wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

CPViG-Net: EFRHEMBRAREESRNZERETHIRA
SIS, HeER, XUIE, SRiegn

5IAEX

SKIENS, FEER, XUUE, Riesn. CPViG-Net: BETEHEMRMTEESRINFEREZTARAI]. HENR
%, 2026, 53(2): 57-66.

ZHANG Haopeng, SHI Zheng, LIU Feng, SONG Wanru. CPViG-Net:Students’ Classroom Behavior
Recognition Based on Cross-stage Visual GraphConvolution [J]. Computer Science, 2026, 53(2): 57-
66.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
WilCount: —fER T RLRN 17 RIEERALBIRFIER

WiLCount:A Lightweight Crowd Counting Model for Wireless Perception Scenarios
HHEHEIE, 2025, 52(10): 317-327. https://doi.org/10.11896/jsjkx.240800060

BETFEREFRETHEResNetlEF KB REIKE G HER

Image Classification Model for Waste Household Appliance Recycling Based on Multi-scaleDepthwise
Separable ResNet

HEHEIE, 2025, 52(6A): 240500057-7. https://doi.org/10.11896/jsjkx.240500057

BEML: —MEMBERRZ=ARTNESZEIDITER
BEML:A Blended Learning Analysis Paradigm for Hidden Space Representation of Commodities
HEHEE, 2024, 51(11A): 240300150-6. https://doi.org/10.11896/jsjkx.240300150

ETASBERENREREEHIERREET

Road Crack Detection Based on Separable Convolution and Wave Transform Fusion

HEHNRIE, 2024, 51(11A): 240100141-9. https://doi.org/10.11896/jsjkx.240100141

BRHE T ERARA: RRHLZE

Computational Perception Technologies in Intelligent Education:Systematic Review

HENRIE, 2024, 51(10): 10-16. https://doi.org/10.11896/jsjkx.240400112


https://www.jsjkx.com/CN/10.11896/jsjkx.250500100
https://www.jsjkx.com/EN/10.11896/jsjkx.250500100
https://www.jsjkx.com/CN/10.11896/jsjkx.240800060
https://doi.org/10.11896/jsjkx.240800060
https://www.jsjkx.com/CN/10.11896/jsjkx.240500057
https://doi.org/10.11896/jsjkx.240500057
https://www.jsjkx.com/CN/10.11896/jsjkx.240300150
https://doi.org/10.11896/jsjkx.240300150
https://www.jsjkx.com/CN/10.11896/jsjkx.240100141
https://doi.org/10.11896/jsjkx.240100141
https://www.jsjkx.com/CN/10.11896/jsjkx.240400112
https://doi.org/10.11896/jsjkx.240400112

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 250500100

CPViG-Net: E TR EMBEA R BEERHNEEIREITAIR

SKIEME' M # X & REEE’

IR A¥EFESERETAR¥K ® 210023

2HEAMBRFHERFSHAFER ®E 210023
(1224014629@njupt. edu. cn)

i E MAXRFELARANBR "G AFHR LT "RLE, RERFAF PN L@ EFHGE Lok, L P F AL
HABREGESFLLFREFT S RGLE, ANAEZREAR B P ALEGFATASH BEALAFR TR ETF A,
RE—FEHIXLEHBEATAERER GERALALREARBETHZAFTARNFE, ZHEEANZEBAFEN T E AL EE
R,@THENTEAEBRNERNE G SHEERED , AET AHIF R AT EERER(PMG 5 B 335 Y B a4 (CPF) &
P, FF,PMG A 3@ it $N X KA B AR R AT H ) 4FAE £ F 5k K 89 AR R AZ &, B M A A b AR R B IR X KR 48 7] AL
HREEERPE, LS TRETS BERGKEERL L0+ 45 CPF B3 AN ik 4 B T MAF R4 4, ot i@ C2f 4%
BB BEBAH , FIN S BB IERR S AT 3G R AL A 2 RE B ARG IR A A A, Sbsh AR A aE A A AR K fE R AL, 42 3
A3 R R 338 6 R AL Bk, BN TR 4 4E SCB03-S £, CPVIG-Net ¥ mAP@50 53] 70. 9% . &2 A BRI 2 A7 2 5
BESNMAFHBEELAFTHEN GREVEAZALEREFRTFATARINBDIEGE 2 P T AL B BIFORREFRREG
LK,

KBER . FAETARIMTAER; $ REBAFRAN B RETH B LR

FESES TP391

CPViG-Net: Students’ Classroom Behavior Recognition Based on Cross-stage Visual Graph
Convolution
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1 School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 School of Educational Science and Technology.Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract With the evolution of educational paradigms from “human-computer collaboration” to “human-intelligence collaborative
co-education”, the intelligent evaluation of teaching is also facing new requirements and challenges. In recent years,the task that
takes student behavior as the starting point has gained widespread attention. Aiming at the challenges of diverse student beha-
viors, heavy occlusions and severe background interference in real classroom environments,a cross-stage partial vision graph net-
work(CPViG-Net) is proposed to enhance the accuracy of student behavior detection in complex classroom settings. Based on
a classic object detection framework,the model integrates the dynamic feature modeling ability of the vision GNN and constructs
the partial max-relative graph convolution (PMG) module and the cross-stage partial fusion (CPF) module. The PMG module
captures the neighborhood information with the greatest feature differences between nodes by embedding maximum relative graph
convolution, thereby specifically addressing the issue of information loss caused by local occlusions. It also incorporates depthwise
separable convolution to reduce the computational cost of the graph convolution algorithm. The CPF module reconstructs the fea-
ture structure using fully connected layers and leverages the cross-stage connection mechanism of the C2f module to achieve
multi-level feature fusion,thereby enhancing the ability of the model to recognize small-scale objects. In addition, the model propo-
ses optimization strategies for different datasets through the optimization of nearest neighbor K values. On the public dataset
SCB03-S,the mAP@ 50 of CPViG-Net reaches 70. 9% , which is a 2 percentage points improvement over the baseline model.
Experiments on multiple publicly available datasets demonstrate that the model exhibits good performance and high robustness in
addressing the various challenges of student behavior recognition in real classroom scenarios.

Keywords Student behavior, Max-relative graph convolution. Multi-scale object recognition,Occlusion,Depthwise separable con-

volution
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Table 1 Results of comparative experiments
Dataset Algorithm mAP@50  GFLOPs Param
Yolo v5 0.683 7.1 2.5%108
Yolo v8(baseline) 0.689 8.1 3.0x108
Yolo v8-FasterNet 0.687 10.7 4.1x108
SCBOLS Yolo v8-StarNet 0. 647 6.9 2.5x108
Yolo v10 0.671 6.5 2.3%108
Yolo v11 0. 643 6.3 2.5%108
Yolo v12 0.678 5.8 2.5%108
CPViG-Net(K=11) 0.709 10. 6 4.0x108
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Table 2 Results of ablation experiments
MRConv ) l’iril\jf;gc) ( ﬁrsfi:’agc) (othfc)llf\{‘(t;agc) mAP@50 GFLOPs Param GPU_Mem/GB
0.689 8.1 3.0X10° 2.54
Ni 0.695 14.5 5.7X108 63.55
N N 0.701 10.7 4.1X 106 33.67
N N, 0. 689 13.3 5.1 108 11.70
/ N 0.705 10.6 1.0X 106 9. 60

WEEH 2 "Ml

DA F I e 4, BAR H H2 0 F| MRConv 42 BURE AF 7]
LUK mAP {32 = 0. 6 /4N 43 5 (B2 280 A A7 & 2R
WK S A7 & L BRI batchsize U 4 S HLT
WA & A 63. 55 GB, % batchsize W 16, B 77 5 ¥ &K T
96 GB, i P ik L.20 (9 ] Yl 2535 . X F 3 4 A7 Sy 1 50 ok
W, AR AN k.

2)51 A PMG # B 5 CPF B B, 78 55 — %1 55 10U [ Bt
(Stage) ¥l PMG #ik 5 CPF BLH 5 & 1 7 U ER BURHE
mAP B EM &R 12 A E 0 M T E M MR-
Conv., i F7 5 FHB/NEZE 50 % , X — 25 R B UE T PMG BRI
CPF B A 2t . 28T, W AE & A A T 58 & K F R
T A A,

3R A SCHE W B AL U L TE 2) (i BEE OK A — B B
B RRAE 3R By 3l o C20, B 45 K ) 7 4F B S ] PMG &b
S = B Bl PMG BB 5 CPF A B 4
B P BURRAE , T3 2 1Y mAP (X L B AE MR 1.6 ~H
g 8, B AE 5 AR ] MRConv Jri519 1/6,

DN T HE CPF BB A7 78 1Y 0 ZE 1, SC 56 M Bk T CPF
P, 354 PMG By HE B B0 1, %% 1 CPVIG-Net, #E
IR T K, H 28 & M GFLOPs 4> % |k 1.1 X 10° 1
2.7GB,

PRSI 754> F2 W T CPVIG-Net BB 76 4§ 4 47 7 51
Y5 T WA A0 B HCAF A U008 2 I oK L R R R A
B AL R BB Re AL SR T R R
4.5 BEKHKEK

TE I AL HE 3 AR e, PMG A58 B i HH A% 000 S R AE 4 B Sy
n [RFAE 1] 5, T CPF 58 09 5 AL ik 2088 3 R 454 o0
H X W RHAE 8], 3 3% e 0 5 B AR AF . 349 o 24X
BB R 0 (4 R 4 RN HXW 4 5 =
T 1Y) 2 (R I 4 0GR 5 1 L A, B R LA I A S ) R AR
S ESTRME T B R P R AT . g e i, A
SCHEH T X AR K Rk, A K B AE 1L, T3 PMG
MY I 3 SCAF B, 8/ T A B R R B SRR O T

SCB03-S 5 SCB03-U L #EA7 Ik, &5 SR an 3% 3 fn 3k 4 fir 4,

# 3 SCB03-S #¥ls 4 I K a4k 45

Table 3 Results of K-value optimization on SCB03-S

Dataset K mAP@50 GFLOPs Param
7 0.693 10. 6 4.0Xx106

9 0.705 10. 6 4,010

10 0.702 10. 6 4.0 108

SCBOAS 11 0.709 10. 6 4.0X 10‘f
12 0.690 10. 6 4.0 108

13 0.698 10. 6 4.0x108

9,10,11 0.699 10. 6 4.0% 106

11,10,9 0.689 10. 6 4.0 108

# 4 SCB03-U #ildE I K AL
Table 4 Results of K-value optimization on SCB03-U

Dataset K mAP@50 GFLOPs Param
4 0.923 10. 6 4.0 108

5 0.934 10. 6 4.0x108

6 0.942 10.6 4.0Xx106

SCBOAU 7 0.936 10. 6 4.0 108
8 0.934 10. 6 4.0%x108

9 0. 856 10. 6 4.0Xx106

5.6,7 0.938 10. 6 4.0 108

7.6,5 0.938 10.6 4.0%108

MR 3MFE 45,2 KEFEAIESKENR
AR, SRR B KA B T AT AT Y B 3T AT
JE T AR, BAR K (E YRS R S BT B s R ARk
TR A5 H IR S A M M 24 2 s E A 2 45 . 5
RN — R K H5EUF BN RGEELE LR, X
F SCB03-S. 24 K M 7 # KF| 11 B, mAP {8 7% i # K; 4
K=12 i ,mAP {HFESR T Fe . 1% T SCB03-U. 24 K M 4
KE 6 Bf mAP {HE LT Y K=7 B, mAP & #i F .
B Gl L R ARAEAE— AT RER) K EE B TR AT 55 .

XF SCB03-S Hil SCB03-U £ #1 £& (4 #5443 11 4 11 W7
T SR AR /N A PR AL A AR R B AR L AT R TR SR A LR
AR SR N ER B, PMG R
LT SR IR E R DR 5 AR T S A R K2
Fo MO G BB AT R IR R A BRI K (BT



64

PRI Vol. 53, No. 2, Feb. 2026

Com puter Science

LS Bl 04 2 2] BB Ok S8 45 AR AE . Bl 4, SCBO3-S 4
PP K W 7~11 B HERRS K H2 FMHE, A2
BEA KB BFEEL0E O, A0 3 35 b R s | MR R % B 2 Y
5B 5 SR 2 3 SRR AR 547 R R AR 1) 22 50 2%
A AT AR IR (9 22 5, S BUR RIS i 24 ) 5 R A5 L MR SR
ETRE. M K=12 8F, & 50 fF B i gl A, 15 8 A %
SCBO03-S KR FIMER 4 K=11 I TR 1.9 AT 45 &L 53k
T K ffid K2 5 SOBm R 0 v fe 2 .

13210056:pn¢)
1 1

hand-ihand-raising
hana-rausing” >

I 5
Fig. 5
M 5 HA] PLF B, CPViG-Net % hand-rising, reading
A writing (1 HAREA — & B9IR B 68 01 . KB4 B AR &R g HE &
FEARTE T AE L2 S 5 B AR A TR R 20 A T HE T RE A 5E A K HME
Wi & B bR AW s B0 b dn 8 4 26 TR AR i AE L S 5 A
WP EAME . EHEG R SR MBRET TR
2, W4T S SR R AR A0 5 B A AT A TR, X R
HabridE T hand-rising, BEHIH 5T AR B AETE AL B g —
BEXGH S B AT 52 4 R IR TR VA DA A7 1%
6, A PR ST LAY RE I 2R T
B JE . 3t 75 5T Yolo v8 4T L, SCBO3-S
U 5 5l N B R AL TN 2 A A B R I YR, AR Y
BTN NG —, T AE S F R S & A, A
T HRH BB R ) Y I 8 AR ok A M AL RS A B BT IR
Ji. WEE RN 6 FiR .

0 622
585
600 547 562
500
400
00 a5
200
100
0
hand-raising reading writing
¥ Yolo v8 1 CPViG-Net
EICN=N >
Bl6 R IAX

Fig. 6 Comparison of background interference

P 6 i RO AU R E A 7 5 R HIO8 hand-rising.,

3008094.pnghan
Cral

SCB03-U Mg 45 M FEENAE T F iR M. Tk
Oy AR AT N AR B, N L 24 K =6 B, 455 00 o Ty 3Rk £
e RAE R R — A IE T 48 K (53 SR iR A 36 i
WM,
4.6 SCBO3-STAIMULEREE=HMAH

R T UG AE A SRR AL U S T BT — s A A B
%t K=11 i) CPViG-Net ) A Y04k 245 R b 47434, T AL 45
R 5 frR,

d-raisina

Isha

CPViG-Net 7£ SCB03-S | iy 1] ¥l fk 45 3
Visualization results of CPViG-Net on SCB03-S

reading fll writing I AEAR > E L., HE 6 115, HE T
Yolo v8,CPViG-Net 7£ I3k 3 J&i% #)3 5 op J2 30 i1 & 3 1
FRM RS I FEAR 12%.3. 9% A 25. 7%, Ju H A hand-
risingfl writing FYIRFIIH LRURE B, A FRIRESSH
SRAIG Sk Bh A A7 76 W05 A 8L o PR 0 122 288 331 g 30 475 T 1 e K
Pedk ., BEDME Q. CPVIG-Net ZE2 5 FRRHE B E T
R FE4r B UE T HE QAL B 2% 75 570 T 1 5 R 1 e
4.7 it

T 3k — 2 AR CPViG-Net B2 1k ¥ . 18 25 JF 503 46
VisDrone2019%% -, 44 1 5 24 57 90 N 14 2 A~ sl 3k B A K )
BT T X S8 40 Faster R-CNNM, YOLOX®,
RTDETR!M ,D-Finel'"', Yolo v10, Yolo v11 #1 Yolo v12, X}
g5 Rk 5 i .

F 5 VisDrone2019 |- {72 {1 5 5 55 21
Table 5 Results of generalization experiments on VisDrone2019

Algorithm mAP@50 GFLOPs Param
Yolo v8(baseline) 0.259 8.1 3.000X 106
Faster R-CNN 0.329 208 4.139X 107
YOLOX-Tiny 0.278 7.58 5.000X10°
RTDETR 0.333 60 2.000% 107
D-Fine-N 0. 334 7.13 3.730%106
Yolo v10 0.261 6.5 2.300X10°
Yolo v11 0.258 6.3 2.500%106
Yolo v12 0. 259 5.8 2.500%106
CPViG-Net 0. 344 10.6 4.000X10°

5 A LLE L BT Yolo &1 5 1, CPVIG-
Net 78 P34l 0 3454 14 55 /1y B b i J BL T 5 006 8 ) 44 e
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