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Abstract

Due to the variability of people’s emotions, facial expressions will change with the passage of time
and the changes of emotions, which is particularly significant in video data. At this time, it is ob-
viously not feasible to use the network model trained only on a single frame image to identify
people’s moods in video data. Therefore, in order to solve the above problems, a method combin-
ing 3D-ResNet34, ConvLSTM and Transformer network model is proposed for human emotion
recognition. Firstly, the video data set is preprocessed, the complete video data is divided into
several continuous fragments, and the spatial features of the video fragments are extracted using
3D-ResNet34 network. Secondly, ConvLSTM modules are added to the network model to extract
deeper temporal features from spatial features. Then, a self-designed Transformer module can be
used to generate an attention distribution for each video clip, which can be used to weight and
fuse each frame feature to obtain an attention feature representing the entire video clip. Finally,
the extracted time dimension features and attention features are fused to form a new feature re-
presentation, which is sent to the Softmax layer for classification and recognition. Experiments
show that the method designed in this paper achieves a good recognition accuracy.
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N GE G RE N — AN R BRI R S RN AL 55 2 5 T AR SRR, BT 2 M
FA AT SR B IR o AT, A SUEZ IR BI AR OB N T8 BE . B BT . AW H LA v2C
SRR . 7R V2C W, TSGR ER BE S o AT AR E S R O E EREE, A BT AR S B E bR S
I, SRR H H AR T R R ERIA

HHT, N A5G R 5 200778 32 B B T L85 S oy R A8 M 7 VA S H TR FE 2 S VR SR [1]
BT HUAR 5 2T oy AR 177 AR BB A UL B/ NRE AR AR, (H R R IESR BN AR Ve R 2 52 31 F Tt
FRAERISEm o BE TR BE 5 ST 1 0732 1 B A P A AR e 22 I 2% 5 70 B e 22 P 24 S5 AR [ 3 D T4 38 1) P
G PERUFAE, FEH softmax 25K HGIAT 202K 1% AR A Bl ST HUE TP R IE R R, ERA LT
o FETURE S I 51k B S N KIREIE 2 ST RE 7, i AR AR e T IS, AR (172
{hfE ST STEREE AT [2] . EVR 2 14U, Ruicong ZHI 25 A3 HY—Fhvdi F 3D 5 A 22 o0 2% 1 B 2 771
W NS CR TERFIE R 7775 . R 3D BRI M HEAT B 2 SIRFIESRIL, R FERS 5 21 i e 1 5 e A
B FEREARAN R, SEI0as BRI, 1Z RS T RUFIMERE[3]. Nagaraju Melam &5 A3 —Fp
TRARA TGRS AR, T BAFE U B L TR ZEM 2 45 /R Coot fEfh . 7E AT RUARE £ b (1) 52
SERFH, ZBRG RER T R VR % [4]. Sanoar Hossain 25 A fd I XUZR 1 Ak i) CNIN 22K %6f
B P BN B P AT RRAE R s, A F T S B A oA IR S T 03 2, AT SR BB 46 R0 o 1% 1k
RERS PRI R ROA, Dk I 26 0L Wl L, (HRUAS BEATT A A2 m[5] A, Rajesh kumar 55 A3 HH —Fhi &
TR A TR 2 STAS Y (R AL 20 T B8 55 28 AR ) T ik o 1% 5 18 P AN I S PR FEE S AR A 228 R 28 A 3 1 1)
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PR &

PSR B b3 501l 2 2] 23 [ RIS [RIRFAE,  PEEATRAIE RN G 2 J5 18 N SCRE A B ML AT 1 48 20 R UUINMTE 55
ANTFFROUSIEE S L0 S8 45 FUUE B T 5V 00 2k [6]. AR A BE H — Rl T 2 5 R E AL & (1) 3)
BRI RAN TR WA EGET R 2 5 AAM RIS, A A E1E B B RS
B RAEHEAT 2 7 MG, SEIAIA AR R . %070 B IS TR I REOR, HIRR
A 7 8 EIRATEE b 0 TR 4 P AT B [7] o % 22 55 NHR H — P T3 R WL R R AT G R AR R BV
{8 F 2803k J5 1) VGGNet16 [ 2 A5 AL LA 41) By o 6 2 [RDRFAIE, ]IS ASE FH G AR B I v g B 7]
FHIE, FER P AT RHERL G o 120712086 2 (AVRFAE 5 ) TR AR AIE Rl 1R 5 s iy 1 RO HERA 22 [8]

R FIRHFURTHE H AN 53 1% 46 R0 7 35030 A3 T AN I B, (BT SRAAAE — S ) . S
FRBFITERILEE TR, EBE AT 2 (A1 ARFAIE PR [R] IR B ) 248 B2 AR AE 2% FELE PN BR % A e i
BRI 2, oAt . DR, ASCHRH —Fh4h5 3D-ResNet34. ConvLSTM LL A Transformer
Ry X 28 A5 28 FH - AT B3 17 4 1R

2. ResNet34 M4 4EHY
2.1. ResNet34 4%

DR R 20 D 245 B A o A I 2R T S UL s 55 90 R R FEE AR X S I R, (0t 7 o P 42 B
&5 NAE 2015 4EH H1 T ResNet iX — R FEF 75 /2% [9]. ResNet34 /& ResNet £ 41 e i) — N2 i X 45 5 4y
B R E AR G NFRZEREL, 8l BN E B SR AE N, 1SS S AR 8 T N A% 2 [10] .
XA ZE G VRS R AR ISR S R, R IR E R S 1%k

ResNet34 [ LEM N5 1 Fim. B, MABRGEL N7 x 7THERE, SRZTEHT
RN BURRAE, i B AR AR 4 3R S A 1 2 (A5 B A S i e A =, 20Ky 2, 724 64 i R RF
R Hk, @A — 12 ReLU U R BT AR 2R MR 3, SRS, I 4 NMRZESH RIS Z
RALHCE IR JZ IR BHFFAE o BT ZE P A T A B AR BRI A . RN R ZEP AR, Il i 7 1 4%
BN S5 AN, E15945 B B A1), f&)a, B4R PRIk 2 KA B i o — 4k &,
HEAERZ . AR SRS P 2 B E AR SR &, A Softmax 2 HEAT IR 42

Table 1. ResNet34 overall network structure table
5% 1. ResNet34 BIRME LR

Layer Number Layer Name Output Size Configuration

Conv 1 112 x 112 7 x 7,64, stride 2
3 x 3 max pool, stride 2
Layer 1 Conv 2_x 56 x 56

[3x3,64]%6

Layer 2 Conv 3_x 28 x 28 [3x3,128] x8
Layer 2 Conv 4_x 14 x 14 [3 x 3, 256] x 12
Layer 4 Conv 5_x 7Tx7 [3x3,512] x 6

1x1 Average pool, 1000-dfc, softmax

2.2. 3D-ResNet34 o4&

3D-ResNet34 f&—Fh =4k 22 P17, % ResNet34 17 £ A BEAR AR 25 i 45 15 41 B I i 37
J& . 3D-ResNet34 3T ResNet34 #1751, fii i = 4E4:4 (3D Convolution)5 =4k {£.(3D Pooling), 5{&4t(1)
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TYEEREIACANE], = YEEARIFIIN 5 R T AL I () 4R RN (AR RE, RE S AL P )
fE R, G EAIAER 2 PPy B [12], =4E G EeeRiE () s,

B =ReLU(by + 3, 310 20 3o, Waal ) M
Aoh, e FoRH 1 B §ORHERLELE (xy, 2) LB RR R, W FoRHT— 215 m MREERLE T
(hb,t) MBI, H AR =GR, B R, T AURIRIZERE, ReLU NBEGHHEL, by
REPIIWE . =4EEPERIE R AOR WA 1 R,

e =

LIPN BRI il

Figure 1. 3D convolution diagram

E 1 ZHERTEE

FE=HEMAL R, MR R I (RIAERL | o L AE E A 98 B4R BEEAT [13], DA IR MU SLARRAIE . L
F) = A A 7 0 B = YRl R AN = 2P A . =R BERS IR/ DR E IR 4RSS, PRARKE Y SR
[F IS O B S B A RS AEAE

3D-ResNet34 25 M [AFE 1 2> =R ERHEB AL, =HEREHORGIAIE 2 P, A ERZER
FREHETA 3D BEHZE. 3D fb/Z SHEIH—{L/Z. 3D-ResNet34 ML T4 1) “ 4G L, (L4
HEAATEE N 75 B 2 I S HORIH . IR R = 4E G R RI 25 58 T i[RI 2 RV 4E ), (E A3 4% R
B b AU rh I 5, (EH N 7R A

3D-ResNet34 = 25 ] T AL BEAUMAH S5 2 5 0 B, AEAAIR 2R Bl AT 9 0 A S AT
E I e R e M AU T RO A5 R, 3R 4 I e 8 B A e AT A RE -

3x3x3 3D#HFR

BN+ReLU

Figure 2. 3D residuals block diagram
B2 ZHERERTEE
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3. BFMEIERISH

AR T —Fp4E 4 3D-ResNet34. ConvLSTM DL & Transformer #Ebi i) i 24 45 74 B F- 44T B F )
N GO BERBERR B WA 3 fs, BRSO ARG LA

(1) ¥ e B X o B AL B, BN BUEL S 16 iR . 8 3D-ResNet34 4%
ST BEAT 25 VR 22 3], A3 BN BB IR R F e RV, b N SRR BB, d %
AN BRHE I E R, 2 Ja %o i BORFEREAT 18— fh Ak 2

(2) BRI A B IRFIE R R\ B ConvLSTM b, ConvLSTM HEME [F] I 25 FE 2 [ 1A [ 4 5 (1)
fIE, 8 ConvLSTM HEHHZ BN ATECHRE i BT ) 24 55 SRR ALE

(3) Transformer FEH FH ik — 20 Ab SEAATECHE (1) 2 [AVRRAE A FH 22 5k B A i TP L AR Y e g 2
> B ot B AE AT B i B B B O RE R . KT AN AT B, RS A B — AN R 00 A
F T IR il S Wi RAE, B 249 B — AR B BURTE B I RHIE . By R R ER R, A
A LASE A RO SR B DGk B, SRR R

(4) X O TRIGE I (A 4E FERFAE SV E BV RHEATRHE AL &, TR — MR RHIER R, JRRaE
JEMRHERNIE N AIERL 2 o AR E N RHER R AT 2 —A 1 x 7 4 &=, Hh a4
FEXT A — NI B OB IS, ) B IS B TR0 7 0, o0 B B v ) — SAEAE R R N 7
ORI R R AR
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Figure 3. Overall network model structure diagram
3. BIFWBIERENREE

3.1. ARRE&RALE

XFTRAREE, 1 Sk A i AR T 2, 2 5 150 FH 2 T 5 AR 22 I 4 1 5 10 BB kAT N K
K, EAARERY MTCNN #7 . MTCNN 435 i P-Net (Proposal Network), R-Net (Refine Network)fll
O-Net (Output Network) =725, Fod P-Net £ 57 A2 Bufiz ik NGHE, RIS AT g6 2 A ) X dekdh A7 P
T E s R-Net £ 57 7 G AE (1 HEA_EdhA7 S AR A N IR U A s A, [R]IRE R AT NI 320 SHE (%) TEl A AN i
HAENIK 7328 O-Net £ 51k — 542 imy NSk il (R4S 52, [R]IFBRAT 5 4R 52 (1) S B U AL, A9 T PR
B WEESE. B s B I K i, A SR F ) S R] R SRA V20 S AT R AT A EE . DL
™[] 5 PRI T [ O A a2 B KM F PR ZE SR A D SRR, SRR (RIS g 16 T, AR BN 1) 58
HEMUECK A E B R IRI RS o 1207 15 Re B8 AT AL A A BRRAR , BRI TH SR RRAR .
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3.2. FHIEHREL

(1) = [RIRFESREL

AR St 2 J5 1) 3D-ResNet34 W22 B [AIARFAE, 2 AVRHE - Za4E AR A B . R E21L
DARHRES . BRSO LG B . W nddE(E s 3D-ResNet34 W4 14N, MUAEHRE & —4
CORGI M AERE, YRS, m 4R LR SR R YRR U4k Tk & . SRJ57E 3D-ResNet34 M5 Hf§if] 3D 4
TR AR UATACHE AT RRIE S . 3D-ResNet34 45 H [ &Nk Z2 B P SR L % 24~ 3D BRE . it 8
— AL LR R TR, LT 2R EYNHES S, 3D-ResNet34 4% AL MALSAEE rH R EHE — R 51
(REAE ISR, KA S %o} 5 AT R AN [R] 2 IR B 25 [RARRAIE o B OB R AE SRV, TR AT S A v g
[REIE R .

(2) B[] ¢ P R AR B2 X

DRI AL ATT AR A H (1 Bf ) 448 A5 S BB A% L DX 8 A Y B e e S AN 20 B A OV A B, 3R s O iR )
PIHERATE . BT LK ConvLSTM BEH M 2 [AIRFIEAS B3R 7S S U IR 2% IR PR SF ] 48 B ARPAE

iy N A5 BT 1) SRS, AN IR D R N B 4R D (T, H W, C), Horl T 2R354, H
AW R ANBHR S AR, C AR EE . EaARE t b, NS AT S A R
B, $RECRRHE, 5305 H . HEPRES 200 H 8RS LSTM Bt T it 5. 455€ LSTM
BICA N ARG, FNBEE K PO T, 0 LSTM ARE Hh (1) 28 i B 5 A B 5 270 508 )it F 5

ZN I
i, = o (WX +Wyh_ +W,c_, +b) 2
fo = o (W, % +W, h_, +W, ¢, +b,) (3)
¢, = f,-c, +i -tanh (W, x +W,.h_, +b,) 4)
0, = (W X +W, h_, +W, ¢, +b,) 5)
h =o,-tanh(c,) (6)

Hor, x AR A, o S aTe P R RRECRES, o /& S HTH D 4IRS, i fv o2
BRI, BRI, WA b R SE, o 2 Sigmoid BUE KL, tanh EXUHIIEY)sRE. %
LSTM Soc %t he B Ui BB 4, TR — AN REE R 5.

(3) Transformer it 593 & JIRHIEFR X

ASCAE PR AS T ¥R N Transformer K f1—4> Multi-Head Attention 2 17 B % i % LA Jz —A4>
FeedForward 240k, HAARMREREE M SRHERRIGATE W 4. Kl 5 Fizn. FeedForward JZH 6 2 A~ 40k
BEEA—A Leaky RelLU MUFEa%, FHT7E Transformer B Py 3 5ok 4 N354T 352 P ol S5 RRRAE AR 462
Transformer BLH 1% H )2 — AN R B BBV B IRFE . BAR G R

X :Cc(t\Jlr:cat(Xclass’xl"“'XN) (7)
X' =MHA(LP(X' "))+ X' 1 e[1,L] ®)
Zes = BN(MLP (X" (0))+ X (0)) ©9)

He, MHA NZLEER ANLE], LP Ron&rEmss, BN ZIH—4k, X"UR X &Rl — B RvE S 4R
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Figure 4. Transformer module diagram
4. Transformer 183k [&

Transformer 5

Positional Encoding [ N N )

Figure 5. Diagram of feature extraction process of Transformer module
[& 5. Transformer #H4FER UL FEREE

33. ARIMESS

S D2 FEHSE BRI 1A BRI 5 7 R R E AT R R TR — TR IE R R, IR
B EROR AN AR o« AR Z XN FRHER R AT B S 2 — 4> 1 x 7 4ER0 [ &, [ RER
AN TN 73 K. AR R ) B\ 1) Softmax J2 T EEAT S AL N B0 E 6.

4. SEWEERSR
41 KEPEREXSHEE
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ST R EES2 I 5 9 Bh SEI I A [T & R isdT, Bk

{5 : CPU XA AMD Ryzen 7 6800H (FLAfi#li% A 3.2 GHz), GPU XHl NVIDIA GeForce
RTX3060 (16 GB DDRS5), f#i# >} 512 GB SSD.

AT BAE RSN Windows1l ZKEERR, JFRIFELE A PyCharm2022, Python hiiA<y 3.9, ¥R
22 STHEZE N Tensorflow2.10, CUDA 4y 11.7.

ARSI BRIAE IR, Batch_Size (Bt K/N)h 4, IG5 1 x 1073, fEIIZRLfE 46
FA & REAL TGRS (Adam)HEAT & R R B2 % 3] Z . Epoch Dy 100, 3RS 400 b 322 X5
WEJ77%, 4 Oulu-CASIA WATEHE 42735190 i 10 4H, Feyifs et 9 VB NIIZREE, IR 1 ARl
AR, BRI HERR 2 % M AR HE A 2 1~ 384

4.2. BBENR

AL FEEAE Oulu-CASIA MUSTEHE S AT I8 UEXS . Oulu-CASIA $iis 82— F A 51O A5 1R 51
PRI AFFEARAE, HoF 2 B KA rp E R B S T BT & 7RG . Oulu-CASIA Hdl &k A
80 4 LI H ) 4800 MM By, KR /SFEEA NIRRT, AR, Wik, PROE. W, FEnMEA.
ol T AN BEER A T ARy, PRI AR AGA B 15N . R S A i
(85 AR gL, B B A AT B TEAN R IR A A THIAIEE A 155 0 DA B 8 A TR AT 43 1 [ 14] o
BARRBIINE 6 Fiow.

EESIA ¢ SN

ARSI SR

I 9t S

Figure 6. Oulu-CASIA face expression image example
[ 6. Oulu-CASIA AR FRIEE G 15IE

4.3. TENER

AW FE R A HER 3 (Accuracy) fE PPN R AR R PP B R B AAORS P2 o M P DI AR B0 UE R R P i, A Al
R FE I (Confusion Matrix), FLH R4S LRI E Z A RO 2253, HETT 70 A 22 X 28 AR 18 sk A
HER RS A WS FoR:

Accuracy = TP+TN (10)
TP+TN + FP+ FN

B, TP TN, FP #1FN 437 /& B 1E 2R (True Positive). H. 9125 (True Negative). {i 1E25(False Positive)#ll
B 4135 (False Negative) .

4.4. RS54

DOI: 10.12677/jisp.2024.133029 345 K1G 5155 43


https://doi.org/10.12677/jisp.2024.133029

PR &

Rt — A Mtk 2 J5 Y 3D-ResNet34 RZ8 BRI BE, it X LEsEE, 5 VGG16 W& AR A,
3D-ResNet34 Ffitk jx] 2 4 51 45 D) K AH 5 STk et Ja R AL b 47 b e, ELAREE SR W3R 2 i

Table 2. Accuracy comparison of Oulu-CASIA dataset on different models

%% 2. Oulu-CASIA IR T EHER_E A /EZEITEE

PARZA HERIZ 1%
3D-Resnet34 84.05
VGG16 71.59
ALFWNet [15] 85.42
PHRNN-MSCNN [16] 86.25
LBVCNN [17] 82.41
ARTT 88.37

m# 2 PREIRTT UG E, Aot 51 3D-ResNet34 454 ConvLSTM LL & Transformer (7] 4%
WA 5 JE LAl 28 A b, IR RIMERR R IR T 4.32%. [, 5 34 i 20 il X 2 A 8 DL R A O Sk o et
Ja IR RUA LG, AR B TR0 AE A R 2 e T AR, IR B AR SCHR H 0 X 8 A Y L i M A

4.5. JHBESEIE S 54

AR SCARE A F ZEEH 3D-ResNet34. ConvLSTM FI Transformer = AMEHA AL, iR Y Hh AN B0 3
I3 B AR HE B A (RS AR L UL R SRR I A 20k, 78 Oulu-CASIA Bffi £ Rt ATl Rl sess,
Bas Rk 3 .

Table 3. Ablation experiments on Oulu-CASIA dataset
% 3. Oulu-CASIA $iiE&E FiHRSIIE

3D-Resnet34 ConvLSTM Transformer HERF 2R 1%
J - - 84.05
N N - 87.19
N - N 86.72
N J J 88.37

% 3 A RN GBI ORI B S BR , SRIT A W AR B AN S AR e, AR At 2 1)
T A SO R R B A K o U AR e ) I R B TR, SOl S A 3D-ResNet34 [ 45 7E
Oulu-CASIA %45 L IHER = A 84.05%, 5| A ConvLSTM b2 J5, W4 HE 2 51 BT A B b
(]2 FERFAEAS S, R HER R LT T 3.14%; 7F 3D-ResNet34 4% FR{L#s N Transformer BRI A
86.72%, LFt+ 7T 2.67%; ¥ 511 ConvLSTM HiH 5 Transformer #ib[FIET A £ 3D-ResNet34 2%
AR 2 RO HE R R IR B i, N 88.37%. SEIGEE TR, ik 5 I AR A R sl HAT 2, IR
TE P 28 B AR R AN B AR BB % KR 2 e X 2 M R, RN HERf 2R T 1y
5. &57&

TE X W0 A0 B HE AT BB I R0, AR A 5 AU B i (R 4EFE (S R, A SCIRH —Fh 5 &
3D-ResNet34. ConvLSTM LL & Transformer fRER ) W28 4580 B N BB 48 R ). B 58, B 52 Ak
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