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Abstract

This paper preserts methods for collecting and analyzing physiological data during real world driving tasks to
determine a driver's relative stresslevel. Electrocardiogram, electromyogram, skin conductance and respiration were
recordedcortin uously while driv ersfollowed a setroute through openroadsin the greater Boston area. Data from twenty-
four drivesof at least ft y minute duration were collected for analysis. The data were analysedin two ways. Analysis
| used features from v e minute intervals of data during the rest, highway and city driving conditions to distinguish
three levels of driver stresswith an accuracyof over 97% acrossmultiple driversand driving days. Analysis |1 compared
cortinuous features, calculated at one secondintervals throughout the ertire drive, with a metric of obsenable stressors
created by independert coders from video tapes. The results show that for most drivers studied, skin conductivity and
heart rate metrics are most closely correlated with driver stresslevel. These ndings indicate that physiological signals
can provide a metric of driver stressin future cars capable of physiological monitoring. Such a metric could be usedto
help managenon-critical in-vehicle information systemsand could also provide a continuous measureof how di erent

road and trac conditions a ect drivers.
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. Intr oduction

The increasinguse of on-board electronicsand in-vehicle information systemshas made the eval-
uation of driver task demand an area of increasingimportance to both governmen and industry[1]
and understanding driver frustration has beenlisted by international researt groups as one of the
key areasfor improving intelligent transportation systems[2]. Protocolsto measuredriver workload
have beendeweloped using eye glanceand on-road metrics, but thesehave beencriticized astoo costly
and di cult to obtain [3], and uniform heuristics sud as the 15-SecondRule for Total Task Time,
designedto provide an upper limit for the total time allowed for completing a navigation systemtask,
do not provide exibilit y to accour for changesin the driver's ervironment [3]. As an alternative, this
study shaws how physiological sensorscan be usedto obtain electronic signalsthat can be processed
automatically by an on-board computerto give dynamic indications of a driver's internal state under
natural driving conditions. Sud metrics have beenproposedfor gh ter pilots[4] and have beenusedin
simulations[5], but have not beentested on stresslevels appraximating a normal daily commnute using
sensorghat do not obstruct drivers' perception of the road.

This experimert was designedto monitor drivers' physiologic reactions during real-world driving
situations under normal conditions. Performing an experimert in real tra c situations ensuresthat
the results will be more directly applicableto usein thesesituations; howeer it imposesconstrairts
on the kinds of sensorsthat can be used and the degreeto which experimertal conditions can be
cortrolled. Within these constrairnts, two types of analysis were performed on the collected signals.
Analysis | was designedto recognizethree general stresslevels: low, medium, and high using v e
minute intervals of data from well de ned segmets of rest, city and highway driving. For this analysis,
featuresfrom all sensorsverecombined usinga pattern recognitiontechnique and the di erent typesof
segmets wererecognized.Analysis |1 was designedto give a more detailed accourt of how individual
physiological features vary with driver stressat eat secondof the drive, including those segmets

of the drive betweenthe rest, city and highway segmeis. For this analysisa cortinuous metric of
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obsened stressorswas created by scoring video tapes from individual drives. This metric was then
correlatedwith featuresderived from ead of the sensorson a cortinuous basis.

Historically, stresshasbeende ned asareactionfrom a calm state to an excited state for the purpose
of preservingthe integrity of the organism. For an organismas highly deweloped and independert of
the natural ervironmert assacializedman, most stressorsareintellectual, emotionaland perceptual[6].
Someresearbersmake a distinction between\eustress" and \distress," whereeustresss a good stress,
sud asjoy, or a stressleadingto an evertual state which is morebene cial to the organism[7],however
in this paper we will referto stressonly as distress, stresswith a negative bias, particularly distress
causedby an increasein driver workload. There have been a number of studies that link highly
arousedstressstateswith impaired decisionmaking capabilities[8],decreasedsituational awareness[9]
and degradedperformance[10}which could impair driving ability.

This paper preserts a method for measuringstressusing physiologicalsignals. Physiological signals
are a usefulmetric for providing feedba& about a driver's state becausehey canbe collectedcortinu-
ously and without interfering with the driver's task performance. This information could then be used
automatically by adaptive systemsin various ways to help the driver better cope with stress. Some
examplesof this might include automatic managemen of non-critical in-vehicle information systems
sud asradios, cell phonesand on-board navigation aids[2]. During high stresssituations cell phone
calls could be diverted to voice mail and navigation systemsbe programmedto presen the driver with
only the most critical information to help reducedriver workload. In addition, the music selection
agernt agert might lower the volume, or o er a greater selectionof relaxing tunes to help the driver
cope with their feelingsof stress. Conversely in low stresssituations, the car might recognizethat
more driver distractions could be tolerated and provide the driver with more entertainment options.

The recognition algorithm preserted in Analysis| could be run in real time by having the on-board
computer keep a corntinuously updated record of the data from the last v e minutes of the drive in

memory and performing the analysis cortinuously on this window of data. Although none of the
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physiological signalsmonitored here react quickly enoughto cortribute to automatic vehicle cortrol,
this kind of cortinuous monitoring, with a oneto three minute lag in driver state assessmen is fast
enoughto initiate customizedchangesto the driver'sin-vehicleervironmert to help mitigate emotional
distress. For examplein high stresssituations, someusersmight prefer visual navigation prompts to
turn o or dim, sincethesetypesof warnings have beenfound to have a negative impact on situational
awareness[9] Alternativ ely, if intelligent collision avoidancewere safelyavailable in low velocity tra ¢
jams, driving could becomecompletely automated in sud situations and a frustrated driver could
relax by watching a movie or by working on their laptop.

A realtime implemertation would have beendi cult to test on this driving route becausethe stress
levels for the driving conditions outside of the rest, city and highway segmets was not well de ned
by the design. To better assesshe stressconditions of the ertire drive, Analysis |l looked at sixteen
drivesindividually and created a cortinuous record of obsenable stressorsfrom video tapes of the
ertire drive. This analysisalso calculated cortinuous variablesfor ead of the sensorsand compared
them to a cortinuous metric stressindicators scoredthroughout the ertire drive. Thesevariableswere
ewvaluated to determine which features provided the best single cortinuous indicator of driver stress.
In new conceptcars, sud asthe Toyota Pod car, cortinuous signalsthat correlate highly with stress
level could be usedto cortrol the expressie changesin the carslights and color[11], perhapsalerting
others to the extra load on that driver. Furthermore, using aggregatecorinuous records of driver
stressover a commoncommuting path, city plannerscould help quartify the emotionaltoll of tra c

\trouble spots" which could help prioritize road improvemers.

Il. Driving Pr otocol

The driving protocol consistedof a set path through over 20 miles of open roadsin the greater
Boston area and a set of instructions for driversto follow. Although stressful everts could not be

speci cally cortrolled on the open road, the route was planned to take the driver through situations
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where di erent levels of stresswere likely to occur, speci cally, the drive included periods of rest,
highway and city driving that were assumedto producelow, medium and high levels of stress. These
assumptionswerevalidated by two methods: a driver questionnaireand a scorederived from obsenable
ewverts and actions coded from video tape taken during the drives. The route was designedto re ect
a typical daily commute sothat the recordedstressreactionswould all be within the range of normal
daily stress.

To participate in the experimert, driverswererequiredto have a valid driver's licenseand to consem
to having video and the physiologicalsignalsrecordedduring the drive. Beforebeginning,driverswere
shovn a map of the driving route and given instructions designedto keepthe drives consistem, for
example,instructions were givento obey speedlimits and not to listen to the radio. During the drive,
an obsener accompaniedthe driver in the car to answer any of the driver's questions,to monitor
physiological signal integrity and to mark driving ewers in the video record. The obsener sat in the
rear seatdiagonally in bad of the driver to avoid interfering with the drivers' natural behavior.

All driveswere conductedin mid-morning or mid-afternoon whenthere wasonly light trac onthe
highway. Two fteen-minute rest periods occurredat the beginningand end of the drive. During these
periodsthe driver satin the garagewith eyesclosedandwith the carin idle. The rest periodswereused
to gather baselinemeasuremets and to createa low stresssituation. After the rst rest period, drivers
exited the garagethrough a narrow, winding ramp and drove through side streetsuntil they reateda
busy main streetin the city. This main streetwasincludedto provide a high stresssituation wherethe
drivers encourtered stop and gotrac and had to cortend with unexpected hazardssud as cyclists
and jaywalking pedestrians. The route then led drivers away from the city, over a bridge and onto a
highway. Betweenatoll at the on-rampand a toll precedingthe speci ed o -ramp, driversexperienced
uninterrupted highway driving. This driving wasincluded to createa medium stresscondition. After
the exit toll, driversfollowedthe o -ramp to a turn around and re-ertered the highway headingin the

opposite direction. After exiting the highway, the drivers returned through the city, down the same
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busy main street and bad to the starting point. The relative duration of these events can be seen
in Figure 3. The total duration of the drive, including rest periods, varied from approximately ft y
minutes to an hour and a half, dependingontrac conditions. Immediately after ead drive, subjects

wereaskedto Il out the subjective ratings questionnaires.

A. Data Collection

Four types of physiological sensorswere used during the experimert: electracardiogram (EKG),
electronyogram (EMG), skin conductivity (also known as EDA, electro-dermalactivation and GSR
galvanic skin response)and respiration (through chestcavity expansion). Thesesensorsvereconnected
to a FlexComp[12]analogto digital converter which kept the subject optically isolatedfrom the power
supply. The FlexComp unit was connectedto an enbeddedcomputerin a modi ed Volvo S70series
station wagon. The EKG electrodes were placed in a modi ed lead Il con guration to minimize
motion artifacts and maximize the amplitude of the R-wavessinceboth the heart rate[13] and heart
rate variabilit y[14][15]algorithms usedin this analysisdepend on R-wave peak detection. The EMG
was placedon the trapezius(shoulder), which has beenusedas an indicator of emotional stress[16].
The skin conductancewas measuredin two locations: on the palm of the left hand using electrades
placedon the rst and middle nger and on the soleof the left foot using electrodes placed at eadh
end of the arch of the foot. Respiration was measuredthrough chest cavity expansionusing an elastic
Hall e ect sensorstrapped around the driver's diaphragm. Figure 1 shavs the generalplacemen of
sensorswith respect to the automotive system.

The physiologicmonitoring sensorsvere chosenbasedon measuregreviously recordedin real world
driving and ight experimerts. Helander(1978)[17]usedan electrocardiogram (EKG), skin conduc-
tivit y and two EMG sensorgo monitor driverson rural roads. Heart rate and skin conductancehave
beenusedto monitor task demandon pilots [18][19][20][21] ashave EMG [20]and respiration[5][20].

EMG [16] and skin conductivity [22] and heart rate variabilit y[23] have also beenstudied as a general



indicators of stress.

Eadh signalwas sampledat a rate appropriate for capturing the information cortained in the signal
constrainedby the sampling rates available on the FlexComp system. The EKG was sampledat 496
Hz, the skin conductivity and respiration sensorwere sampledat 31 Hz and the EMG was sampled
at 15.5Hz after rst passingthrough a 0.5 secondaveraging Iter. The signalswere collectedby an
embeddedcomputerin a modi ed car. The experimerter visually monitored the physiologicalsignals
as they were collectedusing a laptop PC running a remote display program. The video output from
this laptop, displaying the physiologicalsignalswasfed into a quad splitter to createa composite video
record together with the video output from three digital cameras:a small EImo cameramounted on
the steeringwheel,a Sory digital videocamerawith a wide angle(0.42)lensmourted on the dashboard
and a third camerausedfor evert. This record was usedto create the cortinuous stressmetric. A
sampleframe from one of the composite video recordsis shavn in Figure 2.

Figure 3 shavs an example of the signals collected on a typical day's drive along with markings
showving driving periods and ewerts. In total, 27 driveswere completed,six by driverswho completed
the courseonly onceand seen eat from three drivers who repeatedthe courseon multiple days. In
the rst analysis, 24 complete data setswere used. Of the initial 27, one data set was incomplete
becausethe hand skin conductivity sensorfell o, one data set could not be usedbecausethe EKG
signalwastoo noisy to extract the R-R intervals necessaryor the heart rate and heart rate variability
metrics and one data set was lost becauset was accidenally overwritten. In the secondanalysisall

16 driveswere usedfor which video recordswere created (seeSectionV).

1. Questionnaire  Anal ysis

The questionnaireanalysiswas usedto validate a perceptionof low, medium and high stressduring
the rest, highway and city driving periods. Two kinds of ratings were used: a free scaleand a forced

ranking of everts. The free scalesectionasked driversto rate driving ewverts on a scaleof \1" to \5"



Condition Overall Comparative
rating (1-5) || rating (1-7)

Rest 1.16| 0.88 | 0.81| 1.68
Highway | 2.00| 0.92 | 2.69| 1.50
City 2.55] 1.02 || 4.01| 1.56

TABLE |
The Overall and Compara tive questionnaire rating resul ts after using a z-score and back
transf ormation. The resul ts of ANO VA anal ysis found the three states to be significantl vy
different at the 95% confidence level with p>0.001 for both the ratings

wherea rating of \1" was usedto represen a feelingof \no stress"and a\5" was usedto represeh a
feeling of \high stress." The forced scalesectionrequired drivers to rank ewerns on a scaleof 1 to 7
where\l" wasassignedo the least stressfuldriving evert and\7" to the most stressfuldriving even.
Using this scale,drivers were asked to rate a number of ewverts including encourering toll booths,
mergingand exiting aswell asthe rest, city and highway driving tasks. The extra categorieswvereused
to help driversde ne the scale,but were not usedin the questionnaireanalysis.

For ead questionnaire,the valuesfor the both stressratings were normalized using a z-score(z =
X_)[24], then the averageand standard deviation were calculated and badk-transformed. The results,
seeTable I, shav that subjects found the rest periods to be the least stressful,the highway driving
to be more stressfuland the city driving to be the most stressful. ANOVA analysison the z-score
transformedvariablesdeterminedthat the meansweresigni cantly di erent at the 95%con dencelevel
with p > 0:001for both the Overall and Comparative ratings. Theseresults support the assumptions

of the experimertal design.

IV. Video Coding

The composite video record of the driveswere coded to help assesdlriver stresslevels. Two video
coders scored ead video tape record basedon a list of obsenable actions and ewerts that might

correspnd to an increasein driver stress. This list of potential stressindicators included including
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stops, turning, bumpsin the road, headturning and gazechanges. The coders were also allowed to
usetheir judgmernt and scoreany number of additional ewverts in an \other" column. The two coders
analyzedthe videotapesby advancingthem at onesecondntervals and recordingthe number of stress
indicators in eat frame. For ead drive, an averageof over 25,000frameswere scored. Due to time
limitations, this processwas only completedfor 16 of the 24 drives. The two coderswere not involved
in other aspectsof the analysis. To test the inter-coder reliability Cronbad's alpha[25]was calculated
for a drive that was scoredindependerly by both coders. Theseresultswere = 1.0 for the highway
segmets, =.91 for the city segmets and =.97 for the highway segmets. Sinceall a coe cient
of .80 s consideredacceptablefor most applications, thesescoresshav that the rating systemyielded
consisten results betweencoders.

To createa stressmetric, the number of stressindicators was rst summedover ead secondof the
drive. For example,if the driver wasturning the steeringwheel, changing gazeand turning his or her
body during a frame, that frame would get a scoreof \3". If the driver was driving straight and only
looking around for a turn the frame would get a scoreof \1". If no stressindicator was obsened the
scorewas ertered as\0." The sum of stressindicators at ead secondn of the drive was recordedin
a time seriesl 4(n) for eat drive, d.

To further validate the assumption of low, medium and high stress conditions during the rest,
highway and city segmets, the time seriesl 4(n), were averagedover ead type of segmen for all 16
drives, d, and divided by the time of eadh segmeh time, T, to obtain an estimate of the number of
stressorsper minute for eat type of driving. The results, shovn in Table 11, support the assumption
of the designby showing that the greatestconcenration of stressindicators occurred during the city
driving condition, followed by fewer stressindicators during highway driving and the least during the
rest conditions. As shonvn by the results, the rest conditions were not completelyfree of stress. During
theseperiods somedriverswould display restlessnesby moving around, shifting position and reacting

to noisesfrom a nearby road. Some dgeting may alsohave comefrom the initial discomfort of wearing
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Condition | Stressindicator per Minute
Rest 13.6
Highway 61.4
City 87.7
TABLE I

The avera ge number of stress indica tors per minute during each of the three driving conditions:
rest, highw ay and city

the sensors,boredom, or anticipation of either the beginning or end of the experimert. In one case
the driver neededto usethe rest room during the endrest period. The rest periods were not designed
to keepthe subject entirely freefrom stress,but to provide a lower stresssituation just ascity driving

was designedto provide a higher stresssituation.

V. Creating a Continuous Stress Metric

A cortinuous stressmetric was createdto dewelop a ner grain picture of the stressorsencourtered
throughout the driveson variousdays. Although ead drive cortained thirt y minutes of driving within
the rest, city and highway conditions, it alsocortained appraximately forty minutes of driving under
other conditions that werenot well de ned by the experimertal design. Unlike laboratory experimerts
where repeatable stressconditions can be created and cortrolled, the real world driving conditions
encourered in this experimert were largely unpredictable and uncortrollable. The stressmetric was
designedto give a rough approximation of driver task load by courting the number of stressindicators
at ead secondof the drive and smoothing the signalto incorporate the e ect of anticipation and past
ewernts.

The video code scorescaptured a cortinuousrecord of all stressindicators that occurredthroughout
the drive, re ecting individual di erencesin driver reactionsand varying trac conditions. A con-
tinuous stressmetric was deweloped from thesescoresto be correlatedwith ead of the time seriesof
physiologicalfeaturescalculatedfor that drive. To createthis metric eah stressorwas corvolved with

a simple model of its assumedstresse ect. The stresse ect was modeledas having both anticipatory
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and persistencee ects. In a model for pilot workload, Sheridanand Simpsonidenti ed se\eral types
of mertal workload tasks that precededead obsened task: operating tasks, monitoring tasks, and
planning tasks. They modeledthe e ect of ead of theseas a cortinuous workload function spanning
a period of time betweenwhen the pilot anticipated the task and when the task was completed[26].
This model implies that before a stressoris obsened there is an increasein driver stressdue to an-
ticipatory, monitoring and planning e ects. In addition, the expected physiologicale ect of a stressor
occursslightly after the stimulus and may take seeral secondsor seeral minutesto recover depending
on the type of stimulus event[27]. It is alsoknown that physiological reactionsadd non-linearly and
depend on habituation e ects and componerts of the individual's physiology[27].

To precisely model the e ect of ead obsened stressor, the anticipatory componerts of menal
workload and the expectedpersistenceof the physiologicale ect would have to beindividually modeled
for ead obsenation, taking into accoun all previousand concurrert ewverts and a model of eat driver's
physiology Sud a model would have beentoo complexfor this analysis. Instead, ead obsened event
was modeled by using a 100 secondHanning window, H, certered on the obsenation to approximate
thesee ects.

The 100 secondwindow was chosenfor seweral reasons:it approximates the time neededfor auto-
nomic signalssud asthe skin conductivity to extinguish, it is the samewindow asthe shortestwindow
usedfor heart rate variability and it provides a level of smaothing that allows the essetially discrete
stressormetric to approximate a cortinuous signal.

This window was corvolved with the metric of ewverts for ead drive |4 to create a signal V4 that

represeted the modelede ect of the stressorsas stated in Equation 1.

Va(n) = I4(n) H 1)

For ead of the 16drives,d, the stresse ect signalVy(n) wascorrelatedwith ead of the physiological
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time series.The results are shovn in Table IV and discussedn the sectionAnalysis I1.

VI. Data Anal ysis

The collected data were subject to two types of analysis. Analysis | used v e minute intervals
of data from well de ned segmets of the drive where drivers experiencedlow, medium and high
stresssituations to train an automatic recognition algorithm. Analysis Il investigatedhow cortinuous
physiological features, calculated at one secondintervals throughout the ertire drive, correlated with

a metric of driver stressderived from video tape records.

A. Analysis|: Recognizing Geneial StressLevels

The algorithm for generallevel stressrecognition was deweloped using features derived from v e
minute non-overlapping segmets of data takenfrom ead of the rest, city and highway driving periods.
Ead of thesesegmets was designedto represeh a period of low, medium or high stress. To ensure
consistencyin the stressconditions, the data segmets weretaken from speci ¢ parts of the drive. The
segmets for the low stresscondition were taken from the last v e minutes of the rest periods, giving
subjects enoughtime to relax from the previoustask. The segmets for the medium stresscondition
were taken from a stretch of uninterrupted highway driving betweentwo toll booths, after the driver
had completeda mergeonto the highway and was safelyin the right hand lane. The segmets for the
high stresscondition were taken after the driver turned onto a busy main street in the city.

Nine statistical featureswere calculated for eatcy segmett the normalized mean of the EMG and
the normalized meanand variancefor respiration, heart rate and skin conductivity on the hand and
on the foot. The EMG, respiration and heart rate signalswere normalizedby subtracting the meanof
the rst rest period beforeead drive. The skin conductivity signalswere normalized by subtracting
the baselineminimum and dividing by the baselinerange[16]. Heart rate was uniformly sampledand
smoothed using a heart rate tachometer[13][28].

Four spectral power featureswere calculated from the respiration signal represeting the energyin
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eah of four bands. The power spectrum was calculated using 2048 data points from the middle of
eah segmeh A Hanning window was applied and an implementation of Weldh's averaged,modi ed
periodogram method[29] was usedto calculatedthe normalized power spectrum. Four spectral power
density featureswere calculated by summing the energyin the bands 0-0.1Hz, 0.1-0.2Hz,0.2-0.3Hz
and 0.3-0.4Hz. Thesefeatureswere found useful for discriminating emotion in previouswork [30].

Eight additional skin conductivity featureswere calculatedto characterizeorienting responses.An
orierting responseis a suddenrisein the skin conductancedueto ionic lling of the skin's sweat glands
in responseto sympathetic nervous activation. A seriesof three orierting responsess shown in Figure
4, along with the marks indicating the onsetand peak of the respopnseand the measuremets of the
magnitude, Oy, and duration, Op, of the response. The algorithm detectedthe onsetsand peaksof
the orienting responsesby rst detecting slopesexceedinga critical thresholdand then nding the local
minimum precedingthat point (onset) and the local maximum following that point (peak)[31]. Using
this algorithm four orienting responsefeatureswere calculated: the total number of sud responsesin
the segmeh the sum of the startle magnitudes Oy, the sum of the responsedurations Op and a
sum of the estimated areasunder the responses ( %OM Op). Thesefour featureswere calculatedfor
both the hand skin conductanceand the foot skin conductancesignals.

The nal feature was a heart rate variability (HRV) feature which has beenusedto represeting
sympathetic tone. The parasympathetic nervous systemis able to modulate heart rate e ectively
at all frequenciesbetween0O and 0.5 Hz, whereasthe sympathetic systemmodulates heart rate with
signi cant gain only belov 0.1Hz[32]. By taking the ratio of the low frequency heart rate spectral
energyto the high frequencyheart rate spectral energywe derive a feature that represeis the ratio
of the sympathetic to parasympatheticin uence on the heart. Our hypothesisis that increasedstress
will lead to an increasein sympathetic nervous activity and an increasein this ratio.

To calculate the HRV feature, we usedthe instantaneousheart rate time seriesderived from the

EKG. A Lomb periodogram[15]wasusedto calculatethe power spectrum[33][34]of the heart rate time
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seriesbecauseit can directly useunewenly sampledinter-beat interval data and becauseit is robust
to missedbeats[35]. The total energyin the low frequency(LF ) band (0-0.08 Hz) and in the high

frequency(HF) band (0.15Hz-0.5Hz)were calculated and the ratio % was usedasthe nal feature.

In Analysis |1, another suggestecsympatho-\agalbalanceratio, *=MF, usingthe mid-frequency(MF)
range (0.08Hz-0.15Hz)was also usedalong with a shorter window size.

These 22 features were usedto create a single vector represeting eat of the segmeits usedin
the recognition analysis. A total of 112 segmets were used: 36 from rest periods, 38 from highway
driving and 38 from city driving. The resulting 112 feature vectors were then usedto train and
test the recognition algorithm. Eadh vector was sequetially excludedfrom the training set and the
recognition algorithm was trained using the remaining 111 vectors. The training vectorswere usedto
createa Fisher projection matrix and a linear discriminarnt. The Fisher projection was determinedby
solving a factorization for the generalizedeigervectorsof the covariancematricesfor the betweenclass
scatter and the within classscatter of the labeled training vectors[36]. The generalizedeigervectors
correspnding to the two greatesteigervalueswere usedto project the 22 dimensionalfeature vectors
onto a two dimensional spacewhere the between classscatter was maximized and the within class
scatter was minimized. Using the projection determined by the training data the test vector y was
projectedinto atwo dimensionalvector¥. In the two dimensionalspace,a linear discriminant function
0.(%) was determined using the samplemean (m.) and the a priori probability Pr[w.] for eat class

¢ and pooled covariance K of the training vectors. The test vector was classi ed as belongingto the

classfor which g.(§) wasthe greatest.

%(9) = 2m{K g mIK ‘mc+ 2An(Prlwc]); (2)

Tablelll is a confusionmatrix for the recognitionalgorithm in which all correctly classi ed segmets

are shavn along the diagonal and all incorrectly classi ed segmets are o diagonal. As this table
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Recognition Results

Labeled As
Recognizedas: | Low | Medium | High | Recognition Rate
Low 36 0 0 100%
Medium 0 36 1 94.7%
High 0 2 37 97.4%
TABLE Il

The confusion matrix for the recognition algorithm.  Correctl y recognized segments are found
along the diagonal. This classifier mistakenl y classified tw o medium stress segments as high stress
and one high stress segment as medium stress.

shows, all low stresssegmets were correctly recognizedbut two periods that were labeled as medium
stresswererecognizedasbeinghigh stressand oneperiod labeledashigh stresswasclassi edasmedium
stress. The resultsthus show very good discrimination betweenthe classes.Thesephysiologicallybased
resultsalsoshow a perfectdiscrimination betweenthe low stressrest period and the two driving periods
which agreeswith both the perception of stressas ewvaluated by the questionnaireand the scoring of
obsened stressorsobtained from the video tape analysis, suggestingthat these features accurately

represen a driver's generalstresslevel.

B. Analysis|l: Continuous Correlations

The recognition algorithm givesgood separationbetweenthree generaltypesof driving stress,but
it doesnot accoun for variations in the drivesand it doesnot give a ne grain assessmenof stressors.
An ideal indicator of stresswould be a physiologicalvariable that cortinuously varied proportional to
ewvery driver's internal stress. To determine which featuresmight be the best candidatesfor sud a
variable, cortinuous calculations were made on ead of the physiological sensorsignalsat one second
intervals throughout the ertire drive for eat of the sixteen drives for which the video was scored.
Thesecalculationsincluded the meanand varianceof the EMG ( g, 2), hand skin conductivity ( s,

2), respiration ( g, 2) and the mean of the tachometer heart rate ( ) over one secondintervals

throughout the drive.
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For this analysisfour metrics of heart rate variability were calculated. In addition to the 300second
wmdow = usedin Analysis|, a 100secondwindow and a M werealsocalculatedfor comparison.
Thesetime seriesare denoted: L 100, M 100, L300 and M 300 for the = (L) and *=-XF (M) power
ratios in the 100and 300 secondperiodogramsrespectively. To createa cortinuoustime series,Lomb
periodograms were calculated using both 100 and 300 secondwindows (Hanning) of instantaneous
heart rate data, certered on the secondof interest, advancedby one secondfor eadh secondof the
drive. The 150 secondsat the beginningand end of the drive were excludedbecausethere would not
have beenenoughdata for the periodogram.

For ead of the drivesd, the video stressmetric Vy(n) was correlated with ead of the feature time
seriesand a correlation coe cient ryq was calculated:

Kvp

rg= ——— 3)
vV PP

whereK p is the covariance of the time seriesVy(n) with one of the physiologicaltime seriesfor the
samedrive d and v and pp arethe standard deviations for Vy(n) and physiologicaltime series,
respectively.

If the feature time serieswere independert of the stressmetric, the correlation coe cient would be
zero. To test this null hypothesis, eat of the stressmetrics was also correlated with a white noise
signal w. Table IV shaws the results for ead time seriesfor all sixteen drives. As expected, the
correlation coe cien ts with white noise,w, were all closeto zero. The varianceof the EMG, 2, and
the meanof the respiration, r, werealsocloseto zero. This wasalsoexpected, sincethe EMG signal
was pre-processedvith a smaothing Iter and the respiration mean primarily represets the baseline
stretch of the sensorwhich varies mostly with sensormovemen (slippage) with respect to the chest
cavity. The variance of the respiration, 3, and the variance of the skin conductivity, 2, also did

not correlate well with the stressmetric, most likely becausethe variance over one secondintervals in
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Day | L100| L300 M1I00| M300|HR | ] 2] o] 2] r | 3| W
S1-2| 53 | 61 | 53 | 64 | 34| .22|.01| .75]|.09|-53|.04] .01
S1-3| 45 | 45 | 44 | 42 | 35|.04|.01| .77 |.08|-.49.04] .00
S1-4| 45 | 58 | 47 | 60 | 53|.14|.06| .71 | .18|-.33| .26 | .01
S15| 41 | 35| .22 | 09 | 46| .30|.08| .85 | .22|-22|.15] .01
S16| 62 | 62 | 59 | 62 | 31| .32|.09| .74|.00|-56].16] .01
S1-7| 46 | 36 | 41 | 31 | 52| .28|.04| .77 | .23|-.23|.16] .01

S2-2| .49 | .66 .55 .69 | 49].02.03| .13 |.00|-24|.15|-.01
S2-4| 22 | .29 13 A7 | 41 .27).01] .59 |.12| .12 | .18 | .00

S3-2| .74 | .73 75 74 | .441.20.06| .78 | .20| .17 | .25|-.01
S3-4| 46 | 41 .48 48 | .38|.16|.06| .77 | .15| .59 | .19| .01
S3-5| 41 | 51 44 50 | .35].09|.00| .81 |.20| .21 | .01 -.02
S3-6| .44 | .53 44 51 | .40].20|.04| .73 | .14 | .67 | .24| .03
S3-7| .35 | .35 .39 35 | .29].22,.08| .78 | .16| .44 | .12 | -.01
R2-1| 41 | .58 .39 .54 | .30].20|.06| .47 |.06| .10 | .03 | .00
R3-1| 32 | .42 .35 41 | .30].16|.13| .45 |.08| .03 |.10| .01
R4-1| 49 | 55 | -08 | -19 | .76 |.37|.09|-.07|.03|-.28|.22|-.03

-zs| .52 | .60 49 .57 | .48 ].17.03| .99 |.08|-42|.10|-.01
-zt | .50 | .56 .45 49 | .45].20|.05| .81 |.12|-.03|.15| .00

TABLE IV
Correla tion coefficients \ryq" between the stress metric created fr om the video and variables
fr om the sensors indica ting how closel y the sensor feature varies with the stress metric. As a
null hypothesis, a set of random numbers, \w" was also correla ted with the video metric for each
drive. The last rows show the mean over all days as calcula ted by using the z-score and
z-transf orm methods respectivel .

thesesignalshas a large noise component.

To determine which sensorsmight be most useful for use as a real time indicator of stress, the
averagesof the correlation coe cien ts were calculated in two ways, rst by calculating a z-scorefor
eah day's scores,averaging and then bad transforming to get the result shovn in row \ -zs" and
secondby using the normalizing z-transform, z4 = 0.5 (In(1+ rq) In(1 r4)), and averagingto
get the result showvn in row \ -zt." The z-scoretransformed data is more likely to be robust against
a poor stressmetric on a given drive and the z-transformeddata createsa more normal distribution
of the data, which may give a better estimate of the true mean. Both transformations yield similar
results suggestingthat skin conductivity is the best real-time correlate of stressfollowed by the heart

rate variability and heart rate measures.In general,the skin conductanceperformedwell (with the
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notable exceptionsof drivesS2-2and R4-1) and the heart rate variability measuregperformedsimilarly
to ead other, with the exception of drive R4-1, where the two metrics using % ratio correlated
di erently than the two metrics using the % ratio. The 100 secondand 300 secondwindows for
HRV performedsimilarly, suggestingthat it is possibleto usethe shorter 100secondwindow to derive
featuresfor HRV, although this window excludessomeof the low frequency power typically usedin
HRV calculations. The meanheartrate, r, wasthe bestcorrelatedmeasurefor only oneof the drives.

There were individual di erences in how drivers responded. In Drive S3-2, there were very high
correlations for both the mean skin conductivity and for the averageHRV measureshowever Drive
S2-4shaved a much strongercorrelationwith skin conductivity and heart rate than with HRV measures
and Drive S2-2shaved a weak correlation with skin conductanceand stronger correlations heart rate
and HRV measures. For all drivers studied, the lowest correlation between either the heart rate or
skin conductancemetrics was 0.49, suggestingthat betweenthesetwo sensorsa reliable metric can be
obtained. These correlations were performed over approximately 25,000samplepoints per drive. It
is not clear from theseresults if individuals consistetly respond to stresswith similar physiological
reactions. For S1 and S3 there was lessvariance in mean skin conductanceresponse for the same
subject over many drivesthan for all subjects over all drivesand for S1the samewasalsotrue of heart
rate variability. We performed ANOVA anaylsis on the correlation coe cien ts and found signi cant
individual di erences in the mean of the skin conductance ¢ (p = 0:0007) and the mean of the
respiration g (p = 0:0001). The dierence in the mean skin conductanceis most obsenable for
subject S3. This may be due to a physiologicaldi erence in the number of sweat glandson the palm
or from a di erent in electrode cortact due to the way the subject gripped the steeringwheel. The
di erences in the respiration meansare most likely due to physical di erencesin chestsize.

Figure 5 shows an example of the stressmetric plotted against signalsfrom drive R2-1. For this
drive, the best correlating signal shavn is the mean of the skin conductivity (.47) followed by L100

(.41) and heart rate (.30). This graph shavs qualitatively how well ead of the signalsre ects the
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stressmetric. During this drive, the subject was unusually agitated during the secondrest period due
to a needto usethe restroom. This agitation is re ected in the stressmetric, but would not have been

taken into accoun by using the task basedcategorization.

VI |. Discussion

In the future, we may want vehiclesto be more intelligent and responsive, managing information
delivery in the cortext of the driver's situation. Physiologicalsensingis one method of accomplishing
this goal. This study testedthe applicability of physiologicalsensingfor determining a driver's overall
stresslevel in areal environmert usinga setof sensorghat do not interferewith the driver's perception
of the road. The results shaved that three stresslevels could be recognizedwith an overall accuracyof
97.4%using v e minute intervals of data and that heart rate and skin conductivity metrics provided
the highest overall correlationswith cortinuousdriver stresslevels.

Using a continuously updated record of the last v e minutes of a driver's physiology the stress
recognition algorithm might be usedto managereal-time, non-critical applications sud as music
selectionand distraction managemen (cell phonesand navigation aids, etc.), which could tolerate a
delay in updating the user'sstate precisely The original v e minute time window was chosenbecause
it wasthe interval recommendedor calculating heart rate variability using the spectrograms[23jand
becausehe limiting time factor for the driving segmets, the uninterrupted highway segmeh between
the two toll booths, was just over v e minutes long. In a similar study, Wilson et al. [5] trained an
arti cial neural network to recognizethree levelsof pilot task demandusing v e minute intervals of rest
and low and high levelsof di cult y onthe NASA Multiple Attribute TaskBattery during a simulation.
For this experimert, heart rate, EEG, electrooculographic(EOG) and respiration data wereused. The
algorithm was rst testedon the v e minute training segmets, then it wasrun cortinuously to detect
stressin realtime. When a high stresslevel was detected,the simulation adaptedby turning o two of

the subtasks,enablinga 33%reductionin errors. A similar test could be performedwith the algorithm
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dewelopedin Analysis| if road conditions could be madeconstant and driverscould be allowed to make
safeerrors while talking on the cell phone or using visual navigation aids. If a high stresscondition
were detected using the algorithm on the last v e minutes of data, the driver distractions could be
turned o until the driver recoveredto a medium stresslevel. The level of driver error for driversusing
this adaptive aid could then be comparedto a set of cortrol driverswho did not have this feedbag.

Although the original experimert was not designedto test how the v e minute algorithm would
perform in a real time scenario,the secondanalysiscomparednear real-time featuresto a cortinuous
stressmetric to determinehow well thesesignalsre ected driver stresson a cortinuousbasis. Driver's
reaction time to speci c stressorswas not measuredbecausethe latenciesinvolved fall beneath the
resolution of the coding metric. For example, the skin conductivity latency is on the order of 1.4
secondgd37]and anticipatory EMG hasbeenmeasuredn the laboratory at 30 milliseconds[38].In this
experimert, the video was scoredat one secondintervals and the video clock and sensorclock were
not syndironizedto be sensitive to time di erences within a few seconds.The latency measuremets
would also be confoundedby the open road conditions where many stressorsoccurred concurrerly
and beforethe e ects of previous stressorshad extinguished.

Despitetheselimitations, theseexperimerts show that physiologicalsignalsprovide a viable method
of measuringa driver's stresslevel. Although physiological sensingsystemshave not yet dewloped
to the point wherethey are as inexpensivwe and cornveniert to use as on board cameras,sensorsare
becoming smaller and researbers are deweloping new ways to integrate them into existing devices.
The results of the secondanalysissuggestthat the rst sensorsthat should be integrated into a car,
or a mobile wearabledevicethat communicateswith a car, should be skin conductanceand heart rate
sensors.Thesemeasurescould be usedin future intelligent transportation systemsto improve safely
and to managein-vehicleinformation systemscooperatively with the driver.

Additionally, future computer vision algorithms and car sensorsmight be able to automatically

calculate a stressmetric similar to the one created by video coding analysis. Sud methods might
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provide an automatic non-cortact method for predicting or otherwise anticipating changing levels of

driver stressrelated to cognitive or emotional load.
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Fig. 1. The subject wore v e physiological sensors,an electrocardiogram (EKG) on the chest, an electromyogram
(EMG) on the left shoulder, a chest cavity expansionrespiration sensor(Resp.) around the diaphragm and two skin
conductivity sensors(SC), oneon he left hand and one on the left foot. The sensorswere attached to a computer in the
rear of the vehicle.
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Fig. 2. A sampleframe from the quad split video collectedduring the experiment. The upper left panel showsthe driver
facial expression,collected from a cameramounted on the steering column. The upper right panel shows the camera
usedfor experimenter annotations where a \stop" annotation is shovn. The lower left panel shaws road conditions and
the lower right panel shows a visual trace of the physiological signalsas they were being recorded.
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Fig. 3. This gure showsanillustration of the physiologicaldata collectedfrom the respiration, heart rate, L100 spectral
ratio, the skin conductivity (SC) from the hand and the electromyogram (EMG). This gure doesnot show vertical
units becauseead signal is scaledand o set to be showvn with an illustrativ e amount of detail.
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Fig. 4. An exampleof three orienting responsesoccurring in a one minute segmen of the skin conductancesignal. The
onset as marked by the detection algorithm is marked with an \x" and peak is marked with an \o". The magnitude
Om and duration Op features are measuredas shown.
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Fig. 5. This gure showsanillustration of the physiological data collectedfrom the respiration, heart rate, L100 spectral
ratio, the skin conductivity (SC) from the hand and the electromyogram (EMG) along with the stressmetric derived
from the video tapesfor this drive. This gure doesnot show vertical units becauseead signal is scaledand o set to
be shown with an illustrativ e amount of detail.



