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Recognition Method of Online Classroom Interaction Based on Learner State

RAO Yi', YUAN Bochuan' and YUAN Yubo'*
1 School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

2 Shanghai Engineering Research Center of Big Data & Internet Audience,Shanghai 200072, China

Abstract With the widespread application of artificial intelligence in the field of education,online classrooms have become a high-
ly convenient and efficient mode of modern education. However, effectively managing the learning status of students in the class-
room has become an important challenge in education management. In light of this, method for recognizing learner interaction
states in online classrooms is proposed. First,the online classroom data source is divided into video data and audio data. Based on
video data,a multidimensional set of interaction state features is constructed,including learner upper body posture features, facial
expression features,and facial features. Based on audio data,classroom response state features of the learners are built. Next,
using a feature selection algorithm to select key features,a binary classification model is constructed to achieve precise recognition
of students’ classroom interaction states using Bayesian optimization. Finally, an overall classroom assessment model is designed
to provide comprehensive classroom assessment results for teachers and optimize teaching strategies. The accuracy of the learner
interaction state recognition algorithm in this single-student classroom exceeds 93% ,as validated on a self-constructed online
classroom video data set.

Keywords Artificial intelligence, Education management, Facial feature, Posture feature, Facial expression recognition, Assess-

ment of class
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Table 2 Writing feature construction formula
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Require: Video sequence Video;

Extracting Writing Feature Vectors via Sliding Window

Ensure: Writing feature vector F
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1. function EXTRACTFEATURES(Video; , N)
2 Initialize sliding window W of size N

3 for k <=1 to K do

4 keypoints <= EXTRACT(Video;[ k])
5. angles <= CALCULATE (keypoints)

6 Appendangles to feature vector F

7 if LENGTH(F) > N then

8 Remove the first element from F

9 end if

10. if LENGTH(F)==N then

11. A<-AVERAGECHANGERATE(F,N)
12. return A

13. end if

14.  end for

15. end function
3.2.2 A A AR
ARG TE B 3 i rh P 8 T 00 A 6 hE i AR KR
B b S et — A N RS, TR IR E G SR 2 ) W
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— A TR R 42 R P Bk 2 F Softmax B o8 B0k 17 3
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FNE A A AL S B0 R IR VRME  PROCE R A
o R A HEE AL BRI A R AE Gl 4d Softmax #RECK
H R MR SR 7E S PR IR B R B b, 2 2R Y 3R
AN FEEME S, Wi 8 TEMSGTEL IR 5,
R F B BN P L AR 3 2 BRI R AL S
HGCE, har RN AR — 28, B AR DO AR 45 0 9 AR
e RIS Sy 7 S AN T A 4 200 B 5 L AR AR A 2R N
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BRI EZ R, SRR E D2
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W, KRG MR AR RSB S S R IE R o — L S A AL
IR RAERARLE Bt AR (0 R R AT S h . PR
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&% 2 Facial Feature Analysis for Emotion Recognition
1. X <= detectO)

/ * Detect student’s face and obtain facial dataX % /
2.F < [Fy.F,F;.F;.F, ]

/ * Extract a set of featuresF from X * /

/ * Attention weight allocation and optimization % /
3.fori=<0to4 do
4. 4[] < denseLayer(F[i])

/ * Process featureF[i] using a dense layer % /
5.q[i] < softmax(W; » ReLU(W, + 2[i])

/ % Transformz[ i] and apply softmax to get attention weight q[i] * /
6. end for

2 (q FD

7. Fm< > (qi)

/ * Compute the fused feature F,, * /
8. Y < softmaxLayer(Fu)

/ % Apply softmax to convertF,, into probabilities * /
9. Weights < [W,, W, . W3 . W, ,W;,W;.W; ]

/ % Define weights for seven emotion categories * /
10. fori <=0 to 7 do
1. Y[i] < Y[i] -+ Weights[i]

/ % Weight each emotion category’s probability * /
12. end for
13. Scores < [ 2(Y[0:2]),2(Y[3:41),2(Y[5:7]D]
/ * Aggregate scores for emotion groups * /
14. return Scores
3.2.3 @IAFAEIRIK
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Fig. 3 Technical roadmap of gaze tracking method
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and Mouth in Video Frames

Keypoint Detection and Feature Extraction for Eye

Require: Video sequence V
Ensure: Keypoint coordinates and feature ratios
1. for each frame fx in V do
2. Dy, Br< Detect(fi)

/ * Detect eye and mouth keypoints * /
3. Gi< GazeDetector(Dy)

/ * Extract pupil centroid and compute gaze direction * /
4. Fy< EyebrowDetector(By)

/ * Compute frowning degree based on eyebrow distance * /
5. frown_ratio. append(Fy)
6. gaze ratio. append(Gy)
7. end for
8. return { froun_ratio.gaze_ratio}
3.2.4 EFAHERIR

TER B H ) R W TR & BB PR AL 3 AR B G
B, g X LR A ST A I R A3 AT, 6B 0 TV A b 2 A
A S 5 RS B0, W01 8 A% L 5 I ) A A5 L AT LA
S A B G BRE 5 HL5 LS R AE A LE L 1R & AR IE R A 5 2 A
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Fig.4 Technical roadmap of learner identity recognition method
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&3k 4 Speaker Change Detection in Speech Segments
Require: Audio signal A
Ensure: Speaker change responses {response}
1. speech_segment<-GMM_speech_detection(A)

/ * Detect speech activity * /
2. window_size <= 1000

/ * Set the size for the sliding window * /
3. overlap <= 500

/ * Set the overlap size for the window % /
4. speaker_change < False

/ % Initialize spcaker change status * /

5. for k <=1 to K do

6. windows<—sliding_windows(window_size,overlap)
7. distances < calculate_distances(windows)
8. speaker_change < BIC(distances)

/ * Detect speaker change using BIC critcrion * /
9. if speaker_change then
10. responsel k J<-identify(gmm_feature)

/ * Identify new speaker  /

11.  end if
12. end for
13. return {response}
3.3 #HEBHE
3.3.1 BO-CatBoost & &

T AR R A TSR AR SOR T B A B T 1ok
BB ZBSRE  FEAR TR R oM. AR S CatBoost 55
150 2 B2 2 ST RS RRAE BEAT 3 M7 O kAT 2 21 3% H gl R 3 B
M. CatBoost J&—Fl 45 & T GBDT™ Fl 4 28 S AF 09 9%, X
T PR SR R L 0 HOR BBAR AR AE , B AT S (0 A9 b B RE ) A
BN, ML TS0 GBDT 8k, 76 b 35 2 B Re A L B 1k
T A0 E YN BE R 4 G DA B A T i R S DT TR T
e . b, 28 S R AR 9 A 3 5 R R RE A AR 4
B AT R R

Ty =—"F— (8

CatBoost £ b Bl 2 Sl R AE I 5% J T —Fb BEALF 51 26 LAY
Dk s LAl G 105 A R, B Tl A A R — A BERL I 81 IR
JHHIS T 3 77 3 A 9 5% o TE BB A 4R A A B (. 7R X A o AR
HLESE TR AR AR A 1 B L 5 08 6 A S B 1 ) A AT O
S LUA RO AL P12 IR

p—1
S [J'M :1'0,,./;] °Y, +a+ P
__j=1

ok

D

s

jZ)]l[Iu,_/: =z,,]ta

TEHLAR 5 > G 8 S B Ab 2 3 A 7 R 109 G B 45
e, SR BV R R 75 38 8 10 S 50 % 2 > b A8 0 g ¢
PEREA POEPERE M . PG L B X A4 A A B BT 55 R B A 3R
B2 A B REZE, XA REE S EINEL D AREZS
B2l & R RERL, TS VAl 2 S5 0 1k RE I AR

01 3744k (Bayesian Optimization, BO) J&—Ffh i T &
By AR vk . 5 1% 0 0 RS 48 22 R BE AL 1% R O 125 A
F L BO RE 5 T i A0 10 R 5 K )L 5l e T 4k BE 9 HE 1Y [)
A, R P 3 S AR 45 A A TR SR A R AR A L D T 3k K
B THRMCR. I 3.2 A48 Ay 22 4 B R AE T B
AL S 22 FRAE ) i, SR R AIE 3o 30 SRV O 2ok X 2 ) 3 EL IR
A5V TR A e 0 O B AR AT L A A ER v SRS B R
N 25 42 5045 15 47 BO-CatBoost A5 R (19 # 2 50 F- 1 1 72
BRPARAE S A S — DRI R B RE . 55
HEAOACHS I BEE 5 Bis .
&% 5 Classroom Interaction State Identification
Require: Video frame sequence V
Ensure: Interaction state labels M
1. E < ExtractExpressionFeatures(V)
2. P <—ExtractPostureFeatures(V)
3. F <= ExtractFacialFeatures(V)

4.V < ExtractResponseFrequency (V)
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.S < Concatenate(E,P,F,V)
.S' < XGBoostOptimize(S)

5

6

7. Data < Concatenate(S',y)

8. Train, Test < CrossValidationSplit(Data)
9

. OptimizeParameters(Models, Train)
10. pred < Predict(Models, Test)
11. M< Classify(BO-CatBoost.S")
3.3.2 EZREHFRITIFHHA

ARCHTF 22 H WP BRSNS B E T ALk aE
B RE RPN BT AR AR X B4 2 o) 2 i R B SIR A IR
X PEGL YR 2 2] 2 i ER FOR A BEAT AT A IT AL . RGN
5 B . B2 A0 BRI B T A A B o B0 B 7E 4R IR B B L
B A5 B B 4 2 A R Okl 3 e ) A AT B R AT A AR
L, DT A5 B B A 2% AR AR B RN R X LA B AR
4 AYEBE AT FRAE 32 W, A1 4 2 o) B0 A RRAE R AF RRAE
T B AFAE , DA R R AE . IR, G0 7 4R BR B 2% ) B B 3l R
RGBT A B 4 = I H IR I EIRAEE R, AT
5 B2 BERY H RS A I A 22 A RS S R AT St
AT 43 B7 0 BIE G 44 1) B sl 802 1 100« B By 320 VI 512 B e 80
HeE L TR EER Ek,

r B T T TIPS
H 1

R E AT A

(ETEhaNEATn |

i [ [ [ |
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Fig.5 Framework of classroom teaching evaluation model
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F,:ixiu}, for b in T T.={t, stssererty,)  (10)
i=1

H, T, AW s & 0)E g ,m FoR s N iEsh & 08
Bb, 08 T AN O NS N SRS,

BN CRURTaE & B EE D) B < R o i T e R A
135 0 o s — A~ B[] 7 41 R s R B gl A7 50 #E A T e 1] B 1
MR AQD R,

150 X 3o,
E=——"1"i€[1,n] an

n

Horyn S iR A ATUUE TR

4 LI
4.1 HIEE

SSHI-ED % 45 0 W 4% 1 DA R 3L it s 5 L Zead i
Az T 3 57 W B4 RS20 A 14 4% 20 BRI , A BERLAR A 4 K 24
7 30min, BT - EHLWELRES =, 0
L 4 28 > 3 R P 5 B0 0 R 3 AR B L s T )
INEWFJE R il T A A M EE R, A THETRS
A3 S AR AN [R) AE 2R U 5 ST 5 B RE A X R AR P R AR 64T T
FeF AR ARG B L LUK AT S A B MR A AR
TR LS RS B i . & Nk 0 1 U A2 B DG ittt 14
926 3K , JF 4% B 70 Y0 A 30 %6 1 LA Kl - Il A A A L TR
h E SRS BR % T & 7B 4R B AR L TR AR R b
1T Z WAL, DA E b5 7 45 S T Sk . B8 48398 43 7% 1)
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Fig. 6 Sample frame example of SSHI-ED video dataset
4.2 EWHEREHSW

ST B FREE S . Windows ERAE R 48,8 4~ CPU #br. 1 i
Nvidia RTX3060LP GPU #% .16 GB #) RAM.,7E Python3. 8 ff
FRBE g PRSI

AR SR HEHG 2R (Accuracy) Fil F1H R PFAG BB A R0R

P i 14 2 A 0 45 SR i S OE A 09 450 S S B 1Y
Lo ) BIBT A A A v 5000 S A T L 4

Accuracy= TP+ TN
TP+TN+FN+FP

ST TP g FEAT 0 0 5 BT Bt I 0 53 2 10 Bk s TN
B0 415600 8 T 5 7% 1 56 B 60 069 2 90 06 5 01 85 FP
S 77 26 9000 5 o 40 2 6 B s FN O 4
e BT S ECITES IR

FL{f TR 5 70 I B A B 7 0

12>

SRR AT
_ 2X Precision X Recall
Fi= Precision + Recall (13

AR 343 50 % AN () AR 4 B AE R R A6 D o g PP A i AR AT
B0 R BT $ MR Y B gk 2 R A 48 B2 i A 2] KNN, SVM,
RF,XGBoost, Light GBM I CatBoost #& I #1, [& 7 (a) IR
TR B AR AE ) A A B R R AR rp g R, e R T
FRAE P AAS R i A 58 3 i e T AR R 4 B U0 25 ) 3
BREARDEIREBR R E R, B TR T 1R
TR E B o b4 UCORT % 009 8 AF 45 B 7R 25 S T Al 8 AR b
B 45 R AR — 2 B3 TH RO, BIPE R R AE 9 B it 2 B ARIR
I #RFFAE L B 5 RRAE 35 & R AR I DAl 8 AR AT S R T
THBIE T AR SCERRE A B .
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Fig. 7 Evaluation results of different feature dimensions
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Fig. 8 Comparison of evaluation indexes of different models

after feature selection
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Fig. 9 Iterative graph of model parameters based on Bayesian

optimization
K 9 Haf LU HE L CatBoost R RALSHA S LS 17
4~ epoch, XGBoost H' By i . Z $4H & 15 %5 23 4 epoch,
LightGBM | (iR BS54 A 1E 12 4 epoch, £ 37 T H
RS H 24 FR A R I DA M R S 8 %

3 FF DU O fh A A Y I S B0k B
Table 3 Optimal parameter selection based on Bayesian

optimization model

% # A4 0 H AL A HE
learning_rate (1X1076,1X10"%) 0.008652
depth (2,15) 8. 391
12_leal_reg 0,5) 0.08059
n_estimators (30,2000) 701.4
learning_rate (1X1076,1x102) 0.00753

T B R A BT O [A) PR 37 5T AR R 4R
WG LA A JEIE R BEAT T X 43 R 4 FIH T AR 1S 5
T RITPAR SR . FEOLLR T I, B T O R AF RO 2 L
LM BUXT B I SE R . S5 R L TERAR RAF IS 0L T L
R o 0 ]S TOLLR B ZE MG DL . R PIBTAITE 70 2O 4
T RENE T4 M Al AR OC BE R AE L AT 4R i EB 5. DIAM LR T
I 08 B3 B 1A 2 A5 A IR 0 A T 4 R Y 5 e, FE U R AR BT
AR f) o 22 B 0 T T A R 0 D0, 2% B B AR R AR 4
SER BRI T RAEAE,

A4 ARMES T EEPRETEAG B 1 M S5 R X L

Table 4 Results comparison of interactive state evaluation

algorithms in different scenarios

%)

% A Fl1 F
&R H 93.7 95.6 94. 6
o & B 85.8 86. 2 86.0
A 3 87.6 88.7 87.1
T 3 92. 4 94.2 93.3
M 90. 3 91.2 90. 2

ST TS B AE T B R 3k T £ 4 R AR Y
SR S R E AN BN AR [ R e N I NI I 7S
AT T X H L AL T R 2 RS A SR R T AT
N B 2 SR A PR Bk DL RO T R 2 RS A B
L o TR U S R W TR B 2o v ol v 1 B PO A
HIFER S . 45 R BIR, A K BO-CatBoost ik 75 I 5
WA Ry LA m AR, ghAh, — B3R AT N
B RMFRMEFRE AT NN L NS R, #
‘ID“L%Fﬁ?ﬁl‘ﬁﬂ’dfiﬁ%ﬂATE'Fﬁﬂ<JKﬁ%‘TED A SRR
oy R 2 A (s BR80T A5 A R AE AT v 3B T R TE R R
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Table 5 Comparison of classroom interaction evaluation results

among different algorithms

%)
WA G 5
W WA
1 3 7 9 10
EFEREHRATH 80. 4 78.2 83.2 79.2 75.8
HFAT A R AT 87.3 88.2 85.7 82.8 79.6
HETFREATHY
. . . .5 79.
. 82.8 86. 3 89.3 83.5 9.8
A H % 91.7 90. 1 92.9 93.6 88.5
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Fig. 10 Recognition effects of the proposed model in classroom

scenes
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Table 6 Changes in classroom interaction state over time

%)
B I EHFHE EHAK FEHAH
00:00 0.82 7 14
00:05 0.78 8 13
00:10 0.76 6 15
00:15 0.83 9 12
00:20 0.72 5 16
00:25 0.85 10 11
00:30 0.81 7 14
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