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Improved YOLOI11 algorithm for student classroom behavior detection

Cao Qian' Cao Yi* Qian Chengshan'”
(1. School of Automation, Nanjing University of Information Science and Technology,Nanjing 210044, China;

2. School of Internet of Things Engineering, Wuxi University, Wuxi 214105, China)

Abstract: In response to the issues of complex details loss, insufficient multi-scale perception, low computational
efficiency, and low detection accuracy in YOLOI1 for classroom behavior detection, an improved ATDW-YOLO
algorithm is proposed. Firstly, an Adaptive Polarized Feature Fusion module is constructed in the neck network to im-
prove feature semantic fusion capabilities and better capture complex details. Secondly, a task dynamic align detection
head module is designed to enhance the model’s recognition ability across multi-scale targets. Subsequently, a dynamic
group convolution shuffle transformer module is introduced into the back-bone network to improve feature
representation and achieve network lightweight. Finally, the Wise-IoU function replaces the CloU loss function to
improve the bounding box fitting capability and detection accuracy. Experimental results demonstrate that compared to
the YOLO11n model, ATDW-YOLO improves mAP0. 5 and mAPO0. 5:0. 95 by 3. 1% and 4. 0%, respectively, while
reducing model parameters, computational complexity, and model size by 21. 6%, 7.4%, and 20. 6% , respectively,
significantly enhancing detection accuracy and achieving model lightweight.
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B AT ST AL i 40 358 1) o6 B 4 R 22— o B A I B AR
FERAEAT o W I R A4 107 P 3% 47 B CR #F BRI g )
B, HAr, BEAME R EZES IR RKE. ZH B
(two-stage) #& I B 1: Fl— B Bt (one-stage) K& s, B
BRI 35 , i R-CNN, Faster R-CNN, DL H: 2508 B8 3k 45
R . B, Zhou PR CNN-10 53k B h A6 T 26
F ST PEE 2 R IR AT ERRIL B T 97.92%;
Zhang 2" Y Y SlowFast(3D CNND 2 T T4 7 Fh
HOOLMRAEAT N MERR R 75,67 % SR IX B vk A K
RIE W E R TR T W B BOE AL, BRSSO B
A VIO SORAR L M DA S BRI A I R IR BR R oK . 5
ZAHEL, — B B I, 4 YOLO M1 SSD, B A 5 & B i
RS B AR 4 3R 02 2 B 5 5 S B . A B AT
Bk SSD 5k FH A 5 Fh2E A 4T R U T 95. 4%
S BPRG B  [) A4S R g A RE A% Ak BT 20 i PRI 1R 5 1B BK ST
SRS YOLOv3 835 K6 D IE 5 1 5o T AL 0 F 2% 4R 57
AT . mAP 5 B 94. 9%, H & 2 N & 20 I
Pan %" 3 F YOLOvS fE4L4E 1) G-ODNet 535 T2
A SEEAT IR A mAP HEE E 94. 6%, 8] B AR R K /N
4% 7 MB; Wang %" 42 11 T 3 T YOLOvS Bl 1
SBD-Net 5.3 , BE#E A I 7 Fh %478, mAP iK% 82. 4%,
BitHEAENR 9.8 G, BT M ER L, — B Bt %
T 0 558 780 A K BE A [ s, S R T T B R IR A T A
ELA T 8 T

25 BT . YOLO R4 H b3 A i 553k 78 2R A 47 o 1
AR T MM, YOLOL1 /E8 YOLO &3 i)
BB A 78 Z B MUAS B BE At B b 4T T et . SR & xR
B A AT R IAE %5, YOLO11 3R FEAE — S8 R 2, i
AN B FER 2 REBMEE AR B RCR AR LA KA
WA B ARAE A, RGBS 3+ YOLO11 Bikak AT
TR, B 7 B T AR U R IR B R A0l A b AR e AR Bk
. EETTEEE.

1 &% YOLO11 w C3k2 # He k5 4E Gil-A A 78 43 19 )
U AT H & AR AL SRR Bl A (adaptive polarized feature
fusion, APFF)A5S , AMEH T B A5 AR E, A 18 5 H 5 f
L N 4% B R A TR [ X3 G B AR B . DT B A
PERELA B SUE R WA B 2 R N Al R R R R,

2) Fffde YOLOLL & 3k Xt 22 ROEE H br b #UAS 4E
SEOUAR L5 5 BA R MYV, £ i i T 5 2h &
X FFHE I Sk (task dynamic align detection head, TDADH)
B, ARBEHRL S 7R3 A I Sk 1 22 ROBE IR 1 $E T ARG
WSk A8 58 LA 24T 55 R MERE .

3) BFXT YOLO11 76 AL 3155 43 B 5 R A1 B B 3 B4R
FEAR B TR, 51 A 3l 25 4 41 46 FUR Uk % # (dynamic group
convolution ahuffle transformer, DGCSTM") # e, % #&
He4E 4 ShuffleNet v2H* fil Vision Transformer™ [ 45 3,
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1 ETF YOLOI11 ¥i#HiRETAENE ®

FE YOLO11 HEZR A FERE I AR SO T — Rl et i 2
RAT KA T ATDW-YOLO, %A T 75 45 31 25 A6 I kG
FEMFER S TR, B 1 B8 T ATDW-YOLO
HEE TR (4 B, o 20 £ jf SR AE R B I k1 4y
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Fig. 1 Network structure of ATDW-YOLO

ATDW-YOLO R il e ik 2R AR LT 4 U5
HSE BT APFF B, DUHE 3R [R RAE 2 (8] 3 UM 2 W
G BE T DDA AR B R R R R R . R
7 TDADH #E8e, L& i #6 T 3k 19 22 RRE I A dg 07, 3%
75 T e 1 G U A 88 RS0, DTG 2 A Sk A 8 L A 43 26
55 BRyPERE. SRS B 5] A DGCST #idk , #2 FHFIE &
AN BERAE B R L IR W A ROR, S W 4 g =
fb. Hea R Wise-ToU sREUE A GE B K s % CloU L fff
AR I Sk SHe JBA [ 5 S0 119 S HE L 52 2 A5 8 08 A G
1.1 APFF #3igit

ARSCHE T — B B & WA AR R AE Rl —— APFF A%
e, B 10 S AU R AE Bl S R0 B AR AR A Y 18 3SR A
WilE 2 s . APFF BLHuilif 1< 1 5 ifE % 1 (standard
convolution, SC) Fl 3 Z& # 1 (low-parameter dynamic
convolution, LDConv™" ™) H BRI& 11+, fiff (99 £ 76 45 AiF il A ok
T RE A2 IR AR R [R] DX 1 S SR M B L SR TH AR T3k 1 R E M
[FI B, A He il AT %Ak B T 2 AL (polarized self-
attention, PSAY™), LI B 4 B AR W R MR B E KL
s ALY X B Ar 4 ks BE AR AR i B2 Be ) . %, APFF
BEHGE 1K LDConv SC 1 PSA 5 HLl A, 3 R 5 250346 1
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¥ Fig. 3 LDConv structure
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Fig. 2 APFF structure

1) LDConv % #4514 1

IR BAT BT S5 P OGRS b IR 22 5 DA R
WP 2 FECEARRIE R AL AUE A SC A R JRR,
56 . SC FEH PR 4IRL & H b5 4075 J7 T 68 1 8 2 L 45 00 2 T
PSR B AR LR Az B R L R A B L 45 5 R B0
W B E BN . HOR L SC B = %t H AR 48 4k 10 3% 1 g
71, TS B R R R FEALE , N BEAR T B A% 2 L
B4 A A S B TR A A KU

BEXT 22 LR AT S A 4 s B R o5 DL bR HE S AR B R PR
PE. A CF| A LDConv, LDConv REMEHE I i A B2 04 45 P
SNV R Z B AR R RT3 2 1) R s SRS i M i R B
P B AR BE A5 O 3@ L B AR 09 067 A8 Ak, DT 4 T AR 7Y
Yo AR AIE ] v G BE IX I ) BB 1. LDConv S5 A8 Q& 3 fir
N SEMER PR —BBAZAR, LDConv i i 2 & H
GENITBREE RSB, LAEL i AR A
fiE o DT 2K 45 B 5 (19 REAF R 58 J1. L 4h, LDConv F1| H
SE Block i+ H AR MER I E ., BN F . SE Block
T A 4 R ST Y Ak 4 4 R A TR B A 28 o A
Eopus sy | I LG B U B = O R (1 1 AN =i s 3|
Softmax £ B b DL A — b E B IE ~, . FAE
w0, SRR E A BB Cono, HEAT) AR IF INALR A1,
B RAMIHB L LDConv, 3% Fh % i1 A 2 7 T 8558
X B AR 40 1438 N BE 1 AR R AR 22 B 1 RS BE T

2) fA PSA &N

TE22 A PRAEAT R AT 55 b o ol T 4845 Sk T oz R ] 2
Az BT A T TG o B 6 v Rk . Dy SR RS v Y B
B ZE A T Wl 0 35 57 T, A SCHR OB PSA ik A B
M, PSA HETE [ R D A ) [ R 4 4 AL
K4 s, HART S . 760 18 48 BT 1, PSA {5 55 J5 4R 45 1F

) — 2 4k BT s A 25 ) 4k B B PSA DI 5 JEBR R 1F 11 58 3%
M, X—WIPA WA S A R T RS
ST PREE WD T R R AR B T IS TR T A b 2R AR
T E AR 1 0007 47 AE 5 £ TH N A 1

WEH PSA 8548 iR g AFFAE X (CXH XW)HH,C
FERNFHIE B JE B0 H 3 OR FRAE Y 5 B, W R OR RRAE 1Y =
. sSEg b EE A E RE I A 1 X1 BRBEER R A
FRAE X 563 M ARAEQ MV, WG, Eat &Rkl 0 e
[ 4E B4R R 1X 1,00 V g 2s [ 4E AR R0 HXW, i T
O 1Y 23 8] 4 B B F 45 .38 i Soltmax AR HAS EIF 5
K A7 5 e A 3R, P08 2k ROSF A2 40 FI Sigmoid BREICKE R A
EHHE—ZE o~1EHE"Y, SERATE NS, %
B FA 1K1 BB ARE X #4000 M v, 2 Q
143 T 9% 50 42 R 46 . VIR T 4 B R g o ROk g — 2,
FET WAL g I BEiE , # 3 Softmax bR AT G 58 Q MY ERAF 5
B.H5VHITERERE, &5 8T 11X ERM2H—
AL 3R A2 T 0 4 L I8 Sigmoid BEBOKE B AE (509 —
TBZE 0~1, XFPAEH & 117 R0 5, T A5 R X 4R AE 1B o ok
AT BRI RE ), W R T AT O RN A v AR A
1.2 TDADH #3Ri% it

YOLO11 JA By R 3k 76 22 RO H Ax Ab 38 5 18 £ 7%
—E WY JR R . A% A B R T 45 4 AN DA R ALE T A — A
FUBE AT Y00 o 22 W6 1 oAt ROBE AR A A DTk, 22 B E s e
WK N B . RIS AR 55 43 S S 3 X3 1Y — i B R —
A IXT W B SEBE K ITEITTR N R, £ 5
BB EA HARFIE R A ERIR R . Bboh, shah, & sk
B g R TR 40 28 5 8 AT 55 58 24 B L B 2 AT 55 ALY 32
[ RE S B S L, E— AL AR T TR .

B3t B A, A SCHE T TDADH #ide, HBif
FULT B8 . ', 5] A4 H — 4k (group
normalization, GN") {8 % BN, i i 38 18 45 5 #1715 —
Ak T B 0 A7 SR, E DN SRR 4 W rh RILTE AR € . GN 1)
FIARART T 2 KRB BOAAE J1 , iR G 58 T 4% 5t (L AR A 42
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WU ROR AT B 35 T 2 RE Mg . ok, et =
BRI Sk S5 4 8 A 1 XA ST R O S S R
T H TN AR A 3k, B D T BB R T
EITTA. BIG.ME% TOOD™ By %13 &, A SCal 5 i
AR RISk b T AT 55 X 5T A A L ARG I Sk BE A% 1 A
TE SR BUAR M 242 B2 b 22 ) AT 45 58 BRI, 3450 T 4T
% Z [ 22 B A

e ARSI A, TDADH #8560 $5 4T 45 58 HRRAF 42 5L
RS PF B (TAP) A2 ROER DI 3% 3 565, HE5
WE S Fis., B, @i mANEEmN 3X3 BB 3 SR
FRUBE B RRAIE T 10547 R AE 4 B, 5 3 T A R R RO
FEOE PR AR BT 55 S HARAE . AR5, S L ARAE T TAP
R HLHR it Ry 43 2R AF 0 8 AL R A . b, 8 37 43 3 OR H AT
A8 %5 F1 (deformable convnets version 2, DCNv2"') 47
FE AT RRAE b 3, 338 4 58 TRRAE 2 i DCNw2 B i 14 B it
(offset) FNHE B (mask) , DL 38 58 X+ H br 2 A B9 1E M g 1 F
SERE BE s 20243 M5 % DyHead B804S AR il 3 &2 |
FRAE LR N3 MRS I 5 43 SRR AH 3 52 B 43 2 X 5 AT
S AR AR R R L 3R Ak 4 28 5 8 AT 55 1 58 L g

B Ja o SRy R A S Ay bR R BE R — B0 ) B A
Scale JZ X 457 5 it HEAT ROEE JRHE L F— 25 4 5 22 RO R
REST. K TDADH B8 # YOLO11 A A6 il Sk 42
BRI T i i 1 B R T T 2 RO IR RE
T 5522 ARG 7, NI E 4325 5 @ AR 55 345 T 3 = i
G WA 32 R B O 0 e A i
1.3 DGCST ##Ri%it

YOLO11 ETMETE T R F Ak B v, 45 5 5 3
A s v 2 UCRRAE T 4 43 9 5%k 3 AT DT 51 R R AE 1R B
T I HR AR R 4 /I B AR S A0 T 3w B b s 5 i A 0
BOR AR — A8, AR SCS] AT DGCST Fisk, £ &
T M4 SPPF JZHTAY C2f B, LUHE FH 4R AE (&1 5 AR 7Y

DGCST #5 He 3 i 1] 85 1 45 49 % 11 % ShuffleNet v2
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Fig.5 TDADH structure

H1 Vision Transformer B0 s34 45 &, B %6, BTG A
ShuffleNet v2 /) i i 4 4 % FL (group convolution,
GConv) , X4 A FFAE B HEAT 23 21 B FRUERAE A 20D 2 51
RIS A A B 38 5 38 3 TR Uk (channel shuffle) $EA 1Y
SR 5 T 1R R S BE 7 o AT TE DR 3 R AR 18] 43 BE 320 [
RS FHERIREE S . X — BT T T R AN AL 2 B0
HiEfE Bk . HK, 454 Vision Transformer % i &
R DGCST R REAE 4 4L 42 Jm) 15 8 S 4 b B4 e 46 1iE ] o
AN TR Y DG ERPE L SR THRRIE 3R 8 09 = 8 M A HE R 1

DGCST HBLHR i &5 el 6 i, HE AR B R
ANERE B 8 S o — A 1 X1 5 )2 8 % 8 5, I %
3 1Y LHI RIS PER 43 . — 43 (75 20) {R B TR 4R AR AE
I3 — 453 (25 Y03 ik 3} 3 4321 A5 FURD G 18 TR Ve 454, LAY
IRAREIR G MEFRIKGE ST, BEJT . B PR O R AE B AT B
23 0 A B BRI B W 4% (ConvEFFN) ., ConvFFN {8 %
Vision Transformer AJBETTEE S, AN IEZE I 1 X1 B
2 5E SR AE B A RS 45, 913 2 58 22 7% #2 (skip connection)
H B A FRAE 55 40 3 S A REAE AH D S SR RRAE R IE B8 T, IR B
PRI R B AR R e Tk

S i 425245 B 3 38U VR HE R FIBL 3 Transformer 8
RIEE 5 DGCST BEHAE W35 42 THRF iF 32 2K ot 19 [a] i 552
BT W4 B iR A B A R TR MR T R
1.4 Wise-IoU # 5% & #

YOLO11 # 8 i [l DFL Loss 1 CloU Loss 1E b 1 fE
51 45 2% bR K. DFL 451 2% pR ZCHS 1 A6z 00 190 24 B e 3t 3¢ 5
B2z A BARALE DL H AR X3, i CloU 43 25 bR 45000
T 0 FUNE O A ER R . SR T, CToU 4 2% eR BN 75 1
T TR L LS 2 ) A P R AR LS LA IR R L AR R
FoOr AR REA Y BT EL . X TT AR 3 SO S BE R0
ANZALRE IR AL .

AT RAN CloU 451 2% BRI AR 2 o A SCHRE H SR T Wise-
ToU 11 A [] I 468 2 ) Ble ik 7 56 . Wise-ToU 7 H Fn i
HE 55 Bl HE H 5 S5 I L BR A8 V8355 TUART DX 3R 1 2 ) DA T 48 5%
BERLZ AL RE 7 o 3 T HO R 8 PR FIAG B2, ] B, Wise-ToU
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Table 1 Description of the student behavior dataset
2 TR FERE

front face PR T
bowed head %3k TH %
side head sk TH
upright A LAY
body desk P\ 5 TH %
phone FHL LEivA
phone hands TFHL TH %
book f LERYA
book hands b/ BE TR
head arms e ‘i TH

AT EAE DL 7 2 2.1 B9 LB BB AL 4 R I 2 4R
5 T A2 R G A A5 ABE BRI 2 | 38 0 R0 DU, DA T ST A R
MHEZR P PERE .

2) TP HE AR

h T WL A 2 AR AT S ARG AR B Y 1 RE L A SCR
T 280 i 48 AR, 2 FE HE 1 R (precision, P) . A 1 %
(recall ,R) )4 & (average precision, AP) ¥ {E K
J¥ (mean average precision, mAP) & Fb T JK 7% 518 5B R B
(GFLOPs) KR K /) . Z 8 (Params) . H i, GFLOPs
JH T i o A 14 I i) 52 4% 32 2 50 ) S I A 4 2 ) &
FEE, PORA mAP T VAl A A 4 6K BE L (R 3R
I AR T RS 0 VB SR A s GFLOPs VB K /N 12 500 A
R 1) 5% it AL R B, (BB /)N 3R 05 B AR B ik, X B 2 14
AEZOR WA R PR . BRI R AKX G ~ @) Fiw.

TP

P = TP+ Fp

X 100% (5)
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e J# T B# (stochastic gradient descent, SGD) Itk % X 455 7l i

R=-————x100% ® ‘ ‘ ey
TP +FN AL IFFERT 10 AU ZR B BE 6 1T mosaic HU3a 34 38 4

AP:J]P(R)dRXloo% % AR XN IE B LE B AT A R T 2 A AT O B Y B

L B, VIRESF A 8 i,

DIAP,
mAP = -~ (8) x2 IGHEMSHEER

N

Horp, TP 2 IEH0 0 04 IEREA (4508, TN 2 1IE i 70
T SRR AR B B P 4 0 3 SR T B A 1 470 B A 1 4
B, FN B A AR EREAR B, AP, 220
B HIREBE L N AT AR B A .

3) LB

S YN 2 B B A0 B 1 5 IR BE S B B Ak 2
B IIGRa 3 B4 A B R R/ 640 X640 18 %, I 4k
BARKECH 300, HLR K/ K 16, )G 2% 2 S HL 0. 01,
2.2 i ATDW-YOLO # BT

TE VN G5 T2 A 5 S0 K 0 g I 245 455 780 st (1 ot AL 6

35
3.0F
22s
I
g0}
1.5
1.0
1 1 L 1 1 1 i |
0 50 100 150 200 250 300
epoch
(a) IZRH B ARBIR
(a) Training target loss
2.25
2.00
» 1.75
ke
='1.50
=
1.25
1.00
0 50 100 150 200 250 300
epoch
(o) VLRI LB R
(c) Training localization loss
0.8F
0.6
3
2
04}
0.2

0 50 100 150 200 250 300
epoch

(e) VIZREH 1%

(e) Training recall
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Table 2 Training environment and parameter

configuration sheet

785 S E
BAERS Windows11
CPU Intel(R) Core(TM) i7-14650HX
GPU NVIDIA GeForce RTX4090
TF R B PyCharm
£ RESTS Python 3. 8
TR 2 AR Pytorch 1. 11. 0
3.0F
25
°1s
1.0F
0.5 ‘

0 50 100 150 200 250 300
epoch

(b) PRI 2 KBRR

(b) Training classification loss

£06
Ei
a
0.4
0.2
0 50 100 150 200 250 300
epoch
(d) PIZREPREH L
(d) Training precision
23
2 2.0F
=}
—é‘
° 15
1.0
1 1 1 1 1 1 1l
0 50 100 150 200 250 300
epoch
() BAUEH) H AR 43K
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Fig. 8 Improved model training results
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Table 3 APFF module effectiveness experiment

HE A P/% R/ % mAP50/ % mAP50-95/%  Params/M  GFLOPs/B  ##I{&F/MB
YOLO11n 87.0 79. 8 86. 4 60. 6 2.6 6.3 5.5
APFF(Backbone)  87.4 81.2 86.5 60. 9 3.3 6.2 6.6
APFF (Neck) 89.0 81.5 87.6 61.8 3.1 6.3 6.6
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Table 4 DGCST module effectiveness experiment

A P/% R/% mAP50/% mAP50-95/% Params/M GFLOPs/B #i%I{&F/MB
YOLO11n 87.0 79.8 86. 4 60. 6 2.6 6.3 5.5
DGCST
(Bt Backbone 4 — 4 C20) 87.6 80.0 86.5 60.9 2.3 6.1 4.7
DGCST
87.4  80.2 86. 4 60.9 2.2 5.8 4.8
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Table 5 Wise-IoU module effectiveness experiment

7 P/% R/ % mAP50/%  mAP50-95/%  Params/M  GFLOPs/B #i%l1{&F/MB
YOLOl1n 87.0 79.8 86. 4 60. 6 2.6 6.3 5.5
+EIoU 86.8 80. 1 86. 6 61.4 2.6 6.3 5.5
+ Inner-IoU 87.2 79.7 86. 8 61.2 2.6 6.3 5.5
+ ShapeloU 87.8 79.8 87.0 61.0 2.6 6.3 5.5
+Wise-ToU 88.0 81.0 87. 4 61.6 2.6 6.3 5.5
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Table 6 Comparison of ablation experiment results
APFF TDADH DGCST WiseloU P/% R/% mAP50/% mAP50-95/% Params/M GFLOPs/B % {&f/MB
87.0  79.8 86. 4 60. 6 2.6 6.3 5.5
N 89.0  81.5 87.6 61.8 3.1 6.3 6.6
J 88.5  83.1 88.7 63. 4 2.2 7.9 1.7
J 87.4  80.2 86. 4 60. 9 2.2 5.8 1.8
J 88.0  81.0 87. 4 61.6 2.6 6.3 5.5
J J 88.8  83.4 88. 8 64. 2 2.3 6.2 4.9
N N N/ 90.1  83.6 88. 7 64. 1 2.0 5.7 4.2
N N N/ N/ 90.6 84.2 89.5 64. 6 2.0 5.7 4.2
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Table 7 Performance comparison of different models

R P/% R/% mAP50/%  mAP50-95/%  Params/M  GFLOPs/B #EI{KF/MB
Faster R-CNN 74.3 70. 6 75.3 47.1 137.1 368. 3 106. 1
SSD 70. 2 73.4 67.9 41.3 18.9 35.3 65.7
YOLOv5n 86.5 71.2 79. 8 50. 7 2.5 7.1 5.3
YOLOv6n 88.7 78.6 85. 2 59. 3 4.2 11.8 8.7
YOLOv8n 88.0 80. 4 86. 6 60. 7 3.0 8.1 6.3
YOLO11ln 87.0 79. 8 86. 4 60. 6 2.6 6.3 5.5
SBD-Net"'” 88.7 82.9 88.5 63.1 3.6 9.7 7.5
VWM-YOLO™ 89. 6 82.9 88. 6 63.0 24. 8 71. 8 50. 1
SimAM-YOLO™" 88. 8 81.4 87.5 61.3 3.0 8.1 6.3
ATDW-YOLO 90. 6 84.2 89.5 64.6 2.0 5.7 4.2
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