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Geographic Information System-Based
Integrated Model for Analysis and
Prediction of Road Accidents

F. Frank Saccomanno, Liping Fu, and Rajeev K. Roy

The applicability and reliability of accident analysis and prediction
modelsdepend on their ability tointegraterelevant input from disparate
databases in a seamless and automated manner. These inputsinclude
information on road geometry, traffic composition, accident profiles, and
spatial referencing. With powerful functionality in spatial referencing,
data management, and visualization, geographic information systems
(Gl Ss) provideanatural platform for thistype of model. An integrated
and user-friendly Gl Splatform for road accident analysisand prediction
isdescribed. Todemonstratethisplatform, it hasbeen applied to safety
problems specified at different levels of spatial aggregation, from indi-
vidual route sectionstotheoverall network. Themodel wasdeveloped by
using databases obtained from the Ontario Ministry of Transportation.

Models of road accident prediction require input from alarge num-
ber of disparate databases, including information on road geometry,
traffic volume, accidents, and weather conditions. These databases
arecollected by different agenciesfor essentially different purposes.
Asaresult, they tend to lack acommon referencing system needed
for their integration into accident prediction models. The applica-
bility and reliability of these models depend to a large extent on
the ability to integrate these relevant databases in a seamless and
automated manner.

With powerful functionality in spatial referencing, data manage-
ment, and visualization, geographic information systems (Gl Ss) pro-
vide a natural platform for the analysis of road accidents (1). Asa
result, many road safety organi zations haveintroduced Gl Sinto their
overal road safety management program (2, 3). However, existing
Gl Sroad safety models are limited to accessing information directly
from the raw databases or to drawing inference from overly simpli-
fied models regarding the potential for accidents at a given location
or route.

Thispaper describesa Gl S-based integrated model of road accident
analysisand prediction. Thismodel predictsaccidentsat different lev-
elsof spatial aggregation as specified by theanalyst for different prob-
lems, and it provides a user-friendly interactive interface with which
to develop and eva uate alternative safety countermeasures.

MODEL FRAMEWORK

Asillustrated in Figure 1, the main features of the described GIS
model are asfollows:
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* Anintegrated relational database management system (RDBMS),

* Theahility to query to an integrated RDBM S database directly
and provide relevant statistics,

* Anaccident prediction and analysis module applied to different
route locations, and

* A GISplatform for visual display of spatial analysis.

Thismodel makes use of GISArcView and the Visual Basic pro-
gram language as the architecture of the GIS road accident model.
ArcView was developed by ERIS, Inc.

The GISplatform enablesthe user to appreciatevisualy theresults
of any analysis on the integrated data, whether to predict accidents,
analyzetheir attributes or pattern, or underscorethe rel ationshipsthat
giverise to these accidents at a given location at a specific point in
time. With the functionality of visualizing the results, the GI'S acci-
dent prediction module shown in Figure 1 serves as a useful tool
for making informed decisions on how to reduce accidents at specific
locations, aong specific routes, or over the entire road network.

In this study, GIS has been linked to a user-friendly application
developed in Visual Basic. The application makes use of a sample
of road sections from the Ontario highway network to illustrate the
usefulness of the model as a decision-support tool for road accident
reduction. Variousbranches of the Ontario Ministry of Transportation
(MTO) collect and manage these databases.

ACCIDENT PREDICTION MODULE

The accident prediction modulein the GIS model illustrated in Fig-
ure 1 establishes the long-term potential for accidents at a specific
location for agiven period. The pattern of these accidents can then
beinvestigated to provideinsight into how they are caused and what
can be done to reduce incidence. Many of the existing GIS road
safety models are limited to accessing information directly from
the raw databases and to drawing inference from these datato pre-
dict the probability of an accident taking place at a given location
or route (4).

Unfortunately, because of the rare and random nature of acci-
dents, inferring a potential for accidents at a given location solely
from the historical accident data will not always yield consistent
long-term results. Most locations do not experience many accidents
in any given year. Observations tend to be too infrequent and too
variable to yield meaningful and reliable long-term analysis. The
GIS model presented here uses two statistical accident prediction
methods to establish the long-term potential for accidents at agiven
location. These are the Poisson regression model and the empirical
Bayesian (EB) model.
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FIGURE 1 GIS-based road accident model.

Both the Poisson and EB models relate accident potentials at
specific road |ocations to various contributing factors.

For the Gl Sroad accident modul e considered here, aroute section—
specific Poisson regression model devel oped by Nassar (5) and Nas-
sar et d. (6) and based on the same Ontario datawas used. Thismodel
isof theform

E(m), = ADTL2LEN®** exp(0.1955 LN - 0.1775 SHW
+ 0.2716 MT2 + 05669 TS - 0.1208 PTC
- 0.0918 Y91) @

where

E(m); = expected accident frequencies on road section i,
ADTL = annual average daily traffic (AADT) per lane in thou-
sands of vehicles on road sectioni,
LEN = length of road section i (km),
LN = number of lanes on road sectioni,
SHW = shoulder width of road section i (m),
MT2 = median type two of road section i (0 = painted, 1 =
barrier),
TS = traffic signal on road sectioni (0=no, 1 =yes),
PTC = pattern type commuter on road section i (O combined,
1 = commuter), and
Y91 = year 1991 (0=92, 1 =91).

Statistical prediction models, such asthe Poisson regression mod-
els, frequently are plagued by poor specification. Information on
factors affecting variationsin accident potential at agiven location
is often incomplete and isinsufficient to adequately explain differ-
ences in the potential for accidents from year to year. When such

models are applied to a given accident database, they often lead to
overdispersion error.

The accident model proposed by Nassar and Nassar et a. isuseful
and applicable when the independent variables with respect to which
the proposed analysis is desired are included in the model (5, 6).
Therefore, to analyze accident involvement based on a random vari-
able not included in the model, a different method must be adopted.
The empirical Bayesian method, explained later, was used for this
purpose.

Hauer and Persaud suggested that if the expected number of acci-
dents on each road section can be described by agamma probability
distribution, the count of accidents should obey a negative bino-
mial distribution (7—10). Dean and Lawless suggested that negative
binomial distribution models are most suitable for dealing with
count datathat display extra-Poisson variation (11). In thiscase, the
variation is proportional, rather than equal, to the mean. The GLIM
user’ sguide (12) suggestsan expression for thevariance of theform

Var(X), = E(m), + [E(m),])?/k 2

where

Var(X); = variance in accident frequencies for road section i,
E(m); = expected accident frequencies on road section i (model
estimates), and
k = dispersion parameter.

For sectionsthat behave in a Poisson manner, assumethat Var (X);
=E(m); in Equation 2. The value of the dispersion parameter in this
equation is unknown and needs to be established as a preliminary
step in accounting for extra-Poisson variation in the accident data.

Infitting the extra-Poisson model, weights are assigned to points
(Poisson fitted values) in proportion to the ratio of the Poisson model
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variance [E(m);] over the extra-Poisson variance in Equation 2
such that

E(m), - 1

WS B+ [EmTK - 1+ Em) K

©)

The weights in Equation 3 are given to each point during fitting
so that the variances of the individual points are divided by these
weights (12). Themodel can fit asaPoisson model by using aquasi-
maximum-likelihood method to estimate the Poisson parameters.

For an individual road section i in group j, the Bayesian adjusted
or estimated number of accident involvement per year €; isexpressed
as a combination of E(m);, the estimated/predicted number of acci-
dent involvement based on group j to which road sectioni belongsand
X; the observed number of accident involvement for road section i,
such that

& = WE(m), + (1 - W)X 4

The term E(m); in Equation 4 represents the estimated/predicted
number of accident involvement for road section i averaged over al
road sectionsin group j. As already stated, E(m); is assumed to be
gamma distributed and X; to have negative binomial distribution.
The parameter W, reflects the extent to which the group estimated
number of accident involvement and the observed number of acci-
dent involvement for a given road section are combined to yield the
adjusted expectation of number of accident involvement for this
road section i. W, is obtained as explained in Equation 3.

Nassar et a. investigated the presence of Poisson overdispersionin
the Ontario accident data and suggested incorporating an EB adjust-
ment factor (6). In this paper, both the Poisson and the EB adjusted
estimates were used to reflect the long-term potential for accidents
at individual locations or route sections.

By comparing the potential for accidents from either the Poisson
regression or EB prediction models with the observed number of
accidents at a given location, it can be determined if certain loca-
tions should be designated as unsafe; these are referred to as black
spot (BS) locations. The approach for identifying BS is discussed
at length by Persaud (9) and Chong (13). A thorough understand-
ing of the causes and consequences of accidents at BS locations
should guide decisions on what safety countermeasures should be
implemented at these locations.

DATA SOURCES AND THEIR INTEGRATION

As discussed, accident analysis and prediction models require a
wide variety of dataon road geometry, traffic composition, weather
conditions, and accidents. The integration of these disparate data-
bases requires a formal treatment of errors and inconsistencies so
that they can be combined in a spatialy consistent manner.

Relevant MTO Databases

MTO uses a linear highway reference system (LHRS) to uniquely
identify a continuous length of highway with similar geometric and
traffic characteristics. Typically, each LHRS section has alength of
0.2t018.2 km. An offset distance is used to assign aroad accident to
agiven point location on the LHRS section. The offset is measured
from aknown section feature point (e.g., a bridge overpass) to point
of occurrence of the accident. This known feature point is measured
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at some distance from the beginning of the LHRS section in which
thefeatureissituated. The LHRS number and the offset distancerep-
resent the most disaggregate spatial referencing system for the road
network that are presently used in accident reporting.

Four MTO databases are considered relevant in this Gl S-based
accident model:

* Digital cartographic reference base (DCRB),

* Accident data system (ADS),

* Highway inventory management system (HIMS), and
* Traffic volumeinventory system (TVIS).

A sample of information available in these databasesis provided in
Table 1.

The DRCB is a geocoded database that contains information on
road network and other features, such asrail network, lakes, parks,
rivers, and streams, in Ontario. Only the road data were taken from
this database. This database isin GIS format and can be used for
viewing with ArcView.

In Ontario, accident data are collected by police and are com-
piled yearly by theMTO. The ADS dataare stored in the following
separate formats:

» Basic accident record: contains information that is unique to
each accident, such as date, time, location, number of vehicles and
personsinvolved, number of fatalities, road conditions, and several
other details. Each accident isidentified by aunique nine-digit num-
ber (accident microfilm number) and the LHRS number (referred to
asthekey point number in ADS).

* Driver and vehiclerecord: containsinformation uniqueto each
driver and vehicle involved in the accident, such as plate number,
year and make of vehicle, driver license number, driver date of birth,

TABLE 1

Data Available in Different MTO Databases
ABASE VARIABLES

point, Section length, Route # (for use with GIS software), etc.

ADS Accident microfilm number, Accident date and time, Classification
of accident, Total driver vehicles/involved persons/Fatalities,
Basic Record Keypoint number (same as LHRS number), Location of accident
in reference to a feature point, Road condition, Road type,

Environment, etc.

ADS Accident microfilm number, Vehicle number, Vehicle make and
. model, Number of occupants, Driver’s license number, Driver’s
32:3:2/ ehicle age, Sex of the driver, Result of breath test, Vehicle condition,

Approximate speed, Vehicle damage level, etc.

ADS Accident microfilm number, Involved person number, Vehicle

number, Age of the involved person, Sex of the involved person,

involved e X
Person Injuries, Pedestrian, etc.

Record

HIMS Road LHRS number, Offset km, Direction of stream, From
location, To location, Section length, Highway number, Surface
width and type, etc.

TVIS Existing and projected annual average daily traffic, Summer and
winter AADT, Percent commuter traffic, Directional split, etc.
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action of driver, damage caused, and condition of the vehicle. Each
record isuniquely identified by the driver or vehicle number and the
corresponding accident microfilm number.

* Involved person(s) record: containsinformation that isuniqueto
each occupant of every vehicleinvolved in an accident. Thisincludes
information on injury sustained, seating position in the vehicle, age
and condition of the occupant, and use of seat belt. Each record is
uniquely identified by the person number and the corresponding
accident microfilm number.

Table 1 provides some important variablesincluded in the ADS.
Each record included isuniquely identified by the key point number
(same as the LHRS number) and the accident microfilm number.

The HIMS database contains information about the geometric
features of each LHRS section, including length of each section
(subsection), from and to locations, number of lanes, road width,
shoulder width, median width, type of shoulder, type of median, and
posted speed. A sample of the information available in HIMS is
shownin Table 1.

The TVIS database contai ns information regarding existing traffic
volume, projected future traffic volume, summer and winter traffic
volumes, directional split, and percent commuiter traffic.

Treatment of Errors and Inconsistencies in
Integrating Databases

The DCRB database as developed by MTO was geocoded in a spa-
tially usable format for input into GIS. The geocoded DCRB data-
base contains a set of homogeneous highway sections, which are
uniquely identified by their LHRS number, and a unique pair of X
and Y coordinates representing the beginning point of the LHRS sec-
tion. Thisinformation combined with section length can be used to
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identify the section (X, Y) endpoint coordinates. For thisanalysis, it
was assumed that all sectionsare linear.

It was assumed that the information available in the DRCB data-
baseis correct and all other databases will be edited or modified per
the information available in this database.

HIMS
Inmatching HIMSto DCRB, threetypes of error wereinvestigated:

* Type 1lerror. Some LHRS numbers of DCRB were missing in
the HIM S database, but the section lengths of the adjoining LHRS
sections in HIM S indicate that the two records of DCRB have been
merged into one record in HIMS. Therefore, the record in HIMS
was split into two records.

* Type2error. A few LHRS Iengthswere unegual in DCRB and
HIMS, but the combined length of adjacent LHRS humbersin DCRB
had the same length as that of HIM S, and thus the lengths were
adjusted accordingly in HIMS.

* Type3error. Lengths of afew LHRS sectionsin HIMS did not
exactly match those of DCRB, and the lengths were adjusted per the
lengthsindicated in DCRB.

Tables 2 through 4 indicate how each error was considered in
developing an integrated database for input into GIS for several
sampl e sections in the network.

It should be noted that the preceding adjustmentsfor HIMS errors
do not follow a definite pattern, precluding the possibility of cor-
recting these errors through an automated process. The Microsoft
Access subform feature was used to expeditethisprocess. TheHIMS
database was linked to the DCRB database as a child form and fed
all the corresponding recordsfor agiven LHRS number, which made
the editing easy.

TABLE 2 Type 1 Error in HIMS and Adjusted Values

Original Record

Hwy # LHRS # Length in DCRB Length in HIMS Offset Distance
1 10014 2.1 km 2.1 km 0 km
1 10017 4.5 km 5.4 km 0 km
1 10020 0.9 km
1 10022 3.4 km 3.4 km 0 km
Record After Adjustment
1 10014 2.1km 2.1 km 0 km
1 10017 4.5 km 4.5 km 0 km
1 10020 0.9 km 0.9 km 0 km
1 10022 3.4 km 3.4 km 0 km




TABLE 3 Type 2 Error in HIMS and Adjusted Values

Original Record

Hwy # LHRS # Length in DCRB Length in HIMS Offset Distance
402 48115 12.3km 12.3 km 0 km
402 48120 3.5km 0 km
402 48123 12.7 km 0 km
402 48127 4.3 km 0 km
Record After Adjustment

TABLE 4 Type 3 Error in HIMS and Adjusted Values

Original Record

Record After Adjustment

Hwy # LHRS # Length in DCRB Length in HIMS Offset Distance
401 47970 6.25 km 6.3 km 0 km
401 47980 6.24 km 6.3 km 0 km
401 47990 7.08 km 0 km
401 47800 7.01 km 0 km
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TVIS

Errors in the traffic volume database were found to be similar to
thosein HIMS. The only exception wasthat traffic recordsfor afew
LHRS sections were missing.

Because of alack of other information, traffic volumes on these
sectionswere assumed to be the same asthose of the adjacent section.
For TVIS, the manual adjustment process was used.

ADS

The modification of the accident database was automated by using
a Visua Basic program that assigned the accident to the correct
LHRS and also calcul ated the location of the accident from the start
of the highway. Thiswas required for plotting on the map with GIS
ArcView software.

The ADS database contained two types of errors that were con-
sidered in integrating the databasesfor GISinput. In oneerror, there
was an unmatched key point number when the record was compared
to the DCRB. Because there was no way to ascertain the correct
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LHRS number, these records were deleted from the accident data-
base. Occurrence of this kind of record varied from 1 to 2 percent,
and it is assumed that the deletion will not have a significant effect
ontheresult. Inthe other error, an accident was attributed to awrong
key point number (LHRS), because the distances mentioned for the
location of the accident from the start of the key point were based
on the mileage of the feature point and distance and the direction of
the accident from the feature point. Therefore, it was necessary to
establish thedirection in which the LHRS numbersincreased so that
the exact location of the accident on the highway and the correct
LHRS number to which the accident is attributed could be deter-
mined. Thiswas necessary for locating the accident in ArcView. Fig-
ure 2 demonstrates how the accidents were allocated to the correct
LHRS number.

ILLUSTRATIVE EXAMPLES

Toillustrate the GIS model, five types of transportation query were
postul ated:

MICROFILM # | KEYPOINT# | HWY# | SECTION
LENGTH

(km)

Records

Original
520179

OFFSET KM DIRECTION DISTANCE DISTANCE
OF FROM FROM FROM

FEATURE FEATURE FEATURE START OF
POINT POINT POINT LHRS
(km) (km) (km)

811952 47667 | 401
Adjusted Records

520179

2.54

811952 47671 401 0.72

Direction of Increasing LHRS #

West <

| LHRS (47643)

Location of accident” (1.53 km)
/;RS (47642)
®

East

Feature Point

|

l
‘4_ 1.74 km »le

|

* Actual distance = 2.03 — 0.5 = 1.53 km from start of previous section

Feature Point

Location of accident* (0.21 km)
LHRS (47671) 6/ LHRS (47667)
O

1
2.03 km >

{ 1

< 0.72 km »le 2.54 km »

* Actual distance = 2.75 - 2.54 = 0.21 km from start of next section

1

FIGURE 2 Allocation of accident to correct LHRS number.
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» Simple spatial or general query of the integrated database to
retrieve attributes of roadway network and accident pattern,

* Generating accident statistics for the selected location(s),

* Predicting accident potential for the selected location by using
sources for the estimates (Poisson and EB models or observed),

* Designating safety BS and assessing the effect of safety
countermeasures, and

* Visualizing the results of analysis spatialy.

Thefollowing sample highway section was selected for analysis:

* Highway number: 401,

* From location: Highway 404 and Don Valley Parkway Inter-
change;

* Tolocation: North York, Ledlie Street and |C-373;

* LHRS number: 47635;

* Number of lanes; 12;

* Section length: 2.01 km; and

* AADT (1992):276,500.

Figures3and4illustrate afew trendsin accident experience, which
can be generated for the preceding sel ected route sectionsalong High-
way 401. Figure 3 illustrates the yearly variation in the observed
number of accidentsfrom 1990 to 1993 for the highway section con-
sidered inthisapplication. In general, between 600 and 700 accidents
can be expected per year along this stretch of Highway 401. Thetota
number of accidents per year does not vary appreciably from year to
year for the period 1990-1993.

Figure4illustratesthe month-to-month variation in observed num-
ber of accidentsfor the period 1990-1993. If one assumesthat travel
exposure (vehicle-kilometers per month) does not vary much from
month to month in agiven year, one may note that the number of acci-
dentstendsto be higher during November and December. Thiscould
reflect the onset of winter driving conditions in southern Ontario,
which is expected to increase the potential for accidents.

After generating and analyzing accident statisticsfor the selected
locations, the expected number of accidents at the selected locations
for the period of interest can be estimated. Figure 5 providesan indi-
cation of the observed and expected number of accidents along the
selected section of Highway 401 based on the two prediction mod-
els, Poisson regression and EB. As expected, the number of acci-
dents predicted by the EB model is closer to the observed number
than are the values predicted by the Poisson model. Although thisis
true for the entire selected section, it does not necessarily hold for
individual sections.

Number
-y
o
o
1

1990 1991 1992 1993
Year

FIGURE 3 Yearly variation in observed number
of accidents.
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FIGURE 4 Monthly variation in observed number of
accidents, 1992.

Again for the purpose of illustration, a number of BS sections
have been designated along the selected highway (401). The output
from thisanalysisis presented in scaled map form. A BS sectionis
defined as any section where the observed number of accidents
exceeds the predicted number by at least one standard deviation
from either the Poisson or the EB model estimate. Figure 6 shows
the Poisson model—designated BS sections along the test highway,
and Figure 7 shows the BS sections from the EB model.

By comparing Figures 6 and 7, it can be seen that the EB model
yielded fewer BS than did the Poisson regression model. The EB
model BS sectionsare largely included in the Poisson BS model BS
sample.

Another way to designate BS is to establish sections where fatal
accidentswere observed. Figure 8 illustrates sections of the 400-level
highwaysin southern Ontario wherefatal accidentswere observedin
1992. For the Highway 401 test section, it can be seen that many sec-
tionswith fatal accidentsfall within sectionsthat have been classified
as BS by either the Poisson regression or the EB model.

CONCLUSIONS

This paper described a Gl S-based model for road accident pre-
diction and analysis. This model provides a seamless platform for
integrating and validating disparate data sources. Unlike many
existing transportation GIS models, the model presented here pre-
dicts accidents by using the state-of-the-art methods applied at a
different level of spatial aggregation as specified by the analyst.
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FIGURE 5 Model estimated/predicted number of accidents, 1992.
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Fatal Locations
/\/ Other Highways
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FIGURE 8 Fatal spots on 400-level highways in 1992.

The model can be used to evaluate the effectiveness of alternative
safety countermeasures designed to reduce accidents at unsafe
locations or routes.

A comparison was included of two methods for predicting acci-
dents and designating BS route sections. The EB method was found
to yield fewer BS locations. Accidents at BS locations can be ana-
lyzed further for their causes and consequences. This should help
analysts make decisions on safety countermeasures to implement at
individual locations.
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