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Recognition and Analysis of Teaching Behavior Based on Multi-scale GCN

LI Jia’nan',LI Ruiyi' , ZHAO Zhifu* , SONG Juan', HAN Jialong' and ZHU Tong®
1 School of Computer and Technology, Xidian University,Xi’an 710071, China
2 School of Artificial Intelligence, Xidian University,Xi’an 710071 ,China

3 Academy of Advanced Interdisciplinary Research, Xidian University,Xi’an 710071, China

Abstract In the field of education,classroom teaching evaluation stands as a pivotal element in enhancing teaching quality. With
the widespread adoption of digital education, the quest for an intelligent evaluation method becomes increasingly crucial. There-
fore, this paper proposes a novel method based on skeleton action recognition and lagged sequence analysis,aiming to more accu-
rately capture and analyze teachers’ teaching behaviors while reducing manpower consumption and diminishing the subjectivity of
teaching evaluations. Firstly,a multi-scale feature graph convolutional network is proposed and applied to analyze teacher class-
room behaviors. This network utilizes a multi-scale semantic feature fusion module to capture features at two scales, skeleton
points,and body parts,in the spatial dimension. In the temporal dimension,a multi-scale temporal feature extraction module is
employed to extract temporal features of skeleton data from both global and local perspectives. Subsequently,a dataset for analy-
zing teachers’ classroom behaviors is constructed,and the effectiveness of the proposed method is validated on this dataset. Final-
ly,leveraging the proposed skeleton action recognition model and lagged sequence analysis,a system for recognizing and analyzing
teaching behaviors is developed. The proposed method demonstrates significant advantages in classroom behavior recognition and
analysis when applied to various classroom teaching scenarios.

Keywords Teaching behavior analysis,Skeleton sequence, Digital education, Graph convolution, Action recognition
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T 5 P B 43 07k 2 — i T B 1) B0 B804 B
BoFEHTHRREEZ R BE R RS, EEE
25 BB B[] PP 30 43 A 5 B SR A b R R o L 3R R T U8R
7 ik 22 [A] B ¥R AN .

iE i FAF GSEQS. 0 X4 A W4T R e A AT B g it 5
O3 BT B 4 B A SR BE 8% AR A5 45 1 Bl 1 2 e 4
HIMIR 2 LA R ZEMH R . BRI R T AT Z G R
Ay — AT R B 2 (R AR BT AN AT O 22 ) A Y
M, A (z-score) FYHFRE T .

o 0

D

Z-score —




140

Com puter Science M2 Vol. 51,No. 10, Oct. 2024

o o R R 2 B8 AR, o RR BRI . N KRR K
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PEAEWATE T 60 Fah B, R 40 ZEEH . AR
NEE—ASE. B2 EEE SN 258 3 & Mi-
crosoft Kinect v2 AHHLIE B A0 M ) b 4. VEZ420E T
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LAY AT 40320 F1 16560 ASEEA,
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N BB B PE“COCO” , A — Wi £ $2 L 18 4> e 4 A A
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25 . ARG B £E Rl oy TR e B 80 6 B AR BUHE A S Il 2k
8,20 Y6 W BHE AR g AL L BRI Sl s vl n 2k 2 ),
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Table 2 Statistics of teacher action dataset
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Fk . NGSHOR E 598 - 3 i B F (momentum) 2 0. 9,
YR HCH 80, B I R AL & K/ ok 16, 4 R 2% 3] %
0. 05, F T B i (Weight Decay) & # H 0. 0004, %% > RAEH
10 A5 RIS 50 50 B FEARA BT 4R 2 2 0 10 %0 . B 4207 91 8L
Ak 85 ST-GCN R AR A ) 05 3, il 5 - 78 203 3o,
ASFEAS [ 5E 2 300 T,
4.3 EWHH
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A5 5 S 0 IR 22 RUBE T SCRRAE Al A A AN 22 RO B
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Fig. 6 Skeleton point division
7E NTU-RGB+D 60 ¥4 4 b i) 5286 25 R 3k 3 pral.
MR PR LUE B S ] B S I 45 F ik A T 2 ROEE IS SCFR
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Table 3 Accuracy of MS-SFF module

%

ESATE S & # N HE B LN £
ST-GCNL25] 81.5 84.7
2s-AGCNL26] 85.8 87.6
CTR-GCNL!22) 89. 6 89.8
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2) 2 RUBE W) P AR AIE £ A5 AR B
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AH LU B o 1 4, AR TR R I TR T IR BB U R
507 I BRI AERR RN T 90, 2%, K LL L E R 45 3T T
0.6% . ZETCEEIN A5 26 T 43 3 A 42 J) 43 3 I )3 R AE 1Y
[Fi) B 2 T, T AR T ] 45 B R 6% 51 st 6 B ST A 1 B
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WER SRR F) T e 19 90. 6%, LLEEMEM KA T 1. 0% . =
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BN T IR TERE
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Table 4  Accuracy of DTK

(%)

nE N
oAk R % CTR-GCNI22) 89.6
ERETER +DTK(3) 90. 1
o m‘%%w FDTK(5) 90. 2
+DTK(7) 90. 2
+MS-DTK(3,5) 90. 4
ZRETEK FMS-DTK(3,7) 90. 6
it 18] & AR A% +MS-DTK(5.7) 90.3
+MS-DTK(3.,5,7) 90. 3

ok 1 22 A o 0 S 58 v A 3 A D 4% e i T G b A 3R AT
iR B LT ST-GCN il 2s-AGCN, Al B 22 R i
JFARRAE FEASERE B ik A B ) 5 AR (5 4, 7,10 2, 3 A3k
[R8] £ FR A5 T80 25 Fg JRE AR — 3, GON BB Fl TON A e {5 88 1
Do D 2 (g A0 3R T . (E AR R L 7E ST-GCN Hl 2s-AGCN
L RETEEESEREAGRERN 3.5.7. X ERH
ST-GCN Hl 2s-AGCN 1 fif [] 45 BB e BT il FH 09 45 B A% R/
9. THEEHRAFE 5 A, AR P LLE L E A 2 RE
A 7 4R E A AR B 22 T, i oA 0 4% 1 TR0 ok B SR 3 TR T
X VR 2o RUBE B 3 R IF A A e mT AR Ay R4 DR 1 A5 e it
B At B AT SR PRI TR 2 v, DT 2 S E A 4 B R AR
B g

5 I H R % ST B B MR R

Table 5 Accuracy of different benchmark network experiments
%)
. A ES
E-AES -
& #H AN MS-DTK # N MS-DTK
ST-GCNC2] 81.5 84.7
25-AGCNL?0 85. 8 87.3

4.3.2 Hhutokadk

H TR 2 RO ARE B B TR M 25 78 NTU-RGB+D 60 %
A F A vERE A 1l 2 RS 10 SR 4 2 RO AT B
TR 28 5 M 5T B9 SE 2 0y e b AT xh b, SEgm A ANk 6 i,
W] DUE A SO 4 Y J7 5 7E NTU-RGB+D 60 %
P LA RIIEA AR T BT SE# K. 5 HD-GCN f
Fb s FH T AR SCR P 0 2 DU A SR W ME A % 8 T 2-ensemble
H ks M H 6-ensemble ik, AR U EE R D SR B X
T LUk B 5 22 3 T 0 R

# 6 7E NTU-RGB+D 60 I 55875 13 i 1 R X

Table 6 Accuracy comparison with advanced methods on
NTU-RGB+D 60

%)

VS S Ccs cv

MST-GCNL27] 2021 91.6 96. 6
CTR-GCN!22! 2021 92. 4 96. 8
EfficientGCN-B4[28] 2022 91.7 95.7
HD-GCN(2-ensemble) 129 2023 92. 4 96.6
HD-GCN(6-ensemble)[29] 2023 93. 4 97.2
Ours — 92.8 96. 8

4.3.3 HFEFAHBFELE LG EBRER
TEH A HCAT A EURAE L Si s g5 R sk 7 fir s, T LA
AR SCHR AT S TR AR B A N R B AT O B 4 L
CARB THREMNAERE, R, % 85 H T /A shEZ
B YR A L T LU R T R AR P L BB (2 AR T
T H R LR L AT S R AR AL R A TR AR R AR B AR
N RS R 7 15, 0 R 40030 b 1) 2800 38 2 A7 A AT IR 5
it
KT BT MBS B S AR
Table 7 Experiment result on teaching action dataset
%
ok A S
SREFMEABELERR % 99.2

8 AT UM Y A A R

Table 8 Accuracy of teaching action recognition

%

R e E
BHAH 97.2
B E PR E T 100. 0
BF e & 100. 0

# 1k 100. 0

4.3.4 WERINGH EFERER

MR 3.1 19 Pk 28 1 B4 AT Ll o 22 R R AIF A 1A
2 TR I 2% S 5L s AT rP (9 00 AT O HEAT G A, [ 1 (R] 1] R
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Table 9 Action conversion frequency
A B C D Total
A 7 5 1 0 13
B 1 1 4 1 7
C 2 1 9 3 15
D 3 0 2 2 7
Total 13 7 16 6 42
F 10 sREMH
Table 10 Residual values
A B C D
A 2.15 2.54 —2.72 —1.77
B 1.04 0.19 1.14 0.00
C —1.84 —1.30 2.18 0.79
D 0.75 —1.30 —0.57 1.18
2.15
2.54
L ¥ |
2.18n
7 A7 A e
Fig. 7 Action pattern transition diagram
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