF‘UB it (GCN) , BEFI—ANEAENE{L. BikE, GCNHE
F B S BITENISR AN S IR R T | R,

BT —{t(Pose normalization): FEFSLRMIFHS, HYANERTHES—{ENEHENEH, —
IRARAERE— A EANFERF=E6 1 EEME, EFRRiATHNEHassnerF ARREN., BERR, EEAHE
rEZE, i%EEE"""%H?IPﬁ’EE“ﬁiEFEE*JSDE‘JEIE@%Ei, BAEutihit Al RAESR D . A5, BiEE
THEARSEERSEISZELIRAESHABNERRES. 29k, Sagonas¥. [Effective face frontalization in
unconstrained images|fg i T — T BMMGIHER, IR EAMIFH(EREEEEERER,. &if, &
BT —AABETFGANFZEREBTRMESE (HIE0FF-GAN [94], TP-GAN [95]fIDR-GAN [96]) , HiRETS
NEESRROMEEE.

3.2 AT IhEER SRS REMZE(Deep networks for feature learning)

FEFIMAEE .‘J‘I“llu"{rI HEESMNAREFPLIT BT HNERE. ‘? : (B Z-TIER
TR TR E R SR :.:,T AT, FEIEETE t:v 2 [i7 F§ FFERES FIRAR, R
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Emation Training
Labels
C1 Layer C2 Layer

Input Images P1 Layer

scaling, rotation, colo
-—

8
1
ra
I}‘- -
0
0

L e wid s

- i o W,
Data Augmentation

Anger
Normalization : | R _ggmemp-.

5 L £
Images & i

Sequences = -

llumination

Coput TN e processing

32.1EAMEME (CNN)

CNNE/[ izBF8i1ZFERTEAR ST (R, 7E2118424], FERXfK[Robust face analysis using
convolutional neural networks], [Head-pose invariant facial expression recognition using convolutional neural
networks] P& JLIGH CNNEEBRIFIB R MU BN REENL, HEAEUNETLAMKRT, HEitaER
Tgﬁ‘ﬁiﬂﬁ (MLP) i AT, [Subject independen 1| expression recognition with robust face
detection using a convolutional neural network]{EFACNNAZ R ERBRIT AP EMINIIHLIE T, EEIRE

T %EaTjol i,

CNNE =fERNSHREEN: SR8, Jﬁftﬁﬁh;%&?ﬂ“‘]ﬁ %FEEE .ﬁh]%“]ﬂﬁiﬁi‘i

4 HIIRES TEEMaHxcEk: At

,I‘Eftﬁf“?:%i EZI‘I:“ m?}ﬁ"‘flr’fftlﬂ’] IE'J}‘UJ\?EW%B’M'EEHE

£[Combining multimodal features

[Facial expression re

n with faster r-cnn
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TABLE 3
Comparison of CNN models and their achievements. DA = Data
augmentation; BN = Batch normalization.

AlexNet  VGGNet  GoogleNet ResNet
[25] [26] [27] [25]
Year 2012 2014 2014 2015
# of layers! 543 13/16 + 3 2141 151+1

Kernel size* 11,5, 3 f O I, Yo 7,1,3,5

DA v v

Dropout v/ v
Inception X
BN v

s [112

Used in [110] [78], [111] [17], [78] [91] |

I number of convolutional layers + fully connected layers
* size of the convolution kernel

[A fast learning algorithm for deep belief nets];252 =]

FJBoltzmannt

Rz XEDE: REERRERNI—AE
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3.2.4 eI 4245 (Recurrent neural network (RNN))

e ?fu\ll BT

L‘,«' ‘ij—ﬁ’i'fﬁ AR
# (BPTT) FE:J:'LJH*FRNN Hochreiter & Schmidhubers Ix\Ei"‘*Hﬁi“Hﬁulf uL%l’M‘ "1"'

., FTRRAIERRNNGT & LRSS F IR ) 8, MR B SR RRAR TS =1 )

VFatiE IHE A S ST HIAS, — Wil TEMIA S REsS R In EL itz

HlE ) B EE U RN TICHTANAS., BEESX=], LSTMAaL ?i'" 1ﬁ>‘3:’(—§!ﬂ1ﬁ§f;’l=i¢£ﬁhs'.i'_ffﬁ'«".
BE#I ZRFEF AN EERAIES.

3.2 54 IR (Generative Adversarial Network (GAN))

GANZMAGoodfellowH A T2014FE/RIBHA, ERTEMEG (2) ZEERRAFHAEFEI
BERG (2) ir—:‘a';-ﬂ#.ji%zﬂzk Blz~p (z) WU B RE G S AR, ﬁ*”ﬂ‘x;v:Dis (x) €[0, 1]gID
; ThRillgEs, BTFEoETrE A SUENENmASIE. £hafSElRRSdTFllgmn, H8
TR FD / GR/AME/ SR A L HHIZEABL GAN = (x) ) +log -.’1—D \c {2))19) 5k B
FHEA, z~p (z2) . FEGANRIY R, ’}llil FHEBLURHLE £ ada A [5’6] FHERE
RS9 FILHIGHIDAIDCGAN, {EH%SIMSERTR 22 R{ENVAEER R ER
minfoGANR ] BALASE ST BB 5070 =50 =) R Y

FERRIIR/G—

—.r::.uf-j‘: T,!:IDJ

FER, B{3#iz, EMERIFEN—TMER, LETREEEEREE. 45, | /| AFTIE ERT LA RS E
TECNNAR, softmaxfisk 2 & ANES, ErbiGAREAMETOEBRRNIERES H 288932

22 4l

w9k, [Deep Iearr.mg using linear upport vector machines|iERE T{EREE T @mAL (SVM) #H{TiRE

e

1% A Al oAk EFAlrmamA23ZEXE. B, [Investigating deep neural forests
for facial expression recognizienju ;;?,,_lﬁﬁz’}’? # (NFs) B9ERTE, 5& BNFsHIL T softmaxifise B, Hik
BTESFMUNFERSGR.

IS HiEd, S—fhin REMENE (FFAZCNN) ERFHENTE, AREE ML
"\‘J:J |bj Fi ,", ol BEA. T4 ) 1 'f WHZeT. U7k, [Deep covariance descriptors for facial

, [Covariance pooling for facial expression recognition]#iH, 7EDCNNYFIE EiTEBNTHA

'&11—3’\‘ T“Jllr EX (SPD) iz bS5 EEZE D £ S softmaxERTED £ B
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« BTN

4. 1T &5 Deep FERMZ (Deep FER networks for static
images)

TABLE 4
Performance summary of representative methods for static-based deep facial expression recognition on the most widely evaluated datasets.
Network size = depth & number of parameters; Pre-processing = Face Detection & Data Augmentation & Face Normalization; IN = lllumination
Normalization; A’ = Network Ensemble; CA” = Cascaded Network; MA = Multitask Network; LOSO = leave-one-subject-out.
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TABLE 4
Performance summary of representative methods for static-based deep facial expression recognition on the most widely evaluated datasets,
Network size = depth & number of parameters; Pre-processing = Face Detection & Data Augmentation & Face Normalization; IN = lllumination
Normalization; A€ = Network Ensemble; C\ = Cascaded Network; MA" = Mullitask Network; LOSO = leave-one-subject-out.

Network Merwork Dan  |Addinonal I
Performance (%)

Datasets Method Pre-processing Duta selection |
type side i group | classifier

Ouellet 14 | CNN (AlexNer) VA&l e g Loso | VM classes (94.4)

Lietal T5[50] REM V&I - Fi 6 classes: W8
Ciwetal THTTT DEN TN | Fd -1+ B Tolds | AdaBoost | 6 classes: 96,7
Linetal T3] I| CNN. RBM CN : - V&l =] = | T Tolds VM B classes; 9105 (87.67)
Linetal. 151 5] CNN. RBM [& 10 fokds | SVM 7 classes® 93,70

Khorrami [

ctal 5

Thing et all 17
[t
Zeng et al, 18 i the last four frames : 7 classes” 95,79 (93,78)
AL 2 L] AAD k
154] DAE {DSAE) AAM and ihe first frame Loso 8 classes: B9.84 (86,82)
Cai et al. 17] ] CNN loss |:|l_n'r b . DRMF 10 folds T closses™ 94.39 (N)L66)
'““”-“J"']"’ " CNN MN " . DRMF . 8§ folds 7 classes® 95,37 (95,51)
Linetal 17]7/] CNN loms Liyer 11 - Intrakace
Yang ct al. TR |
[141]
Zhang et al. TR
[47]

N val the lust three
| zero-bins CNN b . and the first frame 100 folds x 6 classes; 95.7; K classes; 95,1

NN fine-tne d IntraFace - 100 fuskds x 6 classes: (Y8.6): K classes: (96.8)

.

T olnssest 07 1 (X
the last three frames § folds 7 classes - 97.1 (96.1)

GAN (cGAN) MoT | 10 folds 7 classes® 97,30 (96.57)

CNN MN - s - | 100 fuskds F 6 classes: 989

¥ 4 MM ; 1
Liuetal, 14]11] D v LOSO

AdaBoost 7 classes® 91.8

JAFFE |- Hamester i = o _' 213 images

etal 15 | | CNN.CAE 7 classes® (95.8)

Liwetal. 131 17)| CNN, RBM L Vil -1 the middle three frames | 10 folds SV 7 classes® 74,76 (71.73)
: il e = 2 M SRR i I— d the first fr: — e PR AN
I NN.RBM | CN Vil nd the first frame V1 T classest T5.85
i '.'d-:".ﬂw_“r ) = T u T - i
etal. 16 CNN (Inception) IntraFace -
[14] | sequence
Ciuetal TTT77T CRN" TToss layer | | | TniraFace 10 Tolds i B classes: TR.33 (13.50)
ietal 17100 CRN__ [Toss Taye Tiil, : . _[E ol G classes: 1846
v TRE] 1 : — L = he middle three frumes —
'“'T“"l GAN (cGAN) . MoT 10 folds b classes: 7

Reed ot al, 13 . T .178 emotion labeled

[143] i AN 3,874 identity labeled
i Devries o . 19 o oy = . e I\ ";:"I"; L ’f‘:
K'H-‘rrjuﬁi] folds S A4S [99.5)
etal 15 T RN g b " | 4,178 labeled images Test: 88.6
Diing et al. 17

images from each 5 folds & clusses: T1.9

Tesi: 8543

fine-tunc Im IntraFace - | Test: B8.9 (87.7)

Tang 13 [1 U1 NN lowss Liyer 12,0 . Test: 71.2
Decvrics of al. 14
18]

I "2T|‘-‘|I|}! el -i.l.l .l‘ x
[1-44]

" Guoetal. 16
[145]
Kimetal. Th

|
pramerdorfer
etal 16 NN NE  |1016A3
|

bevietal 15 [75]

12.0m MoT Validation+Test: 67.21

21.3m SoM |-] - BT . Test: T5.10

g T == Pl | Test Set: 1,589 | pe
Joss fayer | 10 26m SDM ’ b -N? Test: 71.33

k] 24m IntraFace 1) Test: 7313
11,245 3
b Test75.2
(m)
SVGG-MT 2 I 80T wraining, 337 validanion, athon: 51,75
Net | d 372 test Test: 54.56
= U1 training, 7 validation, ~Validation: IR TWAT)
| and 372 test st 55,6 (42.69)
Cietal TTT57] L Toss Tiyer SEm | TntraFace - G231 training. 427 validation SVN v fon: 3105
~ Dhng et all 17T
[
Tiuetal T7T77T i, Tovss Tayer : TntraFace Validation: 34,19 (4797}
; I I f - Validation: 5357 (4341)
Test: 59.41 (48.29)
Meng ctall TT RN . QS8training, Validution: 50.98 (4157}
o e IRMF . . iy
[a1] MM RRME 436 validaiion, Tesi: 54.30 (44.77)
e and 372 test Validaion: 539
est: 616
.| Validution: 55.96 (47310 |

Test: 61.29 (51.27)

Ngetal 15 [07] line-tune AlexNet

fine-tung { Hm IntruFace | 891 training. 425 validation Validation: 55.15 (46.6)

(Cai etal. 17 [140] loss luyer . DREMF

Kim et al. 15 [70] My NE s multiple

Yueral 15 [75] CNN NE L] 6.2m multiple |
! The value in pare an accuracy, which is caleulated with the confusion matrix given by the authors,

Conternpt, Disgust, Fear. Happiness, Sadness, and Surprise.
sses: Anger. Disgust. Fear. Happiness, Newtral, Sadness, and Surprise.
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The value in parentheses is the mean accuracy, which is calculated with the confusion matrix given by the
authors.7 Classes: Anger, Contempt, Disgust, Fear, Happiness, Sadness, and Surprise. 7 Classes: Anger,

Disqust, Fear, Happiness, Neutral, Sadness, and Surprise.

41174550508 (Pre-training and fine-tuning)

AlexNet, VGG, VGG-faceHlGoogleNet) Combining modality

neural networks for emotion recognition in video], [Adaptive visual feedback generation for facial expression

improvement with multi-task deep neural network

lehEare EXOLS | o
bFace, F7ra Al

[Video-based emotion

IVGG-Facel®:

HIEE (Emotiw)

alid 42.9%
Tost 47.0%

ImageMet

Gtwretaer
Faiid: 44.1%
Test: 51.1%

Fig. 3. Flowchart of the different fine-tuning combinations used in [57].
Here, "FER28" and “FER32" indicate different parts of the FER2013
datasets. "EmotiW" is the target dataset. The proposed two-stage fine-
tuning strategy (Submission 3) exhibited the best performance.
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Emotion Net

I

Stage (a)

Emotion Net

T

Stage (b)

Fig. 4. Two-stage training flowchartin [1 1 1]. In stage (a), the deeper face
net is frozen and provides the feature-level regularization that pushes
the convolutional features of the expression net to be close to the face
net by using the proposed distribution function. Then, in stage (b), to
further improve the discriminativeness of the learned features, randomly
initialized fully connected layers are added and jointly trained with the
whole expression net using the expression label information.

4.1.2 2L (Diverse network input)

Input Mapped
LBP

Fig. 5. Image intensities (left) and LBP codes (middle). [72] proposed
mapping these values to a 3D metric space (right) as the input of CNNs.
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5 il PRAE X
[Softmax regression based deep sparse autoencoder network for facial emotion recognition in human-
robot interactionif i, = EMEHARE (ROI) , BIEE, RBNKE, SEBRBOHTHLEDIEX,
Hibi5 @i Bch S mEl RN X 8 E o
r =713 ZE}
[Ada e feature mapping for customizing deep learning based f

LaE L@ (NCDV) A 5BEH EB{E b

fHoloNet, 2 AFERIR ], ERCRelU=

{a) Three different supervis ocks i . 85_Block for shallow-1
supervision, IS_Block for intermediate-layer supervision, and DS_Block for
deep-layer supervision.

\—'@

{b) Island loss layer in | ]. The island loss calculated at the feature
raction layer and the softmax loss calculated at the decision layer are
combined to supervise the CNN training.

w It aption abyie commhstions groue . P,
| | . ]

. | ; - dutken
“"“""“_ilnl_.ls‘..*ll.‘llll'.,ll !
P St I ! Il Ii Ii i
o W H H ;
{c) (N+M)-tuple clusters loss layer in [77]. Duning training, the identity-
d-negative mining and online positive mining sc re used to
decrease the inter-identity variation in the same expres

Fig. 6. Representative functional layers or blocks that are specifically
designed for deep facial expression recognition.
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B EAlexNet i AFHBA N GIERIZITHFIEEEM S (FSN) |, ZHH =181 RMEEEE IS EE B
?"ITFQMJ_%EIAEI T“.%I. B E, | [Facial ex;};ession recognition with inconsistently
NAEEE 2 8]/ b HiEdESHETEUEERT KlEFE
v "'F“‘l»“{" 3, 1’Ff‘tmj ﬂ‘m?‘_n ’Mi— HihiEE (IPA2LT) #EZR, ?EIF’AQLTLF.
IERRILTNet & 753 S (012 A — 2R E B 2SR, MASEERH M REEHEE RS2
FERECP 2 T AT Y

B 8] S 3 {ri"_-KIant',l HAFIE RIS D &, ::EELll:ie;l'ii?ﬁ"-L‘F.‘-:tFFFsz-‘.
Y T FATFERH: HREE. =0 f”.":'
1) TF11FP¥’T- L'H}Jifsoﬁmaﬂiﬁfiz.*-'E!E'f"?.
SRR A EIZERIAD i -iﬂ[:*-;i‘-jB (b) } Hl
SIS .:-“’I*--u k-
’”LJ#I L—’T";;:

=)

T —HMHERE,

definition

Majority determine the class with the most votes using the predicted label yielded from each individual

Vaoting

Simple determine the class with the highest mean score using the posterior class probabilities yielded

Average from each individual with the same weight

Weighted determine the class with the highest weighted mean score using the posterior class
Average probabilities yielded from each individual with different weights

4.1.4 MEESZ(Network ensemble)

MR, SORENASAURYS RS, ECARERAT,

(2) —HMoLlBHRSEASMERN

=31 | SR AR R
ﬂ:ﬁ u,& 54.1.2F hitRey
J:{J?(J'J'h ? ! MENEE. HuBEZ7H
AR f»‘#\h 24 B, BIAGESI ||.r.~'1( Nmn

{CAE) BEE—RKR

THREIBRIAER TARNRAHTER: BERRINRER
i ,.M?FI"II.J?{%'; SFIRV4FHE. 30, [Emoticm recognition in the wild from videos
using images}i§ M I_I_I*c 1 EIBY4IE Jx%m ®, LR T! i EH%E*IQ’;‘?#’HI!E]H'-
MTREDES, BRB=TT Z{ERHZN:
BFINEHHNEET ST ANEZENEE, Bt

[._.

Combining modality specific deep neural networks for emotion recognition in video J#&:
g Y Si P g i

piIEESELT : iiifll, [Image based static facial expression recognition with multiple deep network
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learning]{#) [Hierz
S5 LT H

cnns with exponentially-we on for static facial expression recognition]{g i) 7 21

[Supervised committee of convolutional neural

(a) Feature-level ensemble in [5]. Three different features (fe5 of VGGI13
+ fe7 of VGGL6 + peel of Resnet) after normalization are concatenated to
create a single feature vector (FV) that describes the input frame.

Majarity Voting or
Simpie Average Rule

Lawal 1 Level 2 Leval 3

Conmpitive Commitive Comeutiee

tecture with hybrid decision-level fusions was proposed to obtain sufficient
decision diversity.

Fig. 7. Representative network ensemble systems at the feature level
and decision level.

4.1.5 ZAESEME(Multitask networks)

&7 12 J Ein, 7 ] I J ;- ;%

{E[Multi-task learning of facial landmarks and expression], [Multi-task, multi-label and multi-
"ERS Hf

aware convolutional neurs

IICNN  (IACNN)
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Input faces The training stage Features & loss functions
Fig. 8. Representative multitask network for FER. In the proposed
MSCNN [57], a pair of images is sent into the MSCNN during training.
The expression recognition task with cross-entropy loss, which learns
features with large between-expression variation, and the face verifi-
cation task with contrastive loss, which reduces the variation in within-
expression features, are combined to train the MSCNN.

4.1.6 FExE(Cascaded networks)

facial expression rec e i
{£[Au-aware deep networks

R =

5127
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1hr giets BT s, Al awr Beeprse Foi Plernbual Froey | ey

Fig. 9. Representative cascaded network for FER. The proposed AU-
aware deep network (AUDN) [137] is composed of three sequential
modules: in the first module, a 2-layer CNN is trained to generate an
over-complete representation encoding all expression-specific appear-
ance variations over all possible locations; in the second module, an
AU-aware receptive field layer is designed to search subsets of the
over-complete representation; in the last module, a multilayer RBM is
exploited to learn hierarchical features.

4.1.7 £ (GAN)

HIFER, LaiZ A [Emation-
network for multi-view facial expression recognition
[Joint

pose and expression modeling for facial expression recoc

ik AEERERER—EE
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TABLE 6
Comparison of different types of methods for static images in terms of data size requirement, variations® (head pose, illumination, occlusion and
other environment factors), idenlity bias, computational efficiency, accuracy, and difficulty on network training.

Network type data variation identity bias
fair vulnerabl
good vulnerable low

Auxiliary layers viries good varies varies

Network ensemble low good fair low

high es youd aries hard
fair good medium

good

BE
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4.2 AT ahiiSEIRFIRREFERMZE(Deep FER networks
dynamic image sequences)

Datasets |

Methads

“Network
size

“Network

Iype

TABLE 7
Performances of representative methods for dynamic-based deep facial expression recognition on the most widely evaluated datasets. Network
size = depth & number of parameters; Pre-processing = Face Detection & Data Augmentation & Face Mormalization; IN = lllumination
MNormalization; F.4 = Frame Aggregation; £\ = Expression Intensity-invariant Network; F£T = Facial Landmark Trajectory; C\ = Cascaded

Metwork:; A'f = Network Ensemble; S = Spatial Network; T = Temporal Network; LOSO = leave-one-subject-oul.
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4.2.1 hi%E & (Frame aggregation)

(a) Frame averaging (b} Frame expansion

Fig. 10. Frame aggregation in [57]. The flowchart is top-down. (a) For
sequences with more than 10 frames, we averaged the probability
vectors of 10 independent groups of frames taken uniformly along time.
(b) For sequences with less than 10 frames, we expanded by repeating
frames uniformly to obtain 10 total frames.

pression rec

ad network for weak ex

ion intensity variations for facial expression recognition] ¥, Filf

R
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E: , Bl JARAELST
RNNHERelLUE 7 & (IRNN)
I ERNN (BRNN)

Peal

Fxprewiva

N -

Convolutonn]
Asclulectire

Fig. 11. The proposed PPDN in [17]. During training, PPDN is trained by
jointly optimizing the L2-norm loss and the cross-entropy losses of two
expression images. During testing, the PPDN takes one still image as
input far probability prediction.

een
ea]
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FSEHREY,

Fig. 12. The proposed 3DCNN-DAP [159]. The input n-frame sequence
is convolved with 3D filters; then, 13 = ¢ = & part filters corresponding to
13 manually defined facial parts are used to convolve k feature maps for
the facial action part detection maps of ¢ expression classes.

BB ENAE:
) o = :-;»l_ &

O e
1 P EE T

KB EFE 3 CNNA

Ll T

Fig. 13. The spatio-temporal network proposed in [08). The tempo-
ral network PHRNN for landmark trajectory and the spatial network
MSCNN for identity-invariant features are trained separately. Then, the
predicted probabilities from the two networks are fused together for
spatio-temporal FER.
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STh
> WV,

- LS

BEei o
fUELS

random f

recognition in static imag

[Facial

expression recognition based on deep evolutional spatial-temporal networks]f#& 7 & (TE“thim

ST hitie) =
)i 13)

pression recognition] &4 T —MEX S t %, %) IR T DTAN (£ RNNFIC3DH

DTGN (TE“HiFE"Pitie) 7

<Softmax, >

zElement-wise Sum>

V4

<Pre-trained DTGN> <Softmax,>

Fig. 14. The joint fine-tuning method for DTAGN proposed in [1£]. To
integrate DTGA and DTAN, we freeze the weight values in the gray
boxes and retrain the top layer in the green boxes. The logit values
of the green boxes are used by Softmax3 to supervise the integrated
network. During training, we combine three softmax loss functions, and
for prediction, we use only Softmax3.
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TABLE 8
Comparison of different types of methods for dynamic image sequences in terms of data size requirement, representability of spatial and temporal
information, requirement on frame length, performance, and computational efficiency. F£T = Facial Landmark Trajectory; CA = Cascaded
Network; V& = Network Ensemble.

spatial tempora frame length
good no depends

fair good low

ncy

high
fixed

low low eood

variable fair
Spatio- high good fair fair
temporal fair fair high
network g_:mr.l g_r;;.:-l
good good
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5.1 IREFHESL &2 (Occlusion and non-frontal head pose)
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b4k, Chang®. [Expnet: Landmark-free, deep, 3d facial expressions]
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