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Abstract

In the context of classroom teaching scenarios, research on student in-class expression recognition
based on visual analysis holds significant guiding value for evaluating learning states and optimizing
teaching effectiveness. Addressing the technical limitations of the traditional YOLOv12 algorithm in
classroom expression recognition tasks—such as inadequate detection accuracy for small targets and
vulnerability to environmental interferences (low illumination, complex background noise)—this
study proposes an enhanced architecture with multi-dimensional feature augmentation. In the back-
bone network design, an MCAM-A2C2f composite module is introduced. This module synergistically
optimizes a three-dimensional attention mechanism across channel, height, and width dimensions,
combined with dynamic feature aggregation, thereby enabling cross-dimensional feature interaction
and reinforcement of critical information. For the detection head module, a DASM-C3K2 hybrid archi-
tecture is adopted. By integrating spatial semantic attention (SSA) mechanisms to effectively fuse local
micro-expression features with global contextual information, and incorporating a frequency-domain
sensitivity attention (FSA) module to capture high-frequency expression details, this architecture con-
structs a time-frequency dual-domain feature representation framework. Notably, an adaptive
threshold focal loss (ATFL) function is proposed to replace conventional cross-entropy loss. Through
dynamic adjustment of weight coefficients for samples of varying difficulty levels, this loss function
significantly enhances the model’s environmental robustness. Experimental results on our self-con-
structed classroom expression dataset demonstrate that the improved YOLOv12m_MCAM achieves a
0.4% increase in mAP, while YOLOv12m_DSAM gains a 1.5% improvement in detection accuracy.
YOLOv12m_ATFL shows a remarkable 6.2% performance boost. Further combinations yield:
YOLOv12m-MCAM & DSAM improves by 1.3%, YOLO-ATFL + MCAM by 1.7%, YOLO-ATFL + DSAM by
0.1%, and YOLOv12m-ATFL + MCAM & DSAM by 0.5%.
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TN B AR B AR 1 48, 5 B0 2h 25 R B s Sems
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2.1. YOLOv12 &%
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AR SR TN TR R PR R R A A, A AR e IR R e B AE I 2 A R
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Figure 1. Grid architecture diagram of YOLOv12
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Figure 3. Multi-dimensional Collaborative Attention Module
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B, SR BUR A ZE (11 ARG BRI A s OS2 (13 S e g A, S
Al TR AG DR IR S AE FE[12], DSAM S5kt 5] 4.

ZRE R TS R S BRI RHE, ERI IR SS . B 2 SCARARAS A B AR EA
FXIRI k=118 11 x 11 BFUZ, k=7 B ERKEHEE; Global A&k 71), HATIRINE
REEZAIRIE(FSA) . o0t SR IR RFEBEAT B 4E B A 4, HECEE S, Wb iHEE, B2 0t
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Figure 4. DSAM architecture diagram
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Figure 5. Improved head
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2.4. YOLOV12-ATFL ¥ufsEa

YOLOV12 "% Ge it 28 X4 2 45 TR 5 37 55 v H bmsr i b A7 76 3 0 P8 A~ 467 5 3 ) 5 A e
I ] A A R R o B R T K TR ), iR R AR S IR R 5 6 IR T
SRR, MR YLX S, YOLOVI2-ATFL 76 YOLOvI2 FERf F 51 N T BE & M B8 £ m5 35 25 (Adaptive
Threshold Focal Loss, ATFL) U AR AL [14], ZE65E T+ H Fntar il A1 73 FIE S5 B P e AT W R AR, Jo
SETESNA P E LR .

ATFI (3L H A S (Focal Loss), A — Pt 288 B B2 A 4687 1) 738 PR 452 2 BR B, HAZ o8 3 7
F15]:

1) EIERACEALH]: ARYETANEZR SIS B, SRS 6] G H AR IR D07 s

2) SHASHREMRE: @ EEN B X MR, B 5 FEAR S 503 S8 .

ATFL {EA X 15 2K (Cross Entropy, CE) )& Ail E 5l N T shaS I R, HE2ERikh[16]:

ATFL(p,y)=-a-(1-p) -log(p) if p>1 (5)

ATFL(p,y)=—(1-a)-p” -log(1-p) if p<t (6)
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BURBCEE, s A R K B A5 5 DX AR 45 T P MR B RRAE ) O RS AR AR HURE /7, 5 YOLOVI2 1 XS R 7y
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3. SWERS S
3.1. SCIGIFER:

GPU: RTX 4090(24GB) * 1.
CPU: 16 vCPU Intel(R) Xeon(R) Platinum 8352V CPU @ 2.10GHz.
P F#: 120 GB.

3.2. ZibLsEig
T 1 4 YOLOvI12 Al A Faster R-CNN 535 & YOLO [A] &5 HIEAE VOC Hdi&E LRIRI.
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Table 1. Performance of different algorithms on the dataset

# 1. FRIEZARESE LRRI

Model Epoches Map@0.5/%
YOLOvI2 100 0.763
YOLOv11 100 0.761
YOLOVS 100 0.750

Faster R-CNN 100 0.725

H_ER A%, YOLOVI2 7E VOC ~ L4 F RIS b A Bk o bk, BAZ .
33. BiESEHER

ARCEIEE KA AffectNet £H54E. FER2013 FdEEf _E—2e AL B, B EATEBrbniEa “ 5
B LOCHRT L BERT L SR L “PRIRT L 90T 6 FRERTIRAS, R TEE G . o)l gk
L 16,759 7K. IRAEEESL 4504 5Kk, L1t 21,263 5K, R~BIAIE 6.
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Figure 6. Experimental dataset

6. SKIORYEIRER

3.4. iHEhsCIG

T2 IR 100 fe R TESRIFSE EIISE R

EIAESES, YOLOVI2m+MCAM ¥EEHRTE T 0.4%; YOLOvI2m +DSAM $#27+ 1 1.5%, R-Fik
T 1.01%; YOLOvI2m ATFL #&7+ 7T 6.2%; YOLOvI2m (MCAM & DSAM)ETF T 1.3%, RPN T
1.29%; YOLO_(ATFL + MCAM)#2Ft | 1.7%, R/ 7 1.02%; YOLO_(ATFL + DSAM)#&F T 0.1%,
RSP/ T 1.02%; YOLOvI2m (ATFL + MCAM & DSAM)RTE T 0.5%, RPN T 1.29%.
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Table 2. Training results
2. NHLER
YOLOvVI2m Map@0.5/% Map@0.5:095/% Recall/% Size/MB

R 90.7 78.6 833 38.9
+MCAM 91.1 78.8 833 389
+DSAM 922 80.2 84.6 393
YOLO_ATFL 96.9 86 90.9 38.9
+(MCAM&DSAM) 92.0 79.7 83.6 384
YOLO_ATFL + MCAM 924 80.3 85.8 38.5
YOLO_ATFL + DSAM 90.8 78.6 82.6 385
YOLO_ATFL + MCAM&DSAM) 91.3 87.7 84.2 384

4. T YOLOv12 HiRERIBFIRANRS

4.1. REGHHA

AT 7 AN TR SRS R B ARG S WK 7), ZRGEETICRE A TR,
RESEI RIS e R T AR RS, I YIRS B AR IS AR Y, W SR IR S SR S SR BN 2 SR
BUWRT RGH, I EREM NIRRT, RUTR Mt e, FRNEFASE . T IRE R 5%
W, RIFFRACA T, BRI 5 e R A AR, DRI A RCR

qii

2w . 35.52 SESRPRCRE: 59.91 EEAE-
301
B : XARMBE; Vitme w2 X.
0 100 200 300
friram o
Figure 7. System main interface
E 7. REENE
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4.2. RG%EN
KRZGAHLLTNIRE, S5l 8.

R RIRA
5RiRES%
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[ 1 ]
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Figure 8. System architecture

El 8. RGiLEH

1) SEIRALATGIN . SEIF A A AL ARG, IR R e B o OB B R

2) WRE TR M2 KPR > HOE S AR it 2RI R

3) JHOTE: HBE S BAR TN A S

4) PREEWC AR H ATA AN DUE R

5) Pismi: AR SR 2 R AE T K

RGITR T —AEFF M, Al S eSS, DT - kE S, Wikl 9.

B REEERNES - BF - 5

R AR R G

Figure 9. Login interface

9. BRA@E

AT Y HJE T AR 22 0 2% B R R UR AL S 15 R R IR R A AT =, R = KL TR
DX, AR R X Bl A AR B, wnls 10,
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Figure 10. System architecture

E 10. RGLEHN

1) MU B R B E 9 RGO, KA OpenCV 5 Tkinter X 5| 5K ah I 76 th AL a 1, )2
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2) EERE B A SR 2 A e R 1SI0SR I K S 3ok 2 4 P AL A R
SRRy, R BRI S A VA T 0 4 S TR ) B B S P A

3) BOH AT AL AL B L S T £ SI2 e S R 495 A A () B0 A BT 2 PR TR A 5 LT () 1 4% 1 EE
YR, 1 45 3 PR = A LA UG OR AT SR BT AL, DMK 22 R AR R ok, I Hahas
(1) B % B R IR 2 A TR R AR AN, HETTT (X A0S RIS B R 12 2 B PR A
5. 8578

ASCVABREL #2375 T W2 2R R G VR S ) BT ST 5, JF A T —F2E T YOLOvI2 Aillss
PR RAER A B RS, B 5N MCAM Fl DASM 5, 38305 | A5 70 6t 25 42 3% SR/ H AR
FHERI SIS ), AR TR ZRE BT BT . ATFL 5% bR 50K B 38 1 B A RS AL
i, B2 P T SONA T ) R OGS 25 R A BRI . SKIRRW], ot e SRR T B AR
SIS LA R T E AR, NEE SRR AR A T RS S B O RORKESE . JR Sk
B PR R Z SRS 5 5T I R .

=
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