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Abstract

A critical part of any risk assessment is identifying how to represent exposure to the risk involved. Recent research shows that the
relationship between crash count and traffic volume is non-linear; consequently, a simple crash rate computed as the ratio of crash count
to volume is not proper for comparing the safety of sites with different traffic volumes. To solve this problem, we describe a new approach
for relating traffic volume and crash incidence. Specifically, we disaggregate crashes into four types: (1) single-vehicle, (2) multi-vehicle
same direction, (3) multi-vehicle opposite direction, and (4) multi-vehicle intersecting, and define candidate exposure measures for each
that we hypothesize will be linear with respect to each crash type.

This paper describes initial investigation using crash and physical characteristics data for highway segments in Michigan from the
Highway Safety Information System (HSIS). We use zero-inflated-Poisson (ZIP) modeling to estimate models for predicting counts for
each of the above crash types as a function of the daily volume, segment length, speed limit and roadway width. We found that the
relationship between crashes and the daily volume (AADT) is non-linear and varies by crash type, and is significantly different from the
relationship between crashes and segment length for all crash types. Our research will provide information to improve accuracy of crash
predictions and, thus, facilitate more meaningful comparison of the safety record of seemingly similar highway locations.
© 2003 Elsevier Science Ltd. All rights reserved.
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1. Introduction flight hours or the number of take-offs or landings as the
denominator to instead measure an incident rBte€au of
Estimating the safety performance of an existing or Transportation Statistics, 2000Carrying this analogy to
planned roadway is an important task in highway safety highway safety studies, the exposure measure is applied to
management. To do this, highway crash prediction models make a safety risk comparison of the two sites reliable or
have been developed to explain uncertainty in the occur- meaningful. Otherwise, without the exposure measure, the
rence of crashes, otherwise defined as risk. The purposevarying spatial-temporal contexts would make the compari-
of the exposure is to estimate the potential probability for son of site safety difficult. In other words, it may mask im-
a crash occurring. In practical applications, exposure can portant risk factors, and mislead people’s understanding of
vary according to the mode or context being analyzed. For the safety relative risk associated with different situations.
example, the US Coast Guard (USCG) maritime safety The reliability and efficiency of the exposure measured
program divides the number of incidents by the number by vehicle-miles traveled (VMT), the number of entering
of workers, thus measuring occupational safety to enable vehicles (NEV) and so on, are doubtful without clear under-
comparison with other employment-related contexts. On standing of the relationship between safety and exposure.
the other hand, commercial aviation safety programs useSince many of the safety evaluations and comparisons are
made based on risk, these risk-oriented crash rates are useful
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2. Background to the idea described in the previous section for intersection
crashes. He estimated separate crash prediction models for
A common way to define the safety of a system (usu- fifteen different possible crash patterns at signalized inter-
ally measured by expected number of crashes) is the prod-sections using the traffic flow relevant to the crash pattern
uct of the probability of having a crash (also called crash to investigate how crashes depend on the contributory traf-
risk) given a unit of exposure and the observed level of ex- fic flows. These crash patterns are defined by the maneuvers
posure. Since the number of crashes is the only self-evidentof the two vehicles before the collision. Similarlgrown
quantity in the equation, the resulting crash risk per unit ex- (1981)performed a study, simplifying the number of crash
posure is determined by the selection of exposure measurepatterns into nine types for predicting crash potential at a
and vice versa. In other words, these quantities are com-four-leg intersection with two-way flow on each leg and a
pletely dependent upon one another. Hence, it is vital for traffic signal.
the exposure measures to be specified or quantifleder These studies indicate there is indeed a relationship be-
(1982)adopts the definition of “a unit of exposure” and ex- tween the number of crashes and the traffic volume though
plains it as a trial. The result of such a trial is the occurrence its exact form is still unknown, and probably depends on
or non-occurrence of an accident (by type, severity and sothe crash type. Consequently, in our study, we still re-
on.). However, this exposure measure is oriented to the en-gard exposure as the number of potential opportunities for
tity (driver or vehicle) involved, e.g. one truck trip or one crashes to occur and consider exposure using the following
pedestrian crossing. If it is applied in a site-specified situa- crash types on rural two-lane highways: (1) single-vehicle
tion, such as a road segment or intersection, the definitioncrashes (SV), (2) multi-vehicle same direction crashes (SD),
is still obscure and the corresponding exposure is difficult (3) multi-vehicle opposite direction crashes (OD), and (4)
to measure. However, on the other hand, other researchersnulti-vehicle intersecting direction crashes (ID). We esti-
have different definitions about the exposure conveying sim- mate crash prediction models using a variety of different
ilar meaningsStewart (1998}hinks of exposure to risk as  crash types, and evaluate them to identify the best set of
a statistical measure providing information on the extent of exposure measures for crash prediction.
a road user’s exposure to the overall level of travel risk
given the road conditions at any point in time and he rec-
ommends “kilometers of travel” as a “meaningful, practical 3. Methodology approach
and applicable” measure of exposu@arroll (1971)defines
driving exposure as the “frequency of traffic events which 3.1, Objective
create a risk of accidentChapman (1973¥escribes the

exposure as the number of opportunities for accidents of a  According to previous studies, the safety performance
certain type in a given time in a given area. These opportu- fynction (the relationship between number of crashes and
nities are occasions when cars cross each others path, Whe@xposure) is non-linear when AADT is applied as expo-
they are following each other, or even when a vehicle is trav- gyre; that is, crashes increase with the traffic volume in a
eling by itself on a winding road. This definition considers pgn-linear fashion. Consequently, the crash rate (ratio of
that the exposure should include characteristics of drivers ¢rashes to AADT) is not constant with respect to traffic vol-
and vehicles, characteristics of the roadway, and the envi- me even at the same location, so this rate should not be
ronmental condition. These studies indicate that both expo-regarded as a measure of the site saféity. 1 depicts this
sure and risk may depend on some of the same factors, suchyith a hypothetical safety performance function of a site at
as traffic volume, time of day, weather and so on. In other gifferent volumes with no other treatments. For any point
words, all of these factors interact with one another. Natu- o, the safety performance function curve, a relationship be-
rally, some researchers test the same covariates as both eXween the number of crashes and the exposure during a spec-

posure and risk factorsdiaou (1994)uses AADT per lane  ified period of time, the crash ratélfAADT) is defined as
as both exposure and a traffic condition predictor variable {he sjope of the line joining the origin to that point.

in the risk function and finds that both are significant. How-
ever, how to use the information consistently and correctly
in the safety prediction model is still under investigation.

So far, many of the crash prediction models are macro-
scopic form, considering all crashes together rather than sep-
arately by some stratification variable or variables such as
crash type. In these models, the relationship between the to- g
tal number of crashes and exposure may be ambiguous be-%
cause, in fact, the opportunity for the occurrence of different
crash types is different under the same exposure situation.
Hauer et al. (1996pund it best to relate crashes to the actual
volumes to which the two colliding vehicles belong, similar Fig. 1. Relationship between crashes and exposure.

Safety Performance Function
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Exposure per unit of time (AADT)
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Therefore, if the safety performance function is not a
straight line, the crash rate varies with the amount of the
exposure. For example, the number of crashes at point B
is greater than at point A, but the crash rate at point B,
conversely, is smaller than at point A, because the slope
of the line joining it to the origin is less steep. From the
point of view of highway safety engineers, this crash rate
change due only to a change in exposure should not be
regarded as an improvement in the site safety because there
is no change in the physical characteristics of the site. It Exposure function per unit of time 77
seems that a crash rate that ignores the shape of the safety
performance function is not appropriate to compare the Fig. 3. Relationship between crashes, exposure and safety index.
safety of the physical characteristics of one site to those
of another.

Instead it is helpful to define a new exposure function to
transform hourly traffic volume into an exposure measure and
f(V), forming a linear safety performance function. This ex- p = exp(X;By) (3)
posure function could vary by time of day, land use and re-
gional driver population effect. After implementing the new WhereV; is the traffic volume by direction on siteat time
coordinate, the safety performance function becomes linearof dayt, L; the length of road segment associated with site
and each point on the line has the same slope, representind, X; the set of the road characteristics for sitand By, is
a normalized crash rate that is constant for all levels of ex- the parameters to be estimated for road charactedsfior
posure at the same locatioRig. 2). Therefore, this newly ~ crash typek and timet.
defined crash propensity is more meaningful to make com- After all the necessary parameters are identifféid, 3

parisons among different entities with different exposures shows that the expected safety performance function of crash
and safety performance functions. typek for sitei is a straight line with the slope equal to the
safety indexp;, at timet.

Safety Performance Function Curve

Safety Index ( P )

Crash Per Unit of Time (LLik)

3.2. Crash prediction model
3.3. Exposure function by crash type
In keeping with the non-linear relationship for the safety o
performance function, we suggest an exponential form for  In order to simplify the formula, we usgy, to represent
estimating disaggregate safety indexes for each crash typen(Vi:) and hypothesize potential functions for each type

pik: as follows: of crash. In fact, we also will permit the function parameters
to vary by time, however this dimension is left out here for
ikt = NiktPikt 1) brevity. The following variables are used in these equations.

Here,n; is the exposure function for potential crash con-
flict typek, k € K (SV, SD, OD, ID),v; the hourly volume
in one direction of the two-lane rural highway, the hourly
h volume in the other direction of the two-lane rural highway,
ay the exponent on traffic exposure to be estimated for crash
typek, k € K (SV, SD, OD, ID).

wherepu i is the expected number of crashes for crash type
kin sitei at timet, n;, the computed exposure function of
hourly volumes at siteéfor potential crash conflict typk at
time of dayt, andp;, is the normalized crash rate of cras
typek for locationi at timet, also defined as the safety index.
Further, we define functions fog, and p;; as follows:

nic = ne(Vie, L) ) (1) Single-vehicle crashes

nsv = (v + vp)*Vsv LY sv 4)
z or
.é Safety Performance Function sy = (vtzvsv n UZVSV)LQLSV 5)
=
§ B . The first one assumes that each entity (vehicle or driver)
8 Normalized Crash Rate on the road segment has a potential opportunity to be
4 A in a crash and the crashes on the two directions of the
= road are not independent from each other. The second
§ will require evaluating crashes in each direction sepa-

rately, an additional disaggregation step. Since it is not
clear whether or not opposing volumes should be added
Fig. 2. Relationship between crashes and new exposure function. together, both approaches will be investigated.

Exposure per unit of time (f(V))
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(2) Multi-vehicle same direction crashes As for the probability of sité to be an inherently safe site
nSD = (V1 + v2)*Vs0 L¥LsD ) P;, we use a logit function as follows:
or logit(P;) = log (1—L1Pz) =Xy (12)
nsp = (UZVSD + ngSD)L"‘LSD (7

where X; is a vector of covariance which may influence
The assumption is the same as for single-vehicle crashesthe value ofP;, and y is a vector of coefficients of the

(3) Multi-vehicle opposite direction crashes covariatesX;.

The maximum likelihood function with which we can

= (v1vp)*Yop L¥op 8 : - X

oD = (v1v2) ® estimate all the unknown coefficients is as follows:

The assumption is that each vehicle on its own path has " N
the opportunity to collide with a vehicle in the opposite LB, ¥INy) = H[Pi (1 Pye ] |:(1 B Pi)eMLi :|

direction, so the number of meetings is proportional to ie0 Nij!
the product of the flows. (13)
(4) Multi-vehicle intersecting crashes
Mo = [(v1 + v2)ve]*Vio Lo ©) BecauseP; represents the perfect state (no crash state), we

assume that the same factors have effect on expected number
The assumption is similar to multi-vehicle opposite di- of crashesu; and P; and use the same covariates in their
rection crashes, except that the conflict flows are main- estimation formulas. Recall that eaBh N;, V; and u; will

line traffic and minor road or driveway traffic, whevg be indexed on, k andt. These indices are omitted here for

is the cumulative traffic volume of the minor intersec- brevity. Values for the parametegsand the function fom

tions or driveways in the road segment because there arecan be obtained using maximum likelihood estimation.

no major intersections in our dataset.

3.4. Hatistical model 4. Preliminary study design

While previous studies have provided insight into the  Gathering data to support estimation of parameters for
factors determining crash frequencies, it is important to re- the above defined models of crash experience and exposure
alize that traditional application of the Poisson or negative proved to be more challenging than expected. Obviously,
Binomial distribution alone does not address the possibility We require hourly traffic volume on both the main segment
that more than one underlying process may be influencing and intersecting roads and associated crash and road seg-
crash frequenciesMiaou, 1994; Vogt and Bared, 1998; ment characteristics. Since these data were not readily avail-
Lambert, 1992 For instance, if the study segments are able and required some time to assemble, we have in the
collected randomly, a preponderance of zero-crash observaimeantime acquired data from the HSIS, a multi-state safety
tions will appear in the data because crashes are rare eventglata base containing crash, roadway inventory, and AADT
This over-representation of zero-crash observations in therecords for a selected group of states maintained by Federal
data may erroneously suggest overdispersion in the dataHighway Administration (FHWA) for a preliminary study
even though the Poisson distribution is actually otherwise to demonstrate our proposed methodology and procedures.
correct. To account for the large probability “spike” at zero, ~ For this preliminary study, we use the Michigan HSIS
P; is used to represent the additional probability of segment data, which have complete accident and roadway inventory
i to have no crashes while-1 P; represents the probability =~ databases where year-to-year changes on highway geomet-
that segment follows the Poisson distribution. Assuming ric features and traffic condition are recorded from 1994 to
a Poisson distribution, the probability that a segment will 1997. There are a total of 29,800 road segments in each
have no crashes (apart from the additional spike)# e  Yyear's dataset. The segments are selected randomly from
The total probability of observing zero crashes consists of two-lane rural highways in the state without major intersec-
mixing these two probabilities together. The entire distribu- tions. The segment length varies from 0.016 to 12.51km,
tion is called the zero-inflated-Poisson distribution with the with an average of 0.992 km. The originally defined crash
following probability density functionMiaou, 1994; Vogt  types have been re-categorized into the four groups defined
and Bared, 1998; Lambert, 1992; Shankar et al., 1997 previously. Descriptive statistics of these road segments are

o listed in Table 1 As covariates we include highway char-
Pird=pye  (Ni=0) acteristics available in the dataset shown b?/ prezious re-
P(N;) = e iyl , (10) searchers to be significant for predicting crashes on two-lane
_ N—ll (OtherW|SQ hlghW&yS

This change in study design also necessitated a modifica-
tion in the exposure functions. Instead of the hourly volumes
wi = n(V;, L)eXiP (1) needed for these data we have only the two-way AADT

Now, as defined previously
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Table 1
variable definition and summary statistics of Michigan state data (1996)
Variable Definition Minimum Maximum Mean
Number of crashes SV: single-vehicle crashes 0 61 0.68
SD: multi-vehicle same direction crashes 0 23 0.15
OD: multi-vehicle opposite direction crashes 7 0 0.04
ID: multi-vehicle intersecting direction crashes 0 23 0.08
Segment length L (km) 0.016 12.51 0.992
AADT (in 1000’s of vehicles) \ 0.24 40 5.45
Speed limit SL (km/h) 40 88 84
Lane width LW (m) 3.05 3.66 3.477
Right shoulder width RTSHD (m) 0 3.66 2.65
Left shoulder width LTSHD (m) 0 3.66 2.65
Pavement width PW= RTSHD + LTSHD + 2 x LW (m) 6.1 13.42 12.19

observed on the segment. Consequently, we use the saméme headways at high volumes increase the likelihood of
exposure function for all crash types, without considering this type of crash. Multi-vehicle opposite direction crashes
variation by time of day, and thiesubscript is dropped, as have a nearly linear relationship with AADT. Note however,
the analysis is preformed without regard for that dimension. that when using AADT, we ignore the directional distribu-
This modified exposure function is tion of the traffic, which in fact is likely to be an important
part of the exposure function for this crash type. Interest-
ingly, the multi-vehicle intersecting direction crash exhibits
similar behavior to the single-vehicle crashes, that is, the
marginal crash rate for single-vehicle is high at low traf-
fic volume and vice versa. In fact, these crashes are mostly
associated with driveways, since there are only minor inter-
The objective of the preliminary study is to use ZIP model- secting roads and driveways on the segments in our sam-
ing for identifying the contribution of the exposure function pje segments and there is no other way to experience this
for the four crash types defined earlier. We choose shouldertype of crash. Perhaps drivers entering from driveways be-
width and lane width, speed limit as covariates in the mod- come more cautious when the time headway between ve-
els, AADT and segment length as two components in the pjcles in the traffic stream becomes shorter, as happens at
exposure functions entered logarithmically so as to estimatehigher volumes. In any case, it seems clear that this expo-

Oth

ik =V, kL (14)

5. Analysis and results

exponents for each by crash type as indicate&dn (14) nent on AADT differs substantially from one crash type to

The estimated coefficient for each covariate and associatedhe next, confirming our study design.

t-value are presented ifable 2and these coefficients will The exponent on road segment length, the other impor-

be discussed later. tant factor in the exposure function, also varies by crash
type. As can be seen ifable 2 all the exponents on seg-

5.1. Comparing exponents of AADT and segment ment length are positive and less than 1.0. The value is high-

length by crash type est for single-vehicle crashes (close to 1.0) and lowest for

multi-vehicle intersecting crashes. The relationship between

Four years data of Michigan are analyzed separately in single-vehicle crashes and length is nearly linear, possibly
order to avoid issues with variation over the years. The re- because the driver or the vehicle has the same opportunity
gression results show that the exponents for AADT and to run off the road or collide with the roadside objects for
road segment length vary little by year but greatly from one each mile of the segment. On the other hand, multi-vehicle
crash type to another. The exponent on AADT is lowest crashes depend on meeting another vehicle, which may not
(about 0.4) for single-vehicle crash prediction. In this type be linearly proportional to segment length. Moreover, with
of curve, the single-vehicle marginal crash rate is high at multi-vehicle intersecting crashes, the opportunity for such
low traffic volumes and low at high traffic volumes, sug- a crash does not depend so much on the segment length as
gesting that as volume increases, this crash type become®n the number of the driveways or minor intersecting streets.
less likely. This may be because the more common presenceT his quantity was not available in the dataset but they may
of other vehicles on the road results in more multi-vehicle be important for further study with hourly counts.
crashes. The multi-vehicle same direction marginal crash Figs. 4(a) and 5(aplot the simple relationship between
rate, on the contrary, is low at low traffic volumes and high crash and VMT from the 1996 dataset with the same site
at high traffic volumes, quite the opposite of the observa- characteristics: speed limit 88 km/h, shoulder width 3.05m
tion for single-vehicle crashes. This may be because shorterand lane width of 3.66 m. These plots show the safety
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Table 2

Estimated ZIP model regression parameters

Crash type Covariate 1994 1995 1996 1997

Coefficient t-Value Coefficient t-Value  Coefficient t-Value Coefficient t-Value

Single-vehicle Intercept —0.086 —0.296 -0.672 —2.405 0.435 2.402 0.375 2.011
In(AADT) 0.302 17.096  0.254 14540  0.305 23.299 0.363 25.781
In(segment length) 0.746 62.064 0.725 63.547 0.792 101.952 0.776 96.227
Shoulder width 0.025 3.111 0.026 3.295-0.004 —0.864 —0.003 —0.542
Lane width 0.077 3.789 0.136 6.925 0.035 3.215 0.025 2.111
Speed limit —0.002 —0568  0.000 —0.132  0.005 1796 0.005 1.872

Multi-vehicle same direction Intercept 1.298 22.785  2.133 3.226.141 —0.440 -0.589 —1.752
In(AADT) 1.159 14.417 1.270 22.796 1.063 25.668 1.193 26.293
In(segment length) 0.442 5.713 0.429 13.815 0.407 22.289 0.416 21.628
Shoulder width —0.058 —2.739 —-0.054 —4.702 -0.027 —3.642 —0.036 —4.497
Lane width —0.160 —3.807 -0.261 —4.729 —-0.022 —0.870 —0.007 —0.282
Speed limit —0.015 —1.642 -0.013 —2.805 -0.018 —5.900 —0.018 —5.250

Multi-vehicle opposite direction Intercept 8.989 4543  8.882 6.18®.115 —-0.119 —2.307 —2.064
In(AADT) 0.551 4.283 1.126 12.050 0.987 8.184  0.949 6.828
In(segment length)  0.565 5.090 0.748 11.759  0.354 7.196  0.520 9.692
Shoulder width —0.148 —5.306 —-0.123 —5.393 -0.050 —2.235 —0.066 —2.471
Lane width —0.832 —4.964 —0.908 —7.469 —0.056 —-0.722 0115 1.258
Speed limit —0.002 —0.165 -0.012 —1.300 -0.026 —2.966 —0.017 —1.593

Multi-vehicle intersecting direction Intercept 1.081 1113 0.883 0.857  0.666 1.381 -0.293 —0.667
In(AADT) 0.807 11.808 0.720 10.470 0.757 12.613 0.650 11.337
In(segment length)  0.106 2572 0.245 5.658 0.171 6.515 0.191 7.828
Shoulder width —0.049 —3.615 —-0.064 —4.674 —0.016 —1.587 —0.044 —4.549
Lane width —0.208 —2.555 -0.148 —-1715 -0.103 —2.717 —-0.015 —0.448
Speed limit 0.001 0.149  0.003 0.533 -0.015 —3.344 —0.005 —1.113

Coefficients in bold are insignificant at 95%.

performance function, computed using the predicted crashbeing the safety index or normalized crash rate that is con-
rates for each case. As discussed earlier, for the plot with stant for all levels of exposure for the same site characteris-
AADT, the safety performance function is a curve, and tics. Single-vehicle crashes and multi-vehicle same direction
the apparent crash rate is not constant. For comparisoncrashes are displayed in the figures and the other two crash
Figs. 4(b) and 5(bplot the adjusted relationship using the types: multi-vehicle opposite and multi-vehicle intersecting
exposure function instead of VMT. Due to our model def- crashes show the similar patterns and are omitted in the in-
inition, for the plot with the exposure function, the safety terest of brevity. The plots show that the adjusted exposure
performance function becomes a straight line with the slope function provides a good linear pattern for these data.

Table 3

Hypothesis test between AADT and exposure function

Crash type Covariate 1994 1995 1996 1997

a S t* o S t* o S t* o S t*
Single-vehicle AADT 0.302 0.018-39.522 0.254 0.017 —42.663 0.305 0.013-53.179 0.363 0.014 —45.169
Segment length 0.746  0.012-21.078 0.725 0.011-24.066 0.792 0.008 —26.822 0.776 0.008 —27.846

Multi-vehicle AADT 1.159  0.080 1.981 1.270 0.056 4.848.063 0.041 1.521 1.193 0.045 4.255
same direction Segment length  0.442—0.077 7.213 0.429 0.031-18.395 0.407 0.018 -32.419 0.416 0.019 —30.332
Multi-vehicle AADT 0.551 0.129 -3.485 1126 0.093 1.350 0987 0.121 —0.106 0.949 0.139 —0.370
opposite direction Segment length  0.565  0.111 —3.924 0.748 0.064 —3.963 0.354 0.049 —13.114 0.520 0.054 —8.963
Multi-vehicle intersecting AADT 0.807 0.068 —2.826 0.720 0.069 —4.080 0.757 0.060 —4.058 0.650 0.057 —6.113
direction Segment length 0.106  0.041-21.654 0.245 0.043-17.453 0.171 0.026 —31.627 0.191 0.024 —33.103

Values in bold represent hypothesis test 1 or 2 cannot be rejected at 5% level of significaexggonents of the AADT or segment leng®,: standard
deviation of the exponents of AADT or segment length= (o — 1)/S,.
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Fig. 4. (a) The observed and predicted crash counts vs. VMT and (b) estimated exposure function for crash type 1.

Table 4
Hypothesis test between VMI(x V) and exposure function
Crash type Covariate 1994 1995 1996 1997
a S Sy.L a S Sy.L a S Sv.L a S Sv.L
Single-vehicle AADT 0.302 0.018 0.134 0.254 0.017 0.103 0.305 0.013 0.066 0.363 0.014 0.048
Segment length 0.746  0.012 0.725 0.011 0.792 0.008 0.776 0.008
t* —22.225 —23.721 —32.998 —25.929
Multi-vehicle same direction AADT 1.159 0.080 0.077 1.270 0.056 0.071 1.063 0.041 0.060 1.193 0.045 0.063
Segment length 0.442-0.077 0.429 0.031 0.407 0.018 0.416 0.019
t* 6.194 13.606 14.814 16.130
Multi-vehicle opposite direction AADT 0.551 0.129 0.095 1.126 0.093 0.079 0.987 0.121 0.060 0.949 0.139 0.063
Segment length0.565 0.111 0.748 0.064 0.354 0.049 0.520 0.054
t* —0.883 3.476 4.963 2.944
Multi-vehicle intersecting direction AADT 0.807 0.068 0.057 0.720 0.069 0.054 0.757 0.060 0.046 0.650 0.057 0.052
Segment length 0.106 0.041 0.245 0.043 0.171 0.026 0.191 0.024
t* 9.008 5.994 9.013 7.501

Values in bold represent hypothesis 3 cannot be rejected at 5% level of serveeggonents of the AADT or segment lengf,;: standard deviation of the
exponents of AADT or segment lengtB; ;: the correlation of coefficient of AADT and segment length= (o —ozv)/\/SEL + S§L — 280, Say SvL-
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Fig. 5. (a) Observed and predicted crash counts vs. VMT (b) and estimated exposure function for crash type 2.

5.2. Testing hypotheses about exposure number of crashes and AADT is non-linear for all but that
crash type.

We are interested in comparing the new exposure function
with the previous exposure measures such as AADT andHypothesis test 2 (Ho: o = 1; Hi: @ # 1). This hy-
VMT. The exposure function can be writtenas= V*v L*L, pothesis is similar to the previous one, but allows us to test
whereV is the AADT andL is the segment length. We define  whether or not the relationship between segment length and
three hypotheses to test whether or not the new exposurecrash countrather than AADT is linear. The results of testing
function, or parts of it, fit the observed data better than the this hypothesis are also given Tiable 3 this hypothesis is
traditional exposure measures. Following are the hypothesegejected for all crash types and all years, meaning the num-
with discussion about their meaning and test results. ber of crashes increases non-linearly with the road segment

The results of the three hypothesis tests are as follows. length.

Hypothesistest 1 (Ho: ay = 1; Hi: ay # 1). This hypoth-  Hypothesistest 3 (Ho: ay = az; H1: ay # a). This hy-

esis allows us to test whether or not the relationship betweenpothesis allows us to test whether or not the non-linear rela-
AADT and the crash count is lineax{ = 1). Table 3gives tionships between AADT and crash count and those between
the results of testing this hypothesis. The results show thatsegment length and crash count are the sdiale 4gives

the null hypothesis is rejected in most cases for all crash the results of this test and shows power inequality of AADT
types except for multi-vehicle opposite direction crashes. and segment length, meaning the assumption that they have
Therefore, we can safely say the relationship between thethe same exponents in the exposure function is doubtful.
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6. Conclusion and future research Therefore, highway maintenance expenditure can be more
efficiently assigned to more critical situations. Finally, this

Highway safety is an issue of increasingly greater impor- will facilitate more meaningful comparison of the safety

tance. Recent studies show that aggregate crash predictiomiecord of seemingly similar highway locations and help to

models and exposure measures ignore significant variationidentify truly hazardous locations.

in highway crashes contributing to prevailing hourly vol-

umes and daily human biological cycles. The disaggregate

approach used in this research reveals how the relationshipAcknowledgements
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