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Abstract: Computer vision plays a crucial role in the field of intelligent perception. Existing methods for psychological

limited

difficult

typically to single

making

state perception are

photoplethysmography, it to

achieve

tasks

collaborative perception of multidimensional

such as facial expression recognition or remote

features.

Additionally, approaches that integrate multimodal physiological signals face high computational costs. To address

these challenges, this paper proposes a non-contact psychological state perception method based on multi-task rotation

learning. The proposed approach utilizes a multi-task model to process facial video, simultaneously performing three

tasks: rPPG heart rate signal extraction,

emotional valence and arousal prediction,

and psychological state

classification. Experimental results show that the model achieves an average absolute error of 3. 78 for rPPG heart rate

signal extraction, prediction accuracies of 97.47% and 96. 75% for emotional valence and arousal, respectively, and a

classification accuracy of 97.42% for psychological state. This method provides an efficient multi-task processing

solution for non-contact psychological state perception, offering significant theoretical and practical value.
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state perception model
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Fig. 2 Structure diagram of shared feature extractor
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Fig. 4 Rotation training strategy
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Table 1

training method and simultaneous training method

Performance comparison between alternating

RN [7i s 1] g QI EZR
MAE-HR 4.03 3.78
RMSE-HR 8.15 7.53
r-HR 0.67 0.72
ACC-V 96.52% 97.47%
ACC-A 95. 85% 96. 75 %
ACC-Sta 96.56 % 97.42%

3.5 SELTHMNLEREE

KT RAE 3 A Z AT 55 I Sk X AR L0 B 2 R
RE BB A M AR IRE T 4 MR SZR X L .
HAEE rPPG {5 00 Sk R &S 4 B0l 3k . RS TAE
ARSI K 2 AR 55 B Rl & A3 3 TR Sk . T Al s
BRI 2 fiR.

R2 ZESTWNLEAIRER
Table 2 Experimental results of multi task

prediction head ablation
A& rPPG - HE%  HAaTE ZE%

WOV comms sk REFWL
MAE-HR 4.67 — — 3.78
RMSE-HR  8.91 — — 7.53
r-HR 0.59 — — 0.72
ACC-V — 95.41% — 97.47%
ACC-A — 95.04% — 96.75%
ACC-Sta — — 94.45%  97.42%

HEPPCRESRBES T ZAESFEUMHEKE TR E
rPPG 15 5 il S A 5 ) MAE-HR 5 RMSE-HR 43 51| A%
T0.89 5 1.38, -HR & T 0. 13, X FRELWNATS . £
FES5BRAY ACC-V 55 ACC-A AT H & 15 25 50 3k fo A
TS T 2.06% M 1.71% . 7EOBEUR S 2RAT 54,
ZAE ST ACC-Sta FHECT H & T AR R T Sk (9 A< 1
BT 2.97% ., TEWEERAITERT HET 255 B
RITE A AT 55 th ¥ 40 T A0S AT 55 B0 Sk i AR Y, ik 1
ZAT 55 2 > 3 L SRR 0 3 IR A0 Ak A R e AR R TR A G
1E55 LR HERE SRR IR AE G 45 T AL R S A 24T 55 b
1555 (B 15 B AL 38 aE — 25 BA B T R0 () e AR R 30,

3.6 SESEBRESNFREEHEILL
AATHGHE T 24 55 e 2 > 5 B 5 Y AT Y AT
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Table 4 Comparison of emotion recognition performance
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