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Traffic and the risk of vehicle-related pedestrian
injury: a decision analytic support tool

/ Chalabi, | Roberts, P Edwards, J Dowie

ABSTRACT

Background: Pedestrian injuries are a leading cause of
death and disability. Transport policy decisions have a
major impact on the risk of pedestrian injury, but the
effects cannot usually be quantified in controlled studies.
However, mathematical modeling can help to establish
the injury consequences of transport policy decisions.
Methods: A stochastic mathematical model was
developed to estimate the effect of alternative transport
scenarios on pedestrian injury risk. The model is based on
a mechanistic description of pedestrian injury causation
and comprises four sub-models: vehicle dynamics,
pedestrian dynamics, collision incidence, and injury
severity.

Results: The model was used to estimate the yearly
pedestrian injury rate for a baseline scenario, corre-
sponding to current traffic conditions in London, UK, and
three alternative scenarios, comprising reductions in
vehicle speed, traffic volume, and vehicle mass. The
model simulated a baseline injury rate of 88 per 100 000.
Compared with baseline, a 15% reduction in mean speed
resulted in a 21% reduction in injury rate and a 75%
reduction in fatality rate. A 15% reduction in traffic volume
resulted in a 14% reduction in injury rate and a 25%
reduction in fatality rate. Reducing vehicle mass by 15%
did not reduce the number of injuries, but a 25% reduction
resulted in less severe injuries.

Conclusions: The model simulated well the rates and
severity of pedestrian injury corresponding to the baseline
scenario and made predictions for different transport
policy scenarios. However, it is offered primarily as a
generic decision support tool for the assessment of
alternative policies by transport authorities.

Worldwide, road traffic crashes account for over one
million deaths each year.! Most of the victims are
pedestrians and cyclists, and a large proportion of
injuries occur in cities. Urban transport policy
decisions impact importantly on pedestrian injury
risk, but it is difficult to quantify these effects.”
Although the effects of transport policies can some-
times be assessed in controlled trials, there are
practical and financial obstacles to conducting trials
of transport policies, and so decisions have to be
made without such evidence. In these situations,
mathematical modeling provides a way of evaluating
the consequences of different policies. We describe a
mathematical model of pedestrian injury risk that
can be used to evaluate the effect of transport policies
on the incidence and severity of pedestrian injuries.

METHODS

Model description
A mechanistic model of pedestrian injury was
developed on the basis of a mathematical-physics

description of pedestrian injury causation (fig 1).
The road network is abstracted as a straight line of
length equal to that of the urban road network.
Figure 1 shows two vehicles (incoming and out-
going) and a pedestrian crossing the road in the gap
between the vehicles. The inter-vehicle distance
depends on traffic density, and pedestrian exposure
to an incoming vehicle depends on traffic flow. A
collision occurs if the time taken by a pedestrian to
cross the road is less than that taken by the
incoming vehicle to travel the distance between it
and the pedestrian as he/she starts crossing.

Although the model seems simplistic, it can be
made to capture mathematically the complexity of
the causal pathway of pedestrian injury by assum-
ing that all the factors (eg, width of roads, vehicle
speed, pedestrian speed) that influence pedestrian
injury incidence and the subsequent severity of
injury are stochastic (probabilistic). The alternative
would be a detailed deterministic description of the
road network and vehicle and pedestrian flow,
which would be computationally very demanding.
Because the geometric configuration is described by
parameters that are random variables, non-perpen-
dicular type collisions between a vehicle and a
pedestrian are implicitly catered for in the model.
Collisions at road junctions are not considered in
the present model but will be addressed in the
future.

The model has four sub-models—(1) traffic
dynamics, (2) pedestrian dynamics, (3) collision
incidence, and (4) injury severity—the parameters
of which are assumed to be random variables
characterized by probability distributions. The
propagation of uncertainty between the sub-
models leading to the overall model outputs is
carried out using Monte Carlo (MC) simulations.
MC simulations are widely used in propagating
parametric uncertainties in environmental expo-
sure models.® * In each MC simulation, numerical
values of the model parameters are drawn from
their respective probability distributions, and the
model outputs are computed for that set of
parameters. Histograms of the outputs character-
ize their uncertainty, and their expected values are
used for comparative evaluations of health bene-
fits.

Sub-models

Traffic dynamics

Models of traffic dynamics can be classified as
microscopic or macroscopic.”” Microscopic mod-
els*® describe traffic dynamics in terms of indivi-
dual vehicle behavior. In one-dimensional
geometries, the behavior of a vehicle is defined in
terms of its speed and rate of change and the
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Figure 1 A schematic diagram
describing the conditions for a
pedestrian—vehicle collision.
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distance separating it from the vehicle it follows. Macroscopic
models on the other hand describe traffic dynamics in terms of
the collective behavior of vehicles.® ' The collective behavior of
vehicles is defined in terms of traffic speed, traffic density
(number of vehicles per unit distance), and traffic flow (number
of vehicles per unit time). In this study, we used a simple model
to describe traffic dynamics. The model is defined in terms of
two variables: traffic speed and traffic volume. Traffic volume
(number of vehicles x average distance traveled by each vehicle,
per unit time) was used because in practice it is easier to
monitor traffic volume than traffic density.

Pedestrian dynamics
Several models have been developed to describe pedestrian
dynamics.”™® They are of two types: cellular automata models

space into grids and use rules to govern the movement of
pedestrians from one grid to a neighboring one. Continuum
models'® take a Newtonian perspective: pedestrians are driven
by “behavioral forces” which are either attractive or repellent.
For obvious reasons, these models are known as “social force
models”. Our pedestrian dynamics model differs from
others,'® " as those models were aimed primarily at investigat-
ing the impact of pedestrian crossing on traffic flow in vehicle—
pedestrian-collision-free scenarios. It is defined in terms of three
variables: pedestrian crossing rate, distance between the
pedestrian and the incoming vehicle at the initiation of crossing,
and the speed of pedestrian crossing.

Severity of pedestrian injury at collisions
There are several mathematical models of the severity of

and continuum models. Cellular automata models' divide the pedestrian injury in vehicle—pedestrian collisions.”*”* The
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models are of two types: mechanistic and empirica
Because our overall model is stochastic, Davis' empirical
probabilistic model is used here. In the Davis® model, the
severity of pedestrian injury is divided into three categories:
“fatal”, “serious”, and “slight”. An injury was classified as fatal
if the pedestrian died within 30 days, serious if the pedestrian
required hospitalization (or suffered from one or more particular
types of injury), and slight otherwise. The model gives the
probabilities of severity of injury for three age groups (0-14
years, 15-59 years, and =60 years) as empirical functions of
vehicle speed at impact. In addition to the speed of the vehicle,
the geometry of front-end vehicle structure affects injury
severity”” and so, to a lesser extent, does vehicle mass.
Davis” model was modified to take into account the effect of
vehicle mass only. Although in vehicle-pedestrian collisions it
could be argued that vehicle mass is less important than front-
end structure, because it is so much larger than the mass of a
pedestrian,” it is relevant in this study to allow for future trends
in manufacturing significantly lighter energy-efficient vehicles.
Furthermore, the mass of a vehicle affects the probability of
collision incidence: lighter vehicles require less distance to stop
when breaks are applied and thus have lower odds of crashing
with pedestrians.”® This aspect, however, was not taken into
account in this model.

The overall model

The overall model is constructed from the sub-models described
above. In its basic form, the overall model outputs the
probability of severity of injury per age group per unit time.
Each of the model’s output probabilities is the product of several
probability terms: the probability of a pedestrian crossing the
road per unit length of road per unit time, the probability of a
pedestrian crossing the road at some speed, the probability of an
incoming vehicle traveling at some velocity, the probability of a
pedestrian encountering an incoming vehicle when crossing the
road, the probability of a pedestrian and an incoming vehicle
colliding, and the probability of severity of injury conditional on
collision incidence.

Each of the model’s input probabilities is a function of
environmental, traffic-related and/or behavioral factors. The
probability of a pedestrian crossing the road per unit length of
road per unit time depends for example on the availability of
designated pedestrian crossings, the routing of pedestrian traffic
over or under roads, the proximity of residences to schools (in
the case of young pedestrians) and work places (in the case of
adult pedestrians), the number of trips made by a pedestrian per
unit time, the distance traveled by a pedestrian per trip, and the
number of roads crossed per trip. The probability of a pedestrian
encountering an incoming vehicle at the time of crossing
depends on factors such as traffic volume, presence of traffic
calming measures, and number of traffic signals per unit length
of road. The probability of collision incidence depends on the
time taken by a pedestrian to cross the road and the time taken

by an incoming vehicle to travel the distance between it and the
pedestrian at the time of crossing the road. The probability of
severity of injury (conditional on collision incidence) is obtained
from Davis’ model. For brevity, the data sources used to
determine a very few of the factors are described below.

Distance between pedestrians and incoming vehicles at time of
crossing

With the unavailability of direct data, guidelines on the location
and timing control of signaled pedestrian crossings can be used
indirectly to estimate the mean distance between an incoming
vehicle and the time of pedestrian crossing. Traffic engineers
have worked out minimum distances to locate signaled cross-
ings to ensure visibility of these crossings to drivers.”” These
distances (d) are a function of the expected incoming speed of
vehicles, and they range from 40 m to 115 m. d is assumed to be
log-normally distributed, with mean 79 m and variance
1792 m?.

Crossing speed of pedestrians

The default distribution of the speed of pedestrians is based on
an empirical study.*® Pedestrian crossing rate is setting-specific.
In this model, population surveys on pedestrian behavior in
London® were used to determine the default distribution of the
pedestrian crossing rate. Empirical data give the mean road
crossing speed of young adults as 1.51 m/s and of older adults as
1.25 m/s.*® The road crossing speed of pedestrians, w, is
assumed to be log-normally distributed, with mean 1.4 m/s
and variance 0.0671 m?/s%.

Width of roads

There are no direct data on the distribution of the width of
roads, but secondary data obtained from guidelines on the
design of pedestrian crossings in urban areas for pedestrian
safety” * indicate that the range of road widths vary from 8 to
35 m. In this model, the road width is assumed to follow a log-

normal distribution, with mean 12 m and variance 41 m’.

RESULTS

Simulation scenarios

Baseline scenario

The data on the baseline scenario for Greater London could be
summarized in many ways, but are presented here in a form to
suit the model. (Unless otherwise stated, we used Stats 19 data
for all road traffic injury collisions in London between 1993 and
2004, obtained from the London Road Safety Unit, Transport
for London (TfL). Traffic flow and speed data were supplied by
Road Network Monitoring (also TfL).) The total number of
pedestrian casualties of all severities for Greater London in 2003
was 7127, of which 23% were 0-15 years old, 58% were 16-59
years, 13% were 60 years and older. The remaining 6% of
casualties were of unknown age. On the basis of estimates of

Table 1 Baseline scenario Table 2 Scenario 1 (mean traffic speed reduced by 15%)

Age group Age group

(years) Fatal injury Serious injury Slight injury Total (years) Fatal injury Serious injury Slight injury Total
0-14 0.45 3.43 12.62 ~17 0-14 0.17 1.96 10.90 ~13
15-59 1.87 10.87 43.29 ~56 15-59 0.69 6.14 37.36 ~44
=60 1.50 4.59 8.1 ~14 =60 0.63 2.92 7.66 ~1
Total ~4 ~19 ~64 ~87 Total ~1 ~1 ~56 ~68

Number of casualties per 100 000. Totals rounded up to the nearest integer for ease of
presentation.
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Table 3 Scenario 2 (traffic volume reduced by 15%)

Age group

(years) Fatal injury Serious injury Slight injury Total
0-14 0.41 2.97 10.81 ~14
15-59 1.70 9.38 37.08 ~48
=60 1.33 3.93 6.95 ~12
Total ~3 ~16 ~55 ~74

Number of casualties per 100 000. Totals rounded up to the nearest integer for ease of
presentation.

the residential population in Greater London, this translates to
99 pedestrian casualties per 100 000. The distribution of
casualties among injury severity categories was: 2% fatal, 19%
serious, and 79% slight. In terms of characterizing pedestrian
exposure to road traffic in London, the traffic flow in 2004 was
20 000 million vehicles/km, and the mean traffic speed was
26 km/h. The total length of the road network in Greater
London is 1719 km of A roads (main roads other than
motorways) and 232 km of B roads (secondary roads).

Policy scenarios

To demonstrate the use of the model, three scenarios are
considered. The first evaluates an intervention that reduces
mean speed by 15% (eg, traffic calming or speed restrictions).
The second evaluates an intervention that reduces traffic
volume by 15% (eg, the introduction of congestion charging™).
The third evaluates an intervention that reduces vehicle mass by
15% (eg, the manufacture of smaller energy-efficient vehicles).

Simulation results
Figure 2 shows histograms of the main parameters used in the
baseline simulations.

Table 1 shows estimated casualties by age group and severity
per 100 000 population. The data were obtained by multiplying
three probability terms to give the absolute probability of
severity of injury per age group: the probability of pedestrian
exposure to an incoming vehicle, the probability of a vehicle—
pedestrian collision occurring conditional on pedestrian expo-
sure to an incoming vehicle, and the probability of severity of
pedestrian injury conditional on a vehicle—pedestrian collision.
The absolute probabilities are scaled by 100 000 to give injury
rates per 100 000 (table 1).

Without any data fitting, the model estimated the total
number of pedestrian casualties to be about 87 per 100 000. This
compares with 99 pedestrian casualties per 100 000 reported for
Greater London in 2003. The estimated distribution of casualties
across injury categories is: 4.4% fatal, 21.8% serious, and 73.8%
slight (reported values were 1.65% fatal, 19.35% serious, and
79.0% slight). The estimated distribution of casualties across age
groups is: 19.0% for 0-15 years old, 64.6% for 16-59 years old,
and 16.4% for =60 years (reported values were 22.9%, 58.0%,
and 13.1% respectively; 5.9% were unclassified). The calibration

Table 4 Scenario 3 (vehicle mass reduced by 15%)

Age group

(years) Fatal injury Serious injury Slight injury  Total
0-14 0.50 3.43 12.80 ~17
15-59 2.04 10.84 43.88 ~57
=60 1.55 4.59 8.25 ~14
Total ~4 ~19 ~65 ~88

Number of casualties per 100 000. Totals rounded up to the nearest integer for ease of
presentation.

Injury Prevention 2008;14:196-201. doi:10.1136/ip.2007.017160

of the model therefore appears reasonable. The results of the
baseline scenario were then used for comparative evaluation
against policy scenarios.

In the first scenario, the mean traffic speed is reduced by 15%
(ie, from 26 to 22.1 km/h), but its variance maintained. All
other parameters are assumed to have the same distribution as
in the baseline scenario. Table 2 gives the corresponding number
of casualties per 100 000 population across age groups and
severity of injury categories. Compared with the baseline
scenario, the total number of casualties was reduced by 21.2%
and the distribution of severity of injury becomes 2.2% fatal,
16.1% serious, and 81.7% slight. In addition to reducing the
total number of injuries, the distribution across injuries
categories is therefore, as expected, shifted towards less severe
injuries. It is interesting to note that because of non-linearity,
the estimated reduction in the total number of pedestrian
casualties (21.2%) is more than would be expected (had the
relationship between traffic speed and the number of pedestrian
causalities been linear, a reduction of ~15% in the number of
casualties would have been expected).

In the second scenario, traffic volume is reduced by 15% (ie,
from 20x10” vehicles/km to 17 x10” vehicles/km). Table 3 gives
the corresponding distribution of casualties per age group and
injury category. Compared with the baseline scenario, the total
number of casualties was reduced by 14.1% and the distribution
of severity of injury is now 4.6% fatal, 21.8% serious, and 73.6%
slight. It is worth noting that the distribution of casualties
across injury categories is approximately the same as the
baseline case. This is expected as decreasing vehicle volume
would decrease pedestrian exposure but, under the assumption
of the model, would not affect traffic speed. It is also worth
noting that unlike traffic speed, the relationship between traffic
volume and the number of pedestrian causalities is almost
linear.

The third scenario estimates pedestrian injuries when vehicle
mass is reduced by 15%. Table 4 gives the corresponding
estimates. The total number of casualties remains almost the
same as in the baseline scenario and the distribution of injuries
is also the same (4.6% fatal, 21.5% serious, and 73.9% slight).
Table 5 shows the result of reducing vehicle mass by 25%. The
trend in pedestrian injury is in the logical direction, with total
number of casualties remaining the same as expected (as this
intervention would not affect the number of collisions) but the
distribution in pedestrian injuries is shifted to less serious
injuries (4.4% fatal, 21.1% serious, and 74.5% slight).

Each of the above tables was based on an independent set of
10 000 MC simulation runs. In the simulations, the sequence of
random numbers depends on the “internal state”” of the random
number generator and different sequences of random numbers
were generated in each scenario. To determine the uncertainty
associated with some of the estimates in the tables, 100
independent sets of 10 000 MC simulation runs were performed
for each scenario. The mean of the total number of casualties
and its 95% CI obtained from the 100 sets of MC simulations
are given in table 6. It is clear that by taking uncertainty into
account, scenarios 1 and 2 represent important (statistically
significant) reductions in total number of pedestrian injuries,
whereas scenarios 3 and 4 are, as expected, on the borderline of
showing an effect.

DISCUSSION
Main findings
We have developed a mathematical model that can be used to
evaluate the impact on pedestrian injury of some urban
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Table 5 Scenario 4 (vehicle mass reduced by 25%)

Age group

(years) Fatal injury Serious injury Slight injury Total
0-14 0.45 3.26 12.46 ~16
15-59 1.83 10.29 42.73 ~55
=60 1.44 4.35 8.12 ~14
Total ~4 ~18 ~63 ~85

Number of casualties per 100 000. Totals rounded up to the nearest integer for ease of
presentation.

transport policies. Preliminary simulations with a specific
dataset show substantial injury reductions from lower vehicle
speeds and also from reductions in traffic volume.

Strengths and weaknesses of the model

The model is mechanistic so that it can be adapted to different
urban settings and therefore fulfill its aim of being a practical
generic decision support tool. It is also stochastic, reflecting the
inherent uncertainty and complexity of the system being
modeled. For the selected illustrative dataset, the model
produced numerical results in line with the broad epidemiolo-
gical evidence for the baseline scenario. Although the 95% CI of
the model’s mean estimate of the number of casualties per
100 000 inhabitants (85 to 90) does not include the reported
value for Greater London (99), this is not surprising because the
model is not statistically based in the classical sense that
parameters are estimated by fitting a model to data observa-
tions. The model is informed by data from different sources.
The correspondence between the estimated and observed value
is therefore reasonable and encouraging.

Because the model consists of several sub-models, develop-
ments can be made on each of the sub-models independently.
Judged by idealized scientific standards, the model has a number
of limitations due to simplifications in its construction. These
can be divided into four areas reflecting the model’s constituent
components: traffic dynamics, pedestrian dynamics, collision
incidence, and injury severity.

One of the strong assumptions of the model is that traffic
density (and traffic volume) is independent of traffic speed. It is
well known that traffic density and traffic speed are inversely
related, however the exact form of this relationship depends on
many factors and was determined primarily for highway
conditions.” * " Although a simple inverse linear relationship
between traffic speed and traffic density could have been used,’
a more robust relationship appropriate for cities is desirable. The
current model cannot be used to evaluate the impact of
interventions aimed simultaneously at traffic speed and traffic
volume because of the decoupling of the two variables. This will
be addressed in future developments of the model.
Consideration should also be given to whether interventions
aimed at traffic speed (or traffic volume) affect separately its
distributional properties (eg, mean and variance).

Another limitation of the model is that it represents steady-
state conditions, which ignore situations during rush hours and
differences between day-time and night-time. Non-steady-state
conditions will also be considered in subsequent model
developments.

The pedestrian dynamics model is characterized by three
parameters that reflect pedestrian behavior. The parameters
were assumed to be independent of each other (and of the
vehicle traffic parameters), but some of them could be correlated
(eg, speed of pedestrian crossing and the distance between a
pedestrian and an incoming vehicle at the moment of crossing

200

Table 6 Number of casualties per 100 000 population
obtained from 100 independent sets of 10 000 MC

simulations

No of casualties/
Scenario 100 000 population
Baseline 87.5 (85.1 to 89.9)

1 (Traffic speed )
2 (Traffic volume)
3 (Vehicle mass — 15%)
4 (Vehicle mass — 25%)

67.2 (65.0 to 69.4)
74. 4 (72.0 to 76.4)
86.4 (84.0 to 88.8)
85.6 (83.3 to 87.9)

Values are mean (95% Cl).

initiation). “Erratic” driver behavior can be modeled, for
example, by choosing a probability distribution function that
emphasizes multiple modes to describe erratic fluctuations in
vehicle speed.

In the severity of pedestrian injury model, vehicle speed at
impact was considered to be the main determinant of severity.
A mechanistic model of severity of pedestrian injury during a
crash could be constructed to take into account the main
determinants of injury severity other than vehicle speed such as
front-end structure of the vehicle”?” and vehicle mass.*

The model caters for a wide range of interventions in addition
to those aimed at traffic speed and traffic volume. The model
comprises many parameters that depend on environmental and
behavior factors. Interventions targeted at those factors can be
modeled mathematically by changing the distributional proper-
ties of the relevant parameters. For example, the effect of
providing road safety literature to school children would be
modeled through modification of the distributional parameters
of the crossing rate and speed of crossing. When implemented
using a user-friendly interface, the model can be used by policy
makers as a decision support tool by varying the parameters of
the model and analyzing the changes in injury rates.

While fully acknowledging the desirability of reducing the
above limitations in future developments of the model, we
stress that our aim is to provide a generic decision support tool
for use at present. Therefore, the appropriate comparator for
any evaluation is the best alternative model with the same

» Transport policy decisions can have a major impact on
pedestrian injury risk. Controlled trials can be conducted to
determine the impact but there are many practical, political,
and financial obstacles to conducting such studies, and
decisions usually have to be made in their absence.

» Mathematical models can be used to evaluate and compare
the health effects of alternative transport policies on
pedestrian injury risk. However, if they are to support a typical
transport authority in making decisions within its normal time,
resource, and evidence constraints, there will be an inevitable
trade-off between the scientific completeness and rigor of the
model and its practical usefulness.

» A model has been developed to simulate pedestrian injury
under different scenarios as part of a generic decision analytic
support tool for the assessment of alternative policies by
transport authorities.

» Model simulations with a specific dataset showed substantial
injury reductions from lower vehicle speeds but also from
reductions in traffic volume.
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practical aim—of which we are aware of none—rather than a
hypothetical model that is ideal by scientific standards for a
particular situation.

IMPLICATIONS FOR PREVENTION

The above model is a first step towards constructing a full
decision analytic support tool for evaluation of the effectiveness
and cost-effectiveness of alternative transport policies under
time, resource, and evidence constraints. In its present form, the
model can be used to compare the health impacts of abstract
policies (eg, reducing traffic speed) rather than concrete
interventions (eg, imposing traffic speed restrictions).
Quantifying the effectiveness of the latter of course requires a
further layer of modeling.
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