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Fig. 1　 Waveforms of indicators.  a Sample entropy and average sample entropy of Rθ / β   b Sample entropy and average sample entropy of
Rα + θ / β   c Sample entropy and average sample entropy of Rδ   d HRV

2. 2　 Construction of comprehensive evaluation method

　 This study combined EEG and HRV to establish a com-
plex indicator of driving fatigue  CIDF  representing the
overall level of driving fatigue for drivers in plateau are-
as. Recognizing that the selected indicators might have
certain correlations principal component analysis  PCA 
was used to eliminate the impact of redundant information
on the indicator accuracy.
　 The HRV and sample entropy of Rθ / β  Rα + θ / β and Rδ

were employed as evaluation indicators to characterize the
complex program of information in time series. As ana-

lyzed earlier these indicators increase with the deepening
of driving fatigue indicating a positive relationship. To
ensure that HRV is comparable with EEG sample entropy
values and to maintain comparability among different
drivers with distinct heart rate variations these four indi-
cators were normalized. The normalized data were impor-
ted into SPSS software where the PCA function was used
to analyze the psychophysiological indicators  see Tables
1 and 2  . Based on PCA results this study selects the
first second and third principal components to deter-
mine the weight coefficient of each sample entropy in the
comprehensive index.
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Table 1　 Total variance

Component
No.

Initial eigenvalue Extraction sum of
squared loadings

Total Variance
proportion

Accumula-
tion / % Total Variance

proportion
Accumula-

tion / %
1 1. 586 39. 644 39. 644 1. 586 39. 644 39. 644
2 1. 020 25. 498 65. 142 1. 020 25. 498 65. 142
3 0. 978 24. 447 89. 589 0. 978 24. 447 89. 589
4 0. 416 10. 411 100. 000

Table 2　 Component matrix

Indicator
Component No.

1 2 3
Sample entropy of Rθ / β 0. 888 0. 021 0. 050

Sample entropy of Rα + θ / β 0. 887 - 0. 046 0. 055

Sample entropy of Rδ 0. 083 0. 700 - 0. 709

HRV - 0. 050 0. 726 0. 685

　 The principal components are described below. Y1  Y2  
and Y3 represent the three linear combinations X1 denotes
the sample entropy value of Rθ / β  X2 indicates the sample
entropy value of Rα + θ / β  X3 is the sample entropy value of
δ H signifies HRV.

Y1 = 0. 705X1 + 0. 704X2 + 0. 066X3 - 0. 040H
Y2 = 0. 021X1 - 0. 046X2 + 0. 693X3 + 0. 719H
Y3 = 0. 040X1 + 0. 044X2 - 0. 563X3 - 0. 563H

}  1 

　 The CIDF  C expression can be obtained by compu-
ting the weighted average of the index coefficients in the
linear combinations of principal components where the
weights are determined based on the variance contribution
rate of each principal component.

C = 0. 329X1 + 0. 311X2 + 0. 094X3 + 0. 335H  2 

　 As driving time increases the level of driving fatigue
among drivers in plateau areas gradually deepens and the
CIDF value increases. A higher CIDF value indicates a
deeper level of fatigue experienced by the drivers.

2. 3　 Determination of driving fatigue threshold

　 To categorize the driving fatigue state using CIDF val-
ues it is crucial to establish appropriate threshold values
for CIDF across different fatigue states. This allows for a
systematic and objective classification of the driver􀆳s fa-
tigue level. Previous studies on driving fatigue have pro-
vided classifications for these states  see Table 3 . Based
on this the study chose cluster numbers K = 2 3 4 5
for analysis. K-means clustering analysis was performed
on the fatigue degree scores  CIDF values  of typical
sample data using SPSS software. The clustering effect
was evaluated by calculating the contour coefficient  see
Fig. 2 .

Table 3　 Classification of driving fatigue states
Number of classes Fatigue states

2 Awake fatigue
3 Alertness mild fatigue severe fatigue
4 Awake tired fatigue drowsiness

5 Alertness slight fatigue moderate fatigue se-
vere fatigue extreme fatigue

 a 

 b 

Fig. 2　 Clustering results.  a Clustering center  b Contour coef-
ficient and clustering center distance

　 According to the clustering results when K is 2 or 3 
the contour coefficient of the clustering model is greater
than 0. 5 and the distance between the clustering centers
is greater than 0. 1 indicating good classification per-
formance. Conversely when K is set to 4 or 5 the con-
tour coefficient of the clustering model is less than 0. 5 
and the minimum distance between the clustering centers
is less than 0. 1 resulting in higher dispersion within the
model. Considering that the psychophysiological indica-
tors exhibit significant fluctuations a model with low
contour coefficients and close clustering center distances
would fail to effectively distinguish the data. To maintain
satisfactory classification performance while providing de-
tailed differentiation of driving fatigue states this study
determined the optimal number of clusters as K = 3. This
categorization divides driving fatigue states into three cat-
egories alertness mild fatigue and severe fatigue. The
analysis results are listed in Table 4.
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Table 4　 Final clustering results
Cluster No. CIDF Number of cases

1 0. 27 74
2 0. 41 99
3 0. 58 67

　 To determine the thresholds for driving fatigue it was
necessary to establish CIDF value ranges for different fa-
tigue levels. The binning method was used to divide the
data into several groups based on certain criteria. The da-
ta were binned under the condition of three cluster groups
to classify the fatigue levels using SPSS  see Tables 5 and
6 . The calculation for each bin is based on the condition
that the lower limit is less than or equal to CIDF and CI-
DF is less than or equal to the upper limit.

Table 5　 Optimal bins
Cluster No. Lower limit Upper limit

1 0. 34
2 0. 34 0. 50
3 0. 50

Table 6　 Number of cases for each cluster
No. Cluster 1 Cluster 2 Cluster 3 Total
1 74 0 0 74
2 0 99 0 99
3 0 0 67 67
4 74 99 67 240

　 Cluster 1 represents the alertness state with a cluster
center of 0. 17 and a cluster interval of  0 0. 34 . This
cluster contains 74 data points each representing a 15 s
time window. Among these 69 data points are located
within the first 18. 5 min accounting for 93. 2% of the
total number of clusters. The fatigue state of drivers grad-
ually changes with the increase in driving duration and
does not exhibit significant fluctuations within a short pe-
riod. From the clustering results it is apparent that owing
to the fluctuation in psychophysiological indicators the
three categories are not evenly distributed over time with
a few outliers present. When the proportion of samples in
a certain fatigue state exceeds 90% within a certain time
period it can be considered that the drivers are in that fa-
tigue state throughout the corresponding period. There-
fore it can be inferred that the drivers were in the alert-
ness state during the first 18. 5 min of driving.
　 Cluster 2 represents a mild fatigue state with a cluster
center of 0. 31 and a cluster interval of  0. 34 0. 50  .
This cluster contains 99 data points of which 93 are loca-
ted between 18. 5 min and 43. 25 min accounting for
93. 9% of the total number of clusters. Therefore it can
be judged that the drivers entered the mild fatigue state af-
ter 18. 5 min of continuous driving and the mild fatigue
state persisted until 43. 25 min.
　 Cluster 3 represents the severe fatigue state with a
cluster center of 0. 48 and a cluster interval of  0. 50 

+ ∞  . This cluster contains 67 data points with 65 of
them located from 18. 5 min to 43. 25 min accounting
for 97. 0% of the total number of clusters. Therefore it
can be judged that the drivers entered severe fatigue after
43. 25 min of continuous driving.
　 Based on the comprehensive evaluation of psychophysi-
ological indicators the fatigue thresholds are determined
as follows 0. 34 for mild fatigue and 0. 50 for severe fa-
tigue. It can be concluded that drivers entered the mild
fatigue state after 18. 5 min of continuous driving and the
severe fatigue state after 43. 25 min. The distribution
characteristics of the sample data are illustrated using a
box plot with CIDF values under different driving fa-
tigue states depicted accordingly  see Figs. 3 and 4 .

Fig. 3　 Driving fatigue state classification

Fig. 4　 Classification box plot

2. 4　 Analysis of variance

　 One-way analysis of variance  ANOVA is a statistical
method that can be used to investigate whether different
levels of a control variable significantly affect an observed
variable. In this study ANOVA is suitable for studying
the classification of driving fatigue based on CIDF val-
ues. In ANOVA the p-value represents the probability of
obtaining observed differences between groups if the null
hypothesis is true. A smaller p-value suggests that the ob-
served differences are less likely to be attributed to ran-
dom factors providing evidence to reject the null hypoth-
esis. The F-value represents the F-statistic in ANOVA 
which is used to test whether there are significant differ-
ences among the means of one or more groups of sam-
ples. A larger F-value indicates a greater ratio of be-
tween-group differences to within-group differences 
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thereby increasing the likelihood of rejecting the null hy-
pothesis.
　 Through the Kolmogorov-Smirnov test it was found
that the CIDF values exhibit characteristics of a normal
distribution  p = 0. 198 > 0. 05 . The variability in CIDF
data across different levels of driving fatigue does not
show significant differences  p = 0. 082 > 0. 05  indica-
ting that the assumption of variance homogeneity is satis-
fied  see Table 7 .

Table 7　 ANOVA driving fatigue classifications
Fatigue state Alertness Mild fatigue Severe fatigue
Sample size 74 99 67
Mean 0. 173 2 0. 324 3 0. 518 3
SD 0. 052 83 0. 048 92 0. 084 14
P1 0. 198 0. 198 0. 198
P2 0. 082 0. 082 0. 082
P 543. 6 543. 6 543. 6
F 0. 000 0. 000 0. 000

　 Note P1 represents the p-value in the Kolmogorov-Smirnov test P2
represents the p-value in the variance homogeneity test.

　 Given that the CIDF values satisfy the assumptions of
normal distribution and variance homogeneity one-way
ANOVA was conducted on the data. The results indicate
that the CIDF values under different fatigue states are sig-
nificantly different suggesting that the clustering analysis
of CIDF values can effectively classify the driving fatigue
states. To obtain a fatigue threshold universally applicable
to all highland drivers a mathematical analysis was con-
ducted to determine the points at which each driver enters
different fatigue states  see Table 8 .

Table 8　 ANOVA of classification of all samples
Fatigue

state
Mild fatigue

threshold
Severe fatigue

threshold
Time to enter
mild fatigue

Time to enter
severe fatigue

Range  0. 31 0. 39  0. 46 0. 55  13. 75 34. 50  40. 50 54. 00 
Mean 0. 344 2 0. 516 9 21. 37 41. 48
SD 0. 026 10 0. 016 19 4. 97 3. 65
P3 0. 077 0. 077 0. 200 0. 200
P2 0. 723 0. 723 0. 034 0. 034
P 566 566
F 0. 000 0. 000
　 Note P3 represents the p-value in the Shapiro-Wilk test.

　 According to Table 8 the Shapiro-Wilk test reveals
that both the fatigue thresholds and the times to enter the
fatigue state follow a normal distribution  p > 0. 05 for
both . For the variance homogeneity test of thresholds 
there is no significant difference in the variability in the
two thresholds  p > 0. 05   satisfying the assumption of
variance homogeneity and allowing the use of one-way
ANOVA. However the times to enter two fatigue states
do not meet the assumption of variance homogeneity.
　 A one-way ANOVA conducted on the driving fatigue
thresholds of 26 drivers revealed a significant difference
between the mild and severe fatigue thresholds obtained
through K-means clustering analysis  p = 556 F =

0. 000 . Both thresholds exhibited a standard deviation
smaller than 0. 03 indicating minimal data dispersion.
The fatigue thresholds among the 26 drivers were highly
consistent with average values of 0. 34 for the mild fa-
tigue threshold and 0. 50 for the severe fatigue threshold 
effectively categorizing each driver􀆳s fatigue state.
　 By contrast the standard deviations of the times to en-
ter different fatigue states were large indicating substan-
tial data scattering. This variability is attributed to various
factors such as individual physical conditions meaning
each driver reaches mild and severe fatigue states at dif-
ferent specific times. Consequently it is impractical to
use these time values alone to accurately categorize the
driver􀆳s fatigue state owing to the high degree of variabili-
ty.

3　 Conclusions

　 1 This study focused on investigating driving fatigue
in the unique low-pressure and low-oxygen environment
of plateau areas. The sample entropy of EEG signals and
HRV were selected as psychophysiological indicators to
characterize driving fatigue states. By analyzing the cor-
relation between these psychophysiological signals and
driving fatigue status the study identified these indicators
as effective measures of driving fatigue.
　 2 A comprehensive evaluation indicator CIDF was
developed based on psychophysiology to effectively eval-
uate and manage fatigue-related risks in plateau areas.
This approach overcomes the limitations of single-indica-
tor methods.
　 3 Clustering analysis and optimal binning techniques
were applied to determine driving fatigue thresholds in
plateau areas. This resulted in the establishment of a driv-
ing fatigue threshold where a value of 0. 34 represents
mild fatigue and 0. 50 indicates severe fatigue. Conse-
quently the fatigue state is divided into three stages 
alertness mild fatigue and severe fatigue.
　 4 Despite the findings there are some deficiencies
and limitations. Driving fatigue can be influenced by va-
rious factors such as road alignment temperature driver
gender and experience. Considering factors such as safe-
ty and fatigue resistance the participants in this study
were mainly young drivers. Future research can further
explore the driving fatigue detection model and propose
more systematic approaches to effectively mitigate driving
fatigue.
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基于心生理指标的高原驾驶疲劳综合评价方法

陈　 飞1 　 徐　 爽1 　 李存孝1 　 朱皖肖1 　 薄　 雾2

( 1 东南大学交通学院, 南京 211189)
( 2 西藏大学工学院, 拉萨 850000)

摘要:为研究高原环境对驾驶疲劳的影响,选取脑电信号与心率作为驾驶疲劳表征指标,分析驾驶员进入疲

劳状态全过程的指标变化规律. 基于脑电信号样本熵和心率变异系数,利用主成分分析方法建立驾驶疲劳

综合评价指标(CIDF),以克服单一指标方法的局限性. 根据 CIDF 值,采用聚类分析方法,将高原环境下驾

驶疲劳状态细分为清醒、轻度疲劳和重度疲劳 3 种状态. 使用最优分箱确定高原地区不同驾驶疲劳状态下

的阈值,并利用方差分析方法进行验证. 结果表明,根据 CIDF 值可对高原地区驾驶员疲劳状态进行有效划

分. 清醒和轻度疲劳状态下的 CIDF 阈值分别为 0. 34 和 0. 50,CIDF 值大于 0. 50 则表示驾驶员处于重度疲

劳状态.
关键词:高原地区;驾驶疲劳;驾驶模拟;心生理指标
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