
 

1 

METHOD FOR TRAINING HUMAN-CENTERED INTELLIGENT 

PHYSIOLOGICAL STATE RECOGNITION MODEL, METHOD 

AND APPARATUS FOR PHYSIOLOGICAL STATE 

RECOGNITION, AND DEVICE 

CROSS-REFERENCE TO RELATED APPLICATIONS 5 

[0001] This application claims priorities to Chinese Patent Application No. 

202311628678.X, titled “METHOD FOR TRAINING HUMAN-FACTORS INTELLIGENT 

PHYSIOLOGICAL STATE RECOGNITION MODEL, METHOD AND APPARATUS FOR 

PHYSIOLOGICAL STATE RECOGNITION, AND DEVICE ” and filed with China National 

Intellectual Property Administration on November 30, 2023, and Chinese Patent Application 10 

No. 202311810471.4, titled “METHOD FOR PROCESSING PHYSICAL AND 

PSYCHOLOGICAL STATE, AND MODEL AND APPARATUS FOR PROCESSING 

PHYSIOLOGICAL AND PSYCHOLOGICAL STATE” and filed with China National 

Intellectual Property Administration on December 26, 2023, the entire disclosures of which 

are incorporated herein by reference.  15 

FIELD 

[0002] The present disclosure relates to the technical field of physiological signal 

recognition, and more particularly, to a method for training a human-factors intelligent 

physiological state recognition model, a method and apparatus for physiological state 

recognition, and a device. 20 

BACKGROUND 

[0003] A physiological signal can reflect a mental state, an emotional state, a health state 
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(such as presence or absence of a disease), and other physiological states of a subject. How to 

perform more accurate physiological state recognition based on a physiological signal of a 

user is a problem to be solved. 

SUMMARY 

[0004] The present disclosure provides a method for training a human-factors intelligent 5 

physiological state recognition model, a method and apparatus for physiological state 

recognition, and a device, which can realize more accurate recognition of a physiological state 

of a subject, such as a mental state, an emotional state, or a health state. 

[0005] In a first aspect, embodiments of the present disclosure provide a method for 

training a human-factors intelligent physiological state recognition model. The method 10 

includes: obtaining a first physiological signal, a first state label of the first physiological 

signal, a second physiological signal corresponding to the first physiological signal, and a 

second state label of the second physiological signal, in which the second physiological signal 

is a physiological signal generated based on the first physiological signal, the first 

physiological signal is a collected physiological signal, the first state label indicates a 15 

physiological state corresponding to the first physiological signal, and the second state label 

indicates a physiological state corresponding to the second physiological signal; and training 

the physiological state recognition model based on the first physiological signal, the second 

physiological signal, the first state label, and the second state label. In addition to using the 

collected real physiological signal, i.e., the first physiological signal, the method also uses the 20 

second physiological signal generated based on the first physiological signal to train the 

physiological state recognition model. Thus, an individualized difference in the physiological 

signals can be suppressed to some extent. Thus, a physiological state recognition model with a 

relatively higher accuracy can be obtained by training using relatively few real physiological 

signals. When using the physiological state recognition model to recognize the physiological 25 

state of the subject, such as the mental state, the emotional state, or the health state, accuracy 

of a recognition result is relatively higher. 

[0006] In a second aspect, embodiments of the present disclosure provide a method for 
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physiological state recognition. The method includes: obtaining a physiological signal of a 

user; inputting the physiological signal into a predetermined physiological state recognition 

model, in which the physiological state recognition model is configured to recognize a 

physiological state based on the physiological signal, and the predetermined physiological 

state recognition model is obtained by training with the method according to any one of the 5 

embodiments of the first aspect; and obtaining a physiological state recognition result 

outputted by the physiological state recognition model as a physiological state recognition 

result of the user. Since the physiological state recognition model with the relatively higher 

accuracy is obtained by training with the above method, the accuracy of the recognition result 

is relatively higher when using the physiological state recognition model to recognize the 10 

physiological state of the subject, such as the mental state, the emotional state, or the health 

state, in the method. 

[0007] In a third aspect, embodiments of the present disclosure provide an apparatus for 

training a physiological state recognition model. The apparatus includes an obtaining module 

and a training module. The obtaining module is configured to obtain a first physiological 15 

signal, a first state label of the first physiological signal, a second physiological signal 

corresponding to the first physiological signal, and a second state label of the second 

physiological signal. The second physiological signal is a physiological signal generated 

based on the first physiological signal. The first physiological signal is a collected 

physiological signal. The first state label indicates a physiological state corresponding to the 20 

first physiological signal. The second state label indicates a physiological state corresponding 

to the second physiological signal. The training module is configured to train the 

physiological state recognition model based on the first physiological signal, the second 

physiological signal, the first state label, and the second state label. 

[0008] In a fourth aspect, embodiments of the present disclosure provide an apparatus for 25 

physiological state recognition. The apparatus includes an obtaining module and a recognition 

module. The obtaining module is configured to obtain a physiological signal of a user. The 

recognition module is configured to: input the physiological signal into a predetermined 

physiological state recognition model, in which the physiological state recognition model is 
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configured to recognize a physiological state based on the physiological signal, and the 

predetermined physiological state recognition model is obtained by training with the method 

according to any one of the embodiments of the first aspect; and obtain a physiological state 

recognition result outputted by the physiological state recognition model as a physiological 

state recognition result of the target object. 5 

[0009] In a fifth aspect, embodiments of the present disclosure provide an electronic 

device. The electronic device includes a processor and a memory. The memory has one or 

more computer programs stored thereon. The one or more computer programs include 

instructions. The instructions, when executed by the processor, cause the electronic device to 

perform the method according to any one of the embodiments of the first aspect or the second 10 

aspect. 

[0010] In a sixth aspect, embodiments of the present disclosure provide a 

computer-readable storage medium. The computer-readable storage medium has a computer 

program stored therein. The computer program, when executed by a computer, causes the 

computer to perform the method according to any one of the embodiments of the first aspect 15 

or the second aspect.  

BRIEF DESCRIPTION OF THE DRAWINGS 

[0011] FIG. 1 is a schematic structural diagram of an electronic device according to an 

embodiment of the present disclosure. 

[0012] FIG. 2 is a schematic flowchart of a method for training a human-factors 20 

intelligent physiological state recognition model according to an embodiment of the present 

disclosure. 

[0013] FIG. 3 is a schematic structural diagram of a generative adversarial network, GAN, 

according to an embodiment of the present disclosure. 

[0014] FIG. 4 is a schematic flowchart of a method for training a generator according to 25 

an embodiment of the present disclosure. 

[0015] FIG. 5A is another schematic flowchart of a method for training a generator 

according to an embodiment of the present disclosure. 
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[0016] FIG. 5B is another schematic flowchart of a method for training a physiological 

state recognition model according to an embodiment of the present disclosure. 

[0017] FIG. 5C is a schematic diagram of electrocardiogram signals generated by the 

trained generator according to an embodiment of the present disclosure. 

[0018] FIG. 6 is a schematic flowchart of a method for physiological state recognition 5 

according to an embodiment of the present disclosure. 

[0019] FIG. 7 is a schematic structural diagram of an apparatus for training a 

human-factors intelligent physiological state recognition model according to an embodiment 

of the present disclosure. 

[0020] FIG. 8 is a schematic structural diagram of an apparatus for physiological state 10 

recognition according to an embodiment of the present disclosure. 

[0021] FIG. 9 is a schematic diagram of data decomposition according to an embodiment 

of the present disclosure. 

[0022] FIG. 10 is a schematic diagram of a physiological state recognition model 

according to an embodiment of the present disclosure. 15 

DETAILED DESCRIPTION OF THE EMBODIMENTS 

[0023] Preferred embodiments of the present disclosure will be described below with 

reference to the accompanying drawings. It should be understood by those skilled in the art 

that these embodiments are intended to explain technical principles of the present disclosure 

only rather than limit the scope of the present disclosure. 20 

[0024] In order to make the purposes, technical solutions, and advantages of the 

embodiments of the present disclosure clearer, the technical solutions in the embodiments of 

the present disclosure are described clearly and completely with reference to the 

accompanying drawings. Obviously, the embodiments described here are only some 

embodiments of the present disclosure and are not all embodiments of the present disclosure. 25 

Based on the embodiments of the present disclosure, other embodiments obtained by those 

skilled in the art without inventive labor are within scope of the present disclosure.   

[0025] It should be noted that in the description of the present disclosure, terms such as 
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“first” and “second” are for ease of description only and do not indicate or imply relative 

importance of the apparatus, element, or parameter, and therefore cannot be understood as a 

limitation on the present disclosure. In addition, “and/or” herein describes an association 

relationship between correlated objects, including three relationships. For example, “A and/or 

B” can mean A only, B only, or both A and B. In addition, the symbol “/” generally indicates 5 

an “or” relationship between the correlated objects preceding and succeeding the symbol, 

unless otherwise specified.   

[0026] Embodiment 1 

[0027] Human-factors intelligence is developed by combining a human-factors 

engineering technology with an artificial intelligence (AI) technology. The human-factors 10 

engineering technology is engineering and designs of applying human psychological and 

physiological principles to products, processes, and systems. That is, it is a technology that 

designs and improves a human-machine-environment system in accordance with human 

characteristics. Machines can interact with individuals more intelligently by combining this 

technology with the artificial intelligence technology. For example, in some scenarios, a 15 

physiological state of the individual can be recognized based on a physiological signal of the 

individual. 

[0028] The physiological signal, such as an electrocardiogram signal, can reflect the 

physiological state of the individual, such as a mental state, an emotional state, and a health 

status (such as presence or absence of a certain disease). How to perform more accurate 20 

physiological state recognition of a user based on a physiological signal of the user is a 

problem to be solved. 

[0029] Analysis reveals that the physiological signal exhibits an individualized difference, 

and thus inhibiting the individualized difference of the physiological signal is a way to 

improve accuracy of physiological state recognition of a user. 25 

[0030] To this end, embodiments of the present disclosure provide a method for training a 

human-factors intelligent physiological state recognition model. The trained physiological 

state recognition model can inhibit the individualized difference of the physiological signal to 

some extent, and thus a recognition result is relatively more accurate when using the 
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physiological state recognition model to recognize a physiological state of a subject based on 

a physiological signal of the subject. 

[0031] Further, embodiments of the present disclosure also provide a method for 

physiological state recognition, which can use the physiological state recognition model to 

recognize the physiological state of the subject based on the physiological signal of the 5 

subject. Since the physiological state recognition model can inhibit the individualized 

difference of the physiological signal to some extent, a recognition result of the method for 

the physiological state recognition according to the embodiments of the present disclosure can 

be relatively more accurate. 

[0032] FIG. 1 is a schematic structural diagram of an electronic device according to an 10 

embodiment of the present disclosure. The electronic device 100 includes a processor 110, a 

memory 120, and the like. 

[0033] In another exemplary embodiment, in order to improve functions of the electronic 

device, the electronic device may further include one or more devices of a display screen, a 

camera, a speaker, an antenna, a mobile communication module, a wireless communication 15 

module, an audio module, a telephone receiver, a microphone, a headphone interface, a 

charging management module, a power supply management module, or a battery, which is not 

limited in the embodiments of the present disclosure. 

[0034] The processor 110 can include one or more processing units. For example, the 

processor 110 can include an application processor (AP), a modem processor, a graphics 20 

processing unit (GPU), an image signal processor (ISP), a controller, a video codec, a digital 

signal processor (DSP), a baseband processor, and/or a neural-network processing unit (NPU). 

Different processing units may be independent devices or may be integrated in one or more 

processors. 

[0035] An electrical signal transmitted by the camera can be converted into a digital 25 

image signal by the ISP. The ISP can output the digital image signal to the DSP for processing. 

The DSP can convert the digital image signal into a standard image signal in a standard 

format, such as RGB and YUV. 

[0036] The controller can generate an operation control signal based on an instruction 
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operation code and a sequence signal to complete control of fetching and execution of 

instructions. 

[0037] The processor 110 is further provided with a memory for storing instructions and 

data. In another exemplary embodiment, the memory in the processor 110 is a cache memory. 

The memory can store instructions or data that the processor 110 has just used or uses 5 

cyclically. If the processor 110 needs to use the instructions or the data again, the processor 

110 can invoke the instructions or the data directly from the memory. In this way, repeated 

access is avoided, reducing a waiting time of the processor 110, thereby improving system 

efficiency. 

[0038] The memory 120 can store a computer-executable program code including 10 

instructions. The memory 120 can include a program storage area and a data storage area. The 

program storage area can store an operating system, applications required for at least one 

function (such as a sound playback function and an image playback function), and the like. 

The data storage area can store data (such as audio data) created during use of the electronic 

device 100. In addition, the memory 120 can include high-speed random access memory, and 15 

can further include a nonvolatile memory, such as at least one disk storage device, a flash 

memory device, or a universal flash memory (UFS). The processor 110 is configured to 

execute various functional applications and data processing of the electronic device 100 by 

running instructions stored in the memory 120 and/or instructions stored in the memory 

disposed in the processor. 20 

[0039] It should be noted that in the embodiment shown in FIG. 1, the memory 120 

disposed in the electronic device 100 is taken as an example. In other embodiments of the 

present disclosure, the above memory 120 may not be disposed in the electronic device 100. 

In this case, the memory 120 can be connected to the electronic device 100 via an interface 

provided by the electronic device 100 and further be connected to the processor 110 in the 25 

electronic device 100. 

[0040] The method for training the physiological state recognition model and the method 

for the physiological state recognition according to the embodiments of the present disclosure 

will be described in detail below with reference to the structure of the above electronic device. 
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It can be understood that the electronic device in the embodiments of the present disclosure 

can be further configured to perform a human-factors intelligence-based vital sign detection 

method as shown in Embodiment 2 and/or a target object recognition-based human-factors 

information processing method as shown in Embodiment 3. 

[0041] The method for training the human-factors intelligent physiological state 5 

recognition model according to the embodiments of the present disclosure can be performed 

by an electronic device with the above structure. The method for the physiological state 

recognition according to the embodiments of the present disclosure can also be performed by 

an electronic device with the above structure. It can be understood that the electronic device 

configured to perform the method for training the human-factors intelligent physiological 10 

state recognition model and the electronic device configured to perform the method for the 

physiological state recognition can be the same electronic device or different electronic 

devices. 

[0042] The physiological signal in the embodiments of the present disclosure can include 

an electrocardiogram signal or an electroencephalogram signal. 15 

[0043] The physiological state in the embodiments of the present disclosure can include a 

mental state, an emotional state, or a health state, etc. For example, the mental state can 

specifically include mental concentration, lack of mental concentration, etc., the emotional 

state can specifically include joy, calmness, depression, etc., and the healthy state can 

specifically include healthy, non-healthy, etc. 20 

[0044] FIG. 2 is a schematic flowchart of a method for training a human-factors 

intelligent physiological state recognition model according to an embodiment of the present 

disclosure. As shown in FIG. 2, the method can include operations at steps 201 and 202.  

[0045] At step 201, a first physiological signal in each physiological state, a first state 

label of the first physiological signal, a second physiological signal corresponding to the first 25 

physiological signal, and a second state label of the second physiological signal are obtained. 

[0046] The first physiological signal is a physiological signal collected by a physiological 

detection device, such as an electrocardiometer and an electroencephalography device, i.e., a 

real physiological signal collected from the subject. The first state label indicates a 
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physiological state corresponding to the first physiological signal. 

[0047] In another exemplary embodiment, timing and objects for collection of the first 

physiological signal may be different based on different application fields of the physiological 

state recognition model. For example, if a physiological state recognition model is applied to 

the field of autonomous driving, such as in an autonomous driving assistance system, the first 5 

physiological signal can be obtained by using a portable bioinformatics collection device to 

collect a physiological signal of a driver during driving. 

[0048] The second physiological signal is a physiological signal generated based on the 

first physiological signal. The second state label indicates a physiological state corresponding 

to the second physiological signal. 10 

[0049] In another exemplary embodiment, the first state label of the first physiological 

signal is the same as the second state label of the second physiological signal corresponding 

to the first physiological signal. For example, if the physiological state is the mental state, 

when the first state label is the mental concentration, the second state label is the mental 

concentration. 15 

[0050] In another exemplary embodiment, different values can be used to identify 

different physiological states. For example, assuming that the physiological states include 

three types, 1, 2, and 3 can be used to represent one physiological state, respectively. 

[0051] It can be understood that the first physiological signal, the first state label, the 

second physiological signal, and the second state label described above have a 20 

correspondence. For ease of illustration, in the embodiments of the present disclosure, they 

are referred to as a set of signal data (the first physiological signal, the second physiological 

signal, the first state label, the second state label). For example, for a first physiological signal 

a1, it has a second physiological signal b1 and a first state label t1 corresponding thereto, and 

the second physiological signal b1 has a second state label p1 corresponding thereto. 25 

Correspondingly, they constitute the set of signal data (a1, b1, t1, p1). Correspondingly, a 

plurality of sets of signal data under each physiological state need to be obtained in this step. 

For example, assuming that the physiological state is a mental state, which is classified into 

mental concentration and lack of mental concentration, a plurality of sets of signal data in 
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such a mental state of the mental concentration and a plurality of sets of signal data in such a 

mental state of the lack of mental concentration can be obtained in this step. 

[0052] In an embodiment, a generator for generating the physiological signal can be 

pretrained. A method for training the generator can refer to specific description of an 

embodiment shown in FIG. 4, and details thereof are omitted herein. Then, the second 5 

physiological signal in this step can be a physiological signal generated by the generator. In an 

embodiment, the second physiological signal may be generated using the generator prior to 

the step 201 or may be generated in real time based on the first physiological signal when 

performing the step 201. 

[0053] In another exemplary embodiment, when performing the step 201, if the second 10 

physiological signal is generated in real time based on the first physiological signal, the 

obtaining the second physiological signal corresponding to the first physiological signal at 

this step can include: 

[0054] generating a feature vector of the second physiological signal based on the first 

physiological signal and the first state label of the first physiological signal; and 15 

[0055] inputting the feature vector into a predetermined generator, and taking a 

physiological signal generated by the generator based on the feature vector as the second 

physiological signal corresponding to the first physiological signal. 

[0056] In another exemplary embodiment, the generator can be composed of a 

combination of a convolutional (Conv) layer and a linear (Linear) layer, and the specific 20 

structure thereof is not limited in the present disclosure. 

[0057] In another exemplary embodiment, the generating the feature vector of the second 

physiological signal based on the first physiological signal and the first state label of the first 

physiological signal can specifically include: 

[0058] extracting a predetermined feature of the first physiological signal; 25 

[0059] generating a feature vector of the first physiological signal based on the 

predetermined feature and the first state label of the first physiological signal; and 

[0060] generating the feature vector of the second physiological signal based on the 

feature vector of the first physiological signal. 
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[0061] In another exemplary embodiment, the generating the feature vector of the second 

physiological signal based on the feature vector of the first physiological signal can 

specifically include: performing normalization processing on the feature vector of the first 

physiological signal to obtain the feature vector of the second physiological signal. 

[0062] The first physiological signal being an electrocardiogram signal is taken as an 5 

example for illustration. In the electrocardiogram signal, a difference exists in a time interval 

between adjacent R waves, i.e., heart rate variability (HRV). That is, the HRV refers to a 

variation in differences between successive heartbeat cycles. Correspondingly, the 

predetermined feature at the above step can be an HRV feature of the electrocardiogram signal. 

The above extracting the predetermined feature of the first physiological signal can 10 

specifically be extracting the HRV feature of the first electrocardiogram signal. 

[0063] In another exemplary embodiment, the HRV feature can specifically include an 

HRV time domain feature of the first electrocardiogram signal. In some embodiments, the 

HRV feature can further include an HRV frequency domain feature and/or an HRV nonlinear 

feature. 15 

[0064] The HRV time domain feature can include a mean of RR intervals mean_nni, a 

standard deviation of RR intervals sdnn, a standard deviation of differences between adjacent 

RR intervals sdsd, the number of differences of continuous RR intervals greater than 50 ms 

nni_50, nni_50/the number of RR intervals pnni_50, the number of differences between 

continuous RR intervals greater than 20ms nni_20, nni_20/the number of RR intervals 20 

pnni_20, a square root of a mean of a sum of squared differences between adjacent RR 

intervals rmssd, an absolute value of a median of differences between RR intervals 

median_nni, a difference between a maximum RR interval and a minimum RR interval 

range_nni, a coefficient of variations of continuous differences cvcd, a coefficient of a 

variation cvnni, a mean heart rate mean_hr, a maximum heart rate max_hr, a minimum heart 25 

rate min_hr, and/or a standard deviation of heart rates std_hr. 

[0065] The above HRV frequency domain feature can include a variance of HRV at a low 

frequency (0.04 hz to 0.15 hz) lf, a variance of HRV at a high frequency (0.15 hz to 40 hz) hf, 

a ratio of the variance of the HRV at the low frequency (0.04 hz to 0.15 hz) to the variance of 
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the HRV at the high frequency (0.15 hz to 40 hz) lf/hf, normalized low frequency power lf_nu, 

normalized high frequency power hf_nu, a total power density spectrum total_power, a 

variance of HRV at an extremely low frequency (0.003 hz to 0.04 hz) vlf, and/or an HRV 

triangular index measurement value triangular_index. 

[0066] The above HRV nonlinear feature can include a baseline width of a triangle-based 5 

distribution tinn, a short axis of an ellipse sd1, a long axis of an ellipse sd2, a ratio of the short 

axis of the ellipse and the long axis of the ellipse sd2/sd1, a cardiac sympathetic index csi, a 

cardiac vagal index cvi, and/or a modified cardiac sympathetic index, CSI, modified_csi, etc. 

[0067] In another exemplary embodiment, the above extracting HRV feature of the first 

electrocardiogram signal can specifically include: 10 

[0068] extracting RR interval information of the first electrocardiogram signal; and  

[0069] extracting the HRV feature of the first electrocardiogram signal based on the RR 

interval information of the first electrocardiogram signal. 

[0070] An RR interval refers to a distance (a time interval) between two adjacent R waves 

in the electrocardiogram signal. In an embodiment of the present disclosure, a time interval 15 

between peaks of two adjacent R waves is referred to as the RR interval. The R wave refers to 

a peak in the electrocardiogram signal. 

[0071] In another exemplary embodiment, at this step, QRS waveforms in a first 

electrocardiogram signal can be detected, a position of an R wave peak in each QRS 

waveform can be extracted, a distance between each two adjacent R wave peaks can be 20 

calculated, and the distance between each two adjacent R wave peaks can be divided by a 

sampling rate to obtain an RR interval list of the first electrocardiogram signal. The RR 

interval list includes each RR interval RRI in the first electrocardiogram signal, where an i-th 

RR interval is denoted as RRIi, which represents a time interval between an (i+1)-th R wave 

peak and an i-th R wave peak in the first electrocardiogram signal. 25 

[0072] In another exemplary embodiment, the detecting the QRS waveforms in the first 

electrocardiogram signal can be implemented using a Pan-Tompkins algorithm. 

[0073] The first physiological signal being an electroencephalogram signal is taken as an 

example for illustration. The above extracting the predetermined feature of the first 



 

14 

physiological signal can be specifically extracting a time domain feature, a frequency domain 

feature, a time frequency feature, and/or a nonlinear feature of the electroencephalogram 

signal. 

[0074] The time domain feature of the electroencephalogram signal can include an 

amplitude, a variance, a mean, a root mean square, a skewness, a peak of the 5 

electroencephalogram signal, etc. 

[0075] The frequency domain feature of the electroencephalogram signal can include 

power, power spectral density, energy of the electroencephalogram signal in each of a delta 

band (0 Hz to 4 Hz), a theta band (4 to 8 Hz), an alpha band (8 Hz to 13 Hz), a beta band (13 

Hz to 25 Hz), a gamma band (25 Hz to 50 Hz), etc. 10 

[0076] The time-frequency feature of the electroencephalogram signal can include a 

frequency domain feature of the electroencephalogram signal of each time window among a 

plurality of time windows of the electroencephalogram signal obtained by a time-frequency 

analysis method. For the frequency domain feature of the electroencephalogram signal in each 

time window, reference can be made to the above examples of the frequency domain feature 15 

of the electroencephalogram signal, and details thereof are omitted herein. The above 

time-frequency analysis method can include short-time Fourier transform (STFT), wavelet 

transform (WT), Hilbert-Huang transform (HHT), etc. 

[0077] The nonlinear feature of the electroencephalogram signal can include various types 

of entropy, a correlation dimension, a fractional dimension of the electroencephalogram signal, 20 

etc. The various types of the entropy of the electroencephalogram signal can include 

approximate entropy, wavelet entropy feature, asymmetric entropy feature, etc. 

[0078] In another exemplary embodiment, the generating the feature vector of the first 

physiological signal based on the predetermined feature and the first state label of the first 

physiological signal can specifically include: 25 

[0079] performing normalization processing on the first state label of the first 

physiological signal, and taking the normalized result as a label component of the first 

physiological signal; and 

[0080] taking the predetermined feature and the label component of the first physiological 
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signal as components in the feature vector, respectively, to generate the feature vector of the 

first physiological signal. 

[0081] The first physiological signal being an electrocardiogram signal is still taken as an 

example for illustration. Assuming that the extracted HRV feature of the first 

electrocardiogram signal includes all of the above thirty-one HRV features, the above 5 

thirty-one features are denoted as F1, F2, F3, …, F31, respectively, and the label component 

can be denoted as F32, then a feature vector F of the first electrocardiogram signal can include 

a total of thirty-two components with the HRV features and the label component. 

[0082] The above extracting the HRV feature of the first electrocardiogram signal based 

on the RR interval information of the first electrocardiogram signal can be implemented using 10 

related technologies, and details thereof are omitted in the embodiments of the present 

disclosure. 

[0083] In another exemplary embodiment, if the physiological state includes n types and 

the first state label represents different physiological states by 1, 2, …, n, then the 

normalization processing on the first state label can be the first state label/n. For example, if 15 

the physiological state is a mental state, which includes three types represented by 1, 2, and 3, 

respectively, then the normalized label component is 1/3 when the first state label is 1, the 

normalized label component is 2/3 when the first state label is 2, and the normalized label 

component is 1 when the first state label is 3. 

[0084] At step 202, the physiological state recognition model is trained based on the first 20 

physiological signal, the second physiological signal, the first state label, and the second state 

label. 

[0085] In another exemplary embodiment, for each set of the signal data (the first 

physiological signal, the second physiological signal, the first state label, the second state 

label), a training sample (the first physiological signal, the first state label) can be generated 25 

based on the first physiological signal and the first state label, and another training sample 

(the second physiological signal, the second state label) can be generated based on the second 

physiological signal and the second state label, and the physiological state recognition model 

is trained using the above two training samples. 
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[0086] In the above implementation, for each set of signal data (the first physiological 

signal, the second physiological signal, the first state label, the second state label), the two 

training samples including (the first physiological signal, the first state label) and (the second 

physiological signal, the second state label) can be generated. In another exemplary 

embodiment, for the two training samples corresponding to different sets of signal data, an 5 

order of inputting the above training samples into the physiological state recognition model 

can be shuffled in order to improve the accuracy of the physiological state recognition model 

obtained by the training, and thus an order of inputting the two training samples of one set of 

signal data into the physiological state recognition model is not consecutive. For example, 

assuming that there are two training samples generated based on one set of signal data 10 

including (the first physiological signal 1, the first state label) and (the second physiological 

signal 1, the second state label), and two training samples generated based on another set of 

signal data including (the first physiological signal 2, the first state label) and (the second 

physiological signal 2, the second state label), the order of inputting the above samples into 

the physiological state recognition model can be shuffled, for example, the order of inputting 15 

the above four samples into the physiological state recognition model is: a training sample 

(the first physiological signal 1, the first state label), a training sample (the second 

physiological signal 2, the second state label), a training sample (the second physiological 

signal 1, the second state label), and a training sample (the first physiological signal 2, the 

first state label). Thus, the order of inputting the training sample (the first physiological signal 20 

1, the first state label) and the training sample (the second physiological signal 1, the second 

state label) into the physiological state recognition model is not consecutive, and the order of 

inputting the training sample (the first physiological signal 2, the first state label) and the 

training sample (the second physiological signal 2, the second state label) into the 

physiological state recognition model is not consecutive. It can be understood that the order of 25 

inputting the above four training samples into the physiological state recognition models is 

only an example. In actual applications, more training samples are generated based on more 

sets of signal data. As long as the order of inputting the two training samples corresponding to 

one set of signal data into the physiological state recognition models is not consecutive, the 
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specific order of inputting a plurality of training samples into the physiological state 

recognition model is not limited in the embodiments of the present disclosure. 

[0087] In another exemplary embodiment, the physiological state recognition model in the 

embodiments of the present disclosure can be implemented by a Bayesian neural network 

combined with a Transformer Encoder. In an embodiment, the physiological state recognition 5 

model according to the embodiments of the present disclosure can be that a parameter 

dimension calculated by each neuron in the Transformer Encoder is added based on the 

Transformer Encoder. For example, the calculated parameter is expanded from one dimension 

to two dimensions by fitting a mean and a variance of each neuron to obtain the above 

Bayesian neural network combined with the Transformer Encoder. The Bayesian neural 10 

network combined with the Transformer Encoder can be implemented based on a Bayesian 

neural network with a convolutional layer or a linear layer, which can realize a conversion 

from a point estimation of the parameter by the original Transformer Encoder into a parameter 

distribution estimation by the new Transformer Encoder, effectively reducing sensitivity of 

the physiological state recognition model to the individual difference. Moreover, for a 15 

physiological signal with a relatively long duration, long-term time-series dependency can be 

captured more effectively, effectively combining the characteristic of the physiological signal, 

such as the electrocardiogram signal, with the long-term time-series dependency, i.e., 

combining the “context” information of the physiological signal, to give a more accurate 

recognition result, thereby improving the recognition accuracy of the physiological state 20 

recognition model. 

[0088] In another exemplary embodiment, in this step, one training sample or a plurality 

of training samples can be obtained once and inputted into a predetermined physiological 

state recognition model to train the physiological state recognition model. Forward 

propagation and backpropagation processes during the training are not limited in the 25 

embodiments of the present disclosure, which can be implemented with reference to the 

related art. 

[0089] In the method for the physiological state recognition according to the embodiments 

of the present disclosure, in addition to using the collected real physiological signal to train 
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the physiological state recognition model, the physiological signal generated from the real 

physiological signal is used to train the physiological state recognition model. Thus, relatively 

more physiological signals can be used to train the physiological state recognition model. In 

this way, a physiological state recognition model with relatively higher accuracy can be 

obtained by training with relatively few real physiological signals. 5 

[0090] The generator for generating the physiological signal in the embodiments of the 

present disclosure can be trained in a generative adversarial manner. In an embodiment of the 

present disclosure, a GAN can be pre-established. As shown in FIG. 3, the GAN can include a 

generator and a discriminator, and a physiological signal generated by the generator can be 

inputted to the discriminator for discrimination. Each of the generator and discriminator 10 

described above can be implemented with a neural network. The generator and the 

discriminator that are initially established are untrained networks. The trained generator 

obtained by the method shown in FIG. 4 can be used as the generator for generating the 

second physiological signal in the embodiment of the present disclosure shown in FIG. 2. 

[0091] As shown in FIG. 4, the generator is trained by operations at step 401 to 406. 15 

[0092] At step 401, a plurality of fourth physiological signals in each physiological state 

and fourth state labels of the plurality of fourth physiological signals are obtained. 

[0093] The fourth physiological signal is a physiological signal collected by a 

physiological detection device, i.e., a real physiological signal collected for the subject. The 

fourth state label indicates a physiological state of the fourth physiological signal. 20 

[0094] The number of fourth physiological signals in each physiological state is not 

limited in the embodiments of the present disclosure. It can be understood that performance of 

the trained generator is better with an increased number of fourth physiological signals. 

[0095] For the implementation of the fourth state label of the fourth physiological signal, 

reference can be made to the aforementioned description of the first state label and the second 25 

state label, and details thereof are omitted herein. 

[0096] In another exemplary embodiment, the fourth physiological signal obtained at this 

step may be the same as or different from the first physiological signal at the step 201, as long 

as it is a real physiological signal. 
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[0097] At step 402, for each of the plurality of fourth physiological signals, a feature 

vector of a fifth physiological signal is generated based on the fourth physiological signal and 

the fourth state label of the fourth physiological signal. 

[0098] For the implementation of this step, reference can made to the aforementioned 

description of the feature vector of the second physiological signal generated based on the 5 

first physiological signal and the first state label of the first physiological signal, with 

differences mainly in replacing the first physiological signal with the fourth physiological 

signal, the first state label with the fourth state label, and the second physiological signal with 

the fifth physiological signal, and details thereof are omitted herein. 

[0099] At step 403, for the feature vector of each fifth physiological signal, the feature 10 

vector of the fifth physiological signal is inputted into the predetermined generator, and the 

physiological signal outputted by the generator is taken as the fifth physiological signal. 

[00100] Through the processing at this step, the fifth physiological signal corresponding to 

each fourth physiological signals can be obtained. 

[00101] In another exemplary embodiment, at this step, a feature vector of one fifth 15 

physiological signal can be obtained once and inputted into the predetermined generator to 

generate a fifth physiological signal correspondingly; or at this step, feature vectors of a 

plurality of fifth physiological signals can be obtained once and inputted into the 

predetermined generator to generate a plurality of fifth physiological signals correspondingly. 

[00102] The generator of the embodiments of the present disclosure is configured to 20 

generate the physiological signal based on the feature vector of the physiological signal, and 

thus the physiological signal generated by the generator can be relatively more in line with 

expectations, improving availability of the generated data. 

[00103] At step 404, a predetermined discriminator is trained based on the fourth 

physiological signal and the fifth physiological signal. 25 

[00104] In another exemplary embodiment, this step can include: 

[00105] assigning a first source label to the fourth physiological signal and a second source 

label to the fifth physiological signal, in which the first source label indicates that the fourth 

physiological signal is a real physiological signal, and the second source label indicates that 
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the fifth physiological signal is a physiological signal generated by the generator; and 

[00106] training the discriminator based on the fourth physiological signal, the first source 

label, the fifth physiological signal, and the second source label. 

[00107] In another exemplary embodiment, the first source label and the second source 

label can be implemented by 1 and 0, respectively. That is, 1 represents that the physiological 5 

signal is the real physiological signal, and 0 represents that the physiological signal is the 

generated physiological signal. 

[00108] The discriminator is configured to determine whether the received physiological 

signal is a real physiological signal or a generated physiological signal. 

[00109] The above training the discriminator based on the fourth physiological signal, the 10 

first source label, the fifth physiological signal, and the second source label can specifically 

include: 

[00110] generating a training sample of the discriminator based on the fourth physiological 

signal and the first source label of the fourth physiological signal, and generating another 

training sample of the discriminator based on the fifth physiological signal and the second 15 

source label of the fifth physiological signal; and 

[00111] training the discriminator using the above training samples. 

[00112] Based on the above processing steps, for each fourth physiological signal, two 

training samples can be generated correspondingly. It is assumed that the two training samples 

are denoted as (the fourth physiological signal, the first source label) and (the fifth 20 

physiological signal, the second source label). In some embodiments, in order to improve 

processing accuracy of the discriminator, when training the discriminator using the training 

samples, an order of inputting two training samples corresponding to one fourth physiological 

signal into the discriminator for training the discriminator is not consecutive. For example, 

assuming that a fourth physiological signal 1 corresponds to two training samples, which are 25 

(a fourth physiological signal 1, the first source label) and (a fifth physiological signal 1, the 

second source label), and the fourth physiological signal 2 corresponds to two training 

samples, which are (a fourth physiological signal 2, the first source label) and (a fifth 

physiological signal 2, the second source label), an order of training the discriminator using 
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the above four training samples, for example, an order of inputting the above samples into the 

discriminator after shuffling is: a training sample (the fourth physiological signal 1, the first 

source label), a training sample (the fifth physiological signal 2, the second source label), a 

training sample (the fifth physiological signal 1, the second source label), and a training 

sample (the fourth physiological signal 2, the first source label). Thus, the order of inputting 5 

the training samples including (the fourth physiological signal 1, the first source label) and 

(the fifth physiological signal 1, the second source label) into the discriminator and the order 

of inputting the training samples including (the fourth physiological signal 2, the first source 

label) and (the fifth physiological signal 2, the second source label) into the discriminator can 

be not consecutive. It can be understood that the order of inputting the above four training 10 

samples into the discriminators is only an example. In actual applications, more training 

samples are generated with more fourth physiological signals. As long as the order of 

inputting the two training samples corresponding to one fourth physiological signal into the 

discriminator is not consecutive, the specific order of inputting a plurality of training samples 

into the discriminator is not limited in the embodiments of the present disclosure. 15 

[00113] The specific implementation of training the discriminator using the training 

samples can be implemented using a relevant training method of the discriminator, and details 

thereof are omitted herein. 

[00114] At step 405, a plurality of sixth physiological signals in each physiological state 

and a sixth state label of each of the plurality of sixth physiological signals are obtained. 20 

[00115] The sixth physiological signal can be a physiological signal collected by a 

physiological detection device, i.e., a real physiological signal collected for the subject. The 

sixth state label indicates a physiological state of the sixth physiological signal. 

[00116] The number of sixth physiological signals in each physiological state is not limited 

in the embodiments of the present disclosure. It can be understood that the performance of the 25 

trained generator is better with an increased number of sixth physiological signals. 

[00117] For the implementation of the sixth state label of the sixth physiological signal, 

reference can be made to the aforementioned description of the first state label and the second 

state label, and details thereof are omitted herein. 



 

22 

[00118] In another exemplary embodiment, the sixth physiological signal obtained at this 

step may be the same as or different from the fourth physiological signal at the step 401, as 

long as it is a real physiological signal. 

[00119] At step 406, adversarial training is performed on the generator and the 

discriminator based on the sixth physiological signal and the sixth state label of the sixth 5 

physiological signal to obtain a trained generator. 

[00120] In another exemplary embodiment, this step can include: 

[00121] generating, for each of the plurality of sixth physiological signals, a feature vector 

of a seventh physiological signal based on the sixth physiological signal and the sixth state 

label of the sixth physiological signal; 10 

[00122] inputting the feature vector of each seventh physiological signal into the generator, 

and taking a physiological signal outputted by the generator correspondingly as the seventh 

physiological signal; 

[00123] assigning a first source label to the sixth physiological signal and a second source 

label to the seventh physiological signal, in which the first source label indicates that the sixth 15 

physiological signal is a real physiological signal, and the second source label indicates that 

the seventh physiological signal is a physiological signal generated by the generator; 

[00124] generating a training sample of the discriminator based on the sixth physiological 

signal and the first source label of the sixth physiological signal, and generating another 

training sample of the discriminator based on the seventh physiological signal and the second 20 

source label of the seventh physiological signal; and 

[00125] inputting the training samples of the discriminator into the discriminator, and 

performing backpropagation of each of the generator and the discriminator based on a 

discrimination result of the discriminator, i.e., adjusting a parameter of each of the generator 

and the discriminator. 25 

[00126] For the implementation of the first source label and the second source label 

described above, reference can be made to the above corresponding description, and details 

thereof are omitted herein. 

[00127] In another exemplary embodiment, if the sixth physiological signal obtained at the 
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step 405 is the same physiological signal as the fourth physiological signal at the step 401, the 

action of generating the feature vector of the seventh physiological signal in the above step 

can be omitted. 

[00128] For the above implementation of generating the feature vector of the seventh 

physiological signal based on the sixth physiological signal and the sixth state label of the 5 

sixth physiological signal, reference can be made to the aforementioned relevant description 

of generating the feature vector of the second physiological signal based on the first 

physiological signal and the first state label of the first physiological signal, with differences 

mainly in replacing the first physiological signal with the sixth physiological signal, the first 

state label with the sixth state label, and the second physiological signal with the seventh 10 

physiological signal, and details thereof are omitted herein. 

[00129] For the specific implementation of inputting the feature vector of the seventh 

physiological signal into the generator and taking the physiological signal generated by the 

generator correspondingly as the seventh physiological signal, reference can be made to the 

description at the step 403, with a difference mainly in replacing the fifth physiological signal 15 

with the seventh physiological signal. 

[00130] The backpropagation of each of the generator and the discriminator based on the 

discrimination result output by the discriminator can be performed using related technologies, 

and details thereof are omitted in the embodiments of the present disclosure. 

[00131] At this step, the generator and the discriminator can compete and cooperate with 20 

each other through adversarial training. The generator aims to generate a physiological signal 

which gets increasingly close to the real physiological signal, enabling the discriminator to 

fail to accurately determine a source of the physiological signal. The discriminator aims to 

accurately determine whether the input physiological signal is the physiological signal 

generated by the generator or the real physiological signal. By adjusting the parameter of each 25 

of the generator and discriminator in the adversarial training, the physiological signal 

generated by the trained generator can ultimately be made very close to the real physiological 

signal, and the discriminator cannot accurately distinguish between the generated 

physiological signal and the real physiological signal. 
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[00132] In the embodiments of the present disclosure, the generator is trained through the 

generative adversarial training, and thus the generator can be used to generate the 

physiological signal very close to the real physiological signal for training the physiological 

state recognition model, which increases sample data volume for training the physiological 

state recognition model and increases diversity of the sample data volume. Therefore, the 5 

sensitivity of the physiological state recognition model to the individual differences in 

physiological signals can be effectively reduced when training the physiological state 

recognition model. 

[00133] The method for training the generator is illustrated below by taking as an example 

a case where the physiological signal is an electrocardiogram signal, the physiological state is 10 

a mental state, and the mental state is classified into three types. 

[00134] As shown in FIG. 5A, the method can include operations at steps 501 to 507. 

[00135] At step 501, a plurality of real electrocardiogram signals X and state labels Y 

corresponding to the plurality of real electrocardiogram signals X in each mental state are 

obtained. 15 

[00136] The following steps 502 to 504 are performed for each of the plurality of real 

electrocardiogram signals X. 

[00137] At step 502, for each of the plurality of real electrocardiogram signals X, RR 

interval information of the real electrocardiogram signal X is extracted. 

[00138] At step 503, a feature vector F of the real electrocardiogram signal X is generated. 20 

[00139] At this step, the HRV feature of the real electrocardiogram signal X can be 

extracted based on the RR interval information of the real electrocardiogram signal X as a 

component in the feature vector F of the real electrocardiogram signal X, and the mental state 

label Y of the real electrocardiogram signal X can be normalized as a label component F32 in 

the feature vector F of the real electrocardiogram signal X. 25 

[00140] Assuming that the HRV feature component includes all of the thirty-one HRV 

features in the above examples, the feature vector F of the real electrocardiogram signal X 

may include the above thirty-one HRV feature components, which are denoted as F1, F2, 

F3, …, F31, respectively. 
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[00141] For example, assuming that the electrocardiogram signal-based mental state 

includes three types, the mental state label Y of the mental state of a first type can be denoted 

as 1, the mental state label Y of the mental state of a second type can be denoted as 2, and the 

mental state label Y of the mental state of a third type can be denoted as 3; the normalized 

mental state label Yscaled-1 of the mental state of the first type can be denoted as 1/3, the 5 

normalized mental state label Yscaled-2 of the mental state of the second type can be denoted as 

2/3, and the normalized mental state label Yscaled-3 of the mental state of the third type can be 

denoted as 1. 

[00142] Through the processing at this step, for each real electrocardiogram signal X, the 

feature vector F thereof can include a total of thirty-two components F1 to F32.  10 

[00143] At step 504, the feature vector F of the real electrocardiogram signal X is 

normalized to obtain a feature vector FG of a simulated electrocardiogram signal XG 

corresponding to the real electrocardiogram signal X. 

[00144] The simulated electrocardiogram signal refers to an electrocardiogram signal 

generated based on the real electrocardiogram signal. 15 

[00145] For example, taking the feature vector F of the real electrocardiogram signal X 

including the thirty-two components as an example, the feature vector FG of a 

to-be-generated electrocardiogram signal XG also includes thirty-two components, which are 

assumed to be denoted as FG1, FG2, FG3, …, FG32. The feature component FGᵢ is a 

processing result obtained by normalizing the component Fᵢ in the first feature vector F, where 20 

i ranges from 1 to 32. 

[00146] By performing the above steps 502 to 505 for each real electrocardiogram signal X, 

the feature vector FG of the to-be-generated electrocardiogram signal XG corresponding to 

the real electrocardiogram signal X can be obtained. That is, assuming that N real 

electrocardiogram signals X are provided, N feature vectors FG can be obtained. 25 

[00147] At step 505, M feature vectors FG are randomly extracted, and the extracted M 

feature vectors FG are inputted into the generator, to generate a simulated electrocardiogram 

signal XG corresponding to each of the M feature vectors FG. 

[00148] M is a natural number, and M<N. The specific value of M is not limited in the 



 

26 

embodiments of the present disclosure. 

[00149] It should be noted that each feature vector FG can be extracted only once, i.e., 

inputted into the generator only once, as long as the simulated electrocardiogram signal XG 

corresponding to each feature vector FG is generated. 

[00150] Through the processing at this step, N simulated electrocardiogram signals XG 5 

corresponding to the N feature vectors FG can be obtained. 

[00151] At step 506, a pre-training of the discriminator is performed. 

[00152] At this step, a first source label L1 can be assigned to each real electrocardiogram 

signal X to obtain a real electrocardiogram sample YR (X, L1), and a second source label L2 

can be assigned to each simulated electrocardiogram signal XG to obtain a simulated 10 

electrocardiogram sample YG (XG, L2). The real electrocardiogram sample YR and the 

simulated electrocardiogram sample YG can be randomly inputted into the discriminator 

separately for training the discriminator to obtain the trained discriminator. In another 

exemplary embodiment, when the real electrocardiogram sample YR and the simulated 

electrocardiogram sample YG are inputted into the discriminator, an order of inputting the 15 

real electrocardiogram sample YR corresponding to one real electrocardiogram signal X and 

the simulated electrocardiogram sample YG corresponding to the same real electrocardiogram 

signal X into the discriminator is not consecutive. 

[00153] The first source label L1 indicates that the electrocardiogram signal is real data, 

and the second source label L2 indicates that the electrocardiogram signal is generated data. 20 

For example, the first source label L1 can be denoted as 1, and the second source label L2 can 

be denoted as 0. Then, the above real electrocardiogram sample YR may be denoted as (X, 1), 

and the above simulated electrocardiogram sample YG may be denoted as (XG, 0). 

[00154] At step 507, adversarial training is performed on each of the generator and the 

discriminator. 25 

[00155] In a first example, if the plurality of real electrocardiogram signals X obtained at 

the step501 are still used for the adversarial training at this step, the feature vector FG can be 

inputted into the generator to obtain the simulated electrocardiogram signal XG generated by 

the generator. The first source label L1 is assigned to the real electrocardiogram signal X, to 
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obtain an adversarial training sample XF (X, L1). The second source label L2 is assigned to 

the simulated electrocardiogram signal XG, to obtain an adversarial training sample YF (XG, 

L2). The adversarial training samples XF (X, L1) and YF (XG, L1) are inputted into the 

discriminator to obtain corresponding discrimination results outputted by the discriminator, 

respectively. Backpropagation of each of the generator and the discriminator is performed 5 

based on the discrimination results. The above training process is repeated until the 

electrocardiogram signal XG generated by the generator is close enough to the real 

electrocardiogram signal and therefore a predetermined training stop condition is satisfied. 

[00156] In a second example, if real electrocardiogram signals other than the real 

electrocardiogram signals at the step 501 can be used for the adversarial training at this step, 10 

the steps 502 to 504 can be performed for each real electrocardiogram signal to obtain a 

feature vector of each real electrocardiogram signal. Then, in accordance with a similar 

method as in the first example, a step, for example, of inputting the feature vector into the 

generator is performed to implement the adversarial training of each of the generator and the 

discriminator. 15 

[00157] In combination with the above embodiments, referring to a schematic flowchart 

shown in FIG. 5B, in an embodiment provided by the present disclosure, a feature vector of 

the simulated physiological signal can be generated based on the real physiological signal and 

inputted into the generator, and the generative adversarial training can be performed on each 

of the generator and the discriminator based on the simulated physiological signal generated 20 

by the generator and the real physiological signal to obtain the trained generator. After that, a 

feature vector of the simulated physiological signal is generated based on the real 

physiological signal and inputted into the trained generator. A near-real simulated 

physiological signal is outputted by the generator, and the physiological state recognition 

model is trained based on the real physiological signal and the simulated physiological signal 25 

corresponding to the real physiological signal. Referring to FIG. 5C, FIG. 5C is a schematic 

diagram of 12-lead electrocardiogram signals generated by a trained generator according to an 

embodiment of the present disclosure. 

[00158] FIG. 6 is a schematic flowchart of a method for physiological state recognition 
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according to an embodiment of the present disclosure. The method can be performed by an 

electronic device, for example, an on-board device for recognizing a physiological state of a 

driver, a medical device for recognizing a health state of a patient, etc. As shown in FIG. 6, 

the method can include operations at steps 601 to 603.  

[00159] At step 601, a physiological signal of a user is obtained. 5 

[00160] The above user can be, for example, a driver or medical personnel, and different 

implementations can occur based on different applicable scenarios of the method for the 

physiological state recognition. 

[00161] At step 602, the physiological signal is inputted into a predetermined physiological 

state recognition model. The physiological state recognition model is configured to recognize 10 

a physiological state based on the physiological signal. 

[00162] In another exemplary embodiment, the physiological state recognition model used 

at this step is a physiological state recognition model obtained by training with the 

aforementioned method. 

[00163] At step 603, a physiological state recognition result outputted by the physiological 15 

state recognition model is obtained as a physiological state recognition result of the user. 

[00164] Since the physiological state recognition model according to the embodiments of 

the present disclosure can inhibit the individualized differences in the physiological signals 

and has the relatively more accurate physiological state recognition result, the method for the 

physiological state recognition according to the embodiments of the present disclosure can 20 

also more accurately realize recognition of the physiological state of the user. 

[00165] FIG. 7 is a schematic structural diagram of an apparatus for training a 

human-factors intelligent physiological state recognition model according to an embodiment 

of the present disclosure. As shown in FIG. 7, the apparatus 700 can include an obtaining 

module 710 and a training module 702. The obtaining module 710 is configured to obtain a 25 

first physiological signal, a first state label of the first physiological signal, a second 

physiological signal corresponding to the first physiological signal, and a second state label of 

the second physiological signal. The second physiological signal is a physiological signal 

generated based on the first physiological signal. The first physiological signal is a collected 
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physiological signal. The first state label indicates a physiological state corresponding to the 

first physiological signal. The second state label indicates a physiological state corresponding 

to the second physiological signal. The training module 720 is configured to train the 

physiological state recognition model based on the first physiological signal, the second 

physiological signal, the first state label, and the second state label. 5 

[00166] FIG. 8 is a schematic structural diagram of an apparatus for physiological state 

recognition according to an embodiment of the present disclosure. As shown in FIG. 8, the 

apparatus 800 can include an obtaining module 810 and a recognition module 820. The 

obtaining module 810 is configured to obtain a physiological signal of a user. The recognition 

module 820 is configured to: input the physiological signal into a predetermined physiological 10 

state recognition model, in which the physiological state recognition model is configured to 

recognize a physiological state based on the physiological signal, and the predetermined 

physiological state recognition model is obtained by training with the method according to the 

above embodiments; and obtain a physiological state recognition result outputted by the 

physiological state recognition model as a physiological state of the user. 15 

[00167] The apparatuses according to the embodiments shown in FIGS. 7 and 8 can be 

used to perform the technical solutions of the method embodiments of the present disclosure, 

and for their implementation principles and technical effects, reference can be made to the 

relevant description in the method embodiments. 

[00168] It should be understood that the modules of the apparatuses shown in FIGS. 7 and 20 

8 above are merely divided according to logic functions, and can be entirely or partially 

integrated into a physical entity or physically separated from each other in an actual 

implementation. These modules can all be implemented in a form of software invoked by a 

processing element; or can all be implemented in a form of hardware; or can be partially 

implemented in the form of software invoked by the processing element and partially 25 

implemented in the form of hardware. For example, the recognition module may be a 

processing element set up alone, or may be integrated in one of the chips of the electronic 

device. Other modules are implemented in a similar way to that of the recognition module. 

Furthermore, all or some of these modules may be integrated together or may be implemented 
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independently. In an implementation, operations of the method described above or the above 

modules may be accomplished by an integrated logic circuit in hardware in the processing 

element or by instructions in the form of software. 

[00169] Embodiment 2 

[00170] Physiological data refers to data generated when a human body acts and can 5 

represent a physiological state of an individual to some extent. The physiological data include, 

for example, electroencephalogram data, electrodermal activity data, and electrocardiogram 

data. The physiological state includes, for example, a fatigue state, an emotional state, and a 

load-bearing state of a subject. 

[00171] Exemplarily, embodiments of the present disclosure provide a method for 10 

physiological state recognition. The method includes, for example, operations at steps 1 to 5. 

[00172] At step 1, a plurality of pieces of physiological time-series data are obtained. 

[00173] Exemplarily, the physiological data includes, for example, electroencephalogram 

data, electrodermal activity data, and electrocardiogram data. The electroencephalogram data 

is taken as an example for illustration, which can be collected by an electroencephalogram 15 

electrode. Since the electroencephalogram data is typically a kind of fluctuation data over 

time, it can be regarded as time-series data (referred as to sequential data). The physiological 

time-series data is obtained by collecting the physiological data. Each piece of physiological 

time-series data is collected through a corresponding data collection channel. For ease of 

understanding, sixteen data collection channels in the present disclosure are taken as an 20 

example for illustration. Each of the sixteen data collection channels corresponds to an 

electrode. Sixteen electrodes are attached to different positions on a human head for data 

collection. Electroencephalogram data is collected through the sixteen collection channels to 

obtain sixteen pieces of physiological time-series data (the electroencephalogram data). 

[00174] At step 2, feature decomposition is performed on each of the plurality of pieces of 25 

physiological time-series data to obtain subsequence data for each of the plurality of pieces of 

physiological time-series data. 

[00175] Exemplarily, each of the plurality of pieces of physiological time-series data 

implies a feature that conforms to a certain variation pattern. Therefore, it is necessary to 
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perform the feature decomposition on each of the plurality of pieces of physiological 

time-series data. Each of the plurality of pieces of physiological time-series data can be 

decomposed to obtain a plurality of pieces of subsequence data, where each of the plurality of 

pieces of subsequence data represents, for example, a variation pattern. 

[00176] At step 3, feature extraction is performed on the subsequence data corresponding 5 

to each of the plurality of pieces of physiological time-series data to obtain initial feature data. 

[00177] For a plurality of pieces of subsequence data corresponding to each of the plurality 

of pieces of physiological time-series data, the feature extraction is performed on the plurality 

of pieces of subsequence data to obtain the initial feature data. The plurality of pieces of 

physiological time-series data in one-to-one correspondence with a plurality of pieces of 10 

initial feature data. 

[00178] At step 4, a plurality of pieces of initial feature data in one-to-one correspondence 

with the plurality of pieces of physiological time-series data are fused to obtain fused feature 

data. 

[00179] The physiological time-series data collected by data collection channels is different. 15 

For example, the physiological time-series data collected by some channels contains richer 

information or can better reflect the physiological state of the user. The fused feature data 

contains richer information by infusing initial feature data corresponding to a plurality of 

channels. 

[00180] At step 5, the physiological state is predicted based on the fused feature data. 20 

[00181] Exemplarily, the physiological state includes, for example, a fatigue state, an 

emotional state, a load-bearing state, an anxiety state, and a relaxation state of the subject. In 

the embodiments of the present disclosure, the subsequence data representing the variation 

pattern of the physiological time-series data is obtained by decomposing the physiological 

time-series data. Then, the feature extraction is further performed on the subsequence data to 25 

obtain the richer initial feature data. Considering the different data collected by the different 

channels, the initial feature data of the different channels are fused, and the physiological state 

is then predicted. In this way, prediction accuracy of the physiological state is improved. 

[00182] It can be understood that the physiological time-series data obtained in 
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Embodiment 2 of the present disclosure belongs to the physiological signal in Embodiment 1 

above. That is, the physiological signal in Embodiment 1 can include a plurality of pieces of 

physiological time-series data. Thus, the physiological state recognition processing such as 

the prediction can be performed on the physiological signal according to the technical 

solutions of the present disclosure. 5 

[00183] In another example, feature decomposition can be performed on each of the 

plurality of pieces of physiological time-series data to obtain subsequence data for each of the 

plurality of pieces of physiological time-series data. 

[00184] For example, the feature decomposition can be performed on each of the plurality 

of pieces of physiological time-series data to obtain trend subsequence data and periodic 10 

subsequence data. The rend subsequence data represents a changing trend of the physiological 

time-series data over time, and the periodic subsequence data represents a periodic variation 

characteristic of the physiological time-series data. The periodic subsequence data can also be 

referred to as seasonal subsequence data. For example, the physiological time-series data is 

illustrated by taking the electrocardiogram data as an example. The electrocardiogram data 15 

represents a heartbeat of the user to some extent, and the periodic subsequence data can 

reflect a heartbeat cycle. 

[00185] At least one of the trend subsequence data or the periodic subsequence data is then 

taken as the subsequence data for each of the plurality of pieces of physiological time-series 

data. For example, the trend subsequence data and the periodic subsequence data can be taken 20 

as the subsequence data. 

[00186] Addition decomposition or multiplication decomposition can be used when 

performing the feature decomposition. For the obtained trend subsequence data and periodic 

subsequence data using the addition decomposition, the physiological time-series data is 

obtained by adding the trend subsequence data and the periodic subsequence data. For the 25 

obtained trend subsequence data and periodic subsequence data using the multiplication 

decomposition, the physiological time-series data is obtained by multiplying the trend 

subsequence data by the periodic subsequence data.  

[00187] FIG. 9 is a schematic diagram of data decomposition according to an embodiment 
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of the present disclosure. 

[00188] As shown in FIG. 9, the physiological time-series data being 

electroencephalogram data from sixteen channels is taken as an example for illustration, in 

which feature decomposition is performed on each of sixteen pieces of physiological 

time-series data. FIG. 9 shows that trend subsequence data, periodic subsequence data 5 

(seasonal subsequence data), and error data obtained by performing the feature decomposition 

on electroencephalogram data from a third channel, where the error data is, for example, 

white noise. The error data can be removed, and the trend subsequence data and the periodic 

subsequence data can be retained as subsequence data for each piece of physiological 

time-series data. 10 

[00189] Addition decomposition or multiplication decomposition can be used when 

performing feature decomposition. For the obtained trend subsequence data, periodic 

subsequence data, and error data using the addition decomposition, the physiological 

time-series data can be obtained by adding the trend subsequence data, the periodic 

subsequence data, and the error data can obtain. For the obtained trend subsequence data, 15 

periodic subsequence data, and error data using the multiplication decomposition, the 

physiological time-series data can be obtained by multiplying the trend subsequence data, the 

periodic subsequence data, and the error data. 

[00190] It can be understood that the addition decomposition method or the multiplication 

decomposition can be selected according to actual conditions in the present disclosure. The 20 

subsequence data representing the variation pattern of the physiological time-series data can 

be obtained by decomposing the physiological time-series data, and then the feature 

extraction is further performed on the subsequence data to obtain the richer initial feature data. 

Compared with directly extracting the physiological time-series data, the feature extraction 

performed on the subsequence data after decomposing in the present disclosure can better 25 

extract an in-depth important feature. This indicates that an effect of the feature extraction is 

improved by performing the feature extraction subsequent to the data decomposition. Thus, 

accuracy of the physiological state processing is improved. 

[00191] In another example, the feature of the subsequence data can be extracted using a 
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neural network. For example, the subsequence data corresponding to each of the plurality of 

pieces of physiological time-series data is inputted into a neural network corresponding to 

each of the plurality of pieces of physiological time-series data for the feature extraction to 

obtain the initial feature data. 

[00192] The neural network includes, for example, a long-term memory network (LSTM) 5 

and a bidirectional long short-term memory network (BiLSTM), and can also be other 

networks that can perform the feature extraction on the time-series data. 

[00193] As a deep learning method, the neural network has powerful signal processing and 

recognition capabilities and can be applied in the field of physiological signals analysis. When 

using the neural network to detect the physiological signal, it is first necessary to select an 10 

appropriate network structure and configure corresponding parameters to learn and train the 

physiological data. Compared with a traditional machine learning algorithm that requires 

manual feature extraction and screening, the neural network can automatically perform 

feature selection and extraction on the inputted physiological data, reducing labor costs and 

improving the effect of the feature extraction. 15 

[00194] In another example, when fusing the plurality of pieces of initial feature data, they 

can be fused based on a weight of the neural network. For example, for a plurality of neural 

networks in one-to-one correspondence with the plurality of pieces of physiological 

time-series data, a plurality of weights in one-to-one correspondence with the plurality of 

neural networks are determined. The plurality of weights forms a weight vector. Then, the 20 

plurality of pieces of initial feature data in one-to-one correspondence with the plurality of 

pieces of physiological time-series data are concatenated to obtain a concatenated vector. 

Finally, the fused feature data is obtained by multiplying the concatenated vector by the 

weight vector. 

[00195] It can be understood that physiological time-series data from sixteen channels is 25 

taken as an example for illustration, in which the physiological time-series data from the 

sixteen channels corresponds to sixteen neural networks, and each of the sixteen neural 

networks corresponds to a weight. Different neural networks may correspond to different 

weights. For example, physiological time-series data collected by some of the sixteen 
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channels contains richer information, and a weight corresponding to the physiological 

time-series data collected by the channels is larger when predicting the physiological state, 

thereby improving the prediction accuracy. For example, when collecting the 

electroencephalogram data, a local area of a brain is relatively active, and a channel 

corresponding to the area can collect richer and more abundant electroencephalogram data 5 

through the electrode. Therefore, a weight of the neural network corresponding to the channel 

should be larger. 

[00196] FIG. 10 is a schematic diagram of a physiological state recognition model 

according to an embodiment of the present disclosure. 

[00197] As shown in FIG. 10, the physiological state recognition model includes, for 10 

example, an input layer, a hidden layer, a neural network layer, a fusion layer, a fully 

connected layer, and an output layer. The physiological state recognition model includes a 

multivariate time-series decomposition memory network architecture. 

[00198] The input layer is configured to input the plurality of pieces of physiological 

time-series data that is collected. Each of the plurality of pieces of physiological time-series 15 

data is collected through a corresponding data collection channel. The physiological 

time-series data includes, for example, electroencephalogram data, which is a kind of 

multivariate time-series data. 

[00199] The hidden layer is configured to perform feature decomposition on each of a 

plurality of pieces of physiological time-series data to obtain subsequence data for each of the 20 

plurality of pieces of physiological time-series data. 

[00200] The neural network layer is configured to perform feature extraction on the 

subsequence data corresponding to each of the plurality of pieces of physiological time-series 

data to obtain initial feature data. For example, when the physiological time-series data is 

collected through n=16 channels, the physiological time-series data includes n=16 pieces, and 25 

each of the sixteen pieces of physiological time-series data corresponds to a set of 

subsequence data (including, for example, trend subsequence data and periodic subsequence 

data), thereby obtaining n=16 sets of subsequence data. The neural network layer includes 

sixteen neural networks in one-to-one correspondence with the sixteen sets of subsequence 
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data, for example, BiLSTM_1 to BiLSTM_n. Each of the sixteen neural networks is 

configured to perform feature extraction on the corresponding subsequence data to obtain 

initial feature data 1 to initial data feature n in one-to-one correspondence with the sixteen 

neural networks. 

[00201] The fusion layer is configured to fuse a plurality of pieces of initial feature data in 5 

one-to-one correspondence with the plurality of pieces of physiological time-series data to 

obtain fused feature data. When fusing the plurality of pieces of initial feature data, they can 

be fused based on a weight of the neural network. For example, for a plurality of neural 

networks in one-to-one correspondence with the plurality of pieces of physiological 

time-series data, a plurality of weights in one-to-one correspondence with the plurality of 10 

neural networks is determined. The plurality of weights forms a weight vector. Then, the 

plurality of pieces of initial feature data in one-to-one correspondence with the plurality of 

pieces of physiological time-series data are concatenated to obtain a concatenated vector. 

Finally, the fused feature data is obtained by multiplying the concatenated vector by the 

weight vector. 15 

[00202] The fully connected layer is configured to predict the physiological state based on 

the fused feature data to obtain a prediction result. Alternatively, the physiological state 

recognition model can be configured to classify the physiological state, and the fully 

connected layer is configured to obtain a classification result based on the fused feature data. 

The classification categories include, for example, a fatigue state (fatigued, non-fatigued, 20 

fatigue level), an emotional state (happy, sad), and a load-bearing state (high load, low load, 

load level) of the subject. 

[00203] The output layer is configured to output a prediction result or a classification result 

of the physiological state. 

[00204] Exemplarily, embodiments of the present disclosure provide a method for training 25 

a physiological state recognition model. The method includes, for example, operations at steps 

1 to 5. The physiological state recognition model includes a hidden layer, a neural network 

layer, a fusion layer, and a fully connected layer. 

[00205] At step 1, feature decomposition is performed on each of a plurality of pieces of 
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physiological time-series data by using the hidden layer to obtain subsequence data for each 

of the plurality of pieces of physiological time-series data. 

[00206] Exemplarily, each of the plurality of pieces of physiological time-series data is 

collected through a corresponding data collection channel. The plurality of pieces of 

physiological time-series data is, for example, sample data for training the model. Sixteen 5 

data collection channels are taken as an example for illustration, where sixteen pieces of 

physiological time-series data collected by the sixteen data collection channels serve as a 

piece of sample data. The piece of sample data, for example, corresponds to sample label data. 

The sample label data, for example, represents a physiological state of the sample data. 

[00207] At step 2, feature extraction is performed on the subsequence data corresponding 10 

to each of the plurality of pieces of physiological time-series data by using a neural network 

corresponding to each of the plurality of pieces of physiological time-series data to obtain 

initial feature data. 

[00208] At step 3, a plurality of pieces of initial feature data in one-to-one correspondence 

with the plurality of pieces of physiological time-series data are fused by using the fusion 15 

layer to obtain fused feature data. 

[00209] At step 4, the physiological state processing is performed based on the fused 

feature data by using the fully connected layer to obtain the prediction result. 

[00210] At step 5, model parameters of the physiological state recognition model are 

adjusted based on an error between the prediction result and the sample label data, to train the 20 

physiological state recognition model. 

[00211] For example, the model parameters of the physiological state recognition model 

are adjusted through backpropagation based on the error between the prediction result and the 

sample label data. The model parameters of the physiological state recognition model include, 

for example, a parameter of each of the hidden layer, the neural network layer, the fusion layer, 25 

and the fully connected layer. 

[00212] In an example, the model parameters of the physiological state recognition model 

include a weight of the neural network corresponding to each of the plurality of pieces of 

physiological time-series sample data. 
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[00213] Exemplarily, the performing feature extraction on the subsequence data 

corresponding to each of the plurality of pieces of physiological time-series data by using the 

neural network corresponding to each of the plurality of pieces of physiological time-series 

data to obtain the initial feature data includes: determining, for a plurality of neural networks 

in one-to-one correspondence with the plurality of pieces of physiological time-series data, a 5 

plurality of weights in one-to-one correspondence with the plurality of neural networks, in 

which the plurality of weights forms a weight vector; concatenating the plurality of pieces of 

initial feature data in one-to-one correspondence with the plurality of pieces of physiological 

time-series data to obtain a concatenated vector; and obtaining the fused feature data by 

multiplying the concatenated vector by the weight vector. 10 

[00214] The weight can be initially a default configuration prior to the model training. 

During a plurality of training epochs, the adjusting the model parameters of the physiological 

state recognition model through the backpropagation based on the error between the 

prediction result and the sample label data includes: adjusting the weights. After the model 

training is completed, the weight is determined. When using the trained physiological state 15 

recognition model to predict the physiological state, the physiological state is predicted based 

on the determined weight. 

[00215] Exemplarily, embodiments of the present disclosure provide an apparatus for 

physiological state recognition. The apparatus includes, for example, an obtaining module, a 

first decomposition module, a first extraction module, a first fusion module, and a first 20 

prediction module. 

[00216] Exemplarily, the obtaining module is configured to obtain the plurality of pieces of 

physiological time-series data. Each of the plurality of pieces of physiological time-series data 

is collected through a corresponding data collection channel. 

[00217] Exemplarily, the first decomposition module is configured to perform feature 25 

decomposition on each of a plurality of pieces of physiological time-series data to obtain 

subsequence data for each of the plurality of pieces of physiological time-series data. 

[00218] Exemplarily, the first extraction module is configured to perform feature extraction 

on the subsequence data corresponding to each physiological time-series data to obtain initial 
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feature data. 

[00219] Exemplarily, the first fusion layer is configured to fuse a plurality of pieces of 

initial feature data in one-to-one correspondence with the plurality of pieces of physiological 

time-series data to obtain fused feature data. 

[00220] Exemplarily, the first prediction module is configured to predict the physiological 5 

state based on the fusion feature data. 

[00221] Exemplarily, the first decomposition module is further configured to: perform the 

feature decomposition on each of the plurality of pieces of physiological time-series data to 

obtain trend subsequence data and periodic subsequence data, in which the trend subsequence 

data represents a changing trend of the physiological time-series data over time, and the 10 

periodic subsequence data represents a periodic variation characteristic of the 

physiological-time series data; and take at least one of the trend subsequence data or the 

periodic subsequence data as the subsequence data for each of the plurality of pieces of 

physiological time-series data. 

[00222] Exemplarily, the physiological time-series data is obtained by adding the trend 15 

subsequence data and the periodic subsequence data or by multiplying the trend subsequence 

data by the periodic subsequence data. 

[00223] Exemplarily, the first decomposition module is further configured to: perform the 

feature decomposition on each of the plurality of pieces of physiological time-series data to 

obtain trend subsequence data, periodic subsequence data, and error data; and remove the 20 

error data, and take trend subsequence data and periodic subsequence data as the subsequence 

data for each of the plurality of pieces of physiological time-series data. 

[00224] Exemplarily, the first extraction module is further configured to input the 

subsequence data corresponding to each of the plurality of pieces of physiological time-series 

data into a neural network corresponding to each of the plurality of pieces of physiological 25 

time-series data for the feature extraction to obtain the initial feature data. 

[00225] Exemplarily, the first fusion module is further configured to: determine, for a 

plurality of neural networks in one-to-one correspondence with the plurality of pieces of 

physiological time-series data, a plurality of weights in one-to-one correspondence with the 
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plurality of neural networks, in which the plurality of weights forms a weight vector; 

concatenate the plurality of pieces of initial feature data in one-to-one correspondence with 

the plurality of pieces of physiological time-series data to obtain a concatenated vector; and 

obtain the fused feature data by multiplying the concatenated vector by the weight vector. 

[00226] It can be understood that for the specific implementation process of apparatus for 5 

the physiological state recognition, reference can be made to the implementation process of 

the method for the physiological state recognition mentioned above, and details thereof are 

omitted herein.  

[00227] Exemplarily, embodiments of the present disclosure provide an apparatus for 

training a physiological state recognition model. The apparatus includes a second 10 

decomposition module, a second extraction module, a second fusion module, a second 

prediction module, and an adjustment module. 

[00228] Exemplarily, the second decomposition module is configured to perform, by using 

the hidden layer, feature decomposition on each of a plurality of pieces of physiological 

time-series data to obtain subsequence data for each of the plurality of pieces of physiological 15 

time-series data. Each of the plurality of pieces of physiological time-series data is collected 

through a corresponding data collection channel. 

[00229] Exemplarily, the second extraction module is configured to perform, by using a 

neural network corresponding to each of the plurality of pieces of physiological time-series 

data, feature extraction on the subsequence data corresponding to each of the plurality of 20 

pieces of physiological time-series data to obtain initial feature data. 

[00230] Exemplarily, the second fusion module is configured to fuse, by using the fusion 

layer, a plurality of pieces of initial feature data in one-to-one correspondence with the 

plurality of pieces of physiological time-series data to obtain fused feature data. 

[00231] Exemplarily, the second prediction module is configured to perform, by using the 25 

fully connected layer, physiological state processing based on the fused feature data to obtain 

a prediction result. 

[00232] Exemplarily, the adjustment module is configured to adjust a model parameter of 

the physiological state recognition model based on an error between the prediction result and 
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the sample label data, to train the physiological state recognition model. 

[00233] Exemplarily, the model parameter of the physiological state recognition model 

includes a weight of the neural network corresponding to each of the plurality of 

physiological time-series sample data. 

[00234] Exemplarily, the second fusion module is further configured to: determine, for a 5 

plurality of neural networks in one-to-one correspondence with the plurality of pieces of 

physiological time-series data, a plurality of weights in one-to-one correspondence with the 

plurality of neural networks, in which the plurality of weights forms a weight vector; 

concatenate the plurality of pieces of initial feature data in one-to-one correspondence with 

the plurality of pieces of physiological time-series data to obtain a concatenated vector; and 10 

obtain the fused feature data by multiplying the concatenated vector by the weight vector. 

[00235] Exemplarily, the second decomposition module is further configured to: perform 

the feature decomposition on each of the plurality of pieces of physiological time-series data 

to obtain trend subsequence data and periodic subsequence data, in which the trend 

subsequence data represents a changing trend of the physiological time-series data over time, 15 

and the periodic subsequence data represents a periodic variation characteristic of the 

physiological-time series data; and take at least one of the trend subsequence data or the 

periodic subsequence data as the subsequence data for each of the plurality of pieces of 

physiological time-series data. 

[00236] Exemplarily, the physiological time-series data is obtained by adding the trend 20 

subsequence data and the periodic subsequence data or by multiplying the trend subsequence 

data by the periodic subsequence data. 

[00237] Exemplarily, the second decomposition module is further configured to: perform 

the feature decomposition on each of the plurality of pieces of physiological time-series data 

to obtain trend subsequence data, periodic subsequence data, and error data; and remove the 25 

error data, and take trend subsequence data and periodic subsequence data as the subsequence 

data for each of the plurality of pieces of physiological time-series data. 

[00238] Exemplarily, the second extraction module is further configured to input the 

subsequence data corresponding to each of the plurality of pieces of physiological time-series 
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data into a neural network corresponding to each of the plurality of pieces of physiological 

time-series data for the feature extraction to obtain the initial feature data.  

[00239] It can be understood that for the specific implementation process of the apparatus 

for training the physiological state recognition model, reference can be made to the 

implementation process of the method for training the physiological state recognition model 5 

mentioned above, and details thereof are omitted herein.  

[00240] Embodiments of the present disclosure provide a computer-readable storage 

medium. The computer-readable storage medium has a computer program stored thereon. The 

computer program is configured to implement, when executed by a processor, the steps of the 

method in any one of the above-mentioned embodiments. 10 

[00241] An embodiment of the present disclosure provides a computer program product. 

The computer program product includes instructions. The instructions, when executed by a 

processor of a computer device, causes the computer device to perform the steps of the 

method in any one of the above-mentioned embodiments. 

[00242] Those skilled in the art can understand that the exemplary steps of the method 15 

described in combination with the embodiments disclosed herein can be implemented in 

electronic hardware, computer software or a combination thereof. In order to clearly illustrate 

interchangeability of the electronic hardware and the software, the exemplary composition 

and steps have been generally described in accordance with the functions in the above 

description. Whether these functions are executed by the electronic hardware or the software 20 

is dependent on particular use and design constraints of the technical solutions. Those skilled 

in the art can use different methods to implement the described functions for each specific 

application, but such an implementation should not be considered to be beyond the scope of 

the present disclosure.  

[00243] So far, the technical solutions of the present disclosure have been described with 25 

reference to the preferred embodiments shown in the accompanying drawings. However, it is 

readily understood by those skilled in the art that the scope of the present disclosure is 

obviously not limited to these specific embodiments. Without departing from the principle of 

the present disclosure, those skilled in the art can make equivalent modifications or 
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substitutions to the relevant technical features, and these modifications or substitutions all fall 

within the scope of the present disclosure. 
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CLAIMS 

What is claimed is: 

1. A method for training a human-factors intelligent physiological state recognition 

model, the method comprising: 

obtaining a first physiological signal, a first state label of the first physiological signal, a 5 

second physiological signal corresponding to the first physiological signal, and a second state 

label of the second physiological signal, wherein the second physiological signal is a 

physiological signal generated based on the first physiological signal, the first physiological 

signal is a collected physiological signal, the first state label indicates a physiological state 

corresponding to the first physiological signal, and the second state label indicates a 10 

physiological state corresponding to the second physiological signal; and  

training the physiological state recognition model based on the first physiological signal, 

the second physiological signal, the first state label, and the second state label. 

2. The method according to claim 1, wherein said training the physiological state 

recognition model based on the first physiological signal, the second physiological signal, the 15 

first state label, and the second state label comprises: 

generating a training sample of the physiological state recognition model based on the 

first physiological signal and the first state label of the first physiological signal, and 

generating another training sample of the physiological state recognition model based on the 

second physiological signal and the second state label of the second physiological signal; and 20 

training the physiological state recognition model using the training samples. 

3. The method according to claim 2, wherein said obtaining the second physiological 

signal corresponding to the first physiological signal comprises: 

generating a feature vector of the second physiological signal based on the first 

physiological signal and the first state label of the first physiological signal; and 25 

inputting the feature vector into a predetermined generator to obtain the second 

physiological signal outputted by the generator, the generator being configured to generate a 

physiological signal based on a feature vector. 
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4. The method according to claim 3, wherein said generating the feature vector of the 

second physiological signal based on the first physiological signal and the first state label of 

the first physiological signal comprises: 

extracting a predetermined feature of the first physiological signal; 

generating a feature vector of the first physiological signal based on the predetermined 5 

feature and the first state label of the first physiological signal; and 

generating the feature vector of the second physiological signal based on the feature 

vector of the first physiological signal. 

5. The method according to claim 4, wherein:  

the physiological signal is an electrocardiogram signal; and  10 

the predetermined feature is a heart rate variability, HRV, feature. 

6. The method according to any one of claims 3 to 5, wherein the generator is trained by: 

obtaining a fourth physiological signal and a fourth state label of the fourth physiological 

signal, the fourth physiological signal being a collected physiological signal; 

generating a feature vector of a fifth physiological signal based on the fourth 15 

physiological signal and the fourth state label of the fourth physiological signal; 

inputting the feature vector of the fifth physiological signal into the predetermined 

generator to obtain the fifth physiological signal outputted by the generator; 

training a predetermined discriminator based on the fourth physiological signal and the 

fifth physiological signal; 20 

obtaining a sixth physiological signal and a sixth state label of the sixth physiological 

signal, the sixth physiological signal being a collected physiological signal; and 

performing adversarial training on the generator and the discriminator based on the sixth 

physiological signal and the sixth state label of the sixth physiological signal to obtain a 

trained generator. 25 

7. The method according to claim 6, wherein said training the predetermined 

discriminator based on the fourth physiological signal and the fifth physiological signal 

comprises: 

assigning a first source label to the fourth physiological signal and a second source label 
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to the fifth physiological signal, the first source label indicating that the fourth physiological 

signal is the collected physiological signal, and the second source label indicating that the 

fifth physiological signal is a generated physiological signal; and 

training the discriminator based on the fourth physiological signal, the first source label, 

the fifth physiological signal, and the second source label. 5 

8. The method according to claim 6, wherein said performing the adversarial training on 

the generator and the discriminator based on the sixth physiological signal and the sixth state 

label of the sixth physiological signal to obtain the trained generator comprises: 

generating a feature vector of a seventh physiological signal based on the sixth 

physiological signal and the sixth state label of the sixth physiological signal; 10 

inputting the feature vector of the seventh physiological signal into the generator to 

obtain the seventh physiological signal outputted by the generator; 

assigning a first source label to the sixth physiological signal and a second source label 

to the seventh physiological signal, the first source label indicating that the sixth physiological 

signal is the collected physiological signal, and the second source label indicating that the 15 

seventh physiological signal is a generated physiological signal; 

generating a training sample of the discriminator based on the sixth physiological signal 

and the first source label, and generating another training sample of the discriminator based 

on the seventh physiological signal and the second source label; 

inputting the training samples of the discriminator into the discriminator; and 20 

adjusting a parameter of each of the generator and the discriminator based on a 

discrimination result outputted by the discriminator. 

9. The method according to any one of claims 1 to 5, wherein the physiological state 

comprises a mental state, an emotional state, or a health state. 

10. The method according to any one of claims 1 to 5, wherein the physiological state 25 

recognition model is implemented by a Bayesian neural network combined with a 

Transformer Encoder. 

11. A method for physiological state recognition, the method comprising: 

obtaining a physiological signal of a user; 
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inputting the physiological signal into a physiological state recognition model, the 

physiological state recognition model being configured to recognize a physiological state 

based on the physiological signal, and the physiological state recognition model being 

obtained by training with the method according to any one of claims 1 to 10; and 

obtaining a physiological state recognition result outputted by the physiological state 5 

recognition model as a physiological state recognition result of the user. 

12. The method according to claim 11, wherein: 

the physiological signal comprises a plurality of pieces of physiological time-series data; 

and  

said recognizing the physiological state based on the physiological signal comprises: 10 

obtaining the plurality of pieces of physiological time-series data, each of the 

plurality of pieces of physiological time-series data being collected through a corresponding 

data collection channel; 

performing feature decomposition on each of the plurality of pieces of physiological 

time-series data to obtain subsequence data for each of the plurality of pieces of physiological 15 

time-series data; 

performing feature extraction on the subsequence data corresponding to each of the 

plurality of pieces of physiological time-series data to obtain initial feature data; 

fusing a plurality of pieces of initial feature data in one-to-one correspondence with 

the plurality of pieces of physiological time-series data to obtain fused feature data; and 20 

predicting the physiological state based on the fused feature data. 

13. The method according to claim 12, wherein said performing the feature 

decomposition on each of the plurality of pieces of physiological time-series data to obtain the 

subsequence data for each of the plurality of pieces of physiological time-series data 

comprises: 25 

performing the feature decomposition on each of the plurality of pieces of physiological 

time-series data to obtain trend subsequence data and periodic subsequence data, the trend 

subsequence data representing a changing trend of the physiological time-series data over 

time, and the periodic subsequence data representing a periodic variation characteristic of the 
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physiological time-series data; and 

taking at least one of the trend subsequence data or the periodic subsequence data as the 

subsequence data for each of the plurality of pieces of physiological time-series data. 

14. The method according to claim 13, wherein the physiological time-series data is 

obtained by adding the trend subsequence data and the periodic subsequence data or by 5 

multiplying the trend subsequence data by the periodic subsequence data. 

15. The method according to any one of claims 12 to 14, wherein said performing the 

feature extraction on the subsequence data corresponding to each of the plurality of pieces of 

physiological time-series data to obtain the initial feature data comprises: 

inputting the subsequence data corresponding to each of the plurality of pieces of 10 

physiological time-series data into a neural network corresponding to each of the plurality of 

pieces of physiological time-series data for the feature extraction to obtain the initial feature 

data. 

16. The method according to claim 15, wherein said fusing the plurality of pieces of 

initial feature data in one-to-one correspondence with the plurality of pieces of physiological 15 

time-series data to obtain the fused feature data comprises: 

determining, for a plurality of neural networks in one-to-one correspondence with the 

plurality of pieces of physiological time-series data, a plurality of weights in one-to-one 

correspondence with the plurality of neural networks, the plurality of weights forming a 

weight vector; 20 

concatenating the plurality of pieces of initial feature data in one-to-one correspondence 

with the plurality of pieces of physiological time-series data to obtain a concatenated vector; 

and 

obtaining the fused feature data by multiplying the concatenated vector by the weight 

vector. 25 

17. The method according to claim 11, wherein the physiological state recognition model 

comprises: 

a hidden layer configured to perform feature decomposition on each of a plurality of 

pieces of physiological time-series data to obtain subsequence data for each of the plurality of 
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pieces of physiological time-series data, each of the plurality of pieces of physiological 

time-series data being collected through a corresponding data collection channel; 

a neural network layer configured to perform feature extraction on the subsequence data 

corresponding to each of the plurality of pieces of physiological time-series data to obtain 

initial feature data; 5 

a fusion layer configured to fuse a plurality of pieces of initial feature data in one-to-one 

correspondence with the plurality of pieces of physiological time-series data to obtain fused 

feature data; and 

a fully connected layer configured to predict the physiological state based on the fused 

feature data. 10 

18. An apparatus for training a physiological state recognition model, the apparatus 

comprising: 

an obtaining module configured to obtain a first physiological signal, a first state label of 

the first physiological signal, a second physiological signal corresponding to the first 

physiological signal, and a second state label of the second physiological signal, wherein the 15 

second physiological signal is a physiological signal generated based on the first 

physiological signal, the first physiological signal is a collected physiological signal, the first 

state label indicates a physiological state corresponding to the first physiological signal, and 

the second state label indicates a physiological state corresponding to the second 

physiological signal; and 20 

a training module configured to train the physiological state recognition model based on 

the first physiological signal, the second physiological signal, the first state label, and the 

second state label. 

19. An apparatus for physiological state recognition, the apparatus comprising: 

an obtaining module configured to obtain a physiological signal of a target object; and 25 

a recognition module configured to:  

input the physiological signal into a predetermined physiological state recognition 

model, the physiological state recognition model being configured to recognize a 

physiological state based on the physiological signal, and the predetermined 
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physiological state recognition model being obtained by training with the method 

according to any one of claims 1 to 9; and  

obtain a physiological state recognition result outputted by the physiological state 

recognition model as a physiological state recognition result of the target object. 

20. An electronic device, comprising: 5 

a processor; and  

a memory having one or more computer programs stored thereon, wherein the one or 

more computer programs comprise instructions, wherein the instructions, when executed by 

the processor, cause the electronic device to perform the method according to any one of 

claims 1 to 17. 10 

21. A computer-readable storage medium, having a computer program stored therein, 

wherein the computer program, when executed by a computer, causes the computer to 

perform the method according to any one of claims 1 to 17. 


