EMRK BB A T R B IR BB
R, S, X

IHASC:

KL, Rk, e BMNRKRER ARG R NEH ] HEERAFER, 2026, 21(4): 952-962.

ZHU Bowen, WU Yongming, LIU Yang. Research on facial expression recognition method for bedridden
patients[J]. CAAI Transactions on Intelligent Systems, 2026, 21(4): 952-962.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202510015

L] BRBONAR ) HA SCEE
BT RO BB AS 7 ~] (1 Apexii i i U

Apex frame microexpression recognition based on dual attention model and transfer learning

FIRE RG24 2021, 16(6): 1015-1020  https://dx.doi.org/10.11992/tis.202010031
AR AN S AR5

Research on age invariant face verification technology

BHER LR, 2021, 16(2): 247-253  hitps://dx.doi.org/10.11992/tis.202011029
FTF A Faster RCNN T 3518 275 46 24y

Facial expression recognition based on improved Faster RCNN

BHERG AR, 2021, 16(2): 210217  https://dx.doi.org/10.11992/tis.201910020
A BAERL A R IR Y OLOV3A T AR IF 5T

Research on multi—view data fusion and balanced YOLOv3 for pedestrian detection
BHER G- 2021, 16(1): 57-65  https://dx.doi.org/10.11992/is.202010003

H T 1E A Log-Gaborii I —{EAL A AT 1%
Face recognition based on orthogonal Log—Gabor binary pattern

BIBE RS 244]. 2019, 14(2): 330-337  https://dx.doi.org/10.11992/tis.201708015
FET PR A DL 53 2525 09 AR 5]

Face recognition based on convolution feature and Bayes classifier

BHERG AR, 2018, 13(5): 769-775  https://dx.doi.org/10.11992/tis.201706052


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202510015
https://dx.doi.org/10.11992/tis.202010031
https://dx.doi.org/10.11992/tis.202011029
https://dx.doi.org/10.11992/tis.201910020
https://dx.doi.org/10.11992/tis.202010003
https://dx.doi.org/10.11992/tis.201708015
https://dx.doi.org/10.11992/tis.201706052

5501 B 4 W B OoRE R & % it Vol.21 No.4
2026 4- 7 H CAAI Transactions on Intelligent Systems Jul. 2026

DOI: 10.11992/ti5.202510015

B 5% S5 A 03K 1R 5 7 A 3¢

R, ZA, 3
(FeErI kX% b THEER, & 7 M 510006 )

& A REMNR R AR N AR EE . HOBR A RIEEI SRR, S 8L 5 AR U 7 2 X DL A SO
PEI N 28 10 5 A RRAE 5 A AL Y T, R 5T —Fh 3T YOLOVIT Y bR 25 BER AT R 5 IR i o %07 %
EFXTPETSE T 2 AR A AU S it e AR 1 e B 3 O N R R R R R AR A R BB b 2 R R IE &2 B L C2PSA-
CAA(C2 position-sensitive attention-context-aware attention ) £ il Sk A5 B 48 T 57 2250 $Y I7p se E Me v, 38 i — i
P [ U0 A K 0 o A0 1 o R A S0 T YR R AT IR, SEG 45 B WoR 75 JTSUIE 42 RAF-DB |, V8 1 44l
mAP50 Fl mAP50-95 43 7)1k #| 87.83% F1 87.83%, 55 YOLOv11 AL, 43 J 42 55 8.46% F1 8.48%, ZA &L N
2.8x10%; 76 [ At Eb A 2 BB A4 |, mAP50 Fl mAP50-95 43 ik 5] 87.21% M1 56.52%, 5 YOLOv11 Ak, 4%
BIHE S 3.21% 1 2.67%, SLHG 25 I, 2 SCT7 3k A O of ff b S B0 Bk R 2K R0 N B T 3B 26 1 TR 1, A B T8l
Rl PR 2% R A B BE M

KB EMNRKBERR A ; 1R UM YOLOVLL; RRAERE A TR 2 20 R S HLH AR AR Rl & 5 BR 024
RAF-DB %4 45

FESES . TP391.4 XEIFEEZL: A XEHS: 1673-4785(2026)04-0952—11

B 5 A SR 1L, RAH, X, BNVRKBER A BB RIE IR A EHE J]. D8RG FI, 2026, 21(4): 952-962.
F 5| A& :ZHU Bowen, WU Yongming, LIU Yang. Research on facial expression recognition method for bedridden
patients[J]. CAAI transactions on intelligent systems, 2026, 21(4): 952-962.

Research on facial expression recognition method for bedridden patients

ZHU Bowen, WU Yongming, LIU Yang
(School of Electromechanical Engineering, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: To address the challenge that conventional facial recognition methods fail to accurately capture complex fa-
cial expression features and dynamics in bedridden patients with disabilities—who often present with facial stiffness,
dull gaze, and flattened affect—this study proposes a YOLOv11-based facial expression recognition method specific-
ally tailored for this patient population. This method is specifically designed with three hierarchical modules to collabor-
atively optimize detection accuracy: the efficient up-convolution block to address the deficiency of adaptability in fea-
ture capture, the lightweight feature fusion module to enhance multi-scale feature reuse, and the C2 position-sensitive at-
tention-context-aware attention detection head module to improve robustness in complex occlusion scenarios. Evalu-
ation of the proposed method demonstrated that on the public RAF-DB dataset, it achieved mean average precision
(mAP) values of 87.83% for mAP50 and 87.83% for mAP50-95, representing improvements of 8.46% and 8.48% re-
spectively, compared to YOLOv11, with a parameter count of only 2.8x10°. On a self-constructed dataset of bedridden
disabled patients, the method achieved mAP50 and mAP50-95 values of 87.21% and 56.52%, corresponding to in-
creases of 3.21% and 2.67% over YOLOvV11.The experimental results indicate that the proposed method enables more
accurate facial expression recognition in bedridden disabled patients with disabilities, thereby contributing to intelligent
care monitoring for this population.

Keywords: bedridden patients; facial expression recognition; YOLOv11; feature fusion; deep learning; attention mech-
anism; feature fusion; image classification; RAF-DB dataset
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Fig. 1 Expression classification in the self-built database
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Fig. 6 C2PSA-CAA architecture

3 IR EG M

3 LWIREmME

S FE PyTorch HE4R R R 471l 25, 764515k
P AR R E R 640 R FE <640 18 K, %
R JEI (epoch ) 24 300, fifi Fil SGD {1t fb 4% fii w1 4 2
2] #5 0.01, AL W8 R 48 0.0005, RIFRE SN
100, s8¢ G0 B 4004 DL 3T B YN GRisHa) . 5256 2R
B BLRRC BN 1 iR,

F1 XRARERE

Table 1 Experimental environment configuration

e E 44 WS
CPU 13th Gen Intel(R) core(T)i9-13900HX
GPU NVIDIA GeForce RTX 4060 Laptop GPU
AT 16 GB
Python 3.9.21
CUDA 12.8
CuDNN 8.5.0
PyTorch 11.7
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BERHAT T LA XTI, g5k 2 i . HAE
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KN 5.68 MB #1153 24, A AE J5 1 4 1 Wi Al |
WA, X1 i SAFE-YOLO 7 I 35 42 T 46 )
K BE A TRV B, o 4 5 T AR A s 0%, SEBL T
K B 513 IR B4R A

®2 AEHEERAF-DBHBETHIRER
Table 2 Experimental results of different models on the RAF-DB dataset

o R dEsee Riaee powkme TOE R ZRERICON
YOLOVS 74.83 72.22 73.16 5.03 77.62 77.62
YOLOVS 80.55 77.09 78.66 5.97 82.95 92.93
YOLOV9 80.75 79.33 79.92 4.43 84.12 84.11
YOLOV10 83.32 74.35 78.10 5.49 81.67 81.33
YOLOv11 74.62 72.15 73.41 5.22 79.37 79.35

SAFE-YOLO 90.09 79.13 84.16 5.68 87.83 87.83
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FiR o 78 A @G E X 5256 20, SAFE-
YOLO # I YE 2 T S 5 b [ 35 1 35 0 F HoAth At
A, HOR R A 3 87.45%, 4 0% N 82.45%,
F 1357 84.87%, -2 B ¥I{H (mAPS50) fl £ RUE

[F] I A A0 /NP i 7E 5.68MB. 5 YOLOV11 # L,
SAFE-YOLO 7EXS 3 | A MR A F, 1585353 51l
FF4.11. 1.81 F13.05 1~ H 4345, mAP50 5 mAP50-95
Sl BE Tt 3.21 H 2.67 A 73 s, AR B /IMIHE
0.46MB. 5% B, SAFE-YOLO 7¢ {454 Y 4%

K5 BE X E (mAP50-95) 43535 51 87.21% F156.52%,  HEALIYFERS, B F 38T T KRS B 5 25 5 MR
x3 AREAEARHEETHIRER
Table 3 Comparison of different models on the self-built dataset

fem R WEskee  Ridee  gomkobme ORI ZRERICN
YOLOVS 83.51 81.57 82.40 5.03 83.74 52.73
YOLOV6 82.66 80.81 81.84 8.29 84.17 52.72
YOLOVS 83.51 83.33 83.42 597 84.50 53.10
YOLOV9 84.66 80.43 82.49 443 84.44 54.04
YOLOV10 77.78 83.14 80.37 5.49 84.41 54.12
YOLOv11 83.34 80.64 81.82 5.22 84.00 53.85
SAFE-YOLO 87.45 82.45 84.87 5.68 87.21 56.52
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K SAFE-YOLO £ 8 (1 45 3 , A SC 7
RAF-DB %45 4k th #EAT PEREDEAL, 5 2 Fh Je it 7
AT X H, 45 MA-Net(multi-scale and local at-
tention network)., PASM . AMP-Net(adaptive mul-
tilayer perceptual attention network), PAT-ResNet-
101(probabilistic attribute tree residual network).
MTAC(multi-task assisted correction), EDGL-FLP

(enhanced discriminative global-local feature learning
with priority) . DFF(dual-branch feature fusion).
HANet(hierarchical attention network) #1 GA-MDA
(granularity-aware multi-dimensional adaptive atten-
tion network) &, Z5 R WK 4 frn. FTLLAEH,
SAFE-YOLO Htfi 1 {1 2 Kk 2.8x10°, 735
[t GA-MDA . MTAC ., EDGL-FLP Fl HANet Ji />
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A% i B2 3¢ CEPrompt(cross-modal emotion-aware
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Table 4 Comparison of experimental results on the RAF-

DB dataset
Tk BHEEN0° KSR/ %

AA-VIT(2024)R" 107.44 90.66
PACNN(2018)>! 138.34 83.05
MA-Net(2021)? 50.54 88.40
LA-Net(2021 )] 15.03 87.00
PASM(3 rounds)(2022)% 120.00 88.68
AMP-Net(2022) 105.67 89.25
PAT-ResNet-101(2023)1 49.41 88.43
MTAC(SwinTrans)(2023)>" 84.70 90.52
EDGL-FLP (best)(2023)">" 70.89 89.90
DFF(2024)2 22.23 89.60
HANet(2024)5 69.63 91.92
CEPrompt(2024)5! 86.19 92.43
Poster++(2025)5% 71.80 92.05
GA-MDA(2025)1 40.00 92.01
XU IEAE XA (2025) B4 52.60 91.82
SAFE-YOLO 2.80 90.09
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Fig. 7 Visualization heatmaps and recognition results of
partial dataset samples
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Table 5 Results of ablation study on the RAF-DB dataset
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v 5 5 z 8202 7854 80.10  5.60 3.081 84.36 84.36
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