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Abstract: Real-time and accurate detection of student behavior in classrooms faces many challenges. Significant occlusion in classroom
scenes and small targets in the back rows of teaching images are major obstacles to improving detection accuracy. Additionally, resource—con-
strained cameras in classrooms limit the computational cost and parameter size of deployable object detection models. To address these issues,
we propose a student classroom behavior detection model based on an improved YOLOvS, named TAR-YOLO. Firstly, we introduce a novel
Task Aligned Prediction Head (TAPH) , where the use of shared convolution and task—alignment design enhances the model’ s ability to de-
tect small objects. Secondly, we integrate Multi-Scale Feature Aggregation Partial Convolution (MSFAP) into the feature fusion stage to en-
hance the YOLOv8 feature extraction module, and adopt a Re—parameterized Dilation-Wise Residual Convolution (R-DWR) to improve the
model’ s multi-scale feature capability, effectively reducing both computation and parameter load. Finally, we construct a dataset named ST-

CB, which includes 4 242 images and 74 571 annotations for detecting 7 types of student behaviors and 3 types of teacher behaviors. On this
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dataset, the proposed TAR-YOLO model achieves a detection accuracy of 79.5% mAP, with only 7.0G FLOPs and 1.8M parameters. To fur-

ther validate the model’s performance in small object detection under different scenarios, we conduct experiments on the PASCAL VOC datas-

et, demonstrating the generalization capability of our method.

Key Words: object detection; student classroom behavior recognition; lightweight model; deep learning
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Fig. 1 Overall network structure of TAR-YOLO model
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Fig.7 Sample images of the STCB dataset
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Recall = m (14)
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95 M J2& ToU 7 0.5 ~ 0.95 [ {2 ] i 31 55 (19 mAP P-4
% mAP #b , 38 i Ff FLOPs £ Params 3 7 & 45 54 14 2 2 1k
R . FLOPs FIRIF miis 51 U8, TR Al i AU 54
Params /s 8 S, Hpoe T RIRIAE6E K/

2.3 STCBHEEELWLER

A SCHE ) TAR-YOLO B 7Y 5 — e 5 ik (1 2 4t 4k
B E 47 XF 6, GhostNet'™ | GhostNetV2"®! | Mobile-
NetV2'?"  MobileNetV3'?"' | ShuttleNetV2'? Fil FasterNet'>

B F B 4 YOLOvSn A58 (1) 3+, 5 YOLOv8n 446 1 3k
WAL — TR o BeAk, X T YOLOVS .
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Table 2 Experiment results comparison of different models on STCB

dataset
x2 AEEBEESTCBHBE LHNWHERILE
mAPS50: FLOPs/ Params/
Model mAP50/% AP /% Layer

95/% ’ G M
GhostNet 71.7 53.0 25.3 6.8 3.8 30
GhostNetV2 76.7 522 23.8 7.3 2.5 22
MobileNetV2 78.0 53.0 18.7 5.6 6.4 30
MobileNetV3-Small 75.7 50.6 23.9 6.6 2.9 24
ShuffleNetV2 74.4 49.4 18.9 5.7 2.0 20
FasterNet 78.6 53.7 21.8 11.3 4.3 46
YOLOV5n 77.4 53.6 22.5 7.7 2.6 24
YOLOv8n 76.7 53.1 22.3 8.9 32 22
YOLOVl1In 71.5 54.3 234 6.5 2.6 23
Our model 79.5 54.9 25.5 7.0 1.8 28

2L LI, TAR-YOLO A 5 iy 25 A PEREAL T
A . TAR-YOLO B mAP50 5 mAP50:95 73 5k 3] T
79.5% F154.9% , A H YOLOvSn 2T+ T 2.8% #11.8% ., 1E4%
AL M BE 7 I, TAR-YOLO A4 [’ 4% 38 i ol 28 )2, 1 YO-
LOv8n K Ik i S Atk 118 T 4% 45 58 B s A e . % 48
R S8 e o B 52 1.8 M S5, BR TAR-
YOLO 115 5 IF AE A%, (EAH E YOLOv8n 538 2> T 24
1.9 G HYHERTFE . [FIET, 7R 25 &R DU 1 8 J5 1T, TAR-YO-
LO M F 248 AR AT He A A, e 8 R G 0 42
b5 MR raE 1. (AR A&, MobileNet 51 A 75 R
FHURE ] 43 B R, A 28 S50 h KR Ad ] T 1x1 B
o ZIr B AR KR D T S48, (AU BRI TR AL (1) 4%
HESRIKAE 1o B A 2R A M 8 e i 1 R R B M

(R, Ay it — 20 B E T 2 1 O ASE 7 4 TS U AR 0 /)
H bR AE S RO X BEASU /N b R H AR AP #EAT T
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A A B A5 3 B AR T, B AR IR EE K TR Bk A
WA F b H AR, Hob TAPH W TH i £, AP A B T
24.4% K1 H YOLOVS #8271 T 2.19% , 2 W 1224 8 1] DLAR 4 b
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Table 3 The improvement effect comparison of small object detection
capability of TAR-YOLO model by different modules
®3 AEEHI TAR-YOLO /N B iRt 4t /1 F IR F R I B %

Model mAP50 mAP50:95 AP, AP AP,

YOLOv8n 76.7 53.1 22.3 48.2 60.3

+TAPH 78.4 54.5 24.4 51.0 61.6

+MSFAP 77.9 54.1 23.8 50.8 61.8

+R-DWR 77.6 539 23.0 50.6 61.3
Input Images YOLOVE8n

8 1] LUE B, A SCHL R AE 43 28 R E ALAE 55 B 3¥E T YO-
LOv8n. 5%, Wl 8 Wi 347 Bz , AR SCIE R T 1 b 32
T AT WS 2E M IR EUT , 5 Ground Truth A1 .
{2 Y OLOv8n B FRLKe LA 5 432 A W RN ST, 5 B AR SC
RERILEE BT F L YOLOvSn BEORG . vk, & 8 Hhiifi 4
T3 IR T 2R SCASERY B 2y s 00 14328 T PR 22 i AE AR 35245
B 24 A {H YOLOvSn & A A 213X A~ /N H A , B AS
SCHE AL AE N B AR K R F YOLOv8n, LAk, 5
Ground Truth #H H , R SCHE AL AT YOLOvSn #3458 T £ 431
PR B IE e UEAT /NG A 1 B 2 AR A Ry i 45 W R4
MR AT H , DROETE G 5 R0 A2 b A el b 23 )

Our Model

Ground Truth

8 STCB#i#E4& F TAR-YOLO 5 YOLOvSn 4 R AT {4k 3tk

ST T, S SCHE Y TAR-YOLO # R 78 STCB %4
£ LS g 25 R T A R S A AR, ARG DN RG B R A
M LRG RI B4, JCHIE XN B AR B98I o, TAR-
YOLO 5 FEfERLARIA LU AR W25 48 T, FE T LA E 43 dr T LA
32598, TAR-YOLO B E & 36 A iR a4 7 N R AT 55
It B2 TR B Z R A a8 AR i bR
24 PASCAL VOC#IR&EXEER

J T BIEAR SCHRE Y 9 TAR-YOLO A5 5 75 A /] 37 5 v
HIZ AL RE 1, 76 PASCAL VOC $E4E LAEVE— 5086 . fr
it A X L ARE Y 5 4 STCB rf i A A5 0 A0 ], 11 25 S
WE N 3004 epoch, Ho B i B IR FEARAE . W13k 4 iR,
TAR-YOLO #% % 7E mAP [ 9 & BLAT 0 F 3 ofe 455 A0
mAPS50 J2& It A 1558 b i 5 0, I8 B T 64.4%, AH K YO-
LOv8n #2751 1.8% , mAP50: 95 1 H. 5% 5 ) MobileNetV2 #&
UK 0.4% . 1EX%F/N HARAIR I E, TAR-YOLO Y AP # 5
HE FrAa AL M LA — R 1Y FasterNet & 11 1.4% .

Table 4 Experiment results comparison of different models on PAS-
CAL VOC dataset
*4 TEHEETZEPASCAL VOC #iEE PRI & RLILE

Model mAPs0i 0 APJ% FLOPSG Params/M
95/%

GhostNet 58.5 42.7 7.9 6.8 3.8
GhostNetV2 59.4 43.6 9.0 7.3 2.5
MobileNetV2 58.3 41.9 6.7 5.6 6.4

MobileNetV3-Small 63.4 47.7 6.6 6.6 2.9
ShuffleNetV2 50.3 34.7 4.3 5.7 2.0

FasterNet 63.3 46.4 9.8 11.3 4.3
YOLOV5n 63.5 43.6 8.8 7.7 2.6

YOLOv8n 62.6 46.4 9.5 8.1 3.2
YOLOVIIn 63.7 46.8 9.7 6.5 2.6
Our model 64.4 47.3 11.2 7.0 1.8

DL Seg6 45 BRI, TAR-YOLO ANMH e AT IR 517
JRGIAT S5 e s g i R B, R X
A NEHARIIREM . TAR-YOLO 91155 & il S50 #5 1R
A (R G M R A R RE 2 IR A AR T s
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2.5 HEMZRIE

T B EAR S Y 8 G B BT B RS A M BB 1Y BT
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LOv8n H, AF 57 33k S ek 5% s o A 280 /)N [ B A 0 8 g A

AL LR TR
SCEGFE STCB #4ls 5 LEAT , VS I AS IRl A5 B 117 Ji5 8 %o
AN s R,

Table 5 Results of ablation experiment

RS HEAXLREAR

Model mAP50/% mAP50:95/% AP /% FLOPs/G Params/M
YOLOv8n(Baseline) 76.7 53.1 223 8.9 3.2
+TAPH 78.5(11.8) 54.5(11.4) 24.4(12.1) 8.7((10.2) 24(108)
+MSFAP 77.9( 11.2) 54.1(11.0) 23.8(115) 7.8(C L 1.1) 3.00102)
+R-DWR 77.6( 10.9) 53.9(10.8) 23.0( 1 1.0) 8.4((10.4) 2.8(104)
+TAPH+MSFAP 79.1( 12.4) 542(11.1) 25.3( 13.0) 7.6(11.3) 22(11.0)
+TAPH+MSFAP+R-DWR 79.5(12.8) 549(11.8) 25.5(13.2) 7.0(11.9) 1.8(11.4)
TAPH fiff F 3 2236 B OAS [R) RO B AR 19 PR RRAE
FAT: 55 X8 55 09 45 #4938 2o THRAT: 55 28 HURFAE R 42 5 43 26 4T 3 HiE

55 RN LA 55 0 38 B, DA $i T A 0 Sk 11 7 o7 143 25 1
fie, mAP50 5 mAP50: 95 #H L FL i A5 A 2 B T T 1.8% 1
1.4%. 5 YOLOv8n BT {i FH A Azl <k 4 Lt , TAPH XA [] )R
JE B bR P RRAE 04 45 HOG 5 T AR AR X AN R RUBE H
FITZ AR RE T, B /0N B A G DA J3E 25 4 T, AP, 5 3L
WERRAR AR T T 2.1%. [RIIF, ZEAG I 3k bR S 52 B R
b BN R] RUBE B R AR R T AN S Ay 4 IR T 4 2k 37 1)
TEFEEAS o 1 b Ak =2 A RRAE BRI ZE A ek /D T 45180 0.8 M)
SRR IFRRIR T 0.2 GRYITHA .

R-DWR 2R H I 25 L HE B RO AR AE |, R i 22 R A
E Y 3 R Ay X 8% 22 Ry Uk 22 AP IR . 7E X 8
B 2200 HEATRHE B W 2 SR, 7T SUER 25 FH 24~
ENGEERE E S0 S5 S E AN S (| S P A2
ROBERFAE SR UL FERCR 8 . DRB WA T8 el Uk %
Hh S (8 R A K A, DRB i S 5e Bk | i i
NI Mk A FRAE U 4 o PR T R B AR R KA R, AT 97
BRE AN 5K 1 B BUZE PO B AR o 4 R-DWR B 5
5 RLMERITUAR L, mAPSO $2 T+ T 0.9%, mAP50: 95 $2 7+ T
0.8%,AP 2T+ T 1.0%. BN SEEFEMIKT 0.4 M, ITH
BT 04 G,

TE TAPH A9 EEAL A MSFAP, #5580 380 i fl 2 B
SRR T 1.1 GFI0.2 M, mAPS0 42Tt T 0.6% , mAP50: 95
FEAR T 0.3% ABALTYXE/IN H AR BRI BCR A5 2 EE T, AP A
2T 253%, &J5,MAR-DWR, R-DWR [EIFEHE T} T 45
Y () K RS BE , mAPSO $2 7+ T 0.4%, mAPS0: 95 #£ F+ T
0.7% , 15 10 L B 22 R RE AR AE (1) 18 )1 08— A5 385, APs $2 7+
#25.5%. SULFEE, BS B ARLE DRB H 5l ik
WD TR 0.4 M SEUR 0.4 G IR .
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