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ABSTRACT

Though driving automation is promised to improve driving safety, drivers are still required to be ready to
take the control back in conditionally automated vehicles, which are defined as SAE L3 vehicles by the
Society of Automotive Engineers. Thus, drivers’ states can still affect driving safety in SAE L3 vehicles.
Previous research found that high cognitive load may impair drivers’ takeover performance. Thus, it is
still necessary to estimate drivers’ cognitive load in SAE L3 vehicles. However, existing driver cognitive
load estimation algorithms mostly focused on vehicles with a lower level of driving automation (e.g.,
SAE L0), which may not apply to driver state estimation in SAE L3 vehicles, given that drivers’
responsibilities are different, and several commonly used measures (e.g., driving performance) are
unavailable when drivers are not continuously controlling the vehicle. Further, previous driver cognitive
load estimation algorithms rarely considered the temporal information in the input features. Thus, we
proposed a deep-learning algorithm to estimate driver cognitive load in SAE L3 vehicles, which
integrated multiple physiological features (i.e., electrocardiogram, electrodermal activity, respiration) and
considered the temporal correlation of the data using a Transformer-encoder-based Network. The
performance of our algorithm was compared to baseline models on an open dataset. Results showed that
our algorithm outperformed baseline models and achieved an accuracy of 94.4% using within-subject data
partition (proportionally splitting data from the same subject into the training and testing datasets) and an
accuracy of 89% using across-subjects data partition (dividing the training and testing datasets based on
individual subjects).

Keywords: Cognitive Load, Conditional Automation, Deep Learning, Transformer Encoder,
Physiological Signals
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INTRODUCTION

The driving task is more than a visual-manual task but also a cognitive task. For instance, while
driving, individuals are required to monitor their surroundings for traffic conditions (e.g., identifying
potential hazards), select the appropriate lane, and keep safe following distance. At the same time, during
driving, drivers may also engage in non-driving-related tasks (NDRTs), which also demand some level of
cognitive recourse. The fluctuations in cognitive load in drivers has been found to be closely associated
with driving safety and high levels of cognitive load among drivers can deteriorate driving performance
(1). For example, an excessive cognitive load state may lead to delayed responses to emergency events
(2), a diminished visual search scope (resulting in a visual tunnel effect) (3), and a reduced ability to
anticipate hazards (4). Thus, monitoring drivers' cognitive load is critical in ensuring driving safety.

Although driving automation has brought new possibilities to improve safety (5) by removing
human drivers from the vehicle control loop, at this stage, drivers are still expected to be responsible for
driving safety in case of emergency. According to a taxonomy proposed by the American Society of
Automotive Engineers (SAE) (6), the most advanced driving automation available in the market is still
Level 3, in which the driving automation can execute driving maneuvers within specific traffic conditions,
but the driver remains legally responsible for driving safety (7). Thus, the cognitive load of drivers may
still affect driving safety in SAE Level 3 vehicles. For example, previous research found that high
cognitive load is associated with increased reaction times when assuming vehicle control during assisted
driving (&). While the physical workload of drivers may decrease with driving automation, it is
conceivable that drivers’ cognitive load may increase (9). Further, numerous studies indicate that drivers
are inclined to engage more in non-driving-related tasks while using driving automation (/0), potentially
leading to higher cognitive load. On the other hand, in vehicles with SAE level 3 automation, by
definition, drivers no longer need to monitor the automation all the time and they can engage in NDRTs
such as video-streaming and internet browsing in vehicles. Hence, monitoring drivers’ cognitive load is
essential to driving safety in SAE Level-3 vehicles.

Many cognitive load estimation algorithms have been proposed in previous research, mainly in
non-automated vehicles (i.e., SAE Level 0). For instance, in a driving simulator experiment, He et al. (/1)
investigated the classification accuracy of diverse machine learning models using different combinations
of driver characteristics to classify three types of cognitive load imposed by a modified n-back task (12,
13). They found that a random forest algorithm incorporating electrodermal (EDA) and heart rate (HR)
can achieve a discriminative accuracy of 72.6% in evaluating driver cognitive load, outperforming models
that solely relied on individual physiological measures. Another study by Solovey et al. (/4) combined
physiological data (i.e., HR and EDA) and driving data (vehicle speed, acceleration, etc.) using a naive
Bayes model. They achieved an accuracy of 89% in differentiating high (n-back task) and low (no task)
cognitive load using a real-world driving dataset. Other related driving studies that focused on cognitive
estimation are summarized in TABLE 1.

TABLE 1 Driving studies that estimated drivers’ cognitive load in recent five years.

Study Physiological Classification Data Partition Automation | Model Accuracy
Signal Problem Level

He et al. ECG, GSR Three classes: no Within-subject LO KNN, SVM, 73%
(11) task, 1-back, 2- FNN, RNN,

back RF
Yangetal. | EEG Three classes: no Within-subject LO ARecNet 95%
(15) task, visual-recall

task, visual-

auditory-recall task
Rahmanet | ECG Two classes: no Within-subject LO LR, SVM, 87%
al. (16) task, 1-back LDA, FNN
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Meteier et | ECG, EDA, Two classes: no Within-subject L3 MLP, RF, 90% (three
al. (17) RESP task, counting back SVC signals fusion)
task
Kumar et ECG, GSR, Two classes: Within- LO RNN, SVM, Within-subject:
al. (18) EEG cognitive subject/Across- FNN, KNN, 88%
secondary task, no | subjects DTC, NB,
task LDA Across-
subjects: 86%
Angkanet | ECG, EDA, eye | Two classes: Not LO VGG Net 75%
al. (19) -tracking data reading task, Mentioned
arithmetic tasks
Leetal. Hemodynamic Three classes: Across-subjects | LO BT 90%
(20) data no task, 1-back, 2-
back
Barua et ECG, EEG, Three classes: Not LO RF 79%
al. (21) EOG, GSR, no task, 1-back, 2- | mentioned
RESP back
Prabhakar | eye Two classes: Not LO NN 75%
etal. (22) -tracking data no task, auditory n- | mentioned
back or visual n-
back or auditory
arithmetic task

Notes: ECG — Electrocardiogram; GSR - Galvanic Skin Response; EEG — Electroencephalogram; RESP —
Respiration; EOG - Electrooculography; KNN - k-Nearest Neighbors; SVM - Support Vector Machine; FNN -
Feedforward Neural Network; RNN - Recurrent Neural Network; BT - Bagged Trees; RF - Random Forest; LR -
Logistic Regression; LDA - Linear Discriminant Analysis; MLP - Multilayer Perceptron; SVC - Support Vector
Classifier; DTC - Decision Tree Classifier; NB - Naive Bayes; ARecNet - Attention-enabled Recognition Network;
NN - Neural Network

However, it is worth mentioning that the aforementioned driver state monitoring algorithms
primarily focused on the assessment of cognitive load in non-automated vehicles. These algorithms may
not be applicable for driver state estimation in SAE Level 3 vehicles for several reasons. First, some
features that have been commonly used in non-automated vehicles may not be available in SAE Level 3
vehicles. For example, as the drivers are relieved from vehicle controlling tasks and traffic monitoring
tasks most of the time, the driving performance measures and the eye-tracking measures become invalid
in SAE Level 3 vehicles. Second, even algorithms that solely used physiological measures may need to be
scrutinized in SAE Level 3 vehicles. This is because regardless of how the cognitive load was imposed in
previous studies, driving a non-automated vehicle still claims some level of visual-manual attentional
resources, which may introduce unexpected fluctuation in physiological signals. Thus, it is necessary to
develop algorithms to estimate cognitive load in SAE Level 3 vehicles. However, only a few studies have
considered cognitive load estimation in vehicles with driving automation. To the best of our knowledge,
the only one that can be identified is by Meteier et al.(/7), which used traditional machine learning
methods (i.e. SVC, RF, MLP) to recognize the driver's cognitive load in SAE Level 3 vehicles.

On the other hand, most of the previous driver cognitive detection methods ignored the temporal
information in the features. This is especially a shortcoming when physiological measures are used, given
that the temporal dependence of physiological data contains rich information (23, 24). To date, the only
study that considered the temporal information for driver cognitive load detection used the RNN-based
models (/8), which, by nature, follow the Markov property and assume each to be dependent only on the
previously observed state. Thus, the RNN may not handle complex temporal interaction among multiple
time windows (25) and its performance in extracting information in physiological signals is limited.

The transformer architecture (26) proposed in the naturalistic language processing domain
provides a powerful tool to extract temporal information in temporal-dependent data, primarily attributed
to the distinctive multi-head attention mechanism. In other words, transformers can simultaneously
"attend" to and learn from the entire sequence (27). In recent years, the transformer architecture has been
successfully adopted to estimate some driver states. For example, Gao et al.(28) estimated driver
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vigilance based on frequency-domain EEG features, and the transformer network achieved an accuracy of
78%. Another study by Wang et al. (29) introduced the gated linear unit in the attention and feed-forward
networks sub-blocks, presenting an improved transformer architecture for one-dimensional feature vector
classification. The results demonstrate that the enhanced transformer approach can achieve an accuracy of
86.97% in predicting driver fatigue state using EEG signals. Yang et al. (30) developed a Weakly
Supervised Contrastive (W-SupCon) learning framework based on vision transformers, wherein distracted
behaviors are quantified by computing the distances between the representations of distracted driving and
a set of normal driving representations.

However, the transformer architecture has not been adopted for driver cognitive state estimation
in vehicles with SAE Level 3 driving automation. In this paper, we propose a data fusion model to
estimate cognitive load in SAE Level 3 vehicles, using physiological measures including EDA, ECG, and
RESP. A multi-layer transformer model was used to capture signal variations and improve the accuracy of
cognitive load estimation. Its performance was compared to other commonly used baseline models on a
publicly available dataset by Meteier et al.(37).

DATASET AND PREPROCESSING
Data Source

In this study, we trained and tested our model on the dataset published by Meteier et al.(37). In
the dataset, 90 drivers (mean age: 24.15; standard deviation of age: 5.95 years) drove an SAE Level 3
automated vehicle in a driving simulator. Half of the participants were required to perform a cognitive
task called the oral digit span counting task, which involved verbally counting backward from 3,645 by a
step of 2. This artificial task simulates a continuous cognitive task, resembling a conversation between
individuals over the phone or between passengers in a vehicle. The post-drive questionnaire using the
NASA-Task Load Index (NASA-TLX) indicated that the cognitive task effectively induced higher levels
of cognitive load among 87 drivers. In the study, the physiological signals were recorded using the Biopac
MP36 hardware at a sampling rate of 1,000 Hz. The EDA and ECG data were collected from participants
using the SS57LA and SS2LB lead sets (Biopac) equipped with disposable Ag/AgCl pre-gelled electrodes
(EL507 and EL503, Biopac). Additionally, respiratory activity was captured by identifying chest
expansion and contraction using the SS5LB respiratory effort transducer (Biopac).

Data Preprocessing

In general, the preprocessing steps for ECG, EDA, and RESP signals include noise elimination,
time-domain and frequency-domain feature extraction, and normalization. All procedures were carried
out using the Neurokit library in Python (32). First, noise elimination was conducted to remove the noise
in the data collection process. Specifically, all signals were down-sampled to 50 Hz to reduce the
computation cost. For EDA, a low-pass filter with a cutoff frequency of SHz was applied; for ECG and
RESP, band-pass filters with a cutoff frequency between 3Hz and 45Hz and between 0.1 Hz and 0.35 Hz
were applied, respectively (/7).

Next, the features from the denoised signals were extracted. For ECG, the R peaks were first
identified using the local maxima in the QRS complexes, which represent the process of ventricular
depolarization (the contraction of the ventricles) and consist of the Q wave, R wave, and S wave (33).
followed by a calculation of HR and HR variability (HRV). As for HRV, we calculated low-frequency
power (LF, from 0.04Hz to 0.15Hz) and high-frequency power (HF, from 0.15Hz to 0.4Hz) using a short-
time Fourier Transform (34). As for EDA, we extracted its mean tonic level, which relates to the slower-
acting components and background characteristics of the signal (i.e., the overall level, slow climbing, and
slow declinations over time). As for RESP, the peak and valley of respiration were identified using the
findpeak function in Python. Then, the average duration of each inhale (from a peak to its closest next
valley) and exhale (from a valley to its closest next peak) were calculated. To satisfy the minimum
requirement for accurate estimation of HRV, for all feature extraction, we adopted a time window of 60
seconds following previous research (35—37) to balance the feature extraction accuracy and timeliness of
driver state estimation. A step size of 2 seconds (i.e., an overlap of 58 seconds) was adopted in our study

5
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so that the algorithm can estimate drivers’ cognitive state every 2 seconds. Then, to eliminate the impact
of individual differences in physiological signals, we employed the min-max normalization approach,
where each feature value of a participant is subtracted by the minimum of that participant and then
divided by the difference between the maximum and minimum values of that participant.

Feature Selection

Excessive features will increase computational complexity, leading to data redundancy (38).
Thus, a feature selection procedure was adopted before model training. The Principal Component
Analysis (PCA) was widely adopted in previous research. However, PCA primarily focuses on data
variance and is an unsupervised method. Thus, the PCA may overlook the relationship between the
selected features and the model output (39). To overcome this limitation, we adopted a LASSO method
by Tibshirani (40) for variable selection. In the LASSO method, by introducing penalty terms in the
model estimation and continuously shrinking the coefficients, unnecessary features in the model can be
reduced, which can effectively avoid the issues of model overfitting (40). The definition of the LASSO

. . T
method is as follows. For data (x;,y;),i = 1,2, ...,n, where x; = (xil, Xi2,y o) xl-p) represents the
predictor variables and y; represents the dependent variable, it is assumed that y; is standardized, i.e.,

. 2 A~ A A A~
Zi% =0 and }}; YT‘ =1, B =(BP2---,Pp)". Then, the LASSO estimate can be defined as follows:

BLASSO = arg min{Z?zl(yi — Z?zlﬁjxij)z ,subject to Z]|ﬁ]| < A}, (D

where A > 0 represents the penalty function employed to control the degree of compression; f ]9 denotes
50
selecting 1 < A, it is possible to induce a shrinkage effect on certain regression coefficients, causing
them to approach zero.

the ordinary least squares penalized estimation and p is the number of features. Let 15 = ).

MODEL TRAINING AND EVALUATION
The overall framework of our work is illustrated in FIGURE 1.

Problem Formulation
The recognition of driver cognitive load is a supervised classification task, wherein the
workload levels are utilized as categorical labels. Then, the dataset can be described as follows:

D: (T}, ym}, m=12,..,N, (2)

where T! is the multimodal temporal sequences with the size of 1; y is the cognitive workload of the
driver, with two levels: low (y = 0), and high (y = 1); N is the total number of samples. For each
sample,

Tl = [flerI "'!fl]' (3)

where f is the vector of features at each time step, in which f is consisted of extracted EDA, ECG, and
RESP features. The research objective of the models is to generate the workload level $,, based on the
temporal series information TL,, so that:

9 = arg max p ((ymlT5h)) 4)

where ¢ = {0,1} represents the label of cognitive workload levels.

6
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3 FIGURE 1 The framework of work
4
5  Transformer-encoder-based Network (TEN)
6 A typical Transformer architecture comprises four essential components: 1) positional encoding,
7  2) attention mechanism, 3) encoder block, and 4) decoder block. In this study, it is enough to extract
8 information from the input sequence without decoding and generating an output sequence; hence, a
9  Transformer-Encoder-based Network (TEN) was used. Firstly, the embedding layer maps the input
10  features into an embedding dimension space, then the positional encoding layer encodes positional
11  information within the sequence and the Transformer encoder layers encode and model the sequence.

12 Finally, a fully connected layer is utilized to map the encoded sequence to the output dimension for binary
13 classification prediction (FIGURE 2a).
14
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B ! Multi-Head Attention
2a) Cognitive Load Classes | 2b)
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Positional
Encoding

ECG, EDARESP data Q K Vv

FIGURE 2 The Transformer-encoder-based Network: a) the framework of TEN; b) multi-head
attention module in TEN; c¢) linear layer in TEN, where Q, K, and V are Query, Key, and Value
from the from the attention mechanism of the Transformer.

Position Encoding

The Position Encoding component is used to incorporate positional information for each
position within the input sequence. Due to the absence of recursion or convolution, the Transformer
model itself does not directly consider the positional information within the sequence. Therefore, we
embedded the position encoding in the input to keep the information of relative sample positions, leading
to a refined representation. This is achieved through the linear transformation of the input sequence to a
dimension of d™°%¢ followed by the incorporation of Position Encoding (PE) originating from
Equations (5) and (6).

. pos
PE pos,2i) = sin(———z ), Q)
10000dmodel
pos
PE(pos,2i+1) = COS( 21 )r (6)
10000dmodel

where pos denotes the position of the sample (1 to d™°%¢!) and i means the index of the linearly
transformed input sequence (1 to 7, total number of variables) at position pos, while PE(;,s2;) and

PE (05,2i+1) represent the 2ith and (2i + 1)th components, respectively, of the encoding vector at
position pos.
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Multi-head Attention

The transformer forecasting model utilizes the multi-head attention mechanism to capture long-
term correlations within time series data. The attention mechanism is represented by Equation (7), which
is independently applied, then concatenated, and subsequently fed into a linear layer to generate
sequences (FIGURE 2b and 2c¢).

T
Attention (Q,K,V) = softmax (%) v, 7

Specifically, the weighted representation, Attention (Q,K,V), is obtained through
simultaneous calculation of matrices @, K and V, where Q is the ‘‘query” (i.e., query matrix) that
computes correlation scores (attention weights) with other positions to determine the level of attention
each position pays to others); K is the ‘‘key” (i.e., key matrix), which is used to compute correlation
scores (attention weights) of the query with other positions; and V is the ‘“value” (i.e., value matrix),
which carries information forwarded to the next layer, with each position retrieving information from the
value matrix based on the attention weights. The multi-head attention scales values based on the
relationship between key and query, which in essence, establishes connections between multiple instances
of self-attention. Additionally, a residual connection between the input and output was incorporated to
facilitate gradient propagation in the frame flow.

Multi-Head (Q, K,V) = contact(head,, head,, ..., head,)W?, (8)
head; = Attention(QW,S2, KW/, vw}), 9)

The given expression involves parameter matrices WiQ’K’V € R%moderXdqky and WO €
R"dvXdmodet  The utilization of multiple headers within the encoding layer enables simultaneous attention
to diverse information sources in distinct representation subspaces at varying positions. This approach
facilitates the extraction of contextually relevant features from different regions.

Baseline Models

In this work, we also compared the performance of the transformer network to other traditional
classifiers and deep learning models that showed superior performance in previous studies. These baseline
models include k-Nearest Neighbors (KNN), Support Vector Machine (SVM), Light Gradient Boosting
Machine (LightGBM), Convolutional Neural Networks (CNN), and Long Short-Term Memory (LSTM).

KNN

The KNN is a non-parametric supervised learning algorithm (47), in which the hyperparameter,
the number of neighbors (N_neighbors), determines the count of training data samples that participate in
predicting a given test data point.

SVM

The SVM is a supervised learning algorithm (42), in which the regularization parameter "C"
was optimized to achieve a balance between model complexity and the tolerance of training errors, with a
smaller C resulting in larger margins but higher tolerance on training errors. At the same time, the Kernel
function in SVM transforms a non-linear decision surface to a linear equation in a space with a higher
number of dimensions.

LightGBM
The LightGBM is a machine learning algorithm based on gradient boosting (43), which is
known for its rapid training speed and high performance. The performance of LightGBM can be affected
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by the number of decision trees (N_estimators), the learning rate, the max depth of each trained tree
(Max_depth), and the maximum number of leaves per tree (Num_leaves).

CNN

The CNN model is one of the most popular and widely used models in the field of deep learning
in recent years. It adopts the approach of local connections and shared weights, directly extracting
meaningful representations from raw data through alternating convolutional and pooling layers. This
enables the automatic extraction of local features from the data and establishes dense and comprehensive
feature vectors (44). In this study, the CNN consists of two convolutional layers followed by a fully
connected (linear) layer. The first convolutional layer takes input from seven channels and employs 32
filters of size 3 with a stride of 1. Subsequently, the first max-pooling layer performs 1D max-pooling
with a size of 2 and a stride of 2. The output of the first max-pooling layer (32 channels) serves as the
input to the second convolutional layer, which utilizes 64 filters of size 3 with a stride of 1. Following
this, the second max-pooling layer performs 1D max-pooling with a size of 2 and a stride of 2. The output
from the last pooling layer is flattened into a 1D feature vector. This flattened feature vector is then fed
into the fully connected (linear) layer, which maps it to the output dimension in Equation (2) for binary
classification purposes.

LSTM

The LSTM network is an improved type of Recurrent Neural Network (RNN). By including the
addition of extra forget gates (45, 46), the improved LSTM can network address the issue of "vanishing
gradients" during model training and enable the learning of long and short-term dependencies in time
series data. In this study, the LSTM model comprises a single LSTM layer followed by a fully connected
(linear) layer. The LSTM layer takes input sequences of dimensionality 7 (corresponding to the number of
variables) and extracts the output at the last time step. Subsequently, this output is forwarded to the fully
connected layer to obtain the ultimate classification outcome.

Training and testing sets partition

The data partition methods have a large impact on the model performance. Specifically, two
common approaches are employed for dataset partitioning, namely, the between-subjects data partition
and the within-subject data partition (/8). The former involves dividing the training and testing datasets
based on individual subjects (e.g., data from subjects 1 to 72 are used for training; while data from
subjects 73 to 90 are used for testing). In this case, the testing dataset does not include any data from
individuals in the training dataset. In contrast, the within-subject data partition proportionally splits data
from the same subject into the training and testing datasets (e.g., taking 80% of data from each subject for
training and the remaining 20% for testing). In practice, the labeled historical data of a new driver is
unknown. Thus, the between-subjects data partition is practically more meaningful. However, the model
performance usually drops dramatically from the within-subject data partition to the between-subjects
data partition. To further validate the performance of our proposed transformer-based algorithm, we
compared the model performance of the TEN and baseline models on both data partitions based on the
average performance on a 10-fold cross-validation.

Evaluation Metric
To assess the performance of the transformer network, the following four metrics are used:

2 _ TP+ TN 10

Ay = TP ¥ TN+ FP + FN (10)

P ision = i 11
recision = TP T FP (11D

10
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TP

- 12
Recall TP T FN (12)
F1 - ar 13
SCOTe = 5TP + FP + FN (13)

where true positive (7P) and true negative (7N) are the count of correctly predicted positive instances and
negative instances, respectively. False positive (FP) and false negative (¥N) are the count incorrectly
predicted negative and positive instances, respectively.

RESULTS

In this segment, we compared the model performance on the selected dataset. All models were
trained and tested on an Apple MacBook Pro (16 in., 2021) equipped with a 16-core GPU and 16 GB
DDR4 RAM running at 3200 MHz. The deep learning framework, Torch 2.0.1 based on Python 3.9, was
used.

LASSO Regression

In total, 56 distinct features were extracted from three physiological signals (i.e., 10 derived
from EDA, 27 from ECG, and 19 from RESP). Through the utilization of the LASSO regression (optimal
learning rate @ = 0.01), seven pertinent physiological features with non-zero coefficients were identified
and are presented in TABLE 2.

TABLE 2 Variables incorporated into the model

Signal Feature Description
EDA Mean filtered level The mean value of filtered EDA signal
Mean tonic level The mean value of tonic EDA signal
Mean rate The mean number of cardiac cycles per minute
ECG The ratio of low-frequency power (LF) to high-
LF/HF
frequency power (HF)
Phase duration inspiration The average inspiratory duration
RESP Phase duration expiration The average expiratory duration
Respiratory rate variability The variation of respiratory durations

Optimal Hyper-Parameters and Performance Comparison

The candidate hyper-parameters of the models and the hyper-parameters leading to the best
performance for all baseline models and the TEN are provided in TABLE 3. Then, FIGURE 3 illustrates
the average of the evaluation metrics (including accuracy, precision, recall, and F1 score) on the testing
dataset with the within-subject and across-subjects cross-validations.

TABLE 3 Search ranges of hyperparameters

Model Hyperparameter Range
KNN N_neighbors 3,5,7,9
SVM C 0.1,1,10
Kernel linear, RBF, polynomial
LightGBM N estimators 50, 100, 200
Learning rate 0.01,0.1,0.2
Max_depth -1, 10, 20
Num leaves 31, 63, 127
CNN Batch size 16, 32, 64, 128, 256

11
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Learning rate

0.0001, 0.001, 0.01, 0.1

LSTM

Number of layers

1,2,3,4

Number of hidden units

32,64, 128

Batch size

16, 32, 64, 128, 256

Learning rate

0.0001, 0.001, 0.01, 0.1

TEN

Dropout rate

0.1,0.2,03,04

Batch size

16, 32, 64, 128, 256

Learning rate

0.0001, 0.001, 0.01, 0.1

Number of heads

2,4,8,16

Number of hidden units

32,64, 128

Notes: Bold values denote the optimal hyperparameters.
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12 In this study, a Transformer-Encoder-based Network (TEN) was proposed to estimate drivers’
13 cognitive load in SAE Level 3 vehicles based on physiological measures only. The performance of the
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model was compared to 5 baseline models (KNN, SVM, LightGBM, CNN, and LSTM) that reached
satisfying performance in previous studies.

First of all, in traditional classifiers, LightGBM exhibited the best performance, yielding 79%
and 86% accuracies for across-subjects and within-subject data partition. In contrast, the TEN proposed in
our study outperforms all baseline models in terms of accuracy by at least 5% regardless of the data
partition methods. The TEN also exceeded the ML models that have been adopted for cognitive load
detection in SAE Level 3 vehicles by 4% in terms of accuracy (i.e., 94% with TEN versus 90% in (/7),
which used support vector classifier on the same dataset, with within-subject data partition and using the
same physiological measures as ours). Given that the LSTM also reached 83% and 89% accuracy with
across-subjects and within-subject data partition, it is likely that the high cognitive load may have led to
some characteristics of the physiological signals in the temporal domain, which can hardly be captured by
traditional machine learning models (e.g., RF) that used discrete samples. The temporal characteristics
may also not fully satisfy the Markov process and can hardly be modeled using LSTM, which may
explain better performance yielded by TEN.

Further, by further scrutinizing the precision and recall, it can be observed that the high
accuracy of the TEN can be attributed to its superior performance in precision compared to other baseline
models. In other words, the judgement that a driver is experiencing a high cognitive load is more likely to
be true if such judgement is from TEN compared to that by other baseline models. Practically, it seems
that the TEN is conservative in terms of detecting high cognitive load and whenever it marks a high
cognitive load state, following countermeasures should better be taken to help alleviate cognitive load in
drivers.

Agreeing with previous studies (17, 18), we also found that the model performance would drop
with across-subjects data partition compared to that with within-subject partition. This is not surprising,
given the heterogeneity of the physiological signals across drivers (47, 48). However, it should be noted
that, the TEN showed good robustness to handle this heterogeneity. Specifically, from within-subject data
partition to across-subjects data partition, the drop of the accuracy was the smallest (1% to 5%) with TEN
as compared to other baseline models (i.e., KNN: from 5% to 23%, SVM: from 7% to 12%, LightGBM:
from 7% to 26%, CNN: from 6% to 14%, and LSTM: from 6% to 11%). Again, it is possible that the
TEN has learned some common temporal features of the high cognitive among drivers, which can hardly
be captured by other models. If possible, future studies should try to extract these temporal features (e.g.,
through SHapley Additive exPlanations approach (49)), which may facilitate future optimization of the
cognitive estimation algorithms and even help understand the physiological mechanism behind high
cognitive load in drivers. Future work should also validate the effectiveness of these features and the
generalizability of the models by training and testing our proposed model on multiple datasets when other
datasets regarding drivers’ cognitive levels in conditional automated vehicles become available.

Finally, again, as expected, the fusion of the algorithms can greatly boost the high cognitive
load detection accuracies of the ML models. Previous research has repeatedly pointed out the importance
of data fusion for the detection of drivers’ states (e.g., (50, 51) in fatigue detection, (52) in drowsiness
detection, and (/5) in cognitive load detection). Our research further indicates that the data fusion not just
improves the driver state estimation accuracy, but also improves the generalizability of the model.
Specifically, with single physiological measures, from within-subject data partition to across-subjects data
partition, the average accuracy drop was 8.5% for ECG, 6.8% for RESP, and 13.8% for EDA. In contrast,
when the fused measures were used, the average drop was 6.5%. These results suggest that fusing more
measures can also be an effective approach to increase the robustness of the models to individual
heterogeneity.

CONCLUSIONS

As one of the first studies that aim to estimate cognitive load among drivers in SAE Level 3
vehicles, using an open dataset, our study demonstrates the superior performance of TEN as compared to
selected baseline models (SVM, KNN, LightGBM, CNN, and LSTM in our study and RF in study (/7))
when only ECG, RESP, and EDA features were used. To evaluate the capability of the models in
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handling individual heterogeneity, all models were tested based on both within-subject data partition and
across-subjects data partition. The results show that the TEN can reach an accuracy of 94% with within-
subject data partition and 89% with across-subjects data partition when all ECG, RESP, and EDA features
were used. However, it should be noted that the data used for this study was still collected in a driving
simulator study and only one artificial cognitive task (i.e., oral digit span counting task) was used in the
study. Future studies should check the model performance in detecting cognitive load imposed by other
real driving (e.g., complex navigation information) or non-driving-related tasks (e.g., phone call task) in
on-road studies. Further, the physiological measures in the dataset were collected through research-level
devices, which is intrusive and may impede the application of the driver state detection methods. Future
research should investigate the robustness of our algorithms when only signals collected from consumer-
grade devices are available (e.g., study (/3)).
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