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A B S T R A C T

Pedestrian are vulnerable to severe injury and mortality in the road crashes. Understanding the essence of the
pedestrian crash is important to the development of effective safety countermeasures and improvement of social
well-being. It is necessary to measure the exposure for the quantification of pedestrian crash risk. The primary
goals of this study are to explore the efficient exposure measure for pedestrian crash, and identify the possible
factors contributing to the incidence of pedestrian crash. In this study, amount of travel was estimated based on
the Travel Characteristic Survey (TCS) data in 2011, and the crash data were obtained from the Transport
Information System (TIS) of the Hong Kong Transport Department during the period from 2011 to 2015. Total
population, walking frequency and walking time were adopted to represent the pedestrian exposure to road
crash. The effect of trip purpose on pedestrian crash was evaluated by disaggregating the pedestrian exposure
proxies by purpose. Three random-parameter negative binomial regression models were developed to compare
the performances of the three pedestrian exposure proxies. It was found that the model in which walking fre-
quency was used as the exposure proxy provided the best goodness-of-fit. Frequency of walking back home,
among other trip purposes, was the most sensitive to the increase in pedestrian crash risk. Additionally, increase
in the frequency of pedestrian crash was correlated to the increases in the proportions of children and elderly
people. Furthermore, household size, median household income, road density, number of non-signalized in-
tersection as well as number of zebra crossings also significantly affected the pedestrian crash frequency.
Findings of this study should be indicative to the development and implementation of effective traffic control
and management measures that can improve the pedestrian safety in the long run.

1. Introduction

There are more than 1.2 million road deaths every year. Pedestrians
are vulnerable to death and severe injury on roads (Zegeer and Bushell,
2012; Wang and Kockelman, 2013; World Health Organization, 2015;
Cai et al., 2016). 11% and 16% of road deaths were pedestrians in the
United States and Canada, respectively (Miranda-Moreno et al., 2011).
Particularly, in Hong Kong, 64% of road deaths were pedestrians in
2016. The likelihood of mortality of pedestrian on road was 17 times
higher than that of vehicle passengers and 6 times higher than that of
drivers (Lam et al., 2013; Hong Kong Transport Department, 2016). On
the other hand, over 89% of daily commuter trips in Hong Kong are
made by public transport where walking is the primary access to and
from the public transit stations (Hong Kong Transport Department,
2012b; Li and Loo, 2016). What’s more, walkability has attracted the
attention from urban and transport planners where pedestrian safety is
one of the key attributes. To this end, it is crucial to identify the factors

contributing to the higher risk of pedestrian injury and mortality on
roads (Abdel-Aty et al., 2013; Lee et al., 2015a; Amoh-Gyimah et al.,
2016; Cai et al., 2016, 2017).

A number of studies have attempted to model the pedestrian crash
frequency (Miranda-Moreno et al., 2011; Siddiqui et al., 2012a,b; Lam
et al., 2014; Lee et al., 2015b; Amoh-Gyimah et al., 2016; Ma et al.,
2017). Efficient exposure measurement is necessary for better under-
standing of safety assessment among different (space and time) entities.
Vehicular traffic volume and its derivatives like vehicle-kilometer and
vehicle-hour are commonly adopted as the exposure for vehicular crash
modelling, given the advances in automatic vehicle detection techniques
(Qin et al., 2006; Pei et al., 2012). However, it remains difficult to obtain
accurate pedestrian counts, especially for long-term and extensive mon-
itoring and evaluation. Despite that the collection of high-quality pedes-
trian count data may be possible at specified locations, it is rare that
robust measure of the exposure, in terms of the walking frequency and
time, for macroscopic pedestrian crash modeling has been established.
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Additionally, travel purpose could also affect the pedestrian beha-
vior and therefore the pedestrian crash incidence (Bao et al., 2017).
Travel is indeed a derived demand, either direct or indirect, of eco-
nomic activities including work, education, trade and recreation. For
example, a work-related activity involves travel between the place of
residence and the workplace. There is a supply of labour in one location
(residence) and a demand for labour in another (workplace). Therefore,
travel (commuting) is directly derived from the relationship between
the two locations. To this end, not only the time, location and mode of
movements of people are of interest, but also the need of access to
economic activities (e.g. work, education and recreation, etc.) should be
of concern. Activity-based transport demand modeling has been re-
ceiving more and more attention in the past decades (Bowman, 1998;
Bhat and Koppelman, 1999; Bhat and Singh, 2000; Bowman and Ben-
Akiva, 2001; Recker, 2001; Miller and Roorda, 2003a; Ettema et al.,
2004; Bhat et al., 2013). In conventional pedestrian crash prediction
model, population has been widely used as the proxy to the crash ex-
posure (Wier et al., 2009; Cottrill and Thakuriah, 2010). However,
travel demand could vary among different population groups, and more
specifically by time, location and activity purpose. It is therefore of
essence to estimate the pedestrian crash exposure based on the derived
transport demand by different travel purposes (e.g. economic activities)
(Chliaoutakis et al., 1999, 2005; Abdel-Aty et al., 2013; Elias and
Shiftan, 2014; Lee et al., 2014, 2015a). Furthermore, possible trip
generation factors that could affect the accessibility to different eco-
nomic activities, and then the pattern of travel activities by purposes
and therefore the crash risk, should be examined (Naderan and Shahi,
2010; Siddiqui et al., 2012a,b; Bao et al., 2017; Zou et al., 2017).

This study attempts to explore efficient exposure measure for pe-
destrian crash and to identify the factors contributing to the incidence
of pedestrian crash at the zonal level. Additionally, the moderating
effects on the association between pedestrian crash, exposure and
possible risk factors by travel purpose would be attempted.

The remainder of the paper is organized as follows. Section 2 pro-
vides a review of literature on pedestrian safety. Section 3 describes the
data. Methodology and model formulation are presented in Section 4.
Section 5 shows the results of the crash prediction models. After that,
discussion is presented in Section 6. Lastly, Section 7 summarizes the
study and provides the recommendations for future study respectively.

2. Literature review

Prevalence of pedestrian crash is one of the main streams for the
pedestrian safety analysis. For the prevalence of pedestrian crash at the
zonal level, increase in the population density was often found corre-
lated to the increase in pedestrian crash frequency (Wang and
Kockelman, 2013; Wang et al., 2017). Land use and transport network
characteristics also affected the pedestrian safety. For instances, in-
crease in the proportion of commercial area, road density, number of
signalized intersections can increase the probability of pedestrian crash,
considering the increase in the activity amount and conflicts between
pedestrian and vehicular traffic (Loukaitou-Sideris et al., 2007; Wier
et al., 2009). Household demographic and socio-economic character-
istics including car ownership, age and household income were corre-
lated to the prevalence of pedestrian crash (Noland and Quddus, 2004;
Ponnaluri and Nagar, 2010; Lee et al., 2015b). Increase in the number
of jobs was found to increase the likelihood of pedestrian crash oc-
currence (Kim et al., 2006; Lee et al., 2015b). The abovementioned
factors can indeed affect the need of travel (derived demand of eco-
nomic activity), and thus the travel behavior and crash risk. It is ne-
cessary to consider the moderating effect of the amount of travel by
purpose, when measuring the association between pedestrian safety
and possible factors.

Population and population density are often adopted to represent
the pedestrian exposure because they can be extracted easily and di-
rectly from the census dataset (Wier et al., 2009; Cottrill and Thakuriah,

2010; Siddiqui et al., 2012a,b; Lee et al., 2015b; Wang et al., 2017).
However, using population as the proxy does not consider the habit,
and thus the differences in the amount of travel and behavior among
different population groups. The results of association measure using
population as the exposure could be biased.

Another alternative for measuring the exposure to pedestrian crash
is the number of personal trips estimated using the conventional four-
step model (Bao et al., 2017). However, the transport mode of every
trip leg within a single trip had to be distinguished (Allsop, 2005). For
instances, a multi-modal trip (home – metro – bus – office) could
generate three walking trip legs, taking into account the access to
public transport station and transfer between modes. Therefore, the
exposure could be underestimated when only the number of Origin-
Destination trips is used as a proxy (Lam et al., 2014). On the other
hand, observational pedestrian counting approach may not be able to
incorporate the effect of pedestrian characteristics including demo-
graphics and travel purpose when evaluating the relationship between
pedestrian behavior and safety (Lam et al., 2014).

Travel characteristics survey through household interview can be
exploited as a way for estimating the pedestrian exposure. It is possible
to deduce the origin, destination and time of each walking trip (and trip
leg) from the household travel survey data. More importantly, attri-
butes of every trip could be linked to the personal and household
characteristics of the commuter. This could help improve the under-
standing on the association between pedestrian crash occurrence and
personal factors (Allsop, 2005; Lam et al., 2013; Papadimitriou, 2016).
The effect of travel purpose on the risk of vehicular crashes had re-
ceived much attentions (Elias et al., 2010; Naderan and Shahi, 2010;
Lam et al., 2013). Indeed, trip purposes may also affect the pedestrian
behavior, in terms of walking path choice, walking speed, crossing lo-
cation and time, and propensity of convicted crossing behavior (Sze and
Wong, 2007; Lavieri, 2018). For instances, distraction by mobile phone
use and social interactions were correlated to the prevalence of pe-
destrian crash at the crosswalk (Elias and Shiftan, 2014). Therefore, the
intervention effect of trip purposes for the association between pedes-
trian crash, exposure and possible factors should not be ignored.
Temporal variations in the environment, traffic and road user behavior
could also affect the association between pedestrian safety and possible
risk factors (Mason, 1979). Attempts had been made to examine the
temporal effect on safety, with time scales varying from annually
(Castro et al., 2012), daily (Mason, 1979; Ma et al., 2017) to hourly
(Lam et al., 2013). Spatial and temporal variations in the exposure are
crucial to the association measure between pedestrian crash and pos-
sible factors (Pahukula et al., 2015). Some examples of pedestrian ex-
posure measures used in previous studies are summarized in Table 1.

This study attempted to address the above issues by measuring the
time-varying pedestrian exposure, in the terms of walking frequency
and walking time, aggregated at zonal level for the pedestrian crash
prediction model. The proposed method also considered the effect of
trip purpose, personal and household characteristics on pedestrian
safety, based on the data captured from the household travel survey.

3. Data

The dataset is established by integrating the information captured
from different sources: (i) The police crash record from the Traffic
Information System (TIS) maintained by the Hong Kong Transport
Department; (ii) the household travel data from the 2011 Travel
Characteristic Survey (TCS) and Annual Traffic Census (ATC) data from
the Hong Kong Transport Department; (iii) the data of population
census from the Hong Kong Statistics and Census Department; and (iv)
the zoning scheme and land use planning data from the Hong Kong
Planning Department. The above-mentioned data were matched to the
specified spatial unit, Tertiary Planning Unit (TPU), using the
Geographical Information System (GIS) technique (Lee et al., 2014,b;
Cai et al., 2016, 2017). The entire territory of Hong Kong is divided into
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289 TPUs. Considering the problem of prevalence of zero crash count
when the data is highly disaggregated (of small zone size and/or short
time period), the 289 TPUs were aggregated into 26 zones.

In this study, 12,672 pedestrian crashes occurred on the weekdays
during the period from 2011 to 2015 were captured from the TIS. TIS
database consists of three profiles, namely crash environment, vehicle
attributes, and casualty characteristics. Since the precise information on
location and time of every single crash is available, it is possible to
allocate the crashes into units by space (26 zones) and time (24 h) when
evaluating the spatial-temporal variations in pedestrian crash in-
cidence. Finally, there are 624 units for the proposed pedestrian crash
prediction models. The distribution of pedestrian crash (by zone) is
depicted in Fig. 1.

As shown in Fig. 1, the pedestrian crashes are concentrated in
Central Kowloon and North shore of Hong Kong Island (colored in red).
It is not surprising since they are the Central Business Districts (CBDs),
and the interactions between pedestrian and vehicular traffic are pre-
valent. This justifies the need to estimate the pedestrian exposure, in
terms of the amount of travel by walking.

For the pedestrian exposure, the walking frequency and walking
time were estimated based on the Travel Characteristics Survey (TCS)
which was conducted by the Hong Kong Transport Department. The
survey was conducted during the period from September 2011 to March
2012. Of the 2.36 million households in Hong Kong, 35,401 households
(1.5%) were surveyed in TCS. The survey captured the details of
136,122 trips (including 122,237 motorized trips and 13,885 walk-only
trips) made by 101,385 people during the weekdays. Such 136,122
reported trips of selected households could be projected to that of all
households in Hong Kong using a set of expansion factors, in

accordance to the demographics and socio-economic characteristics of
the households. For instances, the 122,237 motorized trips reported
could be transformed into 12.6 million person-trips per day for the
whole Hong Kong. To eliminate the biases of trip estimates attributed to
the under-reporting of surveyed households, the trip estimates were
validated using the independent datasets including the screenline traffic
counts and public transport ridership statistics (Hong Kong Transport
Department, 2012a).

A motorized trip was defined as the trip that involved at least one
motorized mode (i.e. bus, metro, taxi and car, etc.). One motorized trip
can have more than one walking trip leg (e.g. variable of interest in
current study). For each trip, the information on origin location, des-
tination location, departure time, arrival time and transport mode of
each trip leg was captured. In this study, walking frequency refers to the
total number of walking trip legs, and walking time refers to the total
time spent on walking respectively. The total walking frequency and
walking time for the whole Hong Kong were estimated using the ex-
pansion factors concerned. For instances, the total walking frequency
derived was 28.7 million per day. The distribution of walking frequency
by the 624 analysis units (i.e. 26 zones x 24 h) is depicted in Fig. 2. As
shown in Fig. 2, four analysis units had zero walking trip (leg). They
were all in the rural area and before dawn (e.g. from 2.00 a.m. to 4.59
a.m.).

Variations in the pedestrian crash frequency and walking frequency,
over time of the day, are depicted in Fig. 3. The peak walking fre-
quencies occurred during the periods from 8:00 am to 8:59 am and from
6:00 pm to 6:59 pm, respectively. Except during the period from mid-
night to dawn (e.g. from 11.00 pm to 5:59 am), walking frequency was
the lowest in the middle of the day while the pedestrian crash frequency
was consistently high throughout the period from 8:00 am to 7:00 pm.
Because of the discrepancy between crash and walking frequency, bias
may exist in the association measure when only the aggregated walking
frequency was used as the exposure for the pedestrian crash prediction
model. In this study, the walking frequency and walking time of dif-
ferent trip purposes in different time periods were considered. Speci-
fically, trip purpose could be categorized into six: home, work, school,
shopping, dining and others (Miller and Roorda, 2003a,2003b; Bhat
et al., 2013; Allahviranloo and Recker, 2015).

Taking into account the effect of multi-modal (vehicle and pedes-
trian) exposure, the vehicular traffic was also considered in the pro-
posed crash prediction model. For instances, the information on annual
average daily traffic (AADT) (and hourly count) was obtained from the
Annual Traffic Census (ATC) dataset in 2011 maintained by the Hong
Kong Transport Department. ATC covers 87% of all public roads in
Hong Kong. Additionally, information on age, employment status,
household size and household income were obtained from the popu-
lation census. Furthermore, the transport network and traffic control
attributes including number of signalized and non-signalized intersec-
tions, and number of zebra crossings, were also incorporated into the

Table 1
Some examples of pedestrian crash exposure measures.

Exposures References Advantages Limitations

Population / population density Wier et al., 2009 • Easy to extract • Not considering the difference in the amount
of travel between individualCottrill and Thakuriah, 2010

Siddiqui et al., 2012a
Lee et al., 2015b
Wang et al., 2016

Pedestrian volume from
observational survey

Lam et al., 2014 • Considering the spatial and temporal distributions of
pedestrian exposure

• Not considering the effects of demographics
and other personal characteristics

Trip generation estimates from four-
step model

Bao et al., 2017 • Considering the effects of land use, demographics
and socio-economic characteristics on travel
demand

• Not considering the multi-modal (walking
and non-walking) trip legs

Walking frequency from household
travel survey

Elias et al., 2010 • Considering the effects of demographics and travel
purpose on safety

• Considering the temporal effect on safety

• Should consider multi-modal (vehicle and
pedestrian) exposuresNaderan and Shahi, 2010

Lam et al., 2013

Fig. 1. Spatial distribution of pedestrian crash.
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proposed model. The above data was matched with the crash, traffic
count and pedestrian exposure data using the GIS technique. Table 2
summarizes the characteristics of the candidate variables.

As shown in Table 2, walking frequency and time of back home trip
were predominant among the six travel purposes. Back home trip
constituted to 45% of walking frequency and 46% of walking time re-
spectively. For the mandatory travel (e.g. commuting), work trip con-
stituted to 25% of walking frequency and 24% of walking time re-
spectively. For the demographic characteristics, vulnerable group (i.e.
elderly and children) constituted to one-fourth of the overall popula-
tion. In Hong Kong, the average household size was 2.8 person, and the
proportion of household with more than three members was 34%.

Prior to the association measure between pedestrian crash, exposure
and possible factors, the variance inflation factor (VIF) was estimated to
identify any possible collinearity among the variables. The candidate
variables with VIF greater than five (e.g. proportion of unemployment,
number of signalized intersections) were not considered in the con-
solidated model. As the main purpose of current study is to identify the
significant contributory factors (and their effects) to pedestrian crash, it
is necessary to exclude the (theoretically less important) correlated
variables, even which the estimates of remaining correlated variables
might be biased (Tay, 2017).

4. Method

Poisson and negative binomial regression models are the most
commonly used approaches for crash occurrence (Wong et al., 2007).
Results of over-dispersion test indicated that the data was subject to
significant over-dispersion at the 1% level. Therefore, negative bino-
mial regression model was preferred to the Poisson model.

Negative binomial regression can be derived from the Poisson
model by introducing an unobserved heterogeneity error term , fol-
lowing the gamma distribution with mean of 1.
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where the mean of yit was given by E y µ( )it it= and
y µ µvar( ) (1 )it it it= + . ( ) stands for Gamma function and presents

the over-dispersion parameter. Furthermore, µit was given as follow:

xµln( )it it
T

0= + (3)

where xit was the column vector of exogenous variables corresponding
to entity i and time period t . was a vector of parameters of xit while 0
is the constant term.

For the conventional count data (Poisson and negative binomial)
models, the parameters were assumed to be fixed. However, as the
crash data were aggregated over specified zone and time period, the
effect of a possible factor on crash incidence may vary. For example,
risk perception could affect the pedestrian behavior, and therefore
contribute to crash incidence. The association between risk perception
and crash frequency was not revealed in the aggregated data. In this
case, risk perception varied across different individuals, but was not
explicitly observed. It was known as unobserved heterogeneity.
Therefore, assuming the parameters to be constant across observations

Fig. 2. Space-time distribution of walking frequency.

Fig. 3. Temporal distributions of pedestrian crash frequency and walking frequency.
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could result in biased parameter estimations when they were indeed
varying across observations (Savolainen et al., 2011; Xiong and
Mannering, 2013; Mannering et al., 2016).

To capture the variation in the effect of possible factor on the crash
incidence across individuals, the random parameter approach has been
applied (Anastasopoulos and Mannering, 2009). Specifically, parameter
corresponding to the specific factor is no longer treated as constants but
vary cross individuals (Train, 2009). Assumed that was associated
with the density function of f ( ), Eq. (3) becomes:

P y p y f d( ) ( | ) ( )it it= (4)

If random parameter vector collapsed to the case that only con-
stant was found randomly distributed, random parameter model was
consistent to random-effect model. Halton draws have been used to
solve the random-parameter models and provided stable results (Train,
2001). Three indicators are used for evaluating the goodness-of-fit of
the random-parameter models, namely Pseudo 2, Akaike information
criterion (AIC) and Bayesian information criterion (BIC).

5. Estimation results

Three random-parameter negative binomial regression models were
established to measure the association between pedestrian crash fre-
quency and possible risk factors. The exposure to pedestrian crash was
proxied by the zonal population in Model 0, walking frequency in
Model 1 and walking time in Model 2 respectively. Results of the three
estimated models were given in Table 3.

As shown in Table 3, Pseudo 2 of Model 0, Model 1 and Model 2
were 0.04, 0.27 and 0.26, AICs of Model 0, Model 1 and Model 2 were
4,837.80, 3,714.35 and 3,751.12, and BICs of Model 0, Model 1 and
Model 2 were 4,875.73, 3,798.64 and 3,824.54, respectively. Model 1
was superior to the two other counterparts, given the highest Pseudo 2

while the lowest AIC and BIC. This indicated that model using the
walking frequency as the proxy for pedestrian exposure had the best
prediction performance.

For the model using walking frequency as proxy for pedestrian ex-
posure (Model 1), as shown in Table 3, walking frequency (for back
home, work, study and shopping), traffic flow, proportion of population
age below 15, age above 64, proportion of household with more than 3
members, median household income, road density, number of non-
signalized intersection and zebra crossing all significantly affected the
crash frequency, at the 1% level. In particular, increase in walking
frequency (coefficient ranged from 0.03 to 0.25), proportion of vul-
nerable population (age below 15, coefficient= 8.02; and above 64,
coefficient= 4.15), median household income (0.002), road density
(0.02), and number of non-signalized intersection (0.04) and zebra
crossing (0.01), were correlated to the increase in pedestrian crash
frequency. In contrast, increases in traffic flow (-0.03) and household
with more than 3 members (-2.44) were correlated to the reduction in
pedestrian crash frequency. Additionally, effects of proportion of young
population, and household with more than 3 members and median
household income on crash frequency varied across the observations.
Similar results could be revealed for the model using walking time as
the proxy for pedestrian exposure (Model 2).

Table 4 illustrates the elasticity estimates of walking frequency by
travel purpose. Increase in pedestrian crash frequency is less propor-
tionate to that of walking frequency, as the elasticities are all less than
one (0.25, 0.11, 0.08, 0.07 and 0.03 for back home, work, school,
shopping and other trips respectively). Nevertheless, the effect of back
home travel is dominant among other travel purposes.

6. Discussion

In this study, pedestrian crash prediction model using walking fre-
quency as the proxy for pedestrian exposure was found superior to that
using zonal population and walking time. Though population is often
used as the proxy for exposure as it is readily available in the census
dataset, it is not necessary that every individual would make the same
number of (walking) trips in a specified period of time. On the other
hand, population could only reflect the number of residents in the area
concerned, it should not necessarily reflect the exposure of commuters

Table 2
Summary statistics of the variables used in current study.

Variable Mean Std. Dev. Min Max

Pedestrian crash count 20.31 20.69 0 89
Walking frequency

Home 20,711.00 29,755.74 0 219,524
Work 11,282.38 26,590.24 0 288,345
School 3,725.92 10,508.50 0 92,389
Shopping 3,792.33 5,023.76 0 32,209
Dining 2,547.89 4,251.15 0 35,439
Others 3,953.78 4,699.43 0 25,726

Walking time (minute)
Home 106,281.40 156,019.10 0 1,360,410
Work 54,653.49 135,696.30 0 1,410,589
School 18,066.02 53,136.65 0 544,495
Shopping 21,320.60 28,749.95 0 168,726
Dining 11,684.00 20,491.71 0 205,374
Others 19,035.26 22,239.84 0 124,815

Annual average hourly traffic 1,514 1,098 10 4,646
Zonal population 271,938 146,182.50 57,338 622,152
Proportion of population

Age below 15 years 0.12 0.01 0.10 0.15
Age 15-64 years 0.75 0.26 0.72 0.80
Age above 64 years 0.13 0.03 0.07 0.18
Unemployed 0.33 0.03 0.27 0.37
Non-Chinese 0.08 0.06 0.02 0.21

Proportion of household with more than 3 members 0.34 0.04 0.25 0.40
Median household income 23,365 5,461.49 7,500 12,500
Road density (km/km2) 9.18 7.58 0.33 31.28
Number of signalized intersections 56.81 39.60 0 141
Number of non-signalized intersections 798.19 342.02 156 1,544
Number of zebra crossings 10.23 8.89 0 31
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travelling in the area.
Besides, model using walking frequency as the proxy better reflected

the prevalence of vehicular-pedestrian interaction, as compared to that
using walking time. For instances, increase in the number of walking
trip by ten times was more likely correlated to the increase in the fre-
quency of vehicular-pedestrian interaction by the same extent, how-
ever, it might not be the case for increasing the walking time by ten
times (it could be attributed to the increase in the time spent on the
footpath or waiting at the crosswalk) (Siddiqui et al., 2012a,b; Cai
et al., 2017; Wang et al., 2017). On the other hand, in the household
travel survey, the reliability of (self-reported) information on walking
frequency could be higher than that of walking time, because of the
variation of time perception among individuals and thus the un-
reliability of self-reported walking time (Chu, 2003; Greene-Roesel
et al., 2007). On the other hand, increase in traffic flow was correlated
to the reduction in pedestrian crash. It could be attributed to the

increase in safety awareness of the pedestrian due to the increase in
traffic volume. Then, the propensity of reckless crossing behavior could
be reduced, and therefore, the risk of pedestrian crash reduced.

6.1. Travel purpose

Increase in the pedestrian exposure was found correlated to the
increase in the frequency of pedestrian crash. However, as shown in
Fig. 2, the pedestrian crash rates (per unit walking frequency) were
remarkably high during the noon (12.00 pm – 1.59 pm) and late
afternoon (3:00 pm- 4:59 pm), even though the overall walking fre-
quency was very low during the periods. It could be attributed to the
reckless behavior of the pedestrian, since it is the prime time for back
home travel during the periods (Clarke et al., 2006; Anderson, 2008;
Devlin et al., 2010; Liu and Yue, 2011; Palamara and Broughton, 2013).
Considering the distribution of walking frequency by travel purpose,
back home travel was dominating during the noon (about 35%) and late
afternoon (about 75%) periods. Indeed, pedestrian inattentiveness was
one of the top contributory factors to road crashes in recent years (Hong
Kong Transport Department, 2012-2016Hong Kong Transport
Department, 2012-2016). These are consistent to the findings of earlier
studies that the travel purpose and time of the day can affect the tra-
velers’ behavior and thus the safety level on roads (Elias et al., 2010;
Naderan and Shahi, 2010). This could shed light on the setting of road
safety target, and then better planning of road safety strategies that can
enhance the safety of vulnerable pedestrian group at specified time
periods and locations (Wong et al., 2006; Sze et al., 2014; Sze and
Christensen, 2017). In particular, it is necessary to improve the road
user education and enforcement measures that could enhance the safety

Table 3
Estimation results of random parameter negative binomial models.

Variables Model 0 Model 1 Model 2

Coef. p-value Coef. p-value Coef. p-value

ln (Walking frequency)
Home 0.25 < 0.001
Work 0.11 < 0.001
School 0.08 < 0.001
Shopping 0.07 < 0.001
Dining 0.02 0.07
Others 0.03 0.02

ln (Walking time)
Home 0.22 <0.001
Work 0.09 <0.001
School 0.06 <0.001
Shopping 0.05 <0.001
Dining 0.03 <0.001
Others 0.02 <0.001

Annual average hourly traffic 0.09 0.06 −0.03 0.01 −0.02 0.03
Zonal population 1.59 < 0.001
Proportion of population

Age below 15 years 8.02 < 0.001 6.78 <0.001
std. of age below 15 years 1.47 < 0.001 2.09 <0.001
Age above 64 years 6.53 0.01 4.15 < 0.001 3.92 <0.001

Proportion of household with more than 3 members −4.77 0.003 −2.44 < 0.001 −2.33 <0.001
std. of household with more than 3 members 0.45 < 0.001

Median household income 0.003 0.001 0.002 < 0.001 0.003 <0.001
std. median household income 0.45 < 0.001 0.000 <0.001

Road density (km/km2) 0.03 < 0.001 0.02 < 0.001 0.03 <0.001
Number of non-signalized intersection 0.02 < 0.001 0.04 < 0.001 0.04 <0.001
Number of zebra crossing −0.007 <0.001 0.01 < 0.001 0.01 <0.001
Constant −0.214 0.320 −3.22 < 0.001 −3.39 <0.001
Log likelihood with constant only −2514.17 −2514.17 −2513.17
Log likelihood at convergence −2408.90 −1838.17 −1857.56
Number of observations 624 624 624
Pseudo ρ2 0.04 0.27 0.26
AIC 4837.80 3714.35 3751.12
BIC 4875.73 3798.64 3824.54

Table 4
Elasticity of pedestrian crash frequency.

Variable Elasticity

Walking frequency Mean t-statistics (p-value)

Home 0.25 26.52 (< 0.001)
Work 0.11 11.47 (< 0.001)
School 0.08 10.53 (< 0.001)
Shopping 0.07 6.89 (< 0.001)
Dining 0.02 1.81 (0.069)
Other 0.03 2.28 (0.023)
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awareness of pedestrian on their way back home (Wong et al., 2008).
Yet, the association between safety perception and safety risk of in-
dividual pedestrian was blurred when the crash data was aggregated by
time and zone. It would be worth exploring the factors affecting the
safety perception of pedestrian and thus crash involvement using ob-
servational and/or perceptional survey.

6.2. Socio-demographics

Age could also affect the frequency of pedestrian crash. In parti-
cular, increases in the proportions of children and elderly people were
correlated to the increase in the frequency of pedestrian crash (Fontaine
and Gourlet, 1997; Noland and Quddus, 2004; Palamara and
Broughton, 2013; Jiménez-Mejías et al., 2016). It could be attributed to
the variations in the obedience of traffic rule, risk perception and safety
awareness across different age groups (Ponnaluri and Nagar, 2010;
Siddiqui et al., 2012a,b). In particular, the children and younger teens
had a higher propensity to involve in reckless behavior on roads (Tay,
2003). For the elderly pedestrian, the high crash risk could be attrib-
uted to the degradation of cognitive performance, gap acceptance and
impaired mobility (Fontaine and Gourlet, 1997; Noland and Quddus,
2004; Palamara and Broughton, 2013; Jiménez-Mejías et al., 2016).
Therefore, targeted road user education programs should be conducted
in the schools and community centers.

Increase in household median income was found correlated to the
increase in pedestrian crash incidence. It could be attributed to the
difference in safety perception and choice decision across population of
different income levels. In particular, the trade-off between travel cost
and crash risk could vary with the value of time of commuter (Tay,
2003). Such finding could be indicative to the planning and design of
built environment, especially for the enhancement of accessibility, and
therefore the safety performance, in accordance to the need of different
population demographics and socio-economics (AECOM Asia, 2010;
Mannings (Asia) Consultants, 2010; MVA Hong Kong, 2013). Ad-
ditionally, increase in the proportion of household with more than 3
members was found correlated to the reduction in the frequency of
pedestrian crash. It could be because the vulnerable road users (i.e.
children and elderly) are usually accompanied by other household
members, in particular the domestic helper or health care taker, for the
household with more members, which was commonly seen along the
streets in Hong Kong. It could then enhance the safety awareness and
reduce the crash risk on roads (Huang et al., 2010; Cai et al., 2017).
This is indicative to the road safety education and promotional strate-
gies targeted to the caretakers of vulnerable pedestrian group (Sze and
Christensen, 2018).

6.3. Transport system characteristics

Last but not the least, transport system characteristics including
road density (road length per unit area), number of non-signalized in-
tersection and number of zebra crossing could affect the pedestrian
safety. Specifically, increase in road density was found correlated to the
increase in pedestrian crash. It could be attributed to the increase in the
potential vehicular-pedestrian interactions, and thus the incidence of
pedestrian crash. This should also be applicable to the association be-
tween pedestrian crash, number of non-signalized intersection, and
number of zebra crossing (Varhelyi, 1997). This implied that installa-
tion of signal control at the intersection and crosswalk (segregating the
conflicting vehicular and pedestrian streams by time and space) might
effectively reduce the incidence of pedestrian crash. (Castro et al.,
2012; Siddiqui et al., 2012a,b). This is indicative to the planning of
pedestrian infrastructure and traffic management & control strategies
that could mitigate the vehicular-pedestrian interaction, and therefore
the pedestrian crash potential (Sze and Wong, 2007). It was noticed
that the signs of annual average hourly traffic and number of zebra
crossing were difference across the three models. When the amount of

walking is not considered (using zonal population as the proxy), it is
expected that the crash incidence would increase with traffic volume
and decrease with the presence of zebra crossing. The pedestrian per-
ception and behavior are indeed correlated to the traffic volume and
traffic control. Therefore, when the amount of walking is used as the
proxy (effect of pedestrian behavior is incorporated implicitly), the
effects of traffic volume and presence of zebra walking could be re-
versed. Therefore, increase in pedestrian crash is correlated to the re-
duction in annual average hourly traffic and the presence of zebra
crossing.

7. Conclusion and future research

This paper contributes to the literature by developing a pedestrian
crash prediction model, at zonal level, that takes into account the ef-
fects of pedestrian exposure and travel purpose. The contribution of this
paper is twofold. Firstly, we sought an alternative approach for mea-
suring the pedestrian exposure based on the comprehensive household
travel characteristics survey data. Therefore, the effect of the difference
in the amount of walking across population groups on crash incidence
can be considered. In particular, the model that applied the walking
frequency as the proxy to pedestrian exposure was superior to that
using zonal population and walking time. Secondly, the effect of travel
purpose on pedestrian crash risk was examined. The exposure was
discretized by hours of the day and travel purposes. Results indicated
that the crash risk of back home walking trip was more profounding
than that of other travel purposes. Additionally, effects of confounding
factors including age, household size, household income, road density
and intersection control on pedestrian safety were revealed. Results
should be indicative to the targeted road user education, enforcement
and traffic control measures that could enhance the safety awareness of
vulnerable pedestrian group, and therefore improve the pedestrian
safety in the long run. This is an essence to the promotion of walkability
in an aging society like Hong Kong.

Yet, in the current study, the association between pedestrian crash
incidence, exposure and possible risk factors was measured using the
aggregated data by time and zone. Besides, we only considered the
pedestrian crash exposure on weekdays, given the availability of travel
data. It would be worth exploring the effects of demographics, socio-
economics, built environment, and multi-modal (vehicular and pedes-
trian) traffic flow on the safety perception, and in turn the propensity of
reckless behavior of pedestrian, when the trajectory data of individual
vehicle and pedestrian are available through extensive observational
survey in the extended study.
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