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Abstract. Situational awareness is the ability of pilots to master flight status, which is of great significance to aviation flight 

safety and flight effect. According to the information processing model, the pilot's main steps of processing information are 

feeling, perception and execution. There are many problems in situation awareness analysis guided by visual gaze, such as 

large analysis deviation and high delay due to various influencing factors and complex characteristics. In order to solve this 

problem, this paper proposes a situation awareness assessment method based on artificial intelligence neural network and inte-

grating visual gaze and flight control. Firstly, this paper carries out simulated flight training experiments for flight cadets, and 

collects the data of eye movement, line of sight tracking, flight control and flight parameters of pilot cadets. Then, aiming at 

the flight subjects, a situation awareness analysis method based on events is established, and the situation awareness state in 

the experiment is evaluated and analyzed through the flight parameter data. Then, the visual gaze and flight control data are 

sliced in the unit of situational awareness events, and the data set is constructed. Finally, this paper designs a multi-channel 

sequence data classification and analysis model integrating transformer, in which the situation awareness characteristics of 

visual gaze and operation behavior are analyzed through the attention mechanism. The experimental results show that the accu-

racy of situation awareness classification of the designed neural network model to the experimental data set is 96%, and can 

classify and evaluate the pilot's situation awareness state in 5 seconds.  
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*Corresponding author. E-mail: chenhua@xatu.edu.cn.  

1.  Introduction 

Situational awareness in the sense of modern avia-

tion was proposed by Endsley in 1995 [1], also 

known as situational awareness and situational 

awareness. Situational awareness is the individual's 

perception, understanding and prediction of various 

environmental elements in a specific time and space. 

According to the human information processing stage 

model, the pilot information processing process is 

simplified into three steps, namely feeling, percep-

tion and execution [2]. The feeling is that the pilot 

turns his attention to the processing object; Percep-

tion is the pilot's recognition, judgment and position-

ing of the processing object; Execution is the pilot's 

final response to the processing object and carries out 

interactive operation on the aircraft [3]. At present, 

researchers have realized the significance of pilots' 

situational awareness for aviation flight safety. For 

example, the French aviation accident investigation 

bureau suggested that relevant situational awareness 

research be integrated into the pilot system to im-

prove the cockpit procedure [4]. 

Situation awareness analysis methods are general-

ly divided into direct detection methods and indirect 

detection methods. The direct method is mainly 

based on observation, investigation and inquiry, 

while the indirect method is to realize the assessment 

of situation awareness through pilot behavior, phys-

iological response and flight effect assessment [5] [6]. 

In the direct method, the inquiry evaluation is gener-

ally based on the pilot's memory, which often needs 

to interrupt the flight experiment, and the observation 

evaluation will be affected by the cognitive deviation 

of the observer, which will affect the evaluation re-

sults. The indirect method is based on sensors such as 

eye tracker and flight data to realize the assessment 

of situation awareness through algorithm. The indi-
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rect method has the ability to be applied to actual 

flight scenes and provides high-precision situation 

awareness assessment and analysis [7]. 

In aviation flight, 90% of the pilot's information 

comes from vision [8]. Visual gaze analysis based on 

eye tracking technology is an effective indirect anal-

ysis method to study situational awareness [9]. For 

example, Paletta L, Dini A and other eye movement 

equipment carry out situation awareness analysis 

based on visual gaze [10]. K. Moore et al. Studied 

AOI region of interest as an analysis method of visu-

al gaze information for situation awareness [11]. It is 

generally believed that the longer you focus on an 

AOI area, the stronger your situational awareness 

[12] [13] [14]. Integrated into flight analysis, the re-

search of brams s and others on cockpit fault detec-

tion shows that compared with non pilots, pilots have 

a more efficient way to obtain visual information 

through the overall model of long-term working 

memory theory, information simplification hypothe-

sis and image perception, which proves that visual 

behavior can show the ability level of pilots [15]. 

Lounis C et al. Studied visual information acquisition, 

gaze distraction and gaze patterns among pilots with 

different technical levels through eye movement fea-

ture indicators, which further showed that more pro-

fessional pilots have higher perception efficiency, 

more effective attention distribution patterns and 

more complex and fine visual scanning patterns [16]. 

In the cockpit, barometric altimeter, airspeed and 

Mach number meter, vertical speed / sideslip meter, 

attitude guidance indicator (ADI) and wireless elec-

tromagnetic heading indicator are important instru-

ments for pilots to establish flight situation awareness. 

The pilot obtains the information on the instrument 

by staring. In manual flight without autopilot, the 

pilot needs to repeatedly check the instrument and 

refresh the flight situation information to maintain 

the stability of flight performance. Relevant research 

shows that once pilots have no redundant cognitive 

ability, no matter whether they are willing to invest 

more energy in the task or not, any increased task 

demand will gradually reduce the pilot's performance 

[17] [18]. Among them, the research of rainieri g and 

others on eye movement, line of sight analysis and 

psychological load evaluation of different helicopter 

pilots during landing further shows that the perfor-

mance and perceived mental load of pilots change 

with the change of professional knowledge and flight 

conditions [19]. 

The above research deeply discusses the relation-

ship between pilots' visual gaze and situational 

awareness, and realizes accurate situational aware-

ness assessment. However, most of these studies 

evaluate and analyze the situation awareness of pilots 

in flight after the experiment. At the same time, due 

to the complexity of pilot state, there is uncertainty in 

the analysis of simple visual gaze channel data. That 

is, the situation awareness of pilots cannot be deter-

mined from a single visual gaze behavior. It is neces-

sary to expand the analysis window for statistical 

analysis to evaluate the situation awareness, which 

leads to high delay of analysis methods and lack of 

real-time analysis ability. 

In order to solve the above problems, a situation 

awareness analysis method integrating visual gaze 

and flight control is proposed in this paper. The situa-

tion awareness classification and analysis of complex 

data is realized by integrating transformer's artificial 

intelligence neural network model. The basic process 

of this method is as follows: 

i. Set flight subjects, carry out simulated flight 

training experiments, and synchronously collect pilot 

visual gaze, flight control and flight parameter data. 

ii. According to the flight evaluation criteria of 

flight training subjects and combined with the flight 

parameter data, an event feature and segmentation 

method is proposed, and then the situation awareness 

states in different periods of flight experiment are 

classified and analyzed in the unit of events. Among 

them, this paper takes altitude situational awareness 

in five side flight as the research object to evaluate 

the altitude maintenance ability of flight cadets in 

flight training experiments. 

iii. Slice the visual gaze and flight control corre-

sponding to the time of the event, and construct the 

data set with 5 seconds as the analysis window. A 

multi-dimensional sequential data neural network 

situation awareness classification and analysis model 

integrating transformer is established, and finally the 

model training experiment is carried out. 

This method solves the classification problem of 

situation awareness related patterns of complex visu-

al gaze and flight control data by integrating trans-

former artificial intelligence neural network model. 

Transformer's attention mechanism can solve the 

performance problem of feature analysis in multi-

dimensional sequence data. Finally, the model trains 

the self built data set to achieve 96% accuracy. This 

method provides a reference for the situation aware-

ness assessment of multi-dimensional data, and is 

expected to be applied to the field of pilot selection 

and training and pilot real-time detection in the future, 

so as to achieve the goal of improving pilot skills and 

safety. 
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2.  Material and Methods 

2.1. Method Principle 

Pilot Perception Analysis Based on EEG, visual 

gaze and flight control is an indirect detection meth-

od [18]. The data acquisition of indirect analysis 

method is carried out simultaneously with the pilot's 

flight, and the data analysis process, whether in real 

time or afterwards, will not affect the pilot in the ex-

periment. In real-time analysis, we can only analyze 

through the generated data, and the limitations of the 

data will directly affect the accuracy and real-time of 

the analysis method. The pilot perceived intention 

analysis method in this paper makes up for the limita-

tion of gaze data through EEG data. Before analyzing 

perceived intention through EEG data, it is necessary 

to build a computer sample data set, in which each 

EEG data sample has a clear label of perceived inten-

tion. 

The analysis method flow constructed in this paper 

is shown in Figure 1. Through the post analysis of the 

flight experiment data, four perceived intention 

events of altitude, speed, attitude and heading are 

selected from the flight experiment data. Visual fixa-

tion and flight control data are the main basis for the 

qualitative analysis of perceived intention events. 

Then, the EEG data corresponding to the occurrence 

time of perceived intention event is taken as the sam-

ple, and the category of perceived intention event is 

taken as the label to form the EEG data set. Finally, 

the deep learning neural network model is designed 

and established, and the EEG data set is used for 

training experiment. 

 

Fig. 1. Basic flow of experimental analysis method 

2.2. Pilot perceived intention analysis based on 

visual gaze and flight control 

1)Visual fixation data features 

The experimental platform of this paper displays 

the aircraft cockpit on the main display with a fixed 

angle of view. The infrared non wearable eye tracker 

can obtain the fixation and landing coordinates of the 

subjects on the main display in real time. In order to 

simplify the analysis, this paper adopts the region of 

interest (AOI) analysis method, that is, the image in 

the main display screen is divided into regions ac-

cording to the information category [19]. When the 

gaze resides in the region of interest, it is considered 

that the pilot has obtained the main perceptual infor-

mation in the region. Region of interest analysis does 

not need to specifically analyze the fixation point, 

and how to obtain information through the text point-

er details in the fixation area. As shown in Figure 2, 

AOI areas containing key flight information in flight 

include attitude meter, vertical speedometer, altime-

ter, airspeed meter and magnetic heading table. These 

AOI areas are divided according to different color 

codes in the template. 
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Fig. 2. Simulate the AOI area template of the flight cockpit. ADI: 

attitude, RMI: electromagnetic heading indication, ADF: automat-

ic lateral instrument, SPD: airspeed meter, ALT: barometric altim-

eter, VSI: vertical speedometer. 

In this paper, when AOI gaze analysis is carried 

out, the visual gaze data will be divided into gaze 

events of different lengths, in which the gaze from 

entering an AOI area to moving out of the AOI area 

is a gaze event. In order to study the pilot's acquisi-

tion of instrument information in each event of gaz-

ing at the instrument, this paper takes the gazing drift 

rate and gazing time as the main analysis data. It is 

generally considered that when the time of gazing at 

an instrument AOI area is long enough and the gaz-

ing drift rate is small, it can indicate that the pilot has 

read the information from the instrument. 

The fixation drift rate is the drift speed of the fixa-

tion point on the screen, in pixels per second. In or-

der to facilitate the fusion with other types of data, 

we need to normalize the global contrast of the fixa-

tion drift rate. Let Veye (t) be the gaze drift rate at time 

t. since the sampling rate of the eye tracker is 100Hz, 

each group of data is the average velocity of gaze 

drift within 10ms. As shown in equation 1, the fixa-

tion drift data set of all experiments is Veye, and the 

standardized data Q(t) of fixation drift rate at time t is 

obtained. 
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Then, Veye is brought into the equation to obtain 

the standardized data Q of the whole experiment, and 

the maximum and minimum values of the standard-

ized data Q are calculated. Finally, the global con-

trast normalized data of gaze drift rate at time t are 

obtained. 

(Q)(Q)

(Q)Q(t)
(t)Neye

minmax

min





                

(2) 

Each fixation event contains a set of visual fixation 

drift rate sequence data. In order to take the fixation 

drift rate as the judgment basis for the acquisition of 

fixation information, we extract the differential en-

tropy feature of the fixation drift rate data in each 

fixation event. As shown in equation 3, firstly, calcu-

late the average power density PSD for the fixation 

drift global contrast normalization sequence data 

staring at an AOI region, where FS is the frequency. 

Then, as shown in equation 4, the differential entropy 

DE of gaze drift rate is calculated by PSD. 
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According to the characteristics of differential en-

tropy, the lower the gaze drift rate and the smaller the 

average power density, the smaller the differential 

entropy. When the differential entropy eigenvalue of 

gaze drift rate of a gaze event is small, even if the 

gaze time is not long compared, it can also show that 

the pilot gazed at the instrument and has a high prob-

ability to obtain the instrument information. 

2)Flight control data characteristics 

The main control equipment of the aircraft are joy-

stick, foot rudder and throttle, in which there are four 

control degrees of freedom, and the output data of 

each degree of freedom is axis data. In our experi-

mental platform, the control axis data is also a 100Hz 

time series data. Due to the characteristics of cruise 

flight, the pilot's adjustment of the lever amount of 

the control lever is based on the correction of the 

flight situation. Therefore, the flight control data in 

the cruise flight section has more obvious character-

istics of perceived intention. 

In this paper, the flight control characteristics are 

expressed by signal power. As shown in equation 5, 

the characteristic calculation is carried out for the 

change rate of each longitudinal axis, where a and b 

are the start and end time of the sample, Oper(t) is 

the axis change rate, and Oper2(t) is the signal power. 

 dttOperE
b

a
oper  2

                   
(5) 

The energy characteristics are reflected in the 

sample sequence data. When the pilot controls the 

rocker, the relevant control axis data will show large 

energy change characteristics during maneuver ad-

justment. 
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3) Analysis of perceived intention characteristics 

As shown in Figure 3, the perceptual intention 

analysis of a visual gaze event is to judge by fusing 

the characteristics of gaze data and manipulation data, 

so as to solve the problem of uncertainty in perceptu-

al intention analysis of simple gaze data. When the 

pilot looks at a flight instrument and performs corre-

sponding flight operations, the perceived intention 

category of the visual gaze event can be defined. This 

paper aims at four kinds of perceived intentions in 

basic flight: altitude, airspeed, attitude and heading. 

 

Fig. 3. Analysis of perceived intention based on gaze events

According to the research on fixation time of dif-

ferent reading types, as shown in Table 1, if the hu-

man eye looks at the AOI area for more than 200ms, 

it can indicate that the information in the AOI area 

has been read [20]. At the same time, the lower the 

eigenvalue of differential entropy of gaze drift rate, 

the more stable the gaze is, indicating that the pilot is 

actually reading the information on the instrument. 

As shown in Figure 4, sort the gaze differential en-

tropy characteristics of events in AOI area of gaze 

altimeter in flight experiment, and observe the 

change trend of visual gaze time. After smoothing the 

gaze time curve, it can be seen that when the eigen-

value of gaze drift differential entropy is high, the 

gaze time shows an overall downward trend. 

 

Fig. 4. Characteristics of visual gaze differential entropy. 

Table 1 

fixation duration of different reading types 

Fixation type fixation time(ms) 

Silent reading 225–250 

Oral reading 275–325 

Scene perception 260–330 

Visual search 180–275 

 

Then, taking the manipulation data as a reference, 

it is clear that the visual gaze of the reading instru-

ment is driven by the corresponding perceptual inten-

tion. Taking altitude perception as an example, as 

shown in Figure 5, the pilot looks at the statistical 

relationship between the gaze drift rate of the altime-

ter and the energy characteristics of the pitch axis 

control signal. The energy characteristics analysis 

window of the control signal calculates the control 

data from the beginning of gaze to 2S later. Similarly, 

airspeed is related to throttle valve axis data, attitude 

is related to control pitch axis and roll axis, and head-

ing is related to control lever roll axis data. 
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Fig. 5. Energy characteristics of flight control quantity of high 

pitch 

Sort out the instrument gaze and control data of pi-

lots' perception of altitude, airspeed, attitude and 

heading. Set the classification threshold of perceived 

intention as shown in Table 2, that is, when the pilot 

looks at an instrument AOI area in flight and meets 

the corresponding gaze duration, gaze differential 

entropy characteristics and corresponding control 

data energy characteristics, the perceived intention 

category of perceived gaze behavior can be deter-

mined. The EEG data of 1 s from fixation were inter-

cepted as training samples. 
Table 2 

Fixation duration of different reading types 

Perception 

type 

Operating 

energy char-

acteristic 

threshold 

Fixation 

time(ms) 

Gaze drift 

velocity dif-

ferential 

entropy 

Altitude 0.00009   

500 

 

-5 Airspeed 0.00013 

Attitude 0.00004 

Course 0.00004 

2.3. EEG data preprocessing and feature analysis 

This paper uses bitbrain's 32 lead semi dry elec-

trode EEG with a sampling frequency of 256Hz. The 

electrode of EEG EEG is attached to the scalp sur-

face. As shown in Figure 6, the position distribution 

of electrodes on the scalp follows the lead scheme 

formulated by the American Society of clinical neu-

rophysiology, in which 10-10 lead system [21] and 

10-20 lead system [22] are used as complementary to 

assign specific positions to each EEG electrode. 

 

Fig. 6. Location distribution of 10-10 lead EEG electrode lead and 

32 lead EEG electrode. 

1)EEG electrode signal conversion reference 

The intention recognition of EEG is to analyze the 

event potential activity generated by the brain under 

specific activities. The data collected by EEG scalp 

electrode is the potential difference between the act-

ing electrode and the reference electrode. Since mus-

cle activities in other parts of the human body will 

also produce electrical signals, affecting the potential 

data collected by EEG scalp electrodes [23], the inac-

tive position is generally selected for the reference 

electrode, such as Essl.M.et al. Proposed to use FCz 

electrode as the reference electrode [24], and the ear-

lobe is also a good reference electrode position. 

  1010 TT VGGGXV


                      
(6) 

2)Filtering and noise reduction 

 EEG electroencephalograph obtains weak voltage 

signal generated by weak brain nerve activity through 

electrode, and its voltage variation is 5-100 μV, vul-

nerable to environmental electromagnetic interfer-

ence. After the standardization of EEG data, filtering 

processing is needed to reduce clutter interference. 

If the electrical signal collected by the brain elec-

trode is Es(t) and the environmental interference is 

Js(t), the electrical signal of brain activity is: 

)()(s)( tJstEtBs 
                    

(7) 

Interference signals are superimposed by signals 

from different sources and different frequencies. As 

shown in Figure 7, the main interference signals are 

composed of 49~51hz municipal electrical signals 

and 0.1~1.5Hz respiratory and heartbeat interference 

signals [28]. Firstly, the mains interference signals 

Js1(t) and Js2(t) are obtained respectively through 

the second-order IIR Notch filter, and then the two 

interference signals (equation 8) are subtracted from 
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the original signal to obtain the target EEG signal 

after interference filtering. 

)()()(s)( 21 tJstJstEtBs 
            

(8) 

3) Detection area filtering 

The filtered EEG signal can be regarded as time 

series data of 256 frames per second. As shown in 

Figure 8, Fp1, FpZ, Fp2, AF3 and AF4 in the fore-

head area are vulnerable to the interference of blink-

ing oculomotor nerve signals. These four electrodes 

are excluded during analysis. At the same time, ac-

cording to the actual experimental use, some EEG 

electrode data with unstable signal caused by poor 

wearing effect are selectively excluded. 

 

 

Fig. 7. EEG signal spectrum. a before filtering, b after filtering 

2.4. Classification model based on transformer 

neural network 

EEG data is a multi-dimensional time series data. 

This paper designs a neural network model based on 

transformer to solve the problem of EEG data classi-

fication. Transformer improves the efficiency of al-

gorithm processing complex data analysis and train-

ing through self attention mechanism [29]. At the 

same time, self attention mechanism can express the 

convolution filter layer of any CNN. As shown in 

Figure 9, the network model in this paper is com-

posed of three transformer encoders and feature fu-

sion modules. 

1) EEG spatiotemporal feature extraction 

Set the input EEG data as         j
t

jjj
,...,x，x，xxχ 321 , j as 

the number of electrodes, and t as the time of time 

series. The EEG data sample in this paper is the 23 

conductor data of window 1s, then t = 256. The input 

sequence data of EEG is compared with an initial 

matrix Mm×n is multiplied to obtain three vectors: 

sequence data Q, key value K and weight V. Then 

the attention is calculated as equation 9, and the 

weight of the  EEG sequence data is obtained. 
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In order to expand the ability of self attention to 

different location data, transformer adopts the multi 

head attention mechanism, that is, the Q, K and V 

vectors of the input data are mapped into different 

spaces through linear transformation to obtain multi-

ple groups of vector data, calculate the attention of 

each group of data, and splice the results. 
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(10) 

In the transformer encoder, the EEG data is input, 

and the data processed by multiple heads of attention 

is subjected to dropout and normalization before 

convolution. The convolution processing is shown in 

equation 11, (cx, cy) is the number of adjacent convo-

lution layers, W is the weight matrix, fk is the filter 

order, and b is the offset. As shown in Fig. 5, the 

attention processed data and the convolution pro-

cessed data are superimposed on the original input 

sequence data and output for feature fusion. 

  fkcx,cyinput
fkfk

cx,cy bxWfConv 
     

(11) 

2) EEG feature fusion classification 

After three Transformer encoders and global aver-

age pooling processing, the input data is 256 dimen-

sionals feature data with high correlation with per-

ceived intention classification. The feature fusion 

classification adopts the combination of 128 nodes 

full connection layer and dropout. Finally, the output 

data after tensor flattening is the probability value of 

label, and l is the classification number. 
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Fig. 8. Neural network model based on transformer

3.  Experimental process and result analysis 

3.1. Design of simulated flight experiment 

In this paper, the test is carried out on a miniatur-

ized simulated flight motion platform, which is com-

posed of motion platform, display, HOTAS rocker 

and foot rudder. The acquisition equipment includes 

non wearable eye tracker and 32 lead wearable EEG 

cap. The simulation model adopts L39C trainer. The 

experimental training course is five side flight. 

 

Fig. 6. Simulated flight experiment platform 

Five side flight requires the pilot to take off and en-

ter the first side, then enter the landing course and 

landing airport after cruising and four turns. Among 

them, the heading of the five sides is 

{095,005,275,185,095}, the cruise altitude is required 

to be 633m, and the cruise airspeed is required to be 

between 200kmh and 300kmh. 

In the experiment, the reaction time test is carried 

out at the same time. The test is that a visual target 

appears at random position and time on the screen, 

and the pilot completes the experiment by looking at 

the target. The purpose of this test is to interfere with 

the pilot by adding random additional work tasks, 

destroy the flight steady state, and make the pilot 

maintain the attention and concentration of each flight 

state. 

This paper carries out experiments for flight cadets, 

aged 24-30. The flight cadets have carried out simu-

lated flight training before the experiment, and have 

the flight technical requirements to complete the ex-

perimental subjects. The experimental equipment is 

non-invasive and does not harm the human body. It is 

agreed by the subjects before the experiment. 
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Fig. 8. Training loss rate and accuracy of neural network model 

Table 3 

Comparison of different subjects and different methods 

 Subjects  

 

Average A B C D 

Transformer 92.83 91.75 92.07 93.09 92.44 

LSTM 85.48 86.01 86.60 86.65 86.19 

 

 

3.2. Experimental and analytical results 

1) Building data sets 

In each flight experiment, the flight cadets will car-

ry out multiple five sided takeoff and landing flight 

exercises. After obtaining the data, firstly, the experi-

mental data are segmented through the flight data to 

extract the cruise flight phase data. Then, according to 

the visual gaze attitude meter, altimeter, vertical 

speedometer, airspeed meter and magnetic heading 

instrument AOI area gaze events, the pilot's percep-

tion intention of altitude, attitude, heading and air-

speed is analyzed by fusing the control data within 2S 

after the gaze event. Extract the event time data of 

perceived intention. Next, we will talk about the event 

time data of perceived intention, and intercept the 

corresponding EEG data 1 s after the start time of 

gaze event as a sample. Finally, the altitude intention, 

airspeed intention, attitude intention and heading in-

tention corresponding to the gaze event are used as 

labels of EEG sample data. At the same time, the EEG 

samples corresponding to the fixation events in the 

non flight information related areas of visual fixation 

are cut as the non perceptual intention samples. 

2) Constructing neural network model and training 

experiment 

The multi-dimensional EEG data classification 

model based on transformer is established, and the 

data set established by flight experiment data is used 

for neural network training, as shown in Figure 11. 

After 200 epoches training, the training accuracy 

reaches 96% and the loss is reduced to 0.07. 

The trained neural network model is tested on the 

data of four flight cadets, as shown in Table 3. The 

average accuracy is 92%. The classification accuracy 

of LSTM method for the data set in this paper is 86%, 

which shows that the neural network model based on 

transformer has significantly improved the classifica-

tion performance. 

4. Conclusions 

In this paper, visual fixation, manipulation and 

EEG data are obtained from experiments close to the 

actual flight. The screening and extraction of EEG 

intention samples are realized by the fusion of visual 

fixation, manipulation and flight data. This method 

ensures that the intention information contained in 

EEG data is generated by the pilot in response to the 

actual flight. After the neural network training exper-

iment based on transformer, the classification accura-

cy of brain inductance can reach 92.44%, which is 

significantly improved compared with LSTM algo-

rithm. 
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This paper takes basic flight training as the experi-

mental subject, and the analysis of perceived intention 

focuses on the detection of flight basic perception 

such as altitude, airspeed, heading and attitude. Based 

on the principle and process of this method, the exper-

imental subjects are modified, which can be extended 

to the perceptual intention analysis of other objects. 

Analysis of pilots' adaptation to different flight envi-

ronments and driving intentions. It provides theoreti-

cal and methodological support for pilot condition 

monitoring and early warning, human-computer intel-

ligent interaction research and application. 
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