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Abstract— Driver workload estimation (DWE) refers to the ~ on mature machine learning techniques and report some
activities of monitoring the driver and the driving environment preliminary but promising results by using this architecture.

in real-time and acquiring the knowledge of driver's workload  ; r concl with some di ions on the futur
continuously. With this knowledge of driver's workload, the Worsk paper concludes with some discussions on the future

in-vehicle information systems (IVIS) can provide informa-
tion when the driver has the spare capacity to receive and
comprehend it, which is both effective and efficient. However, 1. EXISTING METHODOLOGY
after years of study, it is still difficult to build a robust DWE . ) ) o .
system. In this paper, we analyze the difficulties facing the  1he task of DWE is to 'dem“‘y. driver’s cognitive status
existing methodology of developing DWE systems and propose from the observations of the driver’'s behavior. Most ex-
a machine-learning-based DWE development process. Some isting researches on cognitive workload estimation follow
preliminary but promising results are reported using a popular  this pattern: First, analyze the correlation between various
machine-learning method, decision tree. features, such as lane position deviation, and driver's work-
|. INTRODUCTION load !. The features are usually selected according to the
rRrior understanding of human behaviors and then tested

The latest advances in wireless communication and co . . .

. . . Upon well-designed experiments. While there are attempts
puter technologies can enable many features to in-vehic .

réported to analyze the features simultaneously [3], usually

information systems (IVIS) and bring forth more enjoyablgy, . v <is is done on individual features [4] [5]. Second

driving experiences. However, whether the information i%ased on the experimental results, models are designed

effectively and efficiently consumed depends on the w. . o
and the time the information is delivered to the driver. Fg?é generate workload index by combining a few features

: o : . .—of high correlation. We refer to the above methodology
example, if the driver is performing a maneuver in traffic

. . . . . as manual analysis and modelingnd the manual DWE
information provided at the time may be ignored. desi . N
esign process is illustrated in Fig. 1. Researches along

Workload refers to the amount of resources that is r§g;s“jine have achieved encouraging success. The well-

quired to perform a particular task [1]. Driver Workloadknown existing models include the steering entropy [6] and

espmaﬂon (DWE.) _refers tp the act|y|t|es Of. monitoring th.ethe SEEV model [7]. However, there are yet difficulties
driver and the driving environment in real-time and acquir:

. : . lopi iti ki i h
ing the knowledge of driver’s workload continuously. In theIn developing a robust cognitive workload estimator, the

2 ; : ) easons of which are discussed below.

driving environment, three major types of driver workloa . o .

: . .. First, the existing data analysis methods very much rely
are usually studied, namely, visual, manual, and cognitive. ; . . .

. o . ._.0n the domain knowledge in the field of human behavior.

Our research focus is driver's cognitive workload, which .
. cer o . rAIthough many studies have been conducted and many
is the most difficult to measure because it is essential

internal to the driver and not directly observable. thearies have been proposed to explain the way that human

There exist four major categories of cognitive workloadb eings manage resources and workload [8] [3] [10] [2], the

A . relationship between overt human behavior and cognitive
assessment methods in present day practice [2]. They are. .. ~ . o

rimary task performance measures, secondary task pgf:-tw't'(.as Is by and 'ﬁ”ge unclear.by the scientific commu-
P ' .nlt}/. It is extremely difficult to design the workload estima-

formance measures, subjective measures, and physiologlfza L )
) S ion models based on this incomplete domain knowledge.
measures. Since workload estimation needs to be done

in real-time and non-intrusively, only primary task perfor- Sgcond, manual data analysis and modeling are not
mance measures and physiological measures are approﬁmc'ent' Until now, a very large number of features related
ate o driver’s cognitive workload have been studied. A short list

Despite the strong interests and the large amount of effo?{ them includes: lane position deviation, the number of lane

on DWE, a robust DWE system is still very difficult to build. departure, lane departure durations, speed deviation, lateral

_In this paper we analyze the difficulties fac?ng the exist- 1The ground truth of driver’s workload is usually assessed by subjective
ing methodology. We propose a DWE architecture basetkasures, secondary-task performance, or the analysis of the task.
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Driver |— Vehicle i geering angle, design Driver [—f Vehicle —» geering angle, algorithm
lateral lateral
acceleration, Workload acceleration,
lane position, > %2/4’ i?:de?( lane position, » DWE W&rgéiad
Fig. 1. The existing DWE system design process. Fig. 3. The learning-based DWE development process.

Pty |1WL)

pof p(t,, |FWL) standard Bayesian analysis will tell the probability of high

a workload given the fixation duration,
______________________ bl p(tfd|hWL)P(hWL)

Fixat!c')n p(hWL|tsq) = p(tralAWL)P(hRW L) +p(tsaIWL)P(IWL) "
duration

I1l. L EARNING-BASED DWE
Fig. 2. The probability distribution function of fixation duration ] o ] ]
under high and low workload. Machine learning is concerned with the design of algo-

rithms that encode inductive mechanisms so that solutions
to broad classes of problems may be derived from examples.

deviation, steering hold, zero-crossing and steering reverdalis essentially data-driven and is fundamentally different
rate, brake pressure, the number of brake presses, and frem traditional Al such as expert systems where rules
hicle headway. With the fast advancing sensing technologgre extracted mainly by human experts. Machine learning
the list is quickly expanding. It has been realized that whilbas been proved to be very effective in discovering the
each individual feature may not index workload well undeunderlying structure of data and, subsequently, generate
various scenarios, the fusion of multiple features tends tmodels that are not discovered from domain knowledge, in
provide better overall performance. However, in the coursiields as varied as banking, medicine, marketing, condition
of modeling the data to predict workload, the handcraftethonitoring, vision, and robotics.
models tend to be either relatively simple, such as the Machine learning technology has been implemented in
linear regression models, or narrowly scoped by coveringthe context of driver behavior modeling. Kraiss [15] showed
small number of features. It is usually expensive and timahat a neural network could be trained to emulate an algo-
consuming to iteratively design models over a large numbeithmic vehicle controller and that individual human driving
of features and validate models on a huge data set. characteristics were indentifiable from the input/output rela-

Third, most existing researches choose workload infetions of a trained network. Forbes et.al. [16] used dynamic
ence features by analyzing the correlation between thmrobabilistic networks to learn the behavior of vehicle
observations of driver's behavior and driver's workloadcontrollers that simulate good drivers. Pentland and Liu [17]
level. This analysis requires the assumption of unimoddemonstrated that human driving actions, such as turning,
Gaussian distribution, which is very likely to be violatedstopping, and changing lane, can be accurately recognized
in reality. In addition, a feature showing low correlationvery soon after the beginning of the action using Markov
with the workload levels is not necessarily a bad workloadynamic model (MDM). Oliver and Pentland [18] reported
indicator. a hidden Markov model-based framework to predict the

For example, driver's eye fixation duration is one ofmost likely maneuvers of human drivers in realistic driving
the extensively studied features for workload estimatiorscenarios. Despite these progresses and the obvious relation
However, studies show contradictory findings in the relatiobetween with driver behavior and drive workload, there has
between workload level and fixation duration. Some obeen very few work that uses machine learning technology
them show positive correlation [11] [12] while others showon DWE.
negative correlation [13] [14]. Does this mean fixation Based on above considerations, we propose a learning-
duration is not a good workload indicator? Not necessarilypased DWE design process. That is, instead of manually
The fact, that the average fixation duration may becoma&nalyzing the significance of individual features or a small
either longer or shorter when driver's workload is highset of features, we propose to consider the whole set of
implies that the probability distribution function (pdf) of features simultaneously, use machine-learning techniques to
fixation duration under high workloadp(tsq|hW L)) is tune the DWE module, and derive an optimized model to
multi-modal, as shown in Fig.2. With collected ocular dataindex workload. The learning-based DWE design process is
one may estimate the conditional pdfg(#(;4;|/hW L) and shown in Fig. 3. Compared to the one shown in Fig. 1, the
p(trq|lW L)) and the prior probabilities for high and low new process replaces the module of manual analysis/design
workload (P(hW L) and P(IW L)). With this knowledge, with a module of machine learning algorithms.
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USB steering wheel together with the accelerator and brake
pedals to drive the simulator. The second computer (the
! experimental computer) is used by an experimenter to create
driving scenarios, and collect and store the simulated vehi-
cle data, such as vehicle speed, acceleration, steering angle,
lateral acceleration, lane position, and etc. To monitor the
driver's behavior closely, a gaze tracking system is installed
on the subject computer, which runs at the same time as the
e 2 driving simulation software. The gaze tracking system is an
[ Specsometer [ SE Righe mirror | IS Applied Science Lab remote monocular eyetracker, Model

< 2) 504 with Pan/Tilt optics and a head tracker. It measures
the pupil diameter and the point of gaze at 60 Hz with an
advertised tracking accuracy of abatd.5 degree [20]. The
gaze data is also streamed to and logged by the experimenter
Fig. 4. The screen of the driving scene is created by the GlobalSiomputer.
Vection Simulation Software. The scene is divided into eight Twelve students participated in the experiment. Each
regions in order to count the gaze entries in each region. The regigirticipant drove the simulator in three different driving
boundaries were not shown on the screen during the eXpe”me@cenarios, namely, highway, urban, and rural. There were
two sessions of driving for each scenario, each lasting

hanaing f | vsi d modeli about 8-10 minutes. In each session, the participants were
Changing from a manual analysis and modeling PErSPeEsked to perform secondary tasks (two verbal tasks and

Flve toa machlne—legrnlng pe_rspectlve willgain us mUClRNO spatial-imagery tasks) during four different 30-second
In terms Of_ augmeptlng domanj knowledge,.and efficientl eriods calledcritical periods In the verbal task, the
and effectively using data. Since a learning process bjects were asked to name word starting with a desig-

an automatic knowledge extraction process under Certgiiyioq |eter. In the spatial-imagery task, the subjects were

learning criteria, it is very suitable for a problem as Comp“'asked to imagine the letters from A to Z with one of

cated as workload estimation. In addition, machine Iearnm@Ie following characteristics: a) remaining unchanged when

techniques are meant for analyzing huge amounts of da pped sideways, b) remaining unchanged when flipped

discovering patterns, and extracting relationships. With th:%s/ide down, ¢) containing a close part such as “A’, d)

Rear view Mirror|

F 4

use (.)f _machme-lea_rnmg techniques, such as qec'S'O” e ing no enclosed part, €) containing a horizontal line, f)
discriminant analysis, and neural networks, tedious manu

. . : ntaining a vertical line. Another four 30-second critical
process to derive combined workload index can be savegl

heref king full ad f1h lability of vari eriods were identified as control sessions in each session,
theretore, taking full advantage of the availability of variou uring which no secondary tasks were introduced. In the

sensors. Finally, most machine leaming techniques do r"R}Ilowing analysis, we concentrate on the data during the

require the assumption of the uni-mode Gaussian diStribﬁ?itical periods. In total, there weré2 x 6 x 8 — 576
tion. In add|t|0r_1 to th_e advantages discussed above, th&?itical periods. Because of some technical difficulties dur-
change makes it possible for a DWE system to be adaptlyﬁ

the experiment, the data from some of the critical
to individual drivers. We will come back to this issue in 9 b

. ) d th . 4 ad V\Periods were missing, which ended up with a total of 535
Section VII. Having stated the projected advantages, titical periods for use. The total number of data entries is

want to emphasize that the learning-based approach bene 1S itical periods x 30 seconds x 60 Hz = 1036800
from the prior studies on workload estimation, which have In this study, we did not have direct evidence of dri\./er’s

iden_tifi(_ed a set of sallent featL_Jr_es, suc_h as fixation _d_uratioulorkload level, such as the subjective workload assessment,
pupil d|ameter, and lane posmqn de\{|at|on. We utilize th?n the dataset. We made an assumption that drivers bear
known salient features as candidate inputs. more workload when engaging in the secondary tasks.
As we know, the primary driving task includes vehicle
control (maintaining the vehicle in a safe location with an
The data we used were collected from a driving simulatagippropriate speed), hazard awareness (detecting hazards and
study that was conducted at the University of lllinois ahandling the elicited problems), and navigation (recognizing
Urbana-Champaign and supported by General Motors [19andmarks and taking actions to reach destination) [21]. The
The simulator system has two high-end Ethernetvisual perception, spatial cognitive processing, and man-
connected PCs running GlobalSim’s Vection Simulatiorual responses involved in these subtasks all require brain
Software version 1.4.1. One of the two computers (theesources. In various previous studies, many secondary
subject computer) generates the graphical dynamic drivingental tasks, such as verbal and spatial-imagery tasks,
scenes on a standard 21-in monitor with the resolution d¢fave been shown to compete the limited brain resources
1024 x 768, a screen shot of which is shown in Fig. 4.with the primary driving task and affect the drivers by
Subjects use a non-force feedback Microsoft Sidewindeeducing their hazard detection capability and delaying the
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TABLE |
THE FEATURES USED TO PREDICT DRIVERS WORKLOAD. THE
“REGIONS’ REFER TO THE EIGHT REGIONS OF DRIVERS
FRONT VIEW AS SHOWN INFIG. 4.

output values corresponding to the attribute vectors. The
path from the root to a leaf describes a sequence of decisions
made to generate the output value corresponding to an
attribute vector. The goal of decision-tree learning is to

Feature numbef Features ind out the attribute and the values (or intervals) that are
1 mspa: Mean vehicle velocity _ he best splitting points of each node of the decision tree.
2 Vipa: standard deviation of vehicle velocity TThe |earning criterion can be to reduce entropy [23] or to
2 myp: Mean lane position . .. maximize t-statistics [24], among many others.

Vip: standard dev_latlon of vehicle lane positign For the concent f d the decisi
5 ms:: Mean steering angle . PL-proot purpose, we used the decision-
6 Vier: standard deviation of steering angle  free learning software, See5, developed by Quinlan [23]
7 macc: Mean vehicle acceleration 1o do the learning. In a See5 tree, the attribute associated
8 Vac.: standard deviation of vehicle acceleratigfith each node is the most informative one among the
190 &P?'S?;i%gr%uggv?ggst;[ oupil diameter attributes not yet considered in the path from the root.
11-18 nf:dhumber of entries the gaze moving into The signific_ance of_ f_inding the most i_nformati_ve attri_bute
region,i, i = 1,2, ...,8 s that making decision on the most informative attribute
19-26 ts;: 'portion of time the gaze stay in regian can reduce the uncertainty about the ultimate output value
1=12,..,8 o o the highest extend. Specifically, the information metric,
27-34 tv;: mean visit time region, i = 1,2,...,8 entropy H(S), is defined by.

H(S) = —¥{_1pilog2(pi),

here,S is a set of data; is the number of categories 5
'%ndpi is the proportion of categoryin S. The information
ggin is defined as

decision-making time [11] [12] [22]. Although a driver
can respond by changing resource allocation strategy
make the cooperation more efficient, in general, the mo
tasks a driver is conducting at a time, the more resourc
he/she is consuming and, therefore, the higher workload
he/she is bearing. Based on this assumption, we labeled all

\t/Ci?hsﬁingsr? rv:/r;pr);tjagall|1n_ﬁe|ntsc;rt]2§rdil;a;;tg Sl;a?lz::gailn?:”tﬂi%vhereValue(A) is the set of all possible values for attribute

control critical periods were labeled with low workload.A’ 5 is the set of data that has not be classified at current

We understand that driver’'s workload may fluctuate durinnOde’ andS, is the subset of5 for which attribute A

a critical period depending on the driving condition anc?'aS valuev. Since entropy is a measure of uncertainty,

her actual involvement to the secondary task. The Iabelinﬁagtlés ; ’xor'zsth;]ee);zecggg dreigfuoc‘;tr':])gﬁgr]: ugicnerggz doiz,)
strategy we adopted was the best we could do. ’ P g y

knowing attribute A. So, the most informative attribute
Ap;is decided by,

. S’u
Gain(S, A) = H(S) - zvevmem)'ﬂmsv),

V. LEARNING PROCESS

Generally speaking, the DWE module implements a Ann‘:argfoﬂ?}fMGain(S’ A).
mapping from the sensory inputs, represented by a list of )
attributes of the driver in each estimation cycle, to the work- To improve the performance, a popular training mech-
load index. In particular, we preprocessed the raw inpu@nism called boosting is used. Simply speaking, boosting
from the sensors and generated one vector of attributes (r@e,quires an iterative learning process. After a tree is trained
features) as listed in Table | for each estimation cycle. [HPON & training set, a resubstitution test is done to find out
practice, we tried different estimation cycles with differentvhat are the mis-categorized samples. Then a second round
time window sizes where the largest possible time windowf training is done by increasing the percentage of exposure
size is 30 seconds, which equals the duration of a critic4p the mis-categorized samples. Each round of retraining is
period. called a boosting.

While many learning methods can be implemented, such Vi
as Bayes learning, artificial neural networks, hidden Markov L )
models, case based reasoning, and genetic algorithms, fye Results with significance analysis
used decision tree, one of the most widely used methodsThe researchers from the University of lllinois at Urbana-
for inductive inference, to show the concept. Champaign reported the effect of secondary tasks on

A decision tree is a hierarchical structure in which eacldriver's behavior in terms of the following features: portion
node corresponds to one attribute of the attribute vectasf gaze time in different regions of driver's front view,

If the attribute is categorical, each arc branching from thenean duration of visits to different regions, mean pupil size,
node represents a possible value of that attribute. If tretandard deviation of lane position, and standard deviation
attribute is numerical, each arc represents an interval of the vehicle speed. The significance of the effect was
that attribute. The leaves of the tree specify the expectdzhsed on the analysis of variance (ANOVA) respect to
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TABLE I TABLE IV

THE AVERAGE CORRECT PREDICTION RATES WITHIO-FOLD THE CORRECT PREDICTION RATES IN THE TASKLEVEL
CROSSVALIDATION AND 20-TRIAL BOOSTINGS UNDER TRAINING WITH VARIOUS FEATURE COMBINATIONS.
DIFFERENT TIME WINDOW SIZE . .
Feature Combination Correct Prediction Rate (%
Time window size (s) | 1.9 | 7.5] 30 All features 81
Correct prediction rate (%) 71 | 78 | 81.2 Eyegaze-related features 80
All but pupil-diameter featureg 70
TABLE Il Pupil-diameter features only 61
THE CONFUSION TABLE FOR DRIVERINDEPENDENT TRAINING Driving-performance features 60
WITH TIME WINDOW SIZE OF 30 SECONDS 1
Driving Eyegaze
Workload prediction/Critical periods Dual-task| Single-task 104  Feawres 4 Features
High workload 219 50 S
Low workload 51 215 &
§ 6
g 4
w
each of these features individually. The general conclusior 21 ” ﬂ-”—”—[ ”
was that the effect of secondary tasks on some feature o L ‘” “““ AL ”‘”‘”‘ QAT “ﬂ‘ QAT
was significant. However, there was an interaction effect TP r2dadadsANAIRIRES

Feature numbers

of driving environments and tasks on features such as lan
position, which means the significance of the task effect wasg. 5. Histogram of feature frequency in the workload estimator
not consistent over different driving environments [19]. trained by See5. Please refer to Table | for the features.

It should be noted that the ANOVA assumes Gaussian
statistics and does not take into account the possible multi-
modal nature of the feature probability distributions. Everhe predictive power of the feature. A histogram of feature
for those features showing significant difference with ret'sage in a learned ruleset is shown in Fig. 5. The feature
spect to secondary tasks, a serious drawback of ANOVA With the highest frequency is the standard deviation of pupil
that this analysis only tells the significance on average. Wéiameter, which is consistent with the known correlation
can not tell from this analysis how robust an estimator cafetween pupil changes and workload [25], especially in the

be if we use the features in a moment_by_moment base. controlled illumination conditions of the driVing simulator.
Among the driving-performance features, speed deviation

B. Results with machine learning has the highest frequency, which is consistent with the
Table 1l shows the average correct prediction rates diNOVA results done by the University of lllinois at Urbana-
the See5 trees trained with 20-trial boostings for differef€hampaign. It is noteworthy, however, that all of the
time window sizes. The best performance appeared whégatures are used at least to some extent by the workload
the time window size was 30 seconds, whose confusiggstimator, which indicates that all of the feature have some
table is shown in Table IlI. predictive power. The maximum predictive performance
To understand the contribution of different subsets oshould be obtained when all of the features are used
the features to the prediction, we trained See5 decisidagether.
trees using various combinations of the features with the
task-level training. The performance for various groupings
of features is shown in Table IV. The best performance In this paper, we proposed a machine-learning-based de-
we were able to obtain was 81% using all of featuressign process for driver cognitive workload estimation. The
The eyegaze-related features were more predictive thamperimental results show that a driver's cognitive status
the driving-performance features since removing all theould be estimated with an average correct rate of more
driving-performance feature from the training set reducethan 81%, which is encouraging considering the difficulty
performance by only 1 percentage point from 81% tmf cognitive workload estimation. Recall that our labeling
80%. Removing the eyegaze-related features (feature &rategy was that all the sensor inputs in the dual-task criti-
34), on the other hand, reduced performance from 81% tml periods had high workload label and those in the control
60%. The pupil-diameter features were the most importawtitical periods were labeled with low workload. Within
eyegaze-related features. All of the driving-performance anehch critical period, the driver might switch their attention
eyegaze-related features, however, contributed to worklo&etween the driving and secondary tasks and, thus, change
detection accuracy, albeit in varying degrees. their actual workload level, which may have contributed to
Since See5 saves the learned tree in a text file, we céme error. In addition, in the conducted experiments, we used
analyze it by counting how many times each of the featura general machine learning package. Usually a customized
appears in the file. We have found from past experience thalgorithm has a better performance than a general-purpose
there is a high correlation between feature frequency amahe. In the future, it will be interesting to see how much
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improvement we can achieve with a fine tuned learnings]
algorithm dedicated to our specific problem.

The significance of learning-based DWE is not limited to
quickly getting good estimation results. Most of the existing[9]
workload estimation systems work in a static mode. That
is, the rules for workload estimation and the thresholds
specified in the rules are determined through certain huma#i]
factors studies before the vehicles are sold to the customers
Whether the induced rules represent the customer pOp[{J-
lation very much depends on how the sample customers
are selected and the sample size of the studies. It is al€g!
guestionable whether one set of rules fit customers with
different genders, different ages, different driving experi-
ences, different education background, and etc. Ideally, !
rules for DWE should be tailored to each individual driver
in order to capture individual difference. Our preliminary[14]
study, reported in [26], showed that the correct prediction
rate could be improved if the predictor was trained and
tested on the same subject’'s data. However, the manuis]
analysis/design module in Fig. 1 prevents the adaptation
process from being automated. On the other hand, the prjgg)
posed learning-based method provides a possibility to get
rid of this bottleneck. By specifying learning mechanisms 17]
e.g. decision tree learning with reducing entropy as thqe
learning criterion, the machine-learning algorithm modul§18]
can do the data analysis and model design without manual
interference. [19]
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