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Abstract. Electroencephalography (EEG) has been used to reliably and non-
invasively detect fatigue in drivers. In fact, linear relationships between EEG 
power-spectral estimates and indices of driver performance have been found 
during simplified driving tasks. Here we sought to predict driver performance 
using linear regression in a more complex paradigm. Driver performance varied 
widely between participants, often varying greatly within a single driving ses-
sion. We found that a non-selective linear regression model did not generalize 
well between periods of stable and erratic driving, yielding large errors. How-
ever, prediction errors were significantly reduced by training a linear regression 
model on stable driving for each participant. To provide a confidence estimate 
for the stable driving model, a quadratic discriminate classifier was trained to 
detect the transition from stable to erratic driving from the EEG power-spectra. 
Combined, the regression model and classifier yielded significantly lower pre-
diction errors and provided improved discrimination of poor driving. 
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1 Introduction 

Fatigue and drowsiness are among the primary contributors to vehicular accidents, 
being estimated to have contributed to between 40-90% of all accidents [1-2]. In fact, 
a 2005 poll conducted by the National Sleep Foundation found that about 60% of 
adult drivers admitted to getting behind the wheel in a drowsy or fatigued state [3]. As 
a result, the prevention of these accidents has become a major focus of driver safety 
research.  

To date, many systems have been designed to detect driver fatigue. Typically, 
these systems have relied on vehicle mounted sensors which correlate certain beha-
viors, such as vehicle dynamics, driver posture, or eye-blinking characteristics [4-6]. 
However, recent research has argued that monitoring the neural correlates of fatigue 
using electroencephalography (EEG) may provide a more reliable estimate of driver 
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fatigue [7-8]. Further, a number of these studies have found significant correlations 
between neural signals and fatigue (see Lal and Craig, 2001, for a review [9]).  Intri-
guingly, the results of these studies have varied almost as widely as their respective 
tasks, suggesting many differing assessments of the influence of fatigue on neural 
signals [10], leading to the conclusion that the specific influence of fatigue is task 
dependent [11-12]. 

Nonetheless, the observation of measureable changes in brain activity with fatigue 
has led to the development of several methods for classifying driver fatigue spanning 
a wide variety of classification approaches to predict the onset of fatigue [13-16], as 
well as discriminate between multiple levels of fatigue within a given driver [17-18]. 
While these works have been entirely fatigued-based, in a series of recent works, Lin 
and colleagues avoided the fatigue construct entirely and described a linear relation-
ship between indices of driver performance and power-spectral estimates of EEG data 
[19-21]. In fact, they have shown that this simple relationship can be used to directly 
predict driver behavior based solely on neural activity recorded during a driving task 
with minimal processing of the EEG data [19].  

However, the driving simulation used in their task was highly simplified. It has 
been shown that increases in task complexity can have a significant effect on the on-
set and characteristics of driver fatigue, and may be partly responsible for the diverse 
findings of the neural correlates of fatigue [11-12, 23]. As a result, it remains unclear 
how well a simple linear regression approach to driver performance prediction would 
translate to more complex driving tasks.  

To begin to address this question, we evaluated predictions of driver performance 
from two linear regression models similar to that described in Lin et al. (2005a) in a 
more realistic driving scenario requiring participants to not only control vehicle head-
ing but also control the speed of the vehicle and abide by posted speed limit signs. 
One of these models was trained on the full set of driving data during the training 
period while the other model only considered those points which reflect stable driving 
for that participant. Both models were then evaluated for the same testing data. We 
found significantly better performance of a linear model trained only on reasonably 
stable driving versus a linear model trained on the full range of behavior. Ultimately, 
we determined that the application of this type of performance prediction model bene-
fits when coupled with an additional measure to diagnose changes in the relationship 
between power spectral estimates of EEG and driving behavior, thereby providing a 
confidence measure of the model prediction and insight into the driver's state. 

2 Methods 

2.1 Experimental Design 

Participants. Eleven participants (aged from 20 to 40 years) participated in a virtual 
reality-based highway driving experiment. Each participant was briefed on the  
experimental equipment and procedures and signed an informed consent form.  
The voluntary, fully informed consent of the persons used in this research was ob-
tained as required by Title 32, Part 219 of the Code of Federal Regulations and Army 
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Regulations 70-25. The investigator has adhered to the regulations for the protection 
of human participants as prescribed in AR 70-25. 
 
Driving Simulation. Participants completed two separate driving sessions: the first, 
an acclimation session, lasted 15 minutes, the second experimental session consisted 
of 45 minutes of continuous driving. Before each session, participants provided an 
estimate of their fatigue level via the Karolinska Sleepiness Scale (KSS) [23].  
Additionally, participants were asked to verbally report their fatigue score on this  
scale every 15 minutes during the second experimental session without interruption of 
driving. 

Participants drove down a straight, infinitely long highway and were instructed to 
keep their vehicle as close to the center of the right-hand lane as possible. Throughout 
the session, after participants had maintained the vehicle within the appropriate lane 
for 8-10 seconds, a lateral perturbation was applied to the vehicle, causing it to begin 
to veer off course. The strength of the perturbation increased until the participant 
made a corrective steering adjustment (defined as a steering wheel deflection of 1 
degree in the opposite direction of the perturbation) at which point the perturbation 
ceased allowing the participant to return the vehicle to center of the driving lane. The 
perturbation would ramp down automatically after approximately 3 seconds if no 
correction was made, however the participant was still required to correct the vehicle's 
heading and position. If the participant did not perform a corrective steering adjust-
ment, the vehicle would continue to veer out of the lane and off the road until the 
vehicle was 21.9 meters outside of the lane, at which point the participant would be 
alerted to regain control of the vehicle via an auditory cue.  

In addition to maintaining control of the vehicle's direction, participants also main-
tained appropriate speed for the vehicle during the testing session via accelerator and 
brake pedals. Participants were instructed to obey posted speed limit signs which 
appeared on the right-hand side of the road during the driving session. The speed limit 
was 45 mph for the majority of the session; however at three different points during 
the 45minute driving session the posted speed limit was reduced to 25 mph. 
 
Data Collection and Analysis.  Vehicle, EEG, and eye-tracker data were collected 
simultaneously throughout the experiment. 

Vehicle Status and Performance Metrics. Vehicle status (position and dynamics) 
was monitored throughout each session, sampled at 90 Hz for participants 1-7 and at 
100 Hz. for participants 8-11. To estimate driving performance, the vehicle's lateral 
deviation was calculated for entire session as the difference between the vehicle's 
lateral position and the center of the driving lane. To account for the tendencies of 
some participants to consistently position the vehicle to the right or left of the center 
of the lane, the median of their offset was subtracted to minimize this bias. Lane Dev-
iation (LD) was then calculated as the absolute value of the lateral deviation through-
out the driving session. LD values over the entire session were smoothed using a 90 
second moving average filter with 2 second increments [19]. 

Electroencephalography. EEG signals were collected using a 64-channel Biosemi 
Active Two EEG system (Amsterdam, Netherlands), sampled at 2048 Hz and down-
sampled to 256Hz off-line. Electrode impedance was kept at or below 5 MΩ. Using 
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the embedded timing pulses and event signals, the EEG time series was synchronized 
with the vehicle status and driving performance data. Following this, the data was 
bandpass filtered to remove signals greater than 50 Hz and less than 5 Hz. The power 
spectral density estimates (PSD) for each channel were calculated using a 750 point 
Hanning window with 250 point overlap. Each channel and frequency power estimate 
of the 1-40 Hz bands was then smoothed with the same 90 second moving average 
filter used to smooth the lane deviation data, reducing variance and preserving the 
temporal alignment of the PSD and LD data streams. As was described in Lin et al. 
(2005a), correlation between PSD estimates and LD were often strongest for channels 
Cz and Pz leading to their selection for regression analysis. The same general trend 
was observed in the present study and thus the same two locations were used for  
performance prediction. 

Eye tracking. Eye position was monitored but was not used for the analysis. 

2.2 Experimental Design 

Cross-Validation Preparation. The aligned EEG and vehicle data from the experi-
mental session were split into three 15 minute blocks to train and test each prediction 
approach. Three-fold cross-validation was conducted such that two blocks were used 
to train the prediction algorithm and the remaining block was used to assess predic-
tion performance. To eliminate overlapping data between training and testing sets, 90 
seconds of the training data that abutted the testing data was removed prior to each 
cross-validation iteration. 
 
Full-Data Regression. Following channel selection, principle component analysis 
(PCA) was then performed on the combined PSD estimates of both channels of the 
training session. Using these eigenvectors, both training and testing PSD estimates 
were projected into the component space and only the scores from the top 50 compo-
nents (based on their eigenvalues) were preserved. The projected PSD data of the 
training set were used to calculate the coefficients of a 51 parameter (50 component 
vectors + offset) linear regression model of lane deviation. These coefficients were 
then applied to projected PSD testing data to generate a prediction of LD over  
this period. The predicted and measured LD values were compared for each epoch  
to characterize the predictive accuracy of the algorithm. This was repeated three 
times-- once for each cross-validation block. 
 
Stable-Driving Regression. Driving performance varied widely not only between 
participants, but also within a single driving session for several of them. This high 
degree of variability resulted in dramatically different regression coefficients for a 
single participant's driving behavior depending upon which period of the driving ses-
sion is used to train the model. To generate a regression model that yields more stable 
performance across an experimental session, we attempted to fit a linear regression 
model to a narrower subset of the driving performance data that reflected the more 
consistent driving epochs. To accomplish this, we defined a behavioral threshold for 
stable regression based on each participants individual driving habits: 
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"Stable-Driving"    0.5 ,          (1) 

where  and ,  are respectively the median and standard deviation of lane devia-
tion during the training period for participant i. A linear regression model was subse-
quently calculated using only the LD data and PSD estimates from the indices in 
which LD values were below this threshold. In essence, LD values below this thre-
shold represents a regime of stable driving performance; henceforth we refer to this 
sub-threshold performance as "stable driving”.   

Performance Classification and Confidence Estimate. Given that the "stable-
driving" regression model was trained on a subset of the data when performance was 
generally consistent, the reliability of the model is somewhat limited during the pe-
riods of less stable driving where the shift in the behavior may be accompanied by a 
shift in the natural relationship between PSD estimates and driving performance. In 
these cases, the predictions of the stable-driving model may be suspect. It would be 
useful to be able to predict when the participant's performance may be deviating from 
stable driving based on the patterns observed in the PSD estimates, thereby providing 
an estimate of the confidence in the predictions of the stable-driving model. To ac-
complish this, a Quadratic Discriminate Classifier (QDC) was developed by assigning 
sub-threshold epochs to one class and supra-threshold epochs as another class. The 
PSD data fed into the classifier was treated identically to that used for regression with 
the one exception that the PSD estimates were smoothed with only a 4 second sliding 
window with 2 second steps. This was done to preserve a higher degree of sensitivity 
of the classifier to more rapid changes in PSD.    Based on the PSD data of the testing 
period, if the QDC predicted stable driving conditions, we considered the predictions 
of the stable-driving model to be valid.  However, if a transition to supra-threshold 
driving (class 2) was predicted by the QDC with 95% confidence, we considered the 
stable driving model’s estimates to be invalid. In this way, the QDC serves as binary 
estimate of our confidence in the stable driving model.  

Statistical Analysis. To compare predictive performance between models, regression 
coefficients, mean squared error (MSE) of the prediction, and identification of supra-
threshold LD values within a given participants and block were compared directly 
using a paired Wilcox test unless otherwise stated. Significance threshold was set to a 
p-value of 0.05.  

3 Results 

3.1 Driving Performance 

Driving performance varied greatly between participants as some participants main-
tained a high level of control of their LD whereas others exhibited periods of large LD 
or highly variable driving performance. For instance, 3 of the 11 participants’ average 
LD did not exceed 0.5 meters, whereas 3 other participants produced averaged LD in 
excess of 2 full lanes outside of the correct lane. 
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While the stable-driving model yielded significantly smaller predictions errors, the 
model often under-estimated large increases in LD and missed significantly more 
epochs of supra-threshold driving than did the linear model (p<0.05). This suggests 
the stable-driving model alone may not reliably predict when the participant begins to 
drive poorly. As previously described, the QDC output also serves as a predictor of 
supra-threshold driving. Combining the outputs of the classifier and stable-driving 
models may result in a more accurate estimate of sub- and supra-threshold driving 
epochs than the full-data model.  

With respect to identifying periods of supra-threshold LD, the full-data model 
yielded predictive accuracy ranging from 56% to 100% across participants, with an 
average accuracy of 83.3 ± 15% for the population. The combined stable-driving and 
QDC system preformed better, yielding a range between 71% and 100%, with a sig-
nificantly greater average accuracy of 89.8 ±11% (p<0.05). In addition, the number of 
false positives across the population, i.e. predictions of large LDs, was significantly 
greater in the full-data model compared to the combined approach (p<0.05), with no 
difference in the number of false negatives between approaches. Interestingly, the 
combined QDC and stable-driving predictions did not out-perform the QDC predic-
tions of supra-threshold driving alone (88.6% average accuracy). This suggests that 
while the linear regression can provide a higher resolution estimate of the driving 
performance, the classifier was necessary to more reliably predict periods of the su-
pra-threshold driving in this scenario, even when a more accurate linear model is 
used.  

4 Discussion 

In this study, we found that a linear algorithm indiscriminately trained on participants’ 
driving data yielded larger predictions errors than one which was trained on a subset 
of driving data representative of stable-driving behavior. The stable-driving regres-
sion model was generally accurate during these periods of the testing data; however, 
performance deteriorated during periods of less stable driving. In this experiment, 
large or variable LDs were associated with a lack of vigilance on the part of the driv-
er. Thus, the inability of the stable driving model to reliably predict far beyond the 
stable driving regime may be evidence of a shift in the natural relationship between 
PSD estimates and driving performance. This may in part explain why the model 
trained on the full set of data was less accurate, particularly in those cases where driv-
ing performance varied greatly. 

Several researchers have recently applied non-linear algorithms to classify fatigue 
onset from EEG data with high degrees of accuracy [16-17], and in some cases dis-
criminate between multiple levels of fatigue [18-19]; while others have shown broad-
er network-based shifts in neural activity associated with fatigue driving performance 
[21]. Thus, it is possible that the onset of fatigue is accompanied by a more complex 
shift in the patterns of brain activity than can be characterized by a single linear algo-
rithm. Another explanation for this is that additional processes or events not related to 
fatigue and drowsiness could have affected the relationship between PSD estimates 
and driver performance. Fatigue is only one of many physiological constructs which  
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can affect driving behavior and alter neural activity. A system designed to predict 
driver performance in the real-world must be equipped to manage or anticipate these 
factors to allay their affects. 

Given this, we hypothesized that the predictions of a linear model may be comple-
mented by a secondary means to detect when a shift in the relationship may occur. 
Here, a quadratic discriminate classifier was trained to detect a change in the patterns 
of PSD data indicative of a transition in behavior (i.e. from stable- to errant-driving) 
in and out of a regime where a single linear model could not extrapolate to. Using this 
output, we were able to identify epochs where the stable-driving model produced 
vastly larger errors and thus indicating that the QDC provided a useful confidence 
estimate for the stable-driving model. In addition, we used the classifier output as an 
additional behavioral metric and combined those predictions with the stable-driving to 
accurately predict periods of poor driving at a significantly higher rate than the linear 
model as well as produce significantly fewer false positives. As a result, we conclude 
that while a linear model trained on a limited regime of stable driving behavior yields 
improved predictions of driving behavior, this approach is greatly benefitted by a 
complementary method to specifically identify non-stable driving.  

A potential future application for a regression/classification system as described 
here is to use the classifier to toggle between regression models based on the pre-
dicted state of the driver. That is, if a different relationship between PSD and LD is 
found during poor driving performance (or N other behavioral regime), the informa-
tion provided by the classifier could also serve to switch between regression models 
trained specifically for the classified driver states. Further, the accuracy and reliability 
of such an EEG-based system may be enhanced by leveraging other sources of infor-
mation regarding the driver’s state such as eye-tracking, posture etc. This multimodal 
approach has been shown to be effective for detecting fatigue onset in drivers [15, 24] 
and would be of great benefit to an automated system deciding to trust the output of 
one or multiple predictions of driving performance.  
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