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Abstract

Engagement is an important measure of users’ learning experience in an online learning envi-
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ronment. Improving the accuracy of engagement recognition can help the instructors get timely
feedback on the courses, and enhance users’ learning experience. However, most existing vid-
eo-based engagement recognition methods only use the user’s facial appearance information. In
addition to facial appearance, fine-grained behavioral cues such as head pose, eye gaze and blink
rate are also closely related to engagement. But most researchers don’t comprehensively consider
these features. Therefore, in this paper, we propose a novel engagement recognition model: our
proposed method combines facial features extracted by Deep Residual Network (ResNet) and be-
havioral features captured by OpenFace. These features are fed into temporal convolutional net-
work (TCN) to analyze the temporal changes in video frames to detect the level of engagement.
Our model trained on a large publicly available student’s engagement detection dataset, DAISEE.
We achieved 61.4% in top-1 accuracy in the problem of four classifications for engagement. The
results show that our method outperforms state-of-the-art methods.
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TELR S AN A 5tk R, EBRE PR 2. A, SEgREML, EL8E
PRI R iy Sk AR I 8. ln, ) FHERZ AR RS, B TR GRdhRE, S80L%C
BORTCFAFRNRIUE, R, FEX 52138 PR R PIRES T A 2R E, DMRIFEL S ) H S i =,

X T B A I A e s S AR D MR (1] MUS[2] & Aa[3]1F00 FLEI(ECG) [4]. M8 345 Sk AH
FeAEIAR IR, TESRBCF A BIREE 7T, ORI B e . Bk, Sl KZHOCT AL R
HSE DU PRI BT 50 2 75 X 28 $3 AR S AR B 1) 222 B UREE Rl B EAT 16, IR S i BOR R AT L v B
Krmi[s] [6].

BE T SRR L PR 25 A o ARSI 7 9 ] LA G Sy 221 BEGORI T RAR A I 757 o BT —Fei 72502 A
FAAN G BN B B NSRS I Ly B, P v S PR 2 AR A B A ) 2 (R S, T
Loy A — PRI 23 15 AT A o DR AT 9 2 B AT 2 A Ty AR o 400 1) v 1AL
AT LAy iy 3T vty 380 it A ARG ) 7 Y R TR PRI T o 7 3 o B S A I 7 vk rh TSR SR LG
PR AT A o N 30 AR 4 22 I 2% (CNINS) 171 i i FH 36t U1 e 22 X 245 [ U 1R v BE RO [ 7] B TR A 1) 7 v,
MRS R AR T TARRAE,  Fii I i3 AP 20 I 28 BN LS 2% 2] O iR AT a0 A, S B BE GO [8]. B )
L FE VR B A SR RRAE, EFE R ZHRRE, Wi A Sk A RN SR ST S AT N RRAE, DL
FARJZRHIE, W1 LBP-TOP [9]41 Gabor FRFE[10]. FATA I L3 FE R A REAE 3 BUR K HE FE A T A i
TERISEEL, B AT NS 5 2 B PR LG, — 2 A FH 26 AR e 22 00 488 (CNIN) S B 350 2 ) AR £iF
HIX JC%: B R B I R 40 FE R AIE o 53— o U 6 T B — T TARAE B2 ANRRAIE T B R 4L AT AR AE SR L
ERZH TN R R OGEJUMRRAE, TRA A R SKELA ., FAE. ZRESR
i TERVEEEIN A, QAT 2 R P ) 6% B R RE L 2 THD S AR A S AN S A TE N 1) 2 P it 26
RIVARLEAT AREARSE &, 1X — )3 R 13 2R N R
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FEARSCH, FATHR HE — Mo i) B FE RN S, K S AR S 3SAE N 0 2 AT R IE S IR AN AR 2 5
AT BRI B 1R TR S ARHESE . & %R A OpenFace2.0 [11] T BARK A X 1K, SR/5
T RN R 5 B35 45 VGGFace2.0 [12]7 ] SE-ResNet-50 (SENet) [13]3E4T TN kI FRE N 25 7] 45
fiE. [FF, FATFIH OpenFace MATATIMT A H ML H Sk 4 A5 FNVEAL A FE IR LEAT RPAE,  FEA0 NI 2 () 4RFAE
R BURHIE R R, N B S R 2 TG IR, BRATE — DA FFIE LR BOE 15 BOR S B &
(DAISEE) [7] LVl P ik i bR, SEIRZE RN, JATPER I 07500 T i se ik 5id . RIS Eu R
T SFHRLASTE I I 2 FAT RRFE S TSI ARIE A6, 25675 FEIX SRR HE ] LIS B ar i e RE, Bl
R T AFINEEA T LT E P IRE R, 88 REUIAVEMACKIRS . EAE. IZIR%E
XEEAT NRHIEZ S5 BEWS A RER TS BRI LV BERE A (R0 e
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Figure 1. The framework proposed in this paper

B 1. AXfRHRIHESR

2. XTI 1E

AR, AR L an AR [2] . 5 4[3]. ECG $id[4]. JE JifE e Bdi[14]. O RAHR[15]
O T e A TR KT, AR, AT PR BT A 1 T R T A, TRk, L
A2 SV RNUR JE 25 2) SR Bk A T AT N B, T A0 1) 3 P VR S92 S mT A 43 A 22 T di
Bl ARSI (1) 7 VE RIS TR AE I T

BT RHAER L R T, FOP IR S DA UG i 3 BT R AE, SRS B4 2 3%
B BIAZ R, ESRRT R 5 A[9] [10], HREUE G AL vERFAIE (191 40 Gabor B LBP-TOP) A T-%-v B kil
T & R P 2 STROR I BTN, FSE LR 2R (1 Ay A J5 1) Skl S8 2 RN T30 20 A B G 46 dl ik TR A e T 24
11 OpenFace [11], OpenPose [16]>RAZHL, Al A IX Led U R RAT Z S RHIE, A& AR FLAM R R
Il &, X SSARAE ) B N B AR g AT b, R R RTINS R . Yang SEN[17]48 H
OpenFace [11]F1 OpenPose [16]K EREx I EBRFAERILAR BN, 57 15T 272 SIHLEI LSTM 284
[FIE 779, IHAE 2018 AR BRI FHRaR H 3k #3 5 fE . Niu 28 A\ [18]1# it T —4> gaze-au-pose (GAP)FFE,
EEASAAT L HL GAP HFAE, A8 HAG 145346 V1 B 0 (GRU) R VA R0 48 I £ JEAT L FE T . 5%
N[19142 H T IR B v iR I P 2% (Deep  Engagement Recognition Network, DERN), iZ%M2%45 & 7 XU
LSTM Ay bl 5 MG 8 B AEE AT 40 28, M AI17E DAISEE H¥a g b3 FE RS
JEiEF] 60%.

T v B AR 1R FE VR DT VE T8 2 R AU N 2R 2 A AR I 2 LU 43 B - Gupta 55 A
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[7]E7 T DAISEE (E4:5: I TR IBCIRESHARER) , HAE FHAS A o B o 040 73 24K, €048 InceptionNet [20]
C3D [21]F1 LRCN [22], 7 FEfeMllas i, 2o lh 46.4%. 56.1%F1 57.9%.

Zhang 5 A [23]%F FEIK (1) 3D AR 2% (13D)iEAT 04k, 193] T X L EH K1 k% . Liao 45
N [24] 42t 2% B2 THT 350 B 25 X 4% (DFSTN) AR ATT 9 2 3 B U0 A 28 A &5 PR AN S8, — N TR 1Y
SE-ResNet-50 FHT- MRS U [AIRFAE, ARG A 2 R = IWLE B LSTM, IR DAISEE 4 -
153 58.84% ) LA BEAR BIERA 2

ST 5 DA HIBI 7V R 25 R B — AT R AE SRR AE 2 1) T B R A, S DU oy 380 o A 2
X TR0 DX Al A7 v FE T o 7T 7E VR BE RN Y, G 288 o R 2 S R SR PR T 0 % (R AR ALE 5 22
ITRFHEAZS S, MARMRBIRARARD . £ T —1, AR S ML BN, JATRE
i 1) By A5 R H H ) TR AREAGE A S OpenFace $2 MU ZAT AR (RZ IR A . JEAAMBE . Skl 3y), IFd b
TR A S5 FRFE SN B 7 25 RN 45 (TCN) AT T3 BE 1R

3. ATk

PATERE 1R TASCIR MBI TVENESE . B0, MG RIRLI 51 v 422 JE 41 5 1) I 1] ) o i AL
T, X AT 28 3k A AGH I S ) 55 5 i N B SE-ResNet-50 [13] 91 A= il i 2 [FIARFAE . RIS, FRAT I8
OpenFace KA HIATARAE, WKL M. ZIRFRX R ERI A R &, 2R
J5 73 794 T FRFAE LA & OpenFace $2 IUFIRFAEAMAF] 1D CNN J2, 3X AN 2 157 2% ) i U PR ik 147 B
U, R S B PR A RIS S B RFAE B R A D NG R R JEE A5 S AR JEE A5 2 AR 15 3R AL, AL
MTHE B R RERE S TCN B — AP KRN, TCN e — M AP S B — D e 2
I L E R

3.1. BERHFIEIREN

J 3 A S B — N N IR S B BRI 7 PR DXk, 2 e 5 3 o W 5% 2 A R e Sk I At AT 1 ) 2 5
A FEME, RS ARKENEBRELE, FHEES D AMEIEREM 6], fEAR ST,
FATFIH CNN S22 [BARFAE, 3% SRR X EC ' HE B AT 50 25 2 A 0 R B it

FATKH SE-ResNet-50 [13]1E R E T ML HEATRFESE AL . SE ¥ & A H i 1o X A [F) R R 8 15 (1) {86t
KA, [IE N HO R RS T IR, S5 A BURHE R R, X e S IR CNN 284 (0
ResNet)fEf, AI DA = R RAERE J). EVIZR AT, A1 J6fd ] OpenFace2.0 T. A AATER—Mih
BT X3 FATZ P LAR A OpenFace2.0 1 A AS I #S, 72 PR 5 oAl N ksl 5032 [25] [26] [27]
FHEL, OpenFace 2.0 7E3 BEFNAERGE A 2 M. B NEEG I /MR %Ny 224 x 224, LAJT
BEFRATEAL N R/ e BESRUR B 2% S ] DLERE B R PR R, (HE T B R E A SR I i 2,
X FEATHAES, IR L, AT 8] (4 22 S AR /N o BRI, SR FH 1328 U 45 R 244 [22] 55 7 7%
TR MEFRAFE AR BN 2 RVRFAE o A2 TR B IR B A DG TAE M5 A [27], FRATTRI AR e RO s P2 Tl 25
FIRSERY, R S TIRATHAE S o fESLER, AR SE-ResNet-50 [13]7E VGGFace2 [12] FiEAT Tyl
g, ZHAR A KEA FLEAR RGNS U, 680 75 BhIAT 13RI T8 2 3] J1 1% (1 6 AR

Xof T — Wi A B 34T 148 SE-ResNet-50 (1555 — AN L2 1) 2048 4EEAF A &R T ROR .
[FIFER, 522 70 TAE[28]FTJH &, 1D CNN R85 > S50 I [HDRLEE (1 m B i PR e, IEmE 1 poR, 3841
AT ARAEE N 1D CNN 23RN 7 BB U RAE.

3.2. T HFFERE
—MNANHIEIRSAEAT N ERRIEAT A DAL IR AT Ak L 20 3 .
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Ranti %5 \[29]3FH, A7 AR 7 i AL SE N S TR 1) — AN 2R bR . M ATIHEWT, AZRR7EdE
SE RIS TR] P42 0k, DA K PR g/ 7 AR B R R A B IR 2k o MATRSR T, — AN N L33 S AT Ao
P, 15 1R AR A R o BT AFRAT I A iz R e 2 LU A B B K Ly AT N IIARRAIE o TS B4 F o0 AU45
R B R MR B 1 P S R [11] o DRI AUAS (RTREE, MR e b — R VAT RRAE

WHFLR I, VR BT B LT, N BIAIER T ) R Sk 0 42 A8 A AE SR A ) T 1, R 2 7SR [8] [10]
BeAh, TERmEEEIE T, ANOHRRENT R A . Bk, SR IR E . SRR A fE
W5 181 BT LAV B RS I RRAE

o T PA_L BT M BB VEAT NRAE, T4 148 OpenFace T B AR/ BIARBGEM T ] S 3BRAS LA
A7 IR (RGBS AR 570 AU4S B o IX SRR ) HE A% =Rl T IR 7E[30]H

PR IR X S AR — MR R, R AR B BT N E i, iU SR R AE
I

1) VEMLANE: QS AN 2 S 3 YERTEEL A R BRI — A 2 4R A A IR A B I ) 3
WA P AT S B 4E 50N 8.

2) ki As: SKIBIMERLEE TN 6 5% (yaw, roll, pitch, X, y, 2), AT = MARFESE, &=
NNNLBSEL. SFBEASRHERYEECH 6.

3) HZAR: a1 # ot (Facial Action Unit) 403 “HZAR” FEEE & AUAS [F585 (— MELLEM 0 £ 5
TR RGNS BREE), ZRHELEECH 1.

SRIMARYE Wu 55 A\ [31]1HF 7E, OpenFace $HXAIHRFAELE —AN/NEIET R R BB R ir 20, NTH
RO R X SERRAE, BT B A I — 4 R AN BRI PRt Ak, DAV /N (R B TRDREFEE P (e s o [
SR BB ASRIE 5 MR EIAL, FRATFEFEAEFH M2 1D CNN X 2 AT ARHIE T — 4E R 3

3.3. FIFFERML%E

I 1] 5 A2 /X 4% (Time Convolutional Network, TCN [32]), ‘& —fhAeigamisk b T S0fs B a) e 41
R, HOREZ T 3hES#I[33]. BhEE A [34]F1 HAh 7 S AT 5%, [FII) TCN A 7E 2 224 FE A R )
BRI RE[35] o EAE, FRATRIAH TCN /E 90 il As, TCN M2 g =/ it ARG
L kB AR 22 EBE[36], X T T TCN 5 KR oM GE 7, R IR B4
3.3.1. E8%&F (Casual Convolution)

TCN A 7RG, AR, i 2 Fros, ¢ 20004 A SR Bt IR Z080 58 52 Ji i %)
PE BAEDG, BT R EREE M, I TCN BI& & T HAT TR, AHEG T AL BRI 8] Fp 510 E0 a0 36 U a4
22 2% RNN R AT THE R0, THRE .

NGANGAN

Figure 2. Causal convolution structure
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ARG HIT AR TR 1) SRR EMARRMEE B %, 2l 20 r0f R 5 0000 2
B R 2) HBKPEIRERZBIR, PEGMAEE N S A 8. ARG S AR 2 20T DUX
FERIR

P(x) =TT, P(% %% ) )

Hrp, xR tZINEE
ME 2 PATBLER], S AR EEERARMEE, AR EERNETZE, ER I 2
S Hhagn, BN TR, (EFE5 A KGR

3.3.2. ¥ #&EMH (Dilated Convolution)

AL A R R AR ) 2 B S R R B0 AR VBRI OGN, A TR mITE R, TCN RH T4 k& (K
3), BfEE @A AN — B KR, AL RS SRRSO, A G 8 5 R ) sz B 22
BR. Zie FRRRGRMRE SR H, kSR D3R L E A B R E R, mMHARK
WHeAZYE . X T —4EFSIHA X e R" M — 4B £ {0, k-1} > R, XIFHIITE s BT KEREH F
TE XN

Figure 3. Dilated convolution structure

[# 3. ¥ 3K BIREEH

F(s)=(X £)(s)= 200 T ()Xo @
AT A kK HBBUERT, d A IKET, FTRE SRR AN, HREd =10, 5k
SUEL LN E I BB, d B BB ORISR e, —RIN, ISR 38 |28 KR T
A28 A BRSS9 TR T LA 9% U5 K 91 ] 81 2 (long-term dependencies).

3.3.3. BREFEE(Residual Connections)

TRIZ B RPN A2 X 2 W] DUSE I S BB MO SR S R IOARFAE , RILEVF 2 AR 55 b, PERER IR, 4
MM, BEE P 2% 2 B INIR I 28 R oty PRV B2 A5 S AR Ml I e [ % 3% 3R AT P Aa Ak i, B AE1SIR 2 M 45 11
NZRANEE S AR R A

EARTAES, TCN MRERZES(E )R8 T TCN Z5EZ BRER:, W14 A Mg sk E ] LA
A RS RN, BRI TCN S ZRAME 1 x 1 82 LR EF S T4 sk 2 TR ARAR [, (B A AR 22 s
WERZ, AR, FMREROSWAY KERANEELIEE ReLU, FFEIN T HEEIH—1LE (weight
normalization layer)#l dropout JZ#E47 IE M4

A TRAT FRHAEA G F S UL D 4 0E — S4B — MU R AE ) &, ANEEAN RS S ) A
TR ERAERN TCN I — M PR, TCN B e — MNP, #58 —AN2ERZE, fth wmi
(RIARSI T N 13 B 20
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Figure 4. Residual block structure
4. BRERMEZIERLE

4. S
4.1 WS

AE— A TTIAE LR 208 15 RO S HUE 2 (DAISEE) [7133 475256, DAISEE H1 9068 ML AL,
AN K 10 2, IO T 113 AENE A TELR S I D . A3 BERUAT I 5 R A8 0T LA 4y A TE
RS BVEFIAR R AR KA, AR HIE AN (7 ER) I —, 200 0 (AEF1K). 1 (). 2
(A1 3 (AEH E) . FEASCH, A UBTERTE 78 2R R 48 2 S A AR (B R B I I o I ST 1 i 2R
53 #5372 30 Mi/FP(Fps) Fl 640 x 480 18K . BEEE Ml EE . IIEERMRSE, hEh 6:2:2.

4.2. TENIERR

ANE BT FEN SR AN R T AR HE R T 82 5 2 . Gupta 55 A [71RF B il R DA 73 AT 55 1E AT Ab 3,
FFIEHL Top-1 HERAFRIFAGHIEASE DAISEE LRITERE. FEFRATRI SR b, BRATAEATARIR Y R 87 2ok %:
UEBA TR A M . Top-1 A5 Hf R A AR HE A 55— IR0 5 SERR S RARFT M HER 2%, Top-1 MERfZRIIT

TP
- 3
TP+FP )

Ho TP AREKEIER], FPACERRIES].
4.3, SLIRFELE

431 MESH

IRATR I — /N 35 R B3 (SE) S H (17 50 |2 ResNet BEAT I SRFAEIR A, JE¥ &G — A FBL 2
TG A AR ) I3 23 AR . O T B Gid Uh 6, FRATDH RN AR A Spatial Dropout
WS, EFREEN 0.2, LML T E SO E #RE F m i AT AT I AG A o L THT SRR S H 2%
ZIGHEB IS —4E CNN 2% B4 A 1, 1. BTSRRI NE R E N 5. 3. WiER
BRI REE R 2. 4. FHAN, FESRBUZAT ARIEZ JG 2 A —4E CNN JZ ik HsiE 2508 1. 1.
BRGNP HBEE N 5. 3. TCN It 8 22, MEMAEITANECH 128, BRBKINT, EF
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FN 025, {E TCN fJa NP, — i 4 Mt g i sz 10820 2506 b DAISEE
Bl Lk LI H) -

432. MESH

BATEAPL NN SRt FE T, #EROK/NECE N 128, IR 11 E N 500, K& IE £k T (RELU)
PE SR R, PiA2% R A RMSprop fE46EE, %% 21 %5 0.0001. HiAb#5KH KERAS HEALH I BRIN 4L,
7 R BRI HCR 43 2828 I R 4
43.3. ST

AR SCHE H R A R AN 2 AT ARRAE 1) S A By FE R A 2%, Hvrain s 1 iR, BAT SRS
BRUNE -

IR 1 Xy BRI SR (ALY B AR S BBl I OR A7, FFFIH OpenFace X Js 48 MR ATINTEEAT A
I 5 BB BT NG e 4, IR, A OpenFace $2 AT AL & Sk i AFE . ML T M1 55 247 NHFAE
15 BIFRAE

B 2. A RE NGB RS VGGFace2 LTIl 2511 SE-ResNet #575Y, 538 1 158K A EE
PRI N A MR AESS B I ORAT o

IR 3. ¥R 2 1R EIMN IS/ UARE(S BAUE IR 1 18 210 247 RS BRHTRERL S, DLS
Bl A RSN 24T 15 B IRFE .

R A4 KRR S ) MR, L EE R LI 1, VEAEZS S EORNZrid 2 0L 4.3.1 F 4.3.2 715,
eI, DI 33BN AL G 5 BIRHERE BB AN o

WHR 5 WIZRE R, (A 4.2 TR PP fabs, WAV REIEAT TP o XA RIRHIEZH & (1t e
VAL, RFRAEP IR 3 RMRFE AT 4G, VR IR B 2% 2] I 28 A5 B AR A O R AR RRAE ST, RSP IRAAR .

4.4. EWERSHH

BAVM 7 VELE DAISEE 34 15256, % 1 B MEAb TAELLE S R, AR 534 0 5 25 1o
Fum kAL /7. C3D [21], LRCN [7], DFSTN [2413HTEL#E, LAK AT At 5% DERN [19] G TA4F4E
WIJ72) AT A, PTDAE B, AT H A MERR AL T LA o v e 5 T o B 2 2 1 b 2 B T4
TERI 714, FATTR) 72 e Jedt Y] DERN 532:(60%) $2 51 1.4%, LUt i i 1o 1) i A5 28 DFSTN 757%(58.8%)
PEFH 2.6%.

Table 1. Accuracy of different methods on DAISEE [7] dataset
= 1. FEI75E7E DAISEE [718UB % L Vs HRE

Method Topl-acc
C3D (Fine Tunning) [21] 57.6%
LRCN [7] 57.9%
DFSTN [24] 58.8%
DERN [19] 60.0%
Ours 61.4%

[ FRATTA T HE— 2D W 78 SRR AE By B R0 v ) M, JRATT B A8 D B A DU E AN AT O RRAIE 2 [
ANFEH AR, IR RwE 2, £ IS A I AT NEE R RHE, RAOTOEREA 58%
HIVERG I, RS T3¢ 1 rhJEUERERY LRCN. iXFBIFRA'T SE-RESNET-50 + TCN -5 TR,  Hhda i@
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CNN + LSTM (2% (fPERE ZE S 4T, X b THAARBAREIEE Lo Wi, UL AEREN
LI 22 W 2% i K (KR AR AR BUBE 77, RIS, W UAAE B, £E T AR AMULRFAE A 2R A L, SOOI A Sk 8 3

BERLS DAL AUAL SXBERAAE,  #R U BRI TR PR AE O VERE BB 47 1) FER AT LS, $RTHERE R
T RSk RS, ML T DU A TR AN AR RS2 T T 1%, &5 [37]H IR IE — 8, [37] 8L
fizsh, BlingEk. mEkBPEA R X TR IR E . 2) HIKRE AU4S (IZIR=), AHLL T s
FRRRIEET 1 0.5%, X5 ranti S5 A [29] I FEAH— 20, B TR IIZ IRF NN AT AAIAFIZ 55 A &
Mt — TSR B R AR . 3) FRJE R, LT AN A LR T 1 0.3%, VF 2 W1 7T[38] [391%& M,

NHIRLE A FEANE R IR A K. 4) TR IRA R &5 FER LERE,  RATHIBAY BT S 4f i PR RE

Table 2. Performance of different feature combinations
= 2. TEFHEAEMERERDT

Feature Topl-acc
Facial Appearance 58%
Head Pose + Facial Appearance 59%
Eye Gaze + Facial Appearance 58.3%
AU45 + Facial Appearance 58.5%
Head Pose + Eye Gaze + Facial Appearance 60.3%
Head Pose + Eye Gaze + AU45 + Facial Appearance 61.4%

7E DAISEE 1, LyEEPIFbRZ R o 1:8:73:67, o mE AP IEdE 4, o 20757
B — A BENS IEAAT DB (1R L B R R A REAT IE A 70 SR (LR 0 A 1) ] 5 J 7R HiT o 21 g
Tiid URASCHR BT RE R R, AR IS, BRI . RIEFERE P8R
TR 2 S IR A R o5 FL SRR AR SR I BB, T LU BI04 — i 213 75 VA ERS IR R > B0
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Figure 5. Engagement-level confusion matrices of different methods on the DAISEE dataset [6], (a) C3D fine tuning, (b)
LRCN, (c) facial appearance only (proposed), (d) Face appearance + behavioral features(proposed)
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