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Abstract: Due to the advancement of science and technology, modern cars are highly technical,
more activity occurs inside the car and driving is faster; however, statistics show that the number
of road fatalities have increased in recent years because of drivers’ unsafe behaviors. Therefore,
to make the traffic environment safe it is important to keep the driver alert and awake both in
human and autonomous driving cars. A driver’s cognitive load is considered a good indication of
alertness, but determining cognitive load is challenging and the acceptance of wire sensor solutions
are not preferred in real-world driving scenarios. The recent development of a non-contact approach
through image processing and decreasing hardware prices enables new solutions and there are
several interesting features related to the driver’s eyes that are currently explored in research. This
paper presents a vision-based method to extract useful parameters from a driver’s eye movement
signals and manual feature extraction based on domain knowledge, as well as automatic feature
extraction using deep learning architectures. Five machine learning models and three deep learning
architectures are developed to classify a driver’s cognitive load. The results show that the highest
classification accuracy achieved is 92% by the support vector machine model with linear kernel
function and 91% by the convolutional neural networks model. This non-contact technology can be a
potential contributor in advanced driver assistive systems.

Keywords: cognitive load; eye-movement; machine learning; non-contact

1. Introduction

Today’s vehicle system is more advanced, faster and safer than before and is on the
process to be fully autonomous. Literature shows that most traffic accidents happen by
human error [1]. Therefore, theoretically, a well-programmed computer system or au-
tonomous system can reduce the accident rate [2]. Recently, many automobile industries
have launched cars with autonomous level 3 and 4; however, in the development process
of autonomous vehicles, human drivers must be present in case of failures of autonomous
systems or, if necessary, humanitarian assistance [3]. Hence, the necessity of driver moni-
toring is rapidly increasing in the transportation research community as well as in vehicle
industries.

According to National Highway Traffic Safety Administration (NHTSA), about 94%
of all observed accidents occurred in 2018 due to the presence of human error [4] such
as higher stress [5], tiredness [6], drowsiness [7,8] or higher cognitive load [9]. A report
published in 2015 shows that almost 38% of the total road accidents happen due to the
driver’s mental distraction [10], which increases cognitive load of the driver. Another
driver status called fatigue is the gradually increasing subjective feeling of tiredness of a
subject under load. Fatigue can have physical or mental causes and can be manifested in a
number of different ways [11].
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Generally, three types of parameters are used to monitor drivers’ cognitive load:
physiological parameters, vehicle-based parameters and behavioral parameters [12]. Tra-
ditionally, physiological parameters are obtained using sensors attached to the driver’s
body. However, non-contact-based approach extracts physiological parameters from facial
image sequences that capture the color variation of facial skin due to blood circulation
caused by cardiac pulses in the cardiovascular system [13-16]. Recently, non-contact-based
heart rate (HR) and heart rate variability (HRV) extraction techniques have been vividly
reviewed in [17,18] respectively. Vehicular parameters are also used to classify the driver’s
cognitive load, such as in [19,20]. Behavioral parameters—the behavior of the driver, in-
cluding eye movement, yawning, eye closure, eye blinking, head pose, etc.—are monitored
through a digital camera, and the cognitive load of the driver is detected. Robust eye
detection and tracking are considered to play a crucial role for driver monitoring based on
behavioral measures. The eye-tracking system can be an alternative solution to detect and
extract eye movement parameters. Existing eye-tracking systems are either sensor-based
or vision-based [21].

For cognitive load monitoring, different parameters have been investigated through
different physiological sensors. From the literature (presented in Section 1.1) it is seen that
there are not many vision-based contributions in driver monitoring applications. Though
a few attempts (i.e., vision-based methods) have been initiated for driver cognitive load
monitoring, these are limited to head movement or behavioral activities. In this paper,
a vision-based method is implemented to extract eye movement parameters through a
driver’s facial images, which is a new and noble contribution in this domain according
to our knowledge. Several machine learning (ML) and deep learning (DL) algorithms
are deployed to classify the driver’s cognitive load. Here, a single digital camera is
used to record the driver’s facial images, and eye pupil positions from each image frame
are detected and extracted. Two eye movement parameters, saccade and fixation, are
calculated using the eye pupil positions and 13 features are extracted manually. However,
in this study, subject fatigue is not considered for cognitive load classification [11]. Five
ML algorithms, support vector machine (SVM) [22], logistic regression (LR) [23], linear
discriminant analysis (LDA) [24], k-nearest neighbor (k-NN) [25] and decision tree (DT) [26],
are deployed for cognitive load classification. Further, three DL architectures: convolutional
neural networks (CNN) [27], long-short-term-memory (LSTM) [28,29] and autoencoder
(AE) [30] are designed both for automatic feature extraction from raw eye movement signals
and for classification. Additionally, combined DL + ML approaches, i.e., CNN + SVM and
AE + SVM, are used for feature extraction and classification. In addition, a commercial
eye tracker is simultaneously used as a reference sensor. Finally, the performance of
the cognitive load classification is evaluated through several statistical measurements:
the accuracy, Fi-score, sensitivity and specificity of the camera system are compared
with the reference system. To observe the significant difference between the ML and
DL algorithms, two statistical significance tests, Wilcoxon’s test and Delong’s test, are
conducted. Comparisons between the systems are observed in terms of raw extracted
signals, extracted features and different windowing.

In rest of the paper, Section 1.1 presents state-of-the-art, Section 2 describes materials
and methods that include the data collection procedure, feature extraction, case formulation
and experimental procedure; Section 3 presents experimental works and results, and a
discussion is included in Section 4. Finally, Section 5 summarizes the work.

1.1. State-of-the-Art

In the last two decades, the academic and transportation research community has been
working toward the implementation of a driver state monitoring system. For safe driving,
it is important to keep track of the driver’s state to allow detection of when short-term
driving performance deviates from its normal state. The experimental and commercial
implementations often consist of multiple devices that contribute to the goal of valid and
reliable evaluation of drivers’ states, such as cognitive distraction, cognitive load, mental
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fatigue and emotions [31]. However, the literature shows that most road accidents happen
due to the driver’s cognitive load. There are many reasons for this inattentiveness; one
of the main reasons is high cognitive load. Research shows that measurements of eye
movements are often used as factors that statistically correlate with the latent concept of
mental workload [32].

Eye movements are very informative as a data source for the analysis of human
cognition [33] and an essential part of multi-sourced big driving data for monitoring
driver performance [34]. The reason for this is that eye movements indicate the focus of
visual attention. Eye movements are typically divided into fixations and saccades-when
the eye gaze [35] pauses in a certain position, and when it moves to another position,
respectively. Eye movement is used to detect which areas are looked at most frequently
and which areas have the longest fixations. Today, camera-based eye-tracking systems are
used unobtrusively and remotely in real-time to detect drivers’ eye movements. The most
common remote eye tracking systems use multiple cameras to give satisfactory results.
However, promising results from using only one camera have recently emerged on the
market. Single-camera systems are cheaper, easier to operate and easier to install in a
vehicle compared to multi-camera systems [36]. It is shown in [37] that a single webcam
can detect eye positions with stable accuracy. Considering performance, the accuracy of
a multi-camera system is higher than a single-camera system [38]. The report presented
in [32] briefly describes five eye-measuring techniques, i.e., GazeTracker, EOG, JAZZ, Smart
Eye and Video-based, along with their advantages and disadvantages. GazeTracker uses a
head-mounted infra-red source and CCD camera. This eye tracker sends out near-infrared
light and it is reflected in the eyes. Those reflections are picked up by the eye tracker’s
cameras. Through filtering and calculations, the eye tracker knows where the eyes are
looking. The electrooculogram (EOG) is a very simple way of measuring eye movement
activity by placing electrodes around the eye. These electrodes do not measure the eye
directly, but they pick up the electric activity of the muscles controlling the eyeball.

Another type of eye-tracking methods involves physically attaching a reference object
to the eye, using a contact lens [39]. In most cases, the reference object is a small wire
coil embedded in the contact lens, which can measure the movement of the eyes. This
eye-tracking system is highly intrusive and causes discomfort for the user.

Many eye-tracking methods presented in the literature are developed based on image
processing and computer vision techniques. In these methods, a camera is set to focus on
one or both eyes and record the eye movement. There are two main areas investigated in
the field of computer vision-based eye tracking: eye detection or eye localization in the
image [40] and eye-tracking [21]. Different pattern recognition techniques, such as template
matching, are used for eye-tracking. In [41], principal component analysis (PCA) is used to
find principal components of the eye image, and an artificial neural network (ANN) is used
to classify the pupil position. A particle filter-based eye-tracking method was proposed
which estimates a sequence of hidden parameters to detect eye positions [42]. There
are also many other approaches found in the literature for eye-tracking, such as Hough
transform-based eye tracking [43] and Haar-based cascade classifiers for eye tracking [44].

Cognitive load can be detected based on four assessment methods: primary task
performance measures, secondary task performance measures, subjective measures and
physiological measures [45]. Different types of features are extracted for each of the
assessment methods and either machine learning algorithms or statistical methods are used
for cognitive load classification. For feature extraction, a windowing size is considered
at the beginning; however, there is no unique window size that can be used for feature
extraction. Literature shows that different sampling frequencies are used for different types
of data. In the literature, different sampling frequencies were considered for eye movement
feature extraction for cognitive load classification. In [46], there were four secondary tasks
and each task was performed for 3 min. Then, features were extracted from the entire
3 min of data, i.e., the sampling frequency was 180 Hz. In [47], a sampling frequency of
15 Hz was considered for calculating eye movement parameter fixation duration. The
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authors considered different window sizes, but the best performance appeared when the
time window size was 30 s [48]. However, a different opinion is seen in [49]; the author
suggested that it might be unnecessary to limit the window size. After all, the sampling
frequency for eye movement feature extraction depends on the characteristics of the data
such as the number and the duration of secondary tasks.

2. Materials and Methods
2.1. Data Collection

Thirty-three male participants aged between 35-50 (42.47 4= 4.39 years) were recruited for
the study. Only males were chosen to obtain homogeneous groups from the population. The
regional ethics committee at Linkoping University, Sweden (Dnr 2014 /309-31) approved the
study and each participant signed an informed consent form. The experiment was carried out
using a car simulator (VTI Driving Simulator III) (https://www.vti.se/en/research/vehicle-
technology-and-driving-simulation/driving-simulation/simulator-facilities) (Accessed date:
26 November 2021) which is shown in Figure 1.

-~

Figure 1. VTI Driving Simulator III (https://www.vti.se/en/research/vehicle-technology-and-
driving-simulation/driving-simulation /simulator-facilities) (Accessed date: 26 November 2021).

The approximate driving time was 40 min, including a practice session of 10 min
before the actual driving with cognitive load activity. The driving simulation environment
consisted of three recurring scenarios: (1) a four-way crossing with an incoming bus and
a car approaching the crossing from the right (CR), (2) a hidden exit on the right side of
the road with a warning sign (HE), and (3) a strong side wind in open terrain (SW). In
the simulation, the road was a rural road with one lane in each direction, some curves
and slopes and a speed limit of 80 km/h. As a within-measure study, each scenario was
repeated four times during the driving session where participants were involved in a
cognitive load task, i.e., a one-back task, or were driving to pass a scenario (baseline or
no additional task). Thus, the cognitive load was annotated as cognitive load class ‘0" for
baseline and cognitive load class ‘1’ for the one-back task. The start and end time of each
HE, CR and SW were recorded with a no task and one-back task marker. The one-back
task was imposed on drivers by presenting a number aurally every two seconds. The
participants had to respond by pressing a button mounted on their right index finger
against the steering wheel if the same number was presented twice in a row. The scenarios
were designed to investigate the adaption of the driver behavior corresponding to the
scenario and cognitive task level (i.e., one-back task).

Two recording systems were used to track and record eye activities. The SmartEye
eye-tracking system (http://www.smarteye.se) (Accessed date: 26 November 2021) was
the primary device that tracked and captured the eye movements of the drivers, which
is considered as ground truth in this paper. The second system was a digital camera that
captured the driver’s face and upper body. Each driver had the opportunity to agree or
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disagree that the video recording should be used at seminars or events when signing the
informed consent.

2.2. Eye-Pupil Detection

The Materials Figure 2 shows a test participant and his detected eye-pupil position.
A summary of the eye pupil position detection and extraction through facial images is
presented by a flow chart in Figure 3.

Figure 2. A test participant and his detected eye-pupil position.

Step 1: Step 6:
Read Frame, k=1 —  Transform binary image
l mto mverse image
Step 2:

-Face Detection
-Select facial ROI
-Extract facial ROI Step 7:

Detect edges of the image

Read Frame k =

K+ Step 3:
- -Detect eyes l
-Crop eyes pair Step 8:
| Identify circular region
Step 4: l
Transform eye pairs mto
gray scale image Step 9: Step 10:
Calculate center of > Save the position
' the circle For frame k
Step 5:
Transform gray scale image —
into binary image

Step 11:
Last Frame

Figure 3. Flow chart of the method for eye positions extraction.

Initially, video files are converted into images based on the frame size. In Step 2, the
face is detected from the video images through a region of interest (ROI) using the Viola
and Jones algorithm [50] and, to speed up the face detection to the next consecutive image
frames, face tracking is applied using the Kanade-Lucas-Tomasi (KLT) algorithm [51]. De-
tails and a technical description of face detection are presented in our previous article [52].
Several image processing tasks are conducted to detect eye pupil positions in the image
frames. First, the extracted facial ROI is converted into grayscale images and then the
grayscale images are transformed into binary images, imposing a threshold value of 0.5. In
the next level, the binary image is converted into an inverse image. Inverse image helps to
find the edges of the face which are formed due to presence of eyes, nose and mouth. A
Sobel edge detection method is used for detecting these edges in the inverse image. Then,
the goal is to find the eyes; to do this, it is detected whether there is any circular region
or not. Finally two circles for eyes are detected which provide the center of the circle or
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the center of the eye position. For better understanding, Algorithm 1 is provided with a
simplified pseudocode is also provided below:

Algorithm 1. Pseudocode for extract eye pupil positions

BEGIN
WHILE until reading the last name
FOR frame number = 1
Read current frame
IF face exist in current frame
Detect face
Select ROI
Detect eyes from the ROI
Perform image processing
Calculate eye pupil position
Save the position
ELSE
Read next frame
ENDIF
ENDFOR
ENDWHILE
END

2.3. Feature Extraction

For the feature extraction, the raw eye movement signals are divided into fixation and
saccade. The signal is fixation when eye gaze pauses in a certain position, and the signal
is saccade when it moves to another position. In brief, a saccade is a quick, simultaneous
movement of both eyes between two or more phases of fixation in the same direction.
Saccade and fixation are calculated from the time series of eye positions’ raw data (X, Y).
First, the velocity is calculated based on two adjacent positions and their respective time
and all 13 features are calculated. The list of features is extracted using eye positions which
are listed in Table 1.

Table 1. List of saccade and fixation features.

Types of Features Fe;t:re Name of the Features
1 Maximum saccade velocities
2 Standard deviation of saccade velocities
3 Average of saccade velocities
Saccade 4 Maximum saccade duration
5 Standard deviation of saccade duration
6 Average of saccade duration
7 number of saccades
8 Maximum fixation velocities
9 The standard deviation of fixation velocities
L 10 Average of fixation velocities
Fixation 11 Maximum of fixation duration
12 The standard deviation of fixation duration
13 Average of fixation duration

2.4. Classification Methods

In this paper, for cognitive load classification, three approaches have been deployed
which are the ML approach, DL approach, and ML + DL approach.

2.4.1. ML Approach

Figure 4 presents a block diagram for the machine learning approach including data
processing, data sets preparation, training, validation and classification steps.
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Figure 4. Overview of cognitive load classification machine learning approach: (1) input signal,
(2) data processing, (3) data sets preparation, (4) model classifiers, and classification results.

(1) Input Signals of the approach are considered as eyeT signals recorded by the Smart-
Eye system (i.e., the eye movement data are recorded in (X, Y) format) and the facial video
was recorded by Microsoft LifeCam Studio (https://www.microsoft.com/accessories/en-
us/products/webcams/lifecam-studio/q2f-00013) (Accessed date: 26 November 2021)
and stored in a separate computer. In (2) Data processing, the approach focuses on the eye-
pupil position extraction through facial images (presented in II (B)) and feature extraction
(presented in II (C)). In (3) Data Set Preparation, the extracted features are divided into two
classes based on the auditory 1-back secondary task by the participants during simulator
driving. Based on the tasks performed by the participants, the classes are defined as ‘0’
represents no cognitive load (n-back task) or baseline (i.e., primary driving task) and ‘1
represents a one-back Task (i.e., secondary task).

A secondary task was imposed six times for each driver while driving in a scenario.
The duration of each secondary task was 60 s. There were 12 scenarios and each driver
drove 60 s in each scenario. Eye movement parameters are extracted considering a window
size of 30 s. Therefore, there are 24 samples in each test subject, where 12 samples belong
to class ‘0’ and the rest of the 12 samples belong to class ‘1. A summary of the samples in
each data set is shown in Table 2.

Table 2. Number of cases in eyeT and camera data.

# of Samples in
Each Data Set

Class “‘0”: 360
Setl eyeT Class 1": 360
Total: 720

Class “‘0”: 360

Set2 Camera Class “1”: 360
Total: 720

Group Study

In the (4) Model classifiers and classification results, both training and validation tasks
are considered. For the training, five ML algorithms, SVM, LR, LDA, k-NN and DT, are
deployed based on the extracted features through training and considered as an instance
of supervised learning to classify drivers’ cognitive load tasks [53]. For the validation, two
cross-validation techniques are conducted which are k-fold cross-validation and holdout
cross-validation. In the k-fold cross validation, data are partitioned into k randomly chosen
subsets of roughly equal size where k-1 subsets are used for the training and the remaining
subset is used for validating the trained model.

This process is repeated k times such that each subset is used exactly once for vali-
dation. Holdout cross-validation partitions data randomly into exactly two subsets of a
specified ratio for training and validation. This method performs training and testing only
once, which minimizes the execution time. Then, for the classification, first true positive
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(TP), false positive (FP), true negative (TN), and false-negative (FN) are calculated for each
ML algorithm. Finally, classification accuracy and F;-score are obtained.

2.4.2. DL Approach

In the deep learning approach, two deep learning architectures are used which are
CNN and LSTM networks.

2.4.3. ML + DL Approach

CNN: Most of the existing CNN models consist of a large number of layers; for
example, AlexNet has 25 layers, vggl6 has 41 layers, vggl9 has 47 layers and resnet101
even has 347 layers. The greater number of layers means more complex models and it
requires more time to process. In this study, a CNN architecture with 16 layers is designed
from scratch to classify the cognitive load. It was emphasized to design a CNN model
considering a smaller number of layers so that the processing time of the images can
be reduced as much as possible. Among the 16 layers, there is one input layer, three
convolutional layers, three batch normalization layers, three relu layers, three max-pooling
layers, one fully connected layer, one softmax layer and the final layer or output layer.
The input layer reads the time series data and passes it into the series of other layers. The
design of the CNN architecture and the dimensions of the hyperparameters are presented
below in Figure 5.

5
of
&
& &% & Q'QK S
L, Input layer & Do\\Q & o\\Q & S s \@e
i dF, 3 oY 8 . R°G°
1 & SN LS S o
1 W WP (T FTE S 0%&
....... Output
) ) Class
Time series data (G0 I | N | N | N 7 S -
0 o :
2,16 2,64
E’addi]ng: 2x2 {ijczﬁ]ng 2"‘2 E’addi]ng: 2x2
‘same”  Stride:2 ., oo Stridei2 «game’ Stride:2

Figure 5. CNN architecture for the time series classification.

LSTM: Another deep learning network called LSTM is used to classify the driver’s
cognitive load using time series eye movement data. The LSTM network in this study
is a type of recurrent neural network (RNN) and it consists of five layers. The essential
layers of an LSTM network are a sequence input layer and an LSTM layer. The time-series
data are formed into sequences which are fed into the input layer of the network. Figure 6
demonstrates the architecture of a simple LSTM network for time series classification of
cognitive load.

Fully
Connected

Sequence

— Softmax —{ Classification
Input

) LSTM —

Figure 6. Block diagram of LSTM architecture for the time series classification.

The network starts with a sequence input layer followed by an LSTM layer. To
predict class labels, the network ends with a fully connected layer, a softmax layer and a
classification output layer. The LSTM layer architecture is illustrated in Figure 7.
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Figure 7. The architecture of LSTM layer.

This diagram presents the flow of the time-series data (x,y) with features (channels)
C of length S through an LSTM layer. In the diagram, #; and c; denote the output or the
hidden state and the cell state, respectively.

ML + DL Approach: The combination of two ML + DL approaches is also considered
to classify the driver’s cognitive load, which are CNN + SVM and AE + SVM.

CNN + SVM: A DL + ML approach considering CNN + SVM is presented in Figure 8.
The CNN model presented in Figure 8 is used to extract features automatically from the
raw data and the features are then used for cognitive load classification using a machine
learning classifier.

Input layer

CNN layers
Output
Class

n Time series data

o
A e%\\“c
Datasets | P Model Classification
Preparation ! SVM : Classifier Result
-------------------- K-fold cross
validation

Figure 8. The block diagram of ML + DL approach using CNN + SVM for cognitive load classification.

In this case, the SVM classifier has been deployed. The automatic feature extraction
is performed in the fully connected layer which is the 14th layer of the networks. Then
the extracted features are used to train the SVM model where k-fold cross-validation is
performed. Finally, the model classifier is deployed for the classification of cognitive load.

AE + SVM: Another DL + ML approach using AE + SVM is applied for the automatic
feature extraction from the raw data and the classification of the cognitive load. The AE, in
this case, is a stacked AE, which is presented in Figure 9.
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Figure 9. The stacked AE architecture.

The network of this stacked AE is formed by the two encoders and one softmax layer;
however, the second encoder is also called the decoder. The number of hidden units in
the first and second encoder is 100 and 50, respectively. In this case, the raw data of size
(360 x 3600) are fed into the input layer and then the first encoder is trained. Traditionally,
the number of hidden layers should be less than the data size. After training the first AE,
the second AE is trained in a similar way. The main difference is that the features that were
generated from the first AE will be the training data in the second AE. Additionally, the
size of the hidden layers is decreased to 50, so that the encoder in the second AE learns
an even smaller representation of the input data. The original vectors in the training data
had 3600 dimensions. After passing them through the first encoder, this was reduced to
100 dimensions. After using the second encoder, this was reduced to 50 dimensions. Finally,
these 50-dimensional vectors are used to train the SVM model to classify the two classes of
cognitive load. K-fold cross-validation approach is considered for the validation.

2.5. Evaluation Methods

After the implantation of the proposed approach as a proof-of-concept application,
several experiments are conducted where several evaluation methods are used. These
experiments are mainly the comparisons between the raw signals, features and classification
by both eyeT and camera systems. In addition, significant test between the classes and
identification of optimal window size are also considered. The mentioned evaluation
metrics are (1) cumulative percentage, (2) box plot and (3) sensitivity/specificity analysis.

The cumulative percentage is a way of expressing the frequency distribution of the
raw data signals. It calculates the percentage of the cumulative frequency within each
interval, much as relative frequency distribution calculates the percentage of frequency.
The main advantage of cumulative percentage over cumulative frequency as a measure
of the frequency distribution is that it provides an easier way to compare different sets of
data. Cumulative frequency and cumulative percentage graphs are the same, except the
vertical axis scale. It is possible to have the two vertical axes (one for cumulative frequency
and another for cumulative percentage) on the same graph. The cumulative percentage
is calculated by dividing the cumulative frequency by the total number of observations
(n) and then multiplying it by 100 (the last value will always be equal to 100%). Thus, the
cumulative percentage is calculated by Equation (1).

CP = (cumulative frequency =+ n) x 100 @)

A box plot (also known as box and whisker plot) is a type of chart often used in
explanatory data analysis to visually show the distribution of numerical data and skewness
through displaying the data quartiles (or percentiles) and averages. Here, it shows a five-
number summary of a set of data: (1) minimum score, (2) first (lower) quartile, (3) median,
(4) third (upper) quartile and (5) maximum score. The minimum score contains the lowest
scores, excluding outliers. The Lower quartile shows the 25% of scores that fall below the
lower quartile value (also known as the first quartile). The median marks the mid-point of
the data and is shown by the line that divides the box into two parts (sometimes known
as the second quartile). Half the scores are greater than or equal to this value and half are
less. The upper quartile shows the 75% of the scores that fall below the upper quartile value
(also known as the third quartile). Thus, 25% of the data are above this value. The maximum
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score shows the highest score, excluding outliers (shown at the end of the right whisker).
The upper and lower whiskers represent scores outside the middle 50% (i.e., the lower 25% of
scores and the upper 25% of scores). The interquartile range (or IQR) is the box plot showing
the middle 50% of scores (i.e., the range between the 25th and 75th percentile).

In sensitivity/specificity analysis, based on the measurement of the prediction, the
predicted response is compared with the actual response and compute the accuracy of each
classifier based model in terms of the evaluation matrices sensitivity or recall, specificity,
precision, F1-score, accuracy and ROC AUC [53]. All these matrices are calculated based
on the formula given in Equations (2)—(6).

TP

Sensitivity or Recall = TP+ TN )
Pecificity = TNTifFP 3)
Precision = 7TP1EFP 4

Fi-score =2 x PEZSQ?QEZ%Z?SH &

Accuracy = = " ,}ii};?j TEN (6)

Another important measurement is the receiver operating characteristic (ROC) curve and
area under the curve (AUC). The ROC curve shows the performance of a classification model
at all classification thresholds. This curve plots two parameters: true positive rate (TPR)
and false-positive rate (FPR). Lowering the classification threshold classifies more items as
positive, thus increasing both FP and TP. The AUC measures the entire two-dimensional
area underneath the entire ROC curve, and it ranges in value from 0 to 1. A model whose
predictions are 100% wrong has an AUC of 0.0; one whose predictions are 100% correct has
an AUC of 1.0.

Two statistical significance tests, Wilcoxon’s signed ranked test and and DeLong’s test,
are conducted to compare the performance of the models based on ROC curves. The
Wilcoxon signed-rank test is a nonparametric test which is used to compare two sets of
scores that come from the same participants and z-score and p-values are obtained. The
Delong test is performed between two models based on ROC curves and p-value and
z-score of the two curves are obtained; p < 0.05 can be seen as a large difference between
the two curves. If the z-score deviates too much from zero then it is concluded that one
model has a statistically different AUC from the other model with p < 0.05.

3. Experimental Works and Results

The aim and objective of these experiments are to observe the performance of the
camera system compare to the commercial Eye-Tracking (eyeT) system in terms of raw
signal comparisons, extracted features comparisons and drivers’ cognitive load classifica-
tion. The experimental works in this study are four-fold: (1) comparison between raw signals
extracted both by the camera system and by the commercial eyeT system, (2) Selection
of Optimal Sampling Frequency, i.e., identification of the sampling frequency that is best
for feature extraction and classification, (3) comparisons between the extracted features based
on the camera system and the eyeT system and, finally, (4) cognitive load classification and
comparisons between the camera system and the eyeT system.

3.1. Comparison between Raw Signals

This experiment aims to determine if the extracted raw signals of the camera system
compare to the raw signal extracted from the eyeT system. Here, a visualization of raw
signals and a cumulative percentage of the raw signals have been calculated. For the
visualization of the raw signals both by the camera system and by the commercial eyeT



Sensors 2021, 21, 8019

12 of 24

system, a test subject is randomly selected and saccade and fixation signals are plotted for
200 samples which are presented in Figure 10.

Comparison between eyeT and camera raw signals
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Figure 10. Visualization of the raw signals extracted by the camera system and compared with the
eyeT system.

It is observed that the saccade peaks between eyeT and camera signals are identical,
and only the amplitude of the fixation of the camera signal is higher than the amplitude of
eyeT. This makes it easy for the feature extraction task by the proposed camera system.

The cumulative percentage experiment aims to see the frequency distribution on the
raw data extracted from the proposed camera system compare to the eyeT system. To
calculate the cumulative percentage, several steps are followed; they are: Step (1): the
percentage of absolute differences between eyeT and camera raw signals are calculated for
each subject considering x and y signals. Step (2): Then, the cumulative percentages are
calculated for x and y and their average values are considered as a cumulative percentage
for a subject. Step (3): Finally, the average cumulative percentage for 30 test subjects is
calculated. An example of cumP calculation is presented in Table 3 and the average cumP
for 30 test subjects is shown in Figure 11.

Table 3. An example to calculate cump.

% of abs If

Sample eyeT Camera  abs Diff Diff (Th <= 15,1,0) Count cumP
1 0.143 0.179 0.038 25.635 0 0 0.00
2 0.189 0.179 0.012 6.067 1 1 50.00
3 0.174 0.154 0.015 8.112 1 2 66.67
4 0.183 0.164 0.020 10.530 1 3 75.00
5 0.178 0.180 0.016 8.479 1 4 80.00
6 0.180 0.160 0.007 3.689 1 5 83.33
7 0.170 0.180 0.029 20.214 0 5 71.43
8 0.178 0.180 0.017 8.767 1 6 75.00
9 0.176 0.179 0.015 7.964 1 7 77.78
10 0.176 0.187 0.005 2.640 1 8 80.00
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Figure 11. Average cumulative percentage of all 30 test subjects considering raw signals both extracted by the proposed

camera system compare to the eyeT system.

As can be observed from Figure 11, the cumulative percentages of 80, 90 and 100 are
achieved for the absolute differences while considering as a threshold, i.e., 13, 20 and 40,
respectively. That means to achieve 100% accuracy of the raw signal extracted from the
camera system compared to the eyeT system, the absolute differences between the two raw
signals should be 40 as an average value of 30 subjects.

3.2. Selection of Optimal Sampling Frequency

Once the raw signals are extracted and compared, the next task is to extract features
for the cognitive load classification. To achieve good features and better classification
accuracy, the sampling frequency should be the best selection; thus, this experiment aims
to identify the best sampling frequency to extract features and cognitive load classification.
In this study data of each of the secondary n-back tasks were imposed on the driver for
one minute during simulator driving. Three different time windows, i.e., 60's, 30 s and 15,
were considered for feature extraction to observe which window size performs the best for
ML algorithms, i.e., SVM, LR, LDR, k-NN and DT, considering F;-score. Table 4 presents
the performance, i.e., F1-score and Accuracy, of all five ML algorithms both for eyeT and
camera data. It can be observed that the Fi-score and Accuracy are better for 30 s sampling
frequency than 60 s and 15 s sampling frequencies. It is also observed that k-fold cross
validation (i.e., k = 5) achieves higher accuracy than holdout cross validation. Here, from
the comparion it is observed that the highest F1-score and accuracy are achieved when the
sampling frequency is 30 Hz. Therefore, all the experiments in subsequent sections only
consider the data sets of sampling frequency 30 s and k-fold cross-validation.
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Table 4. Summary of the comparison of different sampling frequencies.

Sampling Frequency
ML Cross-Validation
60 30 15
Model Methods Measurements s s s
eyeT Camera eyeT Camera eyeT Camera

Kofold Fq-score 0.8 0.82 0.92 0.92 0.82 0.85
SVM o Accuracy 0.8 0.81 0.92 0.92 0.82 0.85
Hold Fq-score 0.8 0.8 0.91 0.9 0.8 0.83
oldout Accuracy 0.8 0.8 0.91 0.9 0.8 0.83
Kkfold F1-score 0.81 0.77 0.92 0.91 0.84 0.85
LR o Accuracy 0.81 0.78 0.92 0.91 0.84 0.85
Hold Fq-score 0.8 0.79 0.91 0.9 0.82 0.83
oldout Accuracy 0.8 0.79 0.91 0.9 0.81 0.8
Kfold Fq-score 0.8 0.78 0.92 0.91 0.82 0.85
LD o Accuracy 0.8 0.78 0.92 0.91 0.82 0.86
Hold Fq-score 0.8 0.79 0.91 0.9 0.81 0.83
oldout Accuracy 0.8 0.78 0.9 0.9 0.8 0.82
Kofold Fq-score 0.86 0.82 0.91 0.91 0.87 0.83
K-NN o Accuracy 0.86 0.82 091 091 0.87 0.83
i Hold F1-score 0.86 0.82 0.9 0.9 0.85 0.82
oldout Accuracy 0.85 0.82 0.9 0.9 0.84 0.81
Kfold F1-score 0.89 0.84 0.89 0.9 0.86 0.85
DT o Accuracy 0.89 0.84 0.88 0.89 0.86 0.85
Hold Fq-score 0.87 0.84 0.88 0.88 0.85 0.84
oldout Accuracy 0.88 0.84 0.88 0.88 0.84 0.84

3.3. Comparisons between the Extracted Features

This experiment focuses on the comparisons between the extracted features by the
camera system and the eyeT system. Here, correlation coefficient is measured between the
feature sets to observe the closeness of the features, and then features are compared between
the system considering 0-back and 1-back cognitive loads. The correlation coefficient ‘r’
between the features of the eyeT and camera system is presented in Figure 12. In each case,
p values are 0 (i.e., <0.05) which which means the correlations are significant.
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Figure 12. Correlation coefficients between the features extracted both by the eyeT and camera
systems.

The highest value of r is 0.95 and the lowest value is 0.82 which indicates that there is
a good positive relation between features of the systems.
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Values

Statistical comparison between features extracted from 0-back and 1-back classes are
conducted to observe if there are any significant differences in cognitive load with non-
cognitive load tasks both for eyeT and camera system. Here, four statistical parameters,
maximum (MAX), minimum (MIN), average (AVG) and standard deviation (STD), are
calculated for all test subjects. Figure 13 presents the average summary of the statisti-
cal measurements for the eyeT system. Figure 14 presents the average summary of the
statistical measurements for the camera system.
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Figure 13. Summary of the statistical parameters comparing n-back task 0 and 1 considering features eyeT system.
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Figure 14. Summary of the statistical parameters comparing n-back task 0 and 1 considering features camera system.

It can be observed in both cases that there are significant differences between 0-back
and 1-back, considering all 13 extracted features.

Box plots are presented to see the significant differences of features between 0-back
and 1-back. Here, the summary of the comparisons includes (1) first (lower) quartile, (2)
median and (3) third (upper) quartile scores. Figure 15 presents box plots for the features
extracted by the eyeT system and Figure 16 presents box plots for the features extracted by
the camera system.



Sensors 2021, 21, 8019

16 of 24

feature:1 feature:2 feature:3 feature:4
2 15- 215 : + g 15 215 |
® : " ! ; = + B —— K : =
> 5 = = = C_:_: + = 5 i i S5 = -
0-back 1-back 0-back 1-back 0-back 1-back 0-back 1-back
feature:5 feature:6 feature:7 feature:8
15 , B 15 :
g g15 N g = 315 H
m 3 _ i T 5 ; . S = = = —t —_
> = = > e > — > 5 3 .
0-back 1-back 0-back 1-back 0-back 1-back 0-back 1-back
feature:9 feature:10 feature:11 feature:12
$15 . g5 | g = g5 T
= = ‘ . 5 — = —
= 5 = == i = = > 5 -+
0-back 1-back 0-back 1-back 0-back 1-back 0-back 1-back
feature:13
@15 -
= 3
; 5- 4
0-back 1-back
Figure 15. Boxplot of 0-back and 1-back for eyeT features.
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Figure 16. Boxplot of 0-back and 1-back for camera features.

According to both figures, 0-back features and 1-back features have significant differ-

ences considering 1st quantile, 3rd quantile and median values.

3.4. Classification Results

This experiment focuses on the robustness of ML and DL algorithms in terms of
cognitive load classification. Here, the average classification accuracy for the experiments
is observed for five ML algorithms, SVM, LR, LDA, k-NN and DT, and three DL algorithms,
CNN, LSTM and AE, both for eyeT and camera features, considering a 30 Hz sampling fre-
quency. K-fold cross-validation was performed for each classifier, where K is 5. Sensitivity
and specificity are also calculated for each algorithm. Table 5 presents the classification

accuracy, sensitivity and specificity for SVM, LR, LDA, k-NN, and DT, both for eyeT and

camera data.
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Table 5. Sensitivity, specificity, precision, F1-score, and accuracy for svim, Ir, Ida, k-nn, and dt classifiers for both eyet and camera data, where total observation is 720, 0-back classes are 360

and 1-back classes are 360.

Criteria
Data Algorithms True(gtI),s;ltlve Nag;ﬂr(FN) False(gl(;)smve Trueg;%atlve SenIs{lfc\;lltly or Specificity Precision F,-Score Accuracy
SVM 338 36 22 324 0.9 0.94 0.94 0.92 0.92
LR 331 30 29 330 0.92 0.92 0.92 0.92 0.92
LDA 335 35 25 325 0.91 0.93 0.93 0.92 0.92
k-NN 336 44 24 316 0.88 0.93 0.93 0.91 0.91
eyeT DT 322 45 38 315 0.88 0.89 0.89 0.89 0.88
CNN 325 32 35 328 0.91 0.9 0.9 0.91 0.91
CNN + SVM 323 31 37 329 0.91 0.9 0.9 0.9 091
LSTM 322 31 38 329 0.91 0.9 0.89 0.9 0.9
AE + SVM 320 33 40 327 0.91 0.89 0.89 0.9 0.9
SVM 336 35 24 325 0.91 0.93 0.93 0.92 0.92
LR 330 34 30 326 0.91 0.92 0.92 0.91 091
LDA 332 35 28 325 0.9 0.92 0.92 0.91 0.91
k-NN 337 45 23 315 0.88 0.93 0.94 0.91 091
Camera DT 324 40 36 320 0.89 0.9 0.9 0.9 0.89
CNN 324 32 36 328 0.91 0.9 0.9 0.91 0.91
CNN + SVM 323 32 37 328 0.91 0.9 0.9 0.9 0.9
LSTM 317 31 43 329 0.91 0.88 0.88 0.89 0.9
AE + SVM 318 31 42 329 0.91 0.89 0.88 0.9 0.9
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Different hyperparameters were explored to achieve the highest classification accuracy
for all ML models. In the SVM model, three kernel functions, i.e., ‘linear’, ‘gaussian’ (or
‘tbf’) and “polynomial” kernel function, were deployed, where the ‘linear” kernel function
was responsible for producing the highest classification accuracy. In the LR model, a
function called ‘logit function” was used for the classification task. In the LDA model, five
types of discriminator functions are used, ‘linear’, ‘pseudolinear’, ‘diaglinear’, ‘quadratic’
and ‘pseudoquadratic’ or ‘diagquadratic’, where the best accuracy is achieved using the
‘linear” discriminator function. In the k-NN model, different value of k is explored where
the best one is k = 10 for “Euclidean’ distance function. In the DT model, three criterion
functions are explored for choosing a split which are ‘gdi’ (Gini’s diversity index), ‘twoing’
for the twoing rule or ‘deviance’ for maximum deviance reduction (also known as cross-
entropy). The best was ‘gdi’, where the maximum number of split is 4.

According to Table 5, the highest overall accuracy achieved is 92% for camera data
using SVM classifiers and the highest classification accuracy for eyeT data achieved is 92%
for SVM, LR and LDA classifiers which are shaded in gray color.

For the visualization of the tradeoff between true positive rate (TPR) and false-positive
rate (FPR), ROC curves are plotted for all ML algorithms and AUC values are calculated
which is presented in Figure 17 for eyeT system and Figure 18 for the camera system. In
the ROC curve, for every threshold, TPR and FPR are calculated and plotted on one chart.

4 SVM: ROC and AUC ] LR: ROC and AUC ] LDA: ROC and AUC
o . el :
o iy
E /7 £ v E )
05 05 05
. AUC = 0.97 . AUC = 0.97 . AUC =0.97
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 06 0.8 1 0 0.2 0.4 0.6 0.8 1
FPR FPR FPR
k-NN: ROC and AUC DT: ROC and AUC CNN: ROC and AUC
! e ! — o ! ——
B = 7 g/
05 / 05| / 05 /
/ AUC =085 / AUC =0.91 AUC = 0.91
OU 0.2 DI4 0‘6 0.8 1 00 0.2 UI4 0.6 0.8 1 00 DIZ 0.4 0.6 U‘B 1
. : : T FPR i ’ : FPR ’ : " FPR
CNN+8VM: ROC and AUC LSTM: ROC and AUC ’ AE+8VM: ROC and AUC
14 — o
o rd
F & i /ﬁ—/—
05 0.5 0.5 /"
AUC =0.91 AUC =0.91 i AUC =0.90
0 0 0
0 0.2 0.4 0.6 0.8 1 ] 0.2 0.4 0.6 08 1 0 0.2 0.4 06 08 1
FPR FPR FPR

Figure 17. ROC and AUC for ML classifiers considering the eyeT system.
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Figure 18. ROC and AUC for ML classifiers considering camera system.
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The higher TPR and the lower FPR are for each threshold is considered as better
performance and so classifiers that have curves that are more top-left-side are better. To
get one number that tells how good the ROC curve is, the area under the ROC or ROC
AUC score is calculated. Here, in the figures, the more top-left the curve is the higher
the area and hence higher ROC AUC score. Figure 17 shows that the AUC values for the
eyeT system considering SVM, LR and LDA are 0.97 and for k-NN and DT are 0.95 and
0.92, respectively which indicates that the ROC curves for SVM, LR and LDA show better
performance than k-NN and DT.

Figure 18 shows that the AUC values for the camera considering SVM, LR and LDA
are 0.92 and for k-NN and DT are 0.91 and 0.85, respectively, which indicates that the ROC
curves for SVM, LR and LDA show better performance than k-NN and DT.

3.5. Statistical Significance Test

Two statistical significance tests (i.e., Wilcoxon test and delong’s test) are conducted
between camera and eyeT data for each model. Initially the values of P, H and stats are
calculated for each model considering actual and predicted classes of the model using
Wilcoxon signed rank test. Here, P is the probability of observing the given result, H is the
hypothesis which is performed at the initial hypothesis setting 0.05 (H = 0 indicates that
the null hypothesis (“median is zero”) cannot be rejected at the 5% level, H = 1 indicates
that the null hypothesis can be rejected at the 5% level) and stats is a structure containing
one or two fields (The field ‘signedrank’ contains the value of the signed rank statistic for
positive values in X, X-M or X-Y. If P is calculated using a normal approximation, then the
field ‘zval’ contains the value of the normal (Z) statistic.).

For conducting this test, initially, the null hypothesis is set to Hy that there is no differ-
ence in performance measures of a classifier with significance level 0.05. The model/models
which is/are significantly different than others are shaded in gray color.

The summaries of the two statistical significance tests for Wilcoxon’s signed ranked
and Delong’s test are presented in Tables 6 and 7, respectively.

Table 6. Summary of the wilcoxon test.

eyeT Camera
Model
z-Score p z-Score

SVM 2.11 9.80 x 105 —0.24 404 x 1074
LR 0.53 7.02 x 10~% 0.13 551 x 1073
LDA 0.38 6.46 x 1078 0.003 5.02 x 1077
K-NN 2.56 9.95 x 107 -0.23 410 x 107
DT 1.79 9.63 x 1071 1.42 9.23 x 10°L
CNN —0.36 358 x 107° —0.48 3.15 x 10°°
CNN + SVM —0.72 235 x 107° —0.60 2.75 x 1072
LSTM —0.84 2.01 x 107* —1.39 820 x 107>

AE + SVM —0.82 2.07 x 107 —-1.28 9.95 x 107°
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Table 7. Summary of the delong’s test to compare auc values at significant levels 0.05 and comparison
of z-scores and p-values between models.

eyeT Camera
Model
AUC z-Score p AUC z-Score p

SVM 0.97 —0.36 6.7 x 107 0.92 —2.98 5.8 x 1077
LR 0.97 —0.29 14 x 10°° 0.92 —341 25 x 1078
LDA 0.97 —0.32 52 x 10710 0.92 —3.26 47 x 1079
K-NN 0.95 —0.25 89 x 107° 0.91 —3.01 6.5 x 1077
DT 0.91 1.03 5.4 x 1071 0.84 1.06 6.83 x 1071
CNN 0.91 —1.30 2.1 x 10712 0.91 —145 25 x 1077
CNN+SVM 091 —1.52 35 x 1078 0.91 —2.03 4.02 x 1078
LSTM 0.91 —1.24 41 x 1071 0.91 —1.72 3.78 x 10711
AE + SVM 0.90 —9.82 2.0 x 1077 0.91 —8.79 1.98 x 10°8

4. Discussion

The main goal of this study was to investigate the classification accuracy of drivers’
cognitive loads based on saccade and fixation parameters. These parameters are extracted
from eye positions throughout the facial images recorded by a single digital camera. The
classification performance of the camera system was also compared with the eyeT system
to investigate the closeness of the classification results. Based on the literature study,
13 eye movement features are extracted from both the camera and the eyeT data, which
are presented in Table 1. These features have shown good performance in cognitive load
classification in [9,47] which is also true for this study, where the highest classification for
both the eyeT and camera system is 92% which is at least 2% higher than the state-of-the-art
accuracy. In [50], the highest cognitive load classification accuracy was achieved at 86%
using an ANN algorithm considering a different workload situation. The authors of [51]
reviewed the current state of the art and found that the average classification accuracy of
cognitive load is close to 90% when considering eye movement parameters. In [52], the
highest cognitive load classification accuracy achieved was 87%.

As the raw signal for eye movement was extracted from facial images captured by a
camera system, the raw signals were plotted both for eyeT and camera system to observe
the closeness of the signals and also to observe the characteristics of the signals, which is
shown in Figure 10 which indicates that both the signals from eyeT and camera systems
look similar considering saccade peaks and with small differences in the amplitudes of
fixation. The actual reason for this amplitude difference of fixation is unknown. However,
it might have occurred due to a change in the sampling frequency of eyeT from 50 Hz to
30 Hz. A cumulative percentage between raw signals of eyeT and camera systems is also
calculated and presented as another experiment to see the similarity of the two raw signals.
Here, the similarity is observed by using a threshold value of absolute difference which is
shown in Figure 11 which shows that the cumulative percentage of 80 and 90 is achieved
when the absolute differences are 13 and 20 respectively.

Before conducting feature extraction, comparisons and the classification task, an
experiment is conducted based on F;-score and accuracy to find the optimal sampling size
for feature extraction. As such, three feature sets are generated both from the raw signals
using the eyeT and camera systems. Here, the considered sampling sizes are 60 s, 30 s and
15 s. The summary of results using ML algorithms is presented in Table 4.

Before conducting classification, three types of statistical analyses have been con-
ducted for saccade and fixation features between eyeT and camera systems using several
statistical parameters such as correlation coefficients, MAX, MIN, AVG, STD and boxplot.
The 1st experiment is conducted on the comparisons between the features of eyeT and
camera systems using correlation coefficients. Here, the closeness of the extracted features
between the two systems is observed and presented in Figure 13. The results show that the
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correlation coefficients for all saccade and fixation features between eyeT and camera range
from 0.82 to 0.95, which indicates a strong positive relation between eyeT and camera. The
2nd experiment is conducted to observe if there are any significant differences between
the features of 0-back and 1-back cognitive load classes. Here, statistical parameters MAX,
MIN, AVG and STD show that there are significant differences between 0-back and 1-back
features both for eyeT and camera, as presented in Figures 14 and 15, respectively. Boxplots
for all 13 features between 0-back and 1-back also confirmed that there are significant
differences considering 1st quantile, 3rd quantile and median values both for eyeT and
camera. These boxplots are presented in Figure 16 for eyeT and Figure 17 for the camera.

Five machine learning algorithms, SVM, LR, LDA, k-NN and DT, have been inves-
tigated to classify cognitive load. The summary of the classification results including
sensitivity, specificity, precision, Fi-score and accuracy are presented in V. The highest
accuracy both for the eyeT and camera systems is achieved at 92% for SVM. In this paper,
different kernel functions such as the linear kernel, Gaussian kernel and polynomial kernel
functions are investigated, and results show that linear kernel function performs better than
other kernels. However, considering polynomial kernels, the training accuracy increases
but then the model tends to overfit due to the huge spreading of the data sets. LR and LDA
classifiers also show similar performance in binary classification.

To take the advantage of automatic feature extraction, three DL algorithms CNN,
LSTM and AE, are deployed. The results suggest that both DL and DL + ML approaches
outperform in a similar manner. However, the highest accuracy of 0.91% is obtained by
CNN which is 0.01% higher than LSTM and AE. In CNN, there are few pooling layers for
which the features are organized spatially like an image, and thus downscaling the features
makes sense, while LSTM and AE do not have this advantage. However, considering
the processing time of each image, DL-based technology can be a potential contributor in
advanced driver assistive systems. In the experiment, it was noted that the processing time
of 1000 images is less than 0.1 sec using an NVIDIA GPU.

For the visualization of the tradeoff between TPR and FPR, ROC curves are plotted
and AUC values are calculated. Figure 17 shows that the AUC values for the eyeT system
considering SVM, LR and LDA show better performance than k-NN and DT. Figure 18
shows that the AUC values for the camera system considering SVM, LR, and LDA show
better performance than k-NN and DT. However, to compare the performance of the models
with each other, two statistical significance tests, Wilcoxon signed rank test and Delong’s
test, are deployed. For both tests, p-values and z-scores resemble similar characteristics.
The results based on p-values and z-scores suggest that the DT models are significantly
different than other models by the null hypothesis p < 0.05. Technically, this experiment
has several limitations.

5. Conclusions

A non-contact-based driver cognitive load classification scheme based on eye move-
ment features is presented, considering a driving simulator environment, which is a new
technique for advanced driver assistive systems. The average highest accuracy for camera
features is achieved at 92% by using the SVM classifier. In this paper, saccade and fixa-
tion features are extracted from the driver’s facial image sequence. However, three DL
models are used for automatic feature extraction from raw signals, for which the highest
classification accuracy is 91%. It is observed that manual feature extraction provides 1%
better accuracy than automatic feature extraction. Non-contact-based driver’s cognitive
load classification can be optimized by minimizing extraction error of eye movement
parameters, i.e., saccade and fixation features from facial image sequences. Accurate eye
detection and tracking is still a challenging task, as there are many issues associated with
such systems. These issues include the degree of eye openness, variability in eye size,
head pose, facial occlusion, etc. Different applications that use eye tracking are affected by
these issues at different levels. Therefore, those factors need to be considered for further
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improvement. Additionally, the experiment should be conducted considering real road
driving for optimum reliability.

Author Contributions: H.R. contributes in conceptualization, methodology, software, validation,
resources, data curation and writing—original draft preparation; M.U.A. contributes in conceptualiza-
tion, methodology, supervision, project administration and funding acquisition; S.B. (Shaibal Barua)
contributes in conceptualization, methodology and writing—review and editing; P.F. contributes
in conceptualization, methodology, supervision, project administration and funding acquisition;
S.B. (Shahina Begum) contributes in conceptualization, methodology, review, supervision, project
administration and funding acquisition. All authors have read and agreed to the published version
of the manuscript.

Funding: This article is part of ‘SafeDriver’ project and funded by Swedish Knowledge Foundation
(KKS).

Institutional Review Board Statement: The regional ethics committee at Linkoping University,
Sweden (Dnr 2014/309-31) approved the study.

Informed Consent Statement: Each participant signed an informed consent form.
Data Availability Statement: The data is not publicly available due to GDPR issue.

Acknowledgments: Several industries and research institutes collaborated: Anpassarna AB, Autoliv
AB, Hok instrument AB, Karolinska Institute (KI), Prevas AB, The Swedish National Road and Trans-
port Research Institute (VIT) and Volvo Car Corporation (VCC). The authors want to acknowledge
for their support of the research projects.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Soares, S.; Ferreira, S.; Couto, A. Drowsiness and distraction while driving: A study based on smartphone app data. J. Saf. Res.
2020, 72, 279-285. [CrossRef]

2. Rahman, H.; Begum, S.; Ahmed, M.U. Driver Monitoring in the Context of Autonomous Vehicle. In Proceedings of the 13th
Scandinavian Conference on Artificial Intelligence, Halmstad, Sweden, 5-6 November 2015.

3. Nilsson, J.; Falcone, P; Vinter, J. Safe Transitions From Automated to Manual Driving Using Driver Controllability Estimation.
IEEE Trans. Intell. Transp. Syst. 2015, 16, 1806-1816. [CrossRef]

4. NHTSA. Critical Reasons for Crashes Investigated in the National Motor Vehicle Crash Causation Survey; National Highway and Traffic
Safety Administration: Washington, DC, USA, 2018.

5. Chen, L.-L,; Zhao, Y.; Ye, P-F,; Zhang, ].; Zou, ].-Z. Detecting driving stress in physiological signals based on multimodal feature
analysis and kernel classifiers. Expert Syst. Appl. 2017, 85, 279-291. [CrossRef]

6.  Zhiwei, Z,; Qiang, J. Real time and non-intrusive driver fatigue monitoring. In Proceedings of the 7th International IEEE Conference
on Intelligent Transportation Systems (IEEE Cat. No.04TH8749), Washington, WA, USA, 3-6 October 2004; pp. 657-662.

7. Barua, S.; Ahmed, M.U.; Ahlstrém, C.; Begum, S. Automatic driver sleepiness detection using EEG, EOG and contextual
information. Expert Syst. Appl. 2019, 115, 121-135. [CrossRef]

8.  Sandberg, D,; Akerstedt, T.; Anund, A.; Kecklund, G.; Wahde, M. Detecting Driver Sleepiness Using Optimized Nonlinear
Combinations of Sleepiness Indicators. IEEE Trans. Intell. Transp. Syst. 2011, 12, 97-108. [CrossRef]

9. Zhang, L.; Wade, J.; Swanson, A.; Weitlauf, A.; Warren, Z.; Sarkar, N. Cognitive state measurement from eye gaze analysis in an
intelligent virtual reality driving system for autism intervention. In Proceedings of the 2015 International Conference on Affective
Computing and Intelligent Interaction (ACII), Xi’an, China, 21-24 September 2015; pp. 532-538.

10. OECD/ITE. Road Safety Annual Report 2019; OECD Publishing: Paris, France, 2019.

11. Vasiljevas, M.; Gedminas, T.; Sevcenko, A.; Janciukas, M.; Blazauskas, T.; Damasevicius, R. Modelling eye fatigue in gaze spelling
task. In Proceedings of the 2016 IEEE 12th International Conference on Intelligent Computer Communication and Processing
(ICCP), Cluj-Napoca, Romania, 8-10 September 2016; pp. 95-102.

12.  Sahayadhas, A.; Sundaraj, K.; Murugappan, M. Detecting Driver Drowsiness Based on Sensors: A Review. Sensors 2012, 12,
16937-16953. [CrossRef] [PubMed]

13.  Al-Naji, A.; Chahl, J. Remote respiratory monitoring system based on developing motion magnification technique. Biomed. Signal
Process. Control 2016, 29, 1-10. [CrossRef]

14. Fan, Q.; Li, K. Non-contact remote estimation of cardiovascular parameters. Biomed. Signal Process. Control 2018, 40, 192-203.
[CrossRef]

15. Qi, H,; Guo, Z.; Chen, X; Shen, Z.; Jane Wang, Z. Video-based human heart rate measurement using joint blind source separation.

Biomed. Signal Process. Control 2017, 31, 309-320. [CrossRef]


http://doi.org/10.1016/j.jsr.2019.12.024
http://doi.org/10.1109/TITS.2014.2376877
http://doi.org/10.1016/j.eswa.2017.01.040
http://doi.org/10.1016/j.eswa.2018.07.054
http://doi.org/10.1109/TITS.2010.2077281
http://doi.org/10.3390/s121216937
http://www.ncbi.nlm.nih.gov/pubmed/23223151
http://doi.org/10.1016/j.bspc.2016.05.002
http://doi.org/10.1016/j.bspc.2017.09.022
http://doi.org/10.1016/j.bspc.2016.08.020

Sensors 2021, 21, 8019 23 of 24

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Zhang, C.; Wu, X.; Zhang, L.; He, X,; Lv, Z. Simultaneous detection of blink and heart rate using multi-channel ICA from smart
phone videos. Biomed. Signal Process. Control 2017, 33, 189-200. [CrossRef]

Hassan, M.A.; Malik, A.S,; Fofi, D.; Saad, N.; Karasfi, B.; Ali, Y.S.; Meriaudeau, F. Heart rate estimation using facial video: A
review. Biomed. Signal Process. Control 2017, 38, 346-360. [CrossRef]

Kranjec, J.; Begus, S.; Gersak, G.; Drnovsek, ]. Non-contact heart rate and heart rate variability measurements: A review. Biomed.
Signal Process. Control 2014, 13, 102-112. [CrossRef]

Marrkula, G.; Engstroem, J. A steering wheel reversal rate metric for assessing effects of visual and cognitive Secondary Task
Load. In Proceedings of the 13th ITS World Congress 2006, London, UK, 8-12 October 2006.

Yekhshatyan, L.; Lee, ].D. Changes in the Correlation Between Eye and Steering Movements Indicate Driver Distraction. IEEE
Trans. Intell. Transp. Syst. 2013, 14, 136-145. [CrossRef]

Al-Rahayfeh, A.; Faezipour, M. Eye Tracking and Head Movement Detection: A State-of-Art Survey. IEEE |. Transl. Eng. Health
Med. 2013, 1,2100212. [CrossRef]

Liang, Y.; Reyes, M.L.; Lee, ].D. Real-Time Detection of Driver Cognitive Distraction Using Support Vector Machines. IEEE Trans.
Intell. Transp. Syst. 2007, 8, 340-350. [CrossRef]

Boateng, E.Y.; Abaye, D. A Review of the Logistic Regression Model with Emphasis on Medical Research. J. Data Anal. Inf. Process.
2019, 7, 190-207. [CrossRef]

Shailaja, K.; Anuradha, B. Effective face recognition using deep learning based linear discriminant classification. In Proceedings
of the 2016 IEEE International Conference on Computational Intelligence and Computing Research (ICCIC), Chennai, India,
15-17 December 2016; pp. 1-6.

Erdogan, S.Z.; Bilgin, T.T.; Cho, J. Fall detection by using k-nearest neighbor algorithm on wsn data. In Proceedings of the 2010
IEEE Globecom Workshops, Miami, FL, USA, 6-10 December 2010; pp. 2054-2058.

Shalaeva, V.; Alkhoury, S.; Marinescu, J.; Amblard, C.; Bisson, G. Multi-operator Decision Trees for Explainable Time-Series
Classification. Commun. Comput. Inf. Sci. 2018, 853, 86-99.

Liu, Y.; Liu, Q. Convolutional neural networks with large-margin softmax loss function for cognitive load recognition. In
Proceedings of the 36th Chinese Control Conference, Dalian, China, 26-28 July 2017.

Monjezi Kouchak, S.; Gaffar, A. Estimating the Driver Status Using Long Short Term Memory. In Proceedings of the 3rd
International Cross-Domain Conference for Machine Learning and Knowledge Extraction (CD-MAKE), Canterbury, UK, 26
August 2019; pp. 67-77.

Wollmer, M.; Blaschke, C.; Schindl, T.; Schuller, B.; Farber, B.; Mayer, S.; Trefflich, B. Online Driver Distraction Detection Using
Long Short-Term Memory. IEEE Trans. Intell. Transp. Syst. 2011, 12, 574-582. [CrossRef]

Xu, B.; Ding, X.; Hou, R.; Zhu, C. A Feature Extraction Method Based on Stacked Denoising Autoencoder for Massive High
Dimensional Data. In Proceedings of the 2018 14th International Conference on Natural Computation, Fuzzy Systems and
Knowledge Discovery (ICNC-FSKD), Huangshan, China, 28-30 July 2018; pp. 206-210.

Melnicuk, V.; Birrell, S.; Crundall, E.; Jennings, P. Towards hybrid driver state monitoring: Review, future perspectives and the
role of consumer electronics. In Proceedings of the 2016 IEEE Intelligent Vehicles Symposium (IV), Gothenburg, Sweden, 19-22
June 2016; pp. 1392-1397.

Alfredson, J.; Nahlinder, S.; Castor, M. Measuring Eye Movements in Applied Psychological Research—Five Different Techniques—Five
Different Approaches; Swedish Defence Research Agency: Kista, Sweden, 2004.

Salvucci, D.D.; Anderson, ].R. Mapping Eye Movements to Cognitive Processes; Carnegie Mellon University: Pittsburgh, PA,
USA, 1999.

Yin, J.L.; Chen, B.H.; Lai, K.H.R. Driver Danger-Level Monitoring System Using Multi-Sourced Big Driving Data. IEEE Trans.
Intell. Transp. Syst. 2020, 21, 5271-5282. [CrossRef]

Vicente, F.; Huang, Z.; Xiong, X.; Torre, ED.L; Zhang, W.; Levi, D. Driver Gaze Tracking and Eyes Off the Road Detection System.
IEEE Trans. Intell. Transp. Syst. 2015, 16, 2014-2027. [CrossRef]

Smith, P; Shah, M.; Lobo, N.d.V. Determining driver visual attention with one camera. IEEE Trans. Intell. Transp. Syst. 2003, 4,
205-218. [CrossRef]

Gomez-Poveda, J.; Gaudioso, E. Evaluation of temporal stability of eye tracking algorithms using webcams. Expert Syst. Appl.
2016, 64, 69-83. [CrossRef]

Ahlstréom, C.; Dukic, T.; Ivarsson, E.; Kircher, A.; Rydbeck, B.; Vistrom, M. Performance of a One-Camera and a Three-Camera System;
Statens Vdg-Och Transportforskningsinstitut: Linkoping, Sweden, 2010.

Duchowski, A. Eye Tracking Methodology—Theory and Practice; Springer: London, UK, 2003.

Orazio, T.D.; Leo, M.; Spagnolo, P.; Guaragnella, C. A neural system for eye detection in a driver vigilance application. In
Proceedings of the 7th International IEEE Conference on Intelligent Transportation Systems (IEEE Cat. No.04TH8749), Washington,
WA, USA, 3-6 October 2004; pp. 320-325.

Raudonis, V,; Simutis, R.; Narvydas, G. Discrete eye tracking for medical applications. In Proceedings of the 2009 2nd International
Symposium on Applied Sciences in Biomedical and Communication Technologies, Bratislava, Slovakia, 24—27 November 2009;
pp- 1-6.

Kuo, Y.-L.; Lee, J.-S.; Sho-Tsung, K. Eye Tracking in Visible Environment. In Proceedings of the 2009 Fifth International Conference
on Intelligent Information Hiding and Multimedia Signal Processing, Kyoto, Japan, 12-14 September 2009; pp. 114-117.


http://doi.org/10.1016/j.bspc.2016.11.022
http://doi.org/10.1016/j.bspc.2017.07.004
http://doi.org/10.1016/j.bspc.2014.03.004
http://doi.org/10.1109/TITS.2012.2208223
http://doi.org/10.1109/JTEHM.2013.2289879
http://doi.org/10.1109/TITS.2007.895298
http://doi.org/10.4236/jdaip.2019.74012
http://doi.org/10.1109/TITS.2011.2119483
http://doi.org/10.1109/TITS.2019.2954183
http://doi.org/10.1109/TITS.2015.2396031
http://doi.org/10.1109/TITS.2003.821342
http://doi.org/10.1016/j.eswa.2016.07.029

Sensors 2021, 21, 8019 24 of 24

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Bukhalov, A.; Chafonova, V. An eye tracking algorithm based on hough transform. In Proceedings of the 2018 International
Symposium on Consumer Technologies (ISCT), St. Petersburg, Russia, 11-12 May 2018; pp. 49-50.

Pauly, L.; Sankar, D. A novel method for eye tracking and blink detection in video frames. In Proceedings of the 2015 IEEE
International Conference on Computer Graphics, Vision and Information Security (CGVIS), Bhubaneswar, India, 2-3 November
2015; pp. 252-257.

Wickens, C.D.; Hollands, J.G. Engineering Psychology and Human Performance, 5th ed.; Prentice-Hall Inc.: Upper Saddle River, NJ,
USA, 2000.

Benedetto, S.; Pedrotti, M.; Minin, L.; Baccino, T.; Re, A.; Montanari, R. Driver workload and eye blink duration. Transp. Res. Part
F Traffic Psychol. Behav. 2011, 14, 199-208. [CrossRef]

Ellis, K K.E. Eye Tracking Metrics for Workload Estimation in Flight Deck Operations; University of Iowa: Iowa City, IA, USA, 2009.
Yilu, Z.; Owechko, Y.; Jing, Z. Driver cognitive workload estimation: A data-driven perspective. In Proceedings of the 7th Interna-
tional IEEE Conference on Intelligent Transportation Systems (IEEE Cat. No.04TH8749), Washington, WA, USA, 3-6 October 2004;
pp. 642-647.

Liu, C.C. Towards Practical Driver Cognitive Load Detection Based on Visual Attention Information; University of Toronto: Toronto, ON,
Canada, 2017.

Wilson, G.F; Russell, C.A.; Monnin, ].W.; Estepp, J.; Christensen, ].C. How Does Day-to-Day Variability in Psychophysiological
Data Affect Classifier Accuracy? Proc. Hum. Factors Ergon. Soc. Annu. Meet. 2010, 54, 264-268. [CrossRef]

Lobo, J.L,; Ser, ].D.; Simone, ED.; Presta, R.; Collina, S.; Moravek, Z. Cognitive workload classification using eye-tracking and EEG
data. In Proceedings of the International Conference on Human-Computer Interaction in Aerospace, Paris, France, 14 September
2016; pp- 1-8.

Chen, S. Cognitive Load Measurement from Eye Activity: Acquisition, Efficacy, and Real-time System Design; The University of New
South Wales: Sydney, NSW, Australia, 2014.

Sarker, I.H.; Kayes, A.S.M.; Watters, P. Effectiveness analysis of machine learning classification models for predicting personalized
context-aware smartphone usage. J. Big Data 2019, 6, 57. [CrossRef]


http://doi.org/10.1016/j.trf.2010.12.001
http://doi.org/10.1177/154193121005400317
http://doi.org/10.1186/s40537-019-0219-y

	Introduction 
	State-of-the-Art 

	Materials and Methods 
	Data Collection 
	Eye-Pupil Detection 
	Feature Extraction 
	Classification Methods 
	ML Approach 
	DL Approach 
	ML + DL Approach 

	Evaluation Methods 

	Experimental Works and Results 
	Comparison between Raw Signals 
	Selection of Optimal Sampling Frequency 
	Comparisons between the Extracted Features 
	Classification Results 
	Statistical Significance Test 

	Discussion 
	Conclusions 
	References

