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Abstract: Using data gathered by Johnson Controls, Inc., we examined the effect of the
use of invehicle electronic devices on driving by means of atime series analysis. We
determined which aspects of driver performance are significantly impacted by the use of
these devices. We were then able to quantify the effect of driver distraction on
measurabl e aspects of driver performance (eg. lane position, velocity) during the
operation of in-vehicle electronic devices. The processes entailed in conducting atime
series analysis are then generalized by a step-by-step procedure, providing guidarnce for
further studies.
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Introduction

Driver distraction is atopic of growing concern with the increasing use of in-vehicle
devices. We investigated the degree to which a driver’s performance is affected by
operating electronic devices. Most driver performance analyses examine this relationship
over entire time intervals. Time data is grouped together and then averages are computed
and compared. However, driving is a continuous process, so it was our goal to develop a
process model that can be used for continuous analysis.

Using our process model, we studied driver performance data obtained from a
driving simulator. The effects of operating devices, such as radios and cellular
telephones, were considered. From the data provided, we examined the continuing
changes in driver performance due to the operation of these devices.

Data Description

A common method for assessing driver distraction is to measure a number of driver
performance variables in adriving simulator. A driver navigates a smulated course and
isinstructed to execute different tasks. These tasks include the operation of a cellular
phone and radio.

During the simulation, several indices are recorded every tenth of a second to
measure driver performance. The variables considered are velocity, lane position,
steering angle, acceleration, braking frequency, distance from aleading car, and hand
position while driving. A marker is inserted in the data when the driver isengaged in a
task.

Previoudly, similar data has been analyzed as an average across a group of drivers
in discrete time intervals [1]. Thus, the continuous data was lumped together to form
discrete data, and then analyzed. This analysis fails to capture the continuous
effects of the use of in-vehicle devices on driving performance. Y et, the subtle changes
in the continuous variables yield valuable insight into modeling this process. Thus, to
study the data, atime series analysis is needed.

Time Series Analysis

A time seriesis a collection of observations made sequentialy intime. Thefirst stepin
the analysis of atime seriesisto produce a description of the data by graphing a
measured variable against time. This allows us to see possible sources of variation, such
as the beginning of atask. At this point in the analysis, outliers may be identified. To
keep the analysis accurate, these outliers may need to be adjusted [2].

A key characteristic of time series analysisis the autocorrelation coefficient, ry.
These coefficients measure the correlation between observations of a variable with itself
lagged a distance apart. This may provide insight into the probability model, which
generated the data. The autocorrelation coefficients are defined by
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wherek is the lag, or the k' data point behind the original.

A useful aid in interpreting a set of autocorrelation coefficients is a graph called a
correlogram, in which ry is plotted against the lag k. The shape of the correlogram is
indicative of the appropriate model for a given time series. |f the graph approaches zero
within the first few lags, then the data is considered stationary. This means the properties
of the underlying model do not change through time and that there is no trend in the data
[2]. If the correlogram does not approach zero quickly, the series must be differenced to
ensure the validity of the regression analysis. During this process, a new series, {?x:} is
created where

DX, =% - X3 2

We then compute the autocorrelation coefficients of {?x;} and graph the correlogram. |If
the correlogram still does not approach zero within the first few lag vaues, the
differencing process is repeated until the data is considered stationary [3].

After ensuring a stationary process, smoothing may be necessary. Thisisan
especially useful procedure for data in which emphasis on variation at particular timesis
important [2]. Statistical software packages have several smoothing functions designed
for different types of data. I1n an event analysis, alocally weighted logarithmic
smoothing method should be used [4].

The autoregressive integrated moving average (ARIMA) class of modelsis an
important forecasting tool and is the basis of many fundamental ideas in time series
anaysis[5]. An ARIMA model has two components---an autoregressive (AR) and a
moving average (MA) process. A time series {xi}, isconsidered an AR process of order
p if it isaweighted linear sum of the previous p time values, plus a random component,
Z, such that

X, =f X, +f X, +...+f oXi

+Z,. 3
Here, Z; denotes a purely random process with zero mean and constant variance. A time
seriesis considered to be an MA process of order q if it is aweighted linear sum of the
last g random components, such that

Xt :Zt +qlzt-l+"'+qqzt-q' (4)
In an event analysis, only the AR component is necessary for the model.

Data Analysis

In order to conduct our analysis, graphs were generated to compare the response of each
variable throughout the time interval. Figure 1 depicts the angle of the steering wheel
whilein the driving smulator. A negative wheel angle indicates veering to the left, while
a positive angle shows aturn to the right. The vertical lines indicate the beginning and
the end of a cell phone conversation. As can be seen in Figure 1, there are frequent and
dramatic shifts in steering while the driver is engaged in conversion, even though the
course required no turning. This shows the negative effects of cell phone use on driving.
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Figure 2 depicts the lane position of the test subject versustime. The lane
position graph represents the subject’ s deviation from the center of the lane. The center
is represented as zero. A deviation to the left is a negative value and to theright is
positive value. As can be seen in Figure 2, the driver tends to maintain a negative lane
position. Thisis considered atrend, and thus it is necessary to difference the data before
developing amodel. In addition, the onset of the task causes greater variation in the
range of lane position values. Thus, the cell phone conversation negatively impacts the
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driver’s ability to maintain a constant lane position [5].

Meters
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Figurel. Graph of the subject's steering wheel position versus time in the simulator. Vertical lines
represent the onset and completion of the assigned task (cell phone conversation).
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To quantify the driver distraction, we conducted atime series analysis. First, we
computed the autocorrelation coefficients using Equation 1. A Matlab program was
written (Appendix B) to compute these values efficiently. We then graphed the
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correlograms for each measured variable.

Figure2. Graph of the subject’ s lane position versus time in the simulator. Vertical lines represent
the onset and compl etion of the assigned task (cell phone conversation).




The autocorrelation coefficients for steering wheel position, as shown in Figure 3,
decrease quickly to zero within the first few lags. This means the data is stationary and
ready for regression analysis. However, the coefficients for lane position (Figure 4) take
significantly longer to converge to zero. Because of this, we differenced the lane position
data. After performing the differencing process twice, we produced the correlogram in
Figure 5, which shows the data now approaching zero within the first few lag values.
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Figure 3. Thisfigure depicts the correlogram for steering wheel position. This correlogram
approaches zero within the first few lag values, signaling the datais stationary.
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Figure 4. Thisfigure depictsthe correlogram for lane position. The correlogram does not
approach zero for small lag values, signaling the dataiis not stationary.



Autocorrelation of Double Differenced Lane Position
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Figure5. Thisfigure depictsthe correlogram for the double differenced lane position data. This
correlogram approaches zero within the first few lag values, signaling the datais stationary.

The next step in the analysis was to smooth the data. To do this, we used alocaly
weighted logarithmic smoothing function in STATA, a statistical software package. The
weights were computed based on whether or not the task was being executed.

After smoothing, the data was analyzed using an AR model. We chose a model
of order one. This was because increasing the order did not significantly reduce the
standard error. Since we were determining the effect of the task on driver performance,
we created a binary variable, event, which in this example identifies the subject’s
involvement in the task at timet. The structure of the model is

X, =a, +a,event, +fx_,, (5

where X; denotes a stationary process, either originally or from differencing. The specific
model equations are shown below in Table 1.

Table 1. Thistable summarizesthe model equationsfound using STATA
for steering angle, lane position, and velocity based on the simulation data
from acell phone conversation.

Steering Angle =0.42+0.17event, +0.88x,_, p=10.00
Lane Position :O49+003eva +096%x., p=031
Velocity =-7.02- 0.84event, +0.02x,_, p=0.95

In the above equations, the p values indicate the significance level of the task.
Generadly, ap value of 0.10 or lower indicates the task has a significant effect. If the p
value is above 0.10, the significance of the task cannot be determined. For steering
angle, p = 0.00, which means that performing the task (a cell phone conversation) has an
impact on the subject’ s steering ability. On the other hand, the p value for velocity is
0.95 meaning the subject’ s velocity is not significantly affected by performing the task.



The coefficient of the task, ay, is the average effect of the task on the studied
variable. The a; value for steering angleis 0.17. This means that steering angle will
deviate on average by 0.17 as aresult of the task. This does not measure the direct effect
of thetask. An estimator is used to more explicitly determine the effect of the task [3].
For our general equation, this estimator is

(6)

This measures the change in the variable values as a direct result of performing the task.
A larger magnitude ofw means the effect of the task on the measured variable is more
drastic. Specifically, for steering angle, w = 1.44. Thus, steering angle changes by a
factor of 1.44 while talking on a cell phone. Thisisthe quantifiable effect of a cell phone
conversation.

To study the effects of a cell phone conversation at certain points in time, the
event variable can be modified. Specificaly, to study the differences in lane position at
the onset versus the remaining time engaged in conversation, we concentrated on the data
while on the cell phone. To do this, we removed all data during the times when the
subject is not engaged in the task. The binary variable event was changed to ones at the
beginning of the task and zeros thereafter. Next, the ARIMA model was found. This
model along with another model of the effect on lane position immediately following the
task is shown in Table 2. For the end of task model, we concentrated on the interval of
time immediately following the task (cell phone conversation), comparing it to the data
thereafter.

Table2. Thistable summarizesthe model equationsfound using STATA for lane position
after the cell phone conversation and lane position at the onset of the conversation.

Lane Position (onset of task) | X, =- 6.78- 0.19event, +0.89x,, p= 0.10
Lane Position (end of task) | X, =- 7.29+0.4levent, +0.94x,_, p= 0.06

The p values for the onset and end of task effect on lane position are 0.10 and
0.06 respectively. This means that lane position is significantly impacted at the onset of
the task, as well asimmediately following the task. The quantifiable effect, w, at the
onset of the task on lane position is 1.73. This means the difference between the lane
position values at the onset of the task versus the remaining task values changes by a
factor of 1.73. The effect on lane position at the end of the task is 6.83, meaning that
even after the task has ended the driver’s performance is still significantly impacted as a
result of the task. In Table 1, we found that the overall effect on lane position of a cell
phone conversation is not significant (p = 0.31). However, we can see that the initial and
lingering effects of cell phone conversation are substantial.



Process Model

We conducted our time series analysis on specific data. However, this process can be
generalized to study any data set. This step-by-step processis easily represented by a
flowchart, Appendix D. The following is a detailed description of each stage of the
process:

Step 1. Create agraph of the data versus time.
This allows any obvious characteristics and trends to be identified.

Step 2: Compute the autocorrel ation coefficients.
Using the MATLAB algorithm in Appendix B, the autocorrelation coefficients
can be calculated from data read in from Excdl files. The autocorrelation
coefficients are outputted to a separate Excel file.

Step 3: Construct the correlogram.
Using the output from Step 2, graph the autocorrelation coefficients versus the
lag.
3a. Determine if the graph quickly approaches zero (within the first few
lag values) and then continues to oscillate around zero. If “yes’,
move to Step 4, otherwise continue to 3b.
3b. Difference the data by subtracting two consecutive values to create a
new variable for study. Return to Step 2.

Step 4. Isolate event to study.
Choose the time period of interest and remove all other time values. Create a
binary event variable. Place ones during the event of interest and zeros
elsewhere.

Step 5: Smooth the data.
Smooth the data using a built in locally weighted log smoothing function. The
smoothing is weighted based on the event variable.

Step 6: Generate the ARIMA model.
Using statistical tool package, find the ARIMA model.

6a. ldentify the p value of the event variable. If thisp valueis less than
0.1, continue to 6¢. Otherwise, go to 6b.

6b. It cannot be determined that the event has a significant effect on the
measured variable. Thus, thisis the conclusion of the analysis for this
event.

6¢. The event has a significant effect on the measured variable.

Step 7: Calculate and interpret effect.
Compute the effect estimator, w. A large magnitude of w indicates a greater
effect of the event on the measured variable.



Conclusion

The continuous effect of the use of in-vehicle electronic devices on driver performanceis
guantified using atime series analysis. The process model describes each step of this
process so it can be easily applied to any set of time data. By changing the event
variable, any time period of interest can be studied and its continuous effect quantified.
Specifically, we found that an individua’s steering ability is affected by engaging in a
cell phone conversation, as well as his lane position at the beginning of, and just after a
conversation.

Recommendations

In this final section, we indicate several directions of research for consideration in the
future.

Recommendation 1. Examinelong-term changes.

We recommend performing a time series analysis on the long-term changes in driver
distraction. For example, we have shown cell phone use initialy has a great impact on an
individual’s driving. However, over time an individual becomes more familiar with
driving while engaged in conversation. Thus, the estimated effect of a cell phone
conversation is high with the first use, lower with the tenth use, even lower with the 100"
use, and so on. By performing atime series analysis on driver performance, this
diminishing effect can be quantified and the long-term effect can be measured. Here, the
time variable will be the number of times the subject has driven while engaged in
conversation.

Recommendation 2: Consider controlled versus simulated driving.

We also fed it would be beneficia to analyze data gathered from controlled driving
experiments on actual roads, rather than from a simulator. There are no real
consequences in asimulator for decreased driver performance, thus drivers may tend to
be more careless than in areal world situation. Alternatively, a ssmulated path should be
created that models actual driving situations by incorporating other vehicles, signs,
pedestrians, etc.

Recommendation 3: Compare city ver sus highway driving situations.

Lastly, we recommend comparing the effects of in-vehicle devices on city versus
highway driving. The demands on driversin both of these situations are unique. Dueto
this, the effects of in-vehicle devices in these two situations may be substantially
different.
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Appendix A. Data

Table 3. Thistableisan excerpt of the data given by Johnson Controls, Inc. Each column represents a
measured variable during part of aparticular driving simulation. The digital inputs column indicates the
beginning of atask when the column changes from 9 digitsto 12 digits. The ones and zeros represent the
number of hands the driver has on the wheel during the simulation.

Time { Nov 14, 2003 2:09:37 PM }

Time Velocity LanePos Steer Accel Brake
173.7201 14.852 -0.24 1.3 0.097 0
173.8201 14.865 -0.241 21 0.105 0
173.9202 14.88 -0.24 2 0.114 0
174.0201  14.898 -0.24 1.2 0.122 0
174.1202 14.919 -0.238 0.1 0.137 0
174.2202 14.951 -0.237 -0.8 0.19 0
174.3202 15.005 -0.236 -11 0.193 0
174.4202 15.06 -0.235 -1.3  0.193 0
174.5202 15.113 -0.234 -1.4  0.193 0
174.6202 15.166 -0.233 -1.5  0.193 0
174.7202 15.219 -0.234 -1.5 0.193 0
174.8202 15.271 -0.235 -1.8 0.193 0
174.9202  15.319 -0.237 -2.7 0.126 0
175.0202 15.34 -0.24 -3.3 0.119 0
175.1202 15.358 -0.244 -3 0.131 0
175.2202 15.385 -0.249 -21  0.169 0
175.3202  15.427 -0.255 0 0.183 0
175.4202 15.476 -0.261 2.7 0.185 0
175.5202 15.524 -0.267 45 0.185 0
175.6202 15.571 -0.271 52 0.185 0
175.7202 15.617 -0.274 52 0.185 0
175.8202 15.663 -0.275 51 0.185 0
175.9202 15.709 -0.274 51 0.185 0
176.0202 15.756 -0.27 51 0.185 0
176.1202  15.802 -0.264 49 0.185 0
176.2202 15.848 -0.255 4.7 0.184 0
176.3202 15.885 -0.245 46 0.061 0
176.4202 15.862 -0.232 4.2 0.002 0
176.5202  15.821 -0.217 3.8 0.002 0
176.6202 15.785 -0.2 3.1 0.002 0
176.7202 15.751 -0.182 2.1 0.002 0
176.8202 15.717 -0.163 0.5 0.002 0
176.9202  15.683 -0.143 -1.6  0.002 0
177.0202 15.649 -0.124 -2.7 0.002 0
177.1202 15.613 -0.105 -2.7 0.002 0
177.2202 15.578 -0.087 -2.7 0.002 0

HeadwayDist

59.09
59.168
59.244

59.32
59.394
59.465
59.531
59.592
59.648
59.698
59.743
59.783
59.818

59.85

59.88
59.908
59.932
59.951
59.965
59.974
59.979
59.979
59.975
59.967
59.954
59.936
59.913

59.89
59.871
59.857
59.845
59.836
59.831
59.828
59.829
59.834

Digitallnputs
101001001
101001001
101001001
101001001
101001001
101001001
101001001
101001001
101001001
100001001
100001001
100001001
100001001
100001001
100001001

100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001
100110001001

LeadVelocity
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
15.641
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Appendix B. Autocorrelation Program

Table 4. The Matlab algorithm computes the autocorrelation coefficients for lag values ranging from one
to approximately one forth the number of data points. The autocorrelation coefficients are used to
determine the nature of the data. Dataisimported from an Excel workbook and the autocorrelation
coefficients are exported to another Excel file for easy interpretation.

M = wklread('velocity.wkl")

N=si ze(M ;
k = round(N 4);

xbar =mean(M ;
nuner at or =0,
r=zeros(k,1);

+

for i=1:N
nuner at or =nunerator + (Mi)-
xbar) *2;
end;
for i=1:k
denoni nat or =0;
for j=1:N-i
denom nat or = denom nat or
(M(j)- xbar)*(Mj +i)-xbar);
end;
r(i)=nunerator/denoni nator;
end;

wklwrite('vel ocityoutput.wkl',

r);

% reads in the renanmed Excel file
% for a specified variable & task

% nunmber of points
% | ag sizes

% conputi ng the nean
% initializing autocorrelation
% vect or

% conmput es the nunerator of the
% aut ocorrel ati on function

% conput es the denom nator of the

% aut ocorrel ati on function

% stores value in the vector

%bwites the data to an Excel file

% for graphing
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Appendix C. STATA Output

Table 5. Thistable containsthe ARIMA analysisby STATA for the smoothed steering angle data. The data
was collected before, during, and after engaging in a cell phone conversation. The driver’s performance

during the task was compared to his performance surrounding the task.

Snoot hed St eeri ng
ARI MA regression

Sanple: 1 to 1126

Log likelihood = 1173.209

Nunmber of obs

1126
2720. 33
0. 0000

sl | Coef
sl |
event | . 1743088
_cons | . 4235896
ARNA |
ar |
L1 | 8792677
/sigma | . 085305

. 0376309
. 040488

Wal d chi 2(2)

Prob > chi2
P>| z| [ 95% Conf
0. 000 . 1005536
0. 000 . 3442344
0. 000 . 8459736
0. 000 . 0832064

Interval]

. 248064
. 5029447

. 9125617

Table6. Thistable containsthe ARIMA analysisby STATA for the smoothed double differenced lane
position data. The datawas collected before, during, and after engaging in acell phone conversation. The
driver’s performance during the task was compared to his performance surrounding the task.

Snoot hed Doubl e Differenced Lane Position

ARl MA regression

Sanple: 2 to 1126

Nunber of obs

1125
12653. 50
0. 0000

Log likelihood = 1854.55
| oPG
1 [ Coef Std. Err
11 |
event | . 0318161 . 0313164
_cons | . 4901455 . 0474278
ARVA |
ar |
L1 | 9633929 . 0086015
/sigma | 0464863 . 000576

wal d chi 2(2)

Prob > chi 2
P>| z| [ 95% Conf .
0. 310 -. 0295628
0. 000 . 3971887
0. 000 9465343
0. 000 0453574

I nterval]

. 0931951
. 5831024
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Table 7. Thistable containsthe ARIMA analysisby STATA for the smoothed differenced vel ocity data.
The data was collected before, during, and after engaging in a cell phone conversation. Thedriver's
performance during the task was compared to his performance surrounding the task.

Snmoot hed Di fferenced Velocity
ARl MA regression

Sanple: 2 to 1126 Nurmber of obs = 1125
wal d chi2(2) = 1.19
Log likelihood = -648.9736 Prob > chi 2 = 0. 5515
[ OoPG
smt hdvel | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e m o mm e mm o m— = =
snt hdvel
event | -.8367046 13. 39148 -0.062 0. 950 -27.08352 25. 41011
_cons | -7.024612 13. 39198 -0.525 0.600 -33.2724 19. 22318
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mm o mm o mm—— - =
ARVA |
ar |
L1 | . 0228591 . 0209883 1.089 0. 276 -.0182772 . 0639955
_________ Fe e e e e e e e e e mcemeecesasmeemsemeememeemeemeeeeeeeeceeeeemememememem_e e ————=
/sigma | . 4308166 . 0103139 41.771  0.000 . 4106017 . 4510314

Table8. Thistable containsthe ARIMA analysisby STATA for the smoothed differenced onset of task
lane position data. The datawas compared at the onset of the task with the remaining task values.

Snoot hed Di fferenced Onset of Task Lane Position
ARl MA regression

Sanple: 194 to 771 Nurmber of obs = 578
vl d chi 2(2) = 403. 74
Log likelihood = -119.523 Prob > chi2 = 0. 0000
| oPG
dl psm | Coef Std. Err z P>| z| [ 95% Conf. Interval]
_________ o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e m e m i mm =
dl psm |
event | -.1909176 . 1363147 -1.401 0.101 -. 4580895 . 0762543
cons | -6.779488 .4466178 -15.180 0.000 -7.654843 -5.904133
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e m e m o mm o — ==
ARVA |
ar |
L1 | . 8882915 0481854 18. 435 0. 000 . 7938498 . 9827332
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mm e mm o ———— - -
/sigma | . 2971564 0078571 37.820 0.000 . 2817568 . 3125561
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Table 9. Thistable containsthe ARIMA analysisby STATA for the smoothed differenced end of task
lane position data. The data was compared immediately following and with data unaffected by engaging in
acell phone conversation.

Snoot hed Differenced End of Task Lane Position
ARl MA regression

Sanple: 616 to 1126 Nurber of obs = 511
Wal d chi2(2) = 180. 59
Log likelihood = -91.59064 Prob > chi 2 = 0. 0000
[ OoPG
dl psm [ Coef . Std. Err. z P>| z| [95% Conf. Interval]
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e m e m e m -
dl psm |
event | . 4081946 . 2124634 1.921 0.055 -. 008226 . 8246152
cons | -7.291009 . 565949 -12.883  0.000 -8.400249 -6.181769
_________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e m e m e m o mm - -
ARVA |
ar |
L1 | . 9413095 .0725014 12.983 0.000 . 7992094 1.08341
_________ Fe e e e e e e e e e mcemeecesasmeemsemeememeemeemeeeeeeeeceeeeemememememem_e e ————=
/sigma | . 2888563 . 0110304 26.187 0.000 . 2672371 . 3104756
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Appendix D. Process Model

1. Plot
Data vs. Time

I

2. Compute
autocorrelation
coefficients, r,

.

3. Construct
correlogram

3a.
r.®o

yes

4. Determine
event to study

l

5. Smooth
data

|

6. Generate
ARIMA model

<7
3b.
no Difference
data

6a.
p<01

yes

6¢c. Eventis
significant

'

7. Calculate and
Interpret estimated
effect

no

6b. Event does
not have a
significant effect

Figure 6. The flowchart models the step-by-step process of atime series analysis of driver distraction.
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