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Objective: This study developed a real-time system to detect driver's cognitive load
using a multi-layer artificial neural network (MANN) based on electrocardiography
(ECG) signals. The real-time system was aimed at classifying driver's status into either
normal or overload.

Background: Driving with cognitive load is considered as one of significant factors
for traffic accidents. Thus, an early detection of this risky status while driving is needed
to prevent vehicle accidents.

Method: The ECG signals of this study were measured from 22 participants who
performed simulator-based driving experiment under two different conditions (1:
normal driving, 2: overload driving (driving while doing a two-back task or an
arithmetic task)). A real-time detection system was developed using MANN on the
ECG signals and its effectiveness was evaluated for two new participants who drove
under the two driving conditions.

Results: The MANN model used for the real-time detection system showed perfect
accuracy (100%), sensitivity (100%), and specificity (100%) for both of the training and
testing data sets. In addition, the proposed real-time detection system successfully
detected the change of participant's status with a reasonable time delay (mean = 4.5
seconds).

Conclusion: This study demonstrated that the ECG signals can be used as a biometric
measure for the detection of the driver's cognitive status in real-time.

Application: The proposed detection system would be useful for the development
of an intelligent vehicle that can provide timely interventions and/or warnings at the
early onset of cognitive overload.

Keywords: Driver cognitive load, Multi-layer artificial neural network, Heart rate
variability, Vehicle accident prevention

1. Introduction

Driving under cogpnitive load is considered as one of contributing factors for vehicle
accidents. This risky driving can decrease the amount of residual attention in which
may lead to vehicle crashes (Li et al, 2018; Kountouriotis et al,, 2016). The U.S. National
Highway Traffic Safety Administration (2017) reported that there were 3,477 fatalities
and 391,000 injuries in vehicle crashes resulting from distracted driving due to
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cognitive load (e.g, thinking of something or finding a direction while driving; Zeeb et al, 2016; Reimer et al, 2013). Thus, an
accurate real-time detection system of cognitive load while driving is necessary to prevent accidents and improve the traffic
safety on the road.

Electrocardiography (ECG) can be considered as a reliable measure to identify whether a driver is under cognitive load or not. ECG
signals represent electrical activities of the heart in which can be quantified in terms of time and frequency domains (Tarvainen
et al, 2014). The time domain includes mean inter-beat interval (IBl), standard deviation of IBls (SDNN), and root mean squared
difference of adjacent IBls (RMSSD). The frequency domain includes power at a low frequency (LF), power at a high frequency (HF),
and LF/HF ratio. These heart rate variabilities (HRV) derived from ECG signals reflect the human ongoing internal physiological
state that cannot be intentionally hidden (called te/-tale sign; Piotrowski and Szypulska, 2017; Sahayadhas et al, 2013). In addition,
existing studies have consistently reported that cognitive load decreases time domain measures (mean IBl, SDNN, and RMSSD)
and HF while increasing LF and LF/HF (Tjolleng et al., 2017; Mehler et al., 2009, 2012; Wood et al, 2002; Brookhuis and De Waard,
2001).

An artificial neural network (ANN) model using ECG signals for the detection of the driver's cognitive load has shown better
performance than other classification models. For instance, Zhang et al. (2014) developed a regression model to detect a cognitive
load and showed an accuracy of 62.5%. In addition, Solovey et al. (2014) established several classification models such as decision
tree method and logistic regression method, which had accuracies ranging from 71.5 to 74.1%. On the other hand, Tjolleng et al.
(2017) proposed an ANN model of detecting a cognitive load during simulated driving and reported accuracies of 95% and 82%
for learning and testing data. These superior classification performance of the ANN classifier is reasonable since it is capable to
extract information from noisy data, avoid overfitting, and also more robust than other methods (de Naurois et al., 2019; Dong
et al, 2011).

An accurate real-time detection system of driver's cognitive load is needed to provide timely interventions on the early onset of
cognitive load. However, there are rooms to improve existing approaches in terms of accuracy and practicality. Since detecting
driver's status using physiological signals is a challenging task due to existence of individual variability, accuracies of the existing
approaches were varied largely (e.g., 62.5~95%). In addition, only few studies attempted to develop a real-time detection system
of driver's cognitive load. However, they showed two limitations in terms of accuracy and detection delay. For example, Rigas et al.
(2011) proposed a real-time detection system of driver's cognitive load using ECG, electrodermal activity, and respiration based on
Bayesian network with accuracy of 82%. Liao et al. (2016) developed a real-time detection system of driver cognitive load based
on eye movement and driving performances using support vector machine (SVM) and reported detection delay up to 9 seconds.

The purpose of this study was to develop a real-time detection system of driver's cognitive load using a multi-layer artificial neural
network (MANN) on ECG signals. The MANN model was constructed using the ECG signals measured for 22 male participants
under two simulated-driving conditions (1: normal driving, 2: overload driving). The proposed real-time detection system was
coded in Matlab (MathWorks, Inc. USA) using the MANN model. The usefulness of the developed system was evaluated for two
male participants who operated a driving simulator under the two different conditions.

2. Development of the Real-Time Detection System

2.1 Acquisition of ECG data sets

2.1.1 Experiments

We acquired two ECG data sets under different levels of driving speed (60km/h, 100km/h) and different impose methods of

Journal of the Ergonomics Society of Korea



31 Dec, 2020; 39(6): Real-time System for Detecting Driver's Cognitive Load 627

cognitive load (arithmetic task and two-back task). The first ECG data set was obtained for 9 male participants (mean age + SD:
23.611.4 years). They had no discomfort on the day of experiment and signed an informed consent form. They were given an
explanation about the experimental purposes and procedures. Driving conditions were defined as 1) normal driving or 2) overload
driving. In the normal driving, the participant was asked to drive on a two-lane highway at a speed of about 60km/h for 2 minutes.
In the overload driving, the participant did driving on the same two-lane highway at a speed of about 60km/h (primary task) for
2 minutes while performing an arithmetic task (secondary task). The arithmetic task was to do subtraction or addition of a 3-
digit random number with a 1-digit random number. An arithmetic task program coded in Visual Basic 6.0 (Microsoft Inc., USA)
randomly provided an arithmetic task to the participant, and he verbally reported his correct answer.

The second ECG data set was obtained from our previous study (Tjolleng et al, 2017), which measured 13 male participants
(mean age * SD: 26.3+2.7 years) while driving a simulator (primary task) with/without a two-back task (secondary cognitive task).
Driving conditions were also defined as 1) normal driving or 2) overload driving. In the normal driving, the participant drove on
a two-lane highway at a speed of about 100km/h for 2 min. In the overload driving, the participant drove on the same track,
speed, and duration while performing a two-back task. The two-back task was to recall the two step's earlier number when the
experimental computer presented arbitrary numbers with an interval of one second by referring from the existing studies (Hong
et al, 2014; Mehler et al,, 2011).

2.1.2 Data pre-processing and selection of sensitive ECG measures

We combined the two ECG data sets and pre-processed it according to the two-step protocol proposed in Tjolleng et al. (2017).
In the first step, six ECG measures in time domain (mean IBl, SDNN, and RMSSD) and frequency domain (LF, HF, and LF/HF)
were quantified for the combined ECG signals. IBl data were quantified from the raw ECG signals using the R-peak detection
algorithm (Billauer, 2012) with windowed filter coded in Matlab. The three-time domain measures were quantified using Equation
1-3. Meanwhile, the three frequency domain measures were obtained by fast Fourier transform (FFT) algorithm. The frequency
bands for LF (0.04~0.15Hz; unit: ms?) and HF (0.15~0.4Hz; unit: ms?) were defined according to Tarvainen et al. (2014). In addition,
the window size adopted in this study was 120 seconds. In the second step, the six ECG measures were normalized with the
ECG measures for the normal driving in order to eliminate the individual differences existing in the ECG signals (Hong et al,,
2014; Lee et al,, 2010; Lal and Craig, 2001).

" IBI;
Mean IBI = 2=1/8%
where: n = number of inter-beat intervals,
IBI; = it inter-beat interval

SDNN = \/@ (2)

where: n = number of inter-beat intervals,
IBI; = it inter-beat interval,
IBI = average of inter-beat intervals
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where: n = number of inter-beat intervals,
IBI;= it inter-beat interval
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Two sensitive measures (mean IBl and RMSSD) out of six were selected by considering statistical significance and repeatability.
An analysis of variance (ANOVA) was conducted in Minitab v14.0 (Minitab Inc, USA) to statistically examine the significance of
the ECG measures as the driver's status changed (o = 0.05). The analysis results revealed that mean IBI, RMSSD, LF, and LF/HF
measures showed significant trends in response to the change of driver's condition from normal to overload driving as shown in
Figure 1 (mean IBI: A1, 21) = 3148, p < 0.001; RMSSD: A1, 21) = 31.72, p < 0.001; LF: A1, 21) = 470, p = 0.042; and LF/HF: A1,
21) = 8.11, p = 0.010). All time domain measures and HF decreased as the driver condition changed; meanwhile, LF and LF/HF
increased. Although SDNN and HF showed systematic trend with elevation of cognitive load, they were not statistically significant
(SDNN: A1, 21) = 3.70, p = 0.068; HF: A1, 21) = 0.59, p = 0.452). On the other hand, standard deviations of the time domain

measures (mean [BI = 0.16, SDNN = 0.41, RMSSD = 0.43) were relatively smaller than those of the frequency domain (LF = 0.98,
HF = 0.79, LF/HF = 1.20).
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Figure 1. Normalized ECG measurements for two driving conditions (normal driving and overload driving) (alphabet letters
indicate significant differences at o = 0.05)

2.2 Establishment of multi-layer artificial neural network

To classify the driver's status into either normal or overload, we proposed a MANN model consisted of four layers (one input, two
hidden, and one output layers), as depicted in Figure 2. The input layer had two nodes for the two normalized sensitive ECG
measures. The two hidden layer had 10 neurons each and was activated by a sigmoid function (tan-sigmoid transfer function)

with output range [-1,1]. Lastly, the output layer had two nodes which were associated with the two driver's states (normal and
overload).

A standard feed-forward and back-propagation neural network model was trained in Matlab (MathWorks, Inc. USA). The scaled
conjugate gradient algorithm was utilized as a learning function of the back-propagation method. The normalized sensitive ECG
measures obtained from the 22 participants were randomly partitioned into training (70%) and testing (30%) data sets. The training
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data was used during the network training and for adjusting unit of weights of the connection layers. Meanwhile, the testing
data set was used to independently evaluate the network performance. The classification performances of the MANN model were
evaluated using overall accuracy, specificity, and sensitivity for both of training and testing data sets. As a result, the MANN model
showed perfect accuracy (100%), sensitivity (100%), and specificity (100%) for both of the training and testing data sets.

Input layer Hidden layer Output layer

Normal

Sensitive

Driver's
ECG measures

conditions

Overload

Figure 2. The structure of artificial neural networks model used in this study

2.3 Implementation of the real-time detection system

The study developed a real-time detection system consisted of an ECG device (hardware) and analysis software. The ECG device
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Figure 3. lllustration of graphical user interface of the real-time detection system
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(Physiograph P400, PhysioLab Co., South Korea) measured ECG signals from a driver in real-time at a sampling rate of 500Hz. The
analysis software comprised of three modules (ECG measure calculation module, driver's status classification module, and graphical
user interface (GUI) module). The ECG measure calculation module quantified and normalized the two sensitive ECG measures
using the ECG signals recorded for the initial 2 minutes. In addition, the peak threshold to detect R-peak points needed to be
customized for each participant due to the magnitudes of ECG raw signals varied significantly among participants. The outlier
criterion was also used to eliminate the outliers of IBI that were greater or less than the criterion percentage of previous IBl (e.g.,
30%). The driver's status classification module classified the driver's status into either normal or overload using the MANN model.
The window span and update rate of the real-time detection system were 120 seconds and 1 second, respectively. Lastly, the GUI
module displayed the analysis results on a screen, as shown in Figure 3. The GUI module displayed all parameters (top-left of
Figure 3), raw ECG signals (bottom of Figure 3, and classification result (top-right of Figure 3) for research purposes.

3. Performance Evaluation of the Real-Time Detection System

3.1 Methods and materials

3.1.1 Participants

Two young male participants (mean age + SD: 27.0+1.41 years) voluntarily took part in the evaluation experiment of the real-time
detection system. The participants were healthy, had a normal or corrected-to-normal vision, and without cardiovascular diseases.
In addition, the participants asked to refrain from any alcohol and caffeine prior participating in the main experiment of this study.
They signed an informed consent form and were given a description of the experimental objective and procedures.

3.1.2 Equipment

A driving simulator (Logitech G27 Drive™, Switzerland) and a driving program (Driving Simulator 2012, Excalibur Publishing Ltd.,

UK) were used in this study. The driving simulator was comprised of a seat, a steering wheel, and two pedals for acceleration
and brake (Figure 4). The driving program was used to provide a driving scene. A desktop computer (Model ST2410b Dell, China)

ECG analysis and
real-time detection system

Monitor Arithmetic task system

Figure 4. lllustration of the experimental setup
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was used for simulated driving by connecting the driving simulator with the driving program. A notebook computer (Aspire 57327,
Acer Inc., China) was employed to execute the arithmetic task system for inducement of driver cognitive load. Lastly, a desktop
computer (Model Flatron 24EN43V, LG Electronics Inc, Korea) was also utilized for the detection system, which recorded the ECG
signals and displayed the classification results in a real-time.

3.1.3 Experimental design

To validate the effectiveness of the real-time detection system, an experiment was carried out under two different driving conditions
(normal and overload driving). In the normal driving, the participant drove on a two-lane highway at a speed of about 60km/h.
The overload driving involved driving on the same two-lane highway at a speed of about 60km/h (primary task) while performing
an arithmetic task as a secondary task.

The experiment was divided into two sessions: 1) pre-experiment session and 2) main experiment session. In the first session, a
pre-experiment was performed to collect the ECG signals for the participant while operating the simulator under two different
driving conditions. These ECG signals were used to confirm two sensitive ECG measures of the participant. The pre-experiment was
performed in three steps. First, the participant was explained the objective of the pre-experiment. Second, three ECG sensors were
placed on the driver's wrists and right ankle before a practice trial was carried out for about 5 minutes to become accustomed
with the driving simulator. Lastly, the participant was instructed to drive under the two driving conditions for 2 minutes each. The
pre-experiment was conducted two times (one in the morning and one in afternoon on the same days). The experiment order of
the driving conditions was counterbalanced.

In the next session, the main experiment was conducted to evaluate the real-time detection system for the same person who
participated in the first session. The main experiment was performed with the following five steps. First, the participant was informed
of the objective of the main experiment. Second, three ECG sensors were attached to the participant, and a short practice drive
was allowed for about 5 minutes. Third, the two sensitive measures selected from the pre-experiment were input into the real-time
detection system. Next, the baseline for the participant was measured under normal driving for 2 minutes. Fourth, the participant
was instructed to drive under normal and overload driving conditions for 2 minutes each while the ECG signals were recorded.
The ECG signals were processed by the real-time detection system, and the analysis results were displayed on a screen in real-time.
Lastly, a short debriefing was conducted regarding the experimental results.

3.2 Results

Two sensitive ECG measures (mean IBI and RMSSD) for both participants were the same as described in chapter 2.1.2. For example,
the participant #1 in Figure 5a showed change directionality agreeing with the results of previous studies (Tjolleng et al., 2017;
Mehler et al, 2009, 2012; Wood et al., 2002; Brookhuis and De Waard, 2001), except SDNN. In general, the time domain measures
showed smaller standard deviations than the frequency domain measures as shown in Figure 5a and 5b.

The proposed real-time system using the two sensitive measures detected a status change as the driving condition changed from
normal to overload, as shown in Figure 6. It can be observed that the normalized mean IBI and RMSSD of the both participants
gradually decreased after the driving condition changed at the time 240 seconds. For example, the normalized mean IBI and
RMSSD of the participant #1 were 0.99 and 0.91 for the normal driving and 0.87 and 0.75 for the overload driving, respectively.

Although the real-time detection system correctly identified the status change of the both participants, some delays were observed

until detecting the status change, as shown in Figure 6. In this study, the driving condition changed at 240 seconds which was the
right after the normal driving (time to start the secondary task); however, the real-time detection system detected the status
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change at 246 seconds for the participant #1, which indicates a delay of 6 seconds. Similarly, for the participant #2, the real-time
detection system identified the status change at 243 seconds, which corresponds to a delay of 3 seconds. The average of time

delay for both participants were 4.5 seconds.
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Figure 5. Normalized ECG measures on two driving conditions for (a) participant #1 and (b) participant #2
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4. Discussion

240

300 360

The present study developed a real-time detection system that can detect driver's cognitive load using the MANN on ECG signals.
The MANN model to classify the driver's status into either normal or overload was constructed using the ECG signals measured
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for 22 participants. The ECG signals were normalized within each participant, and two sensitive ECG measures were selected to
account for individual differences (Hong et al, 2014; Lee et al, 2010; Lal and Craig, 2001). This study demonstrated the usefulness
of the real-time detection system in a simulator-based driving experiment for two new participants.

In the performance evaluation of the real-time detection system, the average changing trend of all ECG measures (except SDNN
for participant #1) due to the cognitive load obtained in this study agreed with the results reported in previous studies. Mean
IBI and RMSSD in the time domain decreased when the participants were driving under a cognitive load. These trends agree with
the results of Tjolleng et al. (2017), Brookhuis and De Waard (2001), and Wood et al. (2002). In addition, LF and LF/HF increased
and HF decreased when the participants drove under a cognitive load in the study. These trends also agreed with the results
obtained by Wood et al. (2002) and Tjolleng et al. (2017).

The MANN model with two hidden layers adopted in this study showed a better accuracy compared to the typical ANN model
with a single hidden layer used in our earlier work (Tjolleng et al., 2017). The accuracies of the MANN and ANN models for the
training data set were 100% and 95%, respectively. Similarly, the accuracies for the testing data set were 100% and 82%. These
results indicated the effectiveness of the proposed MANN model in detecting the status of driver's cognitive load based on ECG
signals. The reason for the result can be explained in relation to the fact that a deeper network such as MANN can capture more
complex nonlinear relationships in the data (Zhang et al., 2019).

The real-time detection system detected the status change with some delays (mean delay = 4.5 seconds) for both participants.
This can be explained by the effect of transition period and time window used in this study. First, the delay observed in the
detection system might be affected by the transition condition from the normal driving to the overload driving condition. Second,
this study adopted a time window of 120 seconds, as suggested by Tjolleng et al. (2017). Thus, the ECG measurements calculated
at the moment of the status change reflect the 120 seconds before the status change. To examine the effect of the time window
on detectability, a comprehensive follow-up study with a large group of participants is necessary.

The real-time detection system in this study demonstrated its usefulness in identifying the driver's cognitive load. Thus, the
detection system can be applied to develop an intelligent vehicle that can support a driver by providing timely interventions
and/or warnings to prevent vehicle accidents and near-accidents. However, several limitations need to be reflected in further
studies to generalize the findings of this study. First, since the experiments in this study were limited in terms of sample size and
demographic characteristics of the participants, further experiments are suggested involving large samples with diverse demographic
characteristics such as age, gender, and population. Second, this study mainly focused on detection of two levels of driver's states
of cognitive load (normal or overload). Hence, future works are suggested to explore other types of driver's states (e.g.,, drowsiness
and fatigue). Lastly, the experiments of this study were conducted in a laboratory with controlled condition using a driving simulator
due to safety issues. Thus, a field study with a real vehicle is necessary to validate the results of this study.

5. Conclusion

This study proposed a real-time detection system of driver's cognitive load using a MANN model based on ECG signals. The
MANN model was established based on the ECG signals measured from 22 participants while driving under two different conditions
(normal driving, overload driving). An experiment was performed with two participants who operated a driving simulator under
the two different conditions to examine the effectiveness of the developed real-time detection system. The results of this study
showed that the real-time detection system enabled to correctly classify the both participant's status into either normal or overload.
We expected that the proposed real-time detection system of driver's cognitive load can be applied for the development of an
intelligent vehicle in order to prevent vehicle accidents.
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