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ABSTRACT

Every year, about 19 percent of vehicle-pedestrian crashes in Melbourne metropolitan area, Australia,
involves pedestrians with less than 18 years of age or school-aged pedestrians. This paper aims to
identify contributing factors on vehicle-pedestrian crash severity of this age group. Reasonable walking
distance to schools is applied in Geographic Information Systems (GIS) to identify vehicle-pedestrian
crashes around schools. Then Boosted Decision Tree (BDT) and Cross-Validation (CV) technique are
applied to explore significant factors. Results show that the distance of pedestrians from school is a
significant factor on vehicle-pedestrian crash severity for this age group. This result could assist in
identifying safe distance and safe zone around schools. Furthermore, Public health indicators such as
income and commuting type from or to school found as other contributing factors to this crash type.
Keywords: vehicle-pedestrian crash, school-aged, BDT, Melbourne, GIS.

1 INTRODUCTION
On average, every year about 34 pedestrians are killed in traffic crashes in Melbourne
metropolitan area, representing 24% of the total traffic fatalities. Also, more than 9% of the
pedestrians killed in those crashes were under the age of 18 (i.e. the age of school children)
whereas 19% of the total pedestrians seriously injured were under the age of 18 [1]. To reduce
the involvement of school children in such crashes, we need to identify contributing factors
on vehicle-pedestrian crashes for this age group and improve safety in the school zones.

In recent years, many research conducted to identify contributing factors on
vehicle-pedestrian crash frequency and severity [2]-[11]. For instance, Tay et al. [3],
identified that pedestrians’ and drivers’ age, and driving speed could influnce vehicle-
pedesterian crash severity in South Korea. Furthermore, in another study Toran pour et al.
[2] indicated that neighbourhood social characteristics were as important as traffic and
infrastructure variables in severity of pedestrian crashes.

However, there is relatively fewer research focused on school-aged vehicle-pedestrian
crashes. For instance, In addition, Graham and Glaister [12] found that the probability of
child pedestrian casualties is higher in more deprived areas. In another study, Noland and
Quddus [13] found that more severe pedestrian injuries are associated with the areas with
lower income, higher percent of local roads, higher per capita expenditure on alcohol, and
larger numbers of people. Abdel-Aty et al. developed a GIS base crash analysis and Log-
linear model for pedestrians under 19 years of age in Florida [14]. In this research, they
showed that majority of school-aged children crashes occurred in the areas near schools.
Furthermore, in this study drivers’ and pedestrians’ age, road geometry, speed limit, and
speed ratio were also found to be correlated with the frequency of crashes. Also, in another
study it is identified that child pedestrian crashes are more strongly associated with built
environment features [15].

Koopmans et al. [16], investigated the vehicle-pedestrian injury crashes for pedestrians
under 19 years of age in Chicago and found that environmental conditions such as weather
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condition, light and location of crashes are contributing factors on crash injury severity of
pedestrians. Lee et al. [17], applied standard negative binomial and zero-inflated negative
binomial models to identify the influencing environmental attributes of intersections on
crashes involving children aged 10 to12 years of age in Korea near elementary schools. They
found that a higher number of student crossings, a wider road width, the presence of
crosswalks, student-friendly facilities at the intersection, and four-way intersections were
significant and positively associated with perceived crash risk among school-aged children.

Literature review shows that, there are relatively few studies with an emphasis on more
refined spatial distribution of school-aged crashes, particularly in the areas surrounding
schools. Furthermore, the existing research applied linear buffer around schools to identify
crashes and in the existing studies walking distance is not considered.

The objectives of this study are: (a) to identify contributing factors on vehicle-pedestrian
crash severity for the school-aged pedestrians. For this reason, the Boosted Decision Tree
(BDT) is developed and influencing factors on this crash types identified. b) to identify crash
severity risk distance from schools using GIS analysis and BDT model development. Using
Network analysis in GIS and Partial Dependence Plots in BDT model are developed to
identify the in which distance from schools the severity of crashes in lower.

This paper is structured as follows. The next section of the paper presents the dataset and
methodology of this research. The results are presented and discussed in Section 3. Finally,
the outcomes are summarised in Section 4.

2 DATA AND METHODS
2.1 Dataset

Road Crash Information System (RCIS) is used to extract pedestrian crashes. RCIS is an
online database providing crash data from Victorian road incidents dating back to 1987 and
includes data on personal characteristics (e.g. driver/pedestrian age, gender), vehicle
characteristics (e.g. vehicle type, weight), road and environment conditions (e.g. road
surface, light and pavement conditions), and temporal parameters (e.g. date, day and time of
the crash). In Victoria, only crashes resulting in injury to at least one of the road users
involved in the accident are required to be reported to the police.

In Victoria, the severity of a crash is determined by the person with the most severe injury.
A fatal crash refers to a crash in which at least one person dies within 30 days of a collision,
while a serious injury crash refers to a crash in which at least one person is sent to the hospital
[1]. It is noted that this classification is different from other schemes that use actual injury
scale such as the Abbreviated Injury Scale (AIS) and might be an overestimation of the crash
severity level because some of the road users who are sent to the hospital may only suffer
minor injuries.

To investigate the variables influencing school aged vehicle-pedestrian crash severity, data
for these crashes on public roadways of Melbourne metropolitan area from 2004 to 2013 are
extracted from RCIS. Of the total of 11,548 vehicle-pedestrian crashes, 2,161 are related to
pedestrians less than 19 years of age. According to VicRoads severity classification, of the
2,161 school-aged vehicle-pedestrian crashes included in the study, 1.2% were fatal crashes,
43.5% were serious injury crashes, and. 55.3% were minor injury crashes.

In addition to the crash data, data on the neighbourhood social and economic
characteristics are extracted from the Australian Bureau of Statistics [18]. ArcMap GIS 10.3
is used to extract the social and economic variables related to each suburb where the
corresponding vehicle-pedestrian collision occurred. ArcMap GIS 10.3 is also used to extract
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the traffic volume data from the Melbourne road network database for each crash location.
In addition, to identify the distance of crashes from schools, 1274 schools including primary,
secondary, language and special schools which are located in Melbourne metropolitan area
are used in GIS. Tables 1 and 2 show a summary of the categorical and continuous variables
used in this study, respectively.

2.2 Methods

In this research network analysis in ArcMap 10.3 is used to identify distance between crash
locations and schools. Then this distance with other factors are applied in Boosted Decision
Tree Model (BDT) to identify contributing factors on school-aged vehicle-pedestrian crash
severity. Furthermore, Partial Dependence Plot (PDP) is applied to find crash severity risk
distance from schools and this result is used in GIS to identify roads with higher probability
of crash severity around schools.

Non-parametric techniques such as Decision Tree (DT) and support vector machine have
been used in different traffic crash severity analysis [19]-[24]. The DT approach is a simple
and powerful method to solve classification problems and provides a graphical structure
using a tree with many branches and leaves. These graphical features are useful in
understanding and interpreting the results [20]. In DT models, the root node on top of tree

Table 1: Categorical explanatory variables applied in BDT model.

Variables Percent Variables Percent
Fatal Crash 0.6 Day 98.1
Severity Serious Injury 37.5 Light Dusk/Dawn 1.5
Crash ' Condition '
Minor Injury Crash | 61.9 Other 0.4
Monday 18.3 Intersection 49.5
]()Igsh of Myesday 3.1 Node Type | Mid-Blocks | 49.8
(school Wednesday 18.4 Other 0.7
days) Thursday 19.7 Dry 87.6
Friday 20.5 Surface Wet 9.1
Firs Peak (7:00- Condition
Time of | 9:00 am) 32.7 Other 33
Crash Off-Peak  (10:00
am—3:00 pm) 67.3 Atmosphere Clear 004
January 4.8 Condition Rainy 5.8
February 8.8 Other 3.8
March 10.4 Pedestrian Male 54.2
April 7.9 Gender Female 44.7
May 11.4 Driver Male 47.5
ﬁonth June 7.7 Gender Female 43.8
Crash July 7.9 Under 50 km/h | 49.6
August 8.6 Speed Limit 60-70 km/h 41.8
September 9.8 P >70 km/h 5.5
October 8.2 Other 3.1
November 7.2
December 7.4
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Table 2: Descriptive statistics for continuous variables applied in BDT model.

Variable Unit Mean Std. Deviation
Traffic Volume X;;“de PEr 1 116943 8973.8
Distance to school Meters 595.2 466.3
Distance to Public

Transport Stops Meters 133.1 169.0
Median income AUS Dollars | 599 155.6
Use Public Percent 104 6.5
Transport

Use other type of Percent 33 2.3
transport

Use Private Percent 62.5 14.6
Use Walk Percent 4.1 7.8
Use Multimodal Percent 5.1 1.5

which contains all objects is split into two homogeneous sets that are called child nodes.
Then, DT splits child nodes until no further split can be made (i.e. all child nodes are
homogenous or a user-defined minimum number of objects in the node is reached). These
final nodes are called terminal nodes or leaves and they have no branches.

One disadvantage of the DT models is that it is often unstable and the results may change
significantly with changes in the training and testing data [25]. Therefore, ensemble models,
such as Bagged Decision Tree (BgDT), Boosted Decision Tree (BDT) and Random Forest
(RF), are applied in some studies to improve the reliability and accuracy of DT models
[2], [26]-[30]. Since BDT has better performance in vehicle-pedestrian crash severity
analysis than DT and BgDT models [2], BDT model is applied in this research to explore the
factors contributing to vehicle-pedestrian crash severity.

BDT combines regression trees and boosting technique to improve the performance of DT
models. Boosting is a forward and stage-wise procedure in which a subset of data is randomly
selected to iteratively produce new tree models and improve the quality of prediction [31].
This procedure introduces a stochastic gradient boosting procedure that can improve model
performance and reduce the risk of over-fitting [32]. In stochastic gradient boosting
procedure and at each iteration, a subsample of the training data is drawn randomly (without
replacement) from the full training dataset. To fit the base learner, the randomly selected
subsample is then used, instead of the full sample.

In this approach, the residuals will be calculated after the first tree is fitted. In BDT, the
difference between the target function and the current predictions of an ensemble is called the
residual. At the next stage, observations with high residual values are defined as observations
with high prediction error. Then, BDT calculates the adjustment weights using eqn (1):
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where 0 <m(i) <n and n is the number of fitted decision tree models and m is the number of
models that misclassifies case i in the previous step. The weights are then used to adjust the
estimated probabilities and minimise the misclassification error rate. Hence, subsequent trees
are fitted to the residual of the previous tree [33]. This procedure is repeated n times and on
m models to adjust the estimated probabilities.

In this research, fitted BDT models are obtained using the “gbm” library [34], in the R
software [35], in the caret package [36]. To develop the BDT model, the repeated k-fold
cross-validation technique is applied. The dataset is randomly divided into k blocks of
roughly equal size instead of dividing the data into training and testing sub-sets. In each
iteration, one block is left out and the other k-1 blocks are used to train the model. Each k
block is left out once and the left-out block is used for prediction. These predictions are
summarized in a performance measure (e.g. accuracy). This procedure is repeated S times to
decrease the error and find the most robust model. The (s X k) estimates of performance are
then averaged to obtain the overall re-sampled estimate.

To illustrate the influence of factors on crash severity levels the PDP is applied. Partial
Dependence Plots (PDP) depict the relationship between the response and one predictor
variable, while accounting for the average effects of all other predictors [32], [37].

In this research, a 10-fold cross-validation with 5 iterations [2], is applied for each model
and the performances of the models were estimated. In addition to the error rate, interaction
depth and shrinkage are other parameters that are used to evaluate the BDT models. The
shrinkage or learning rate is used to determine the contribution of each tree to the growing
model. This parameter is used to decrease the contribution of each tree in the model. Tree
complexity or interaction depth represented the depth of a tree and showed the interaction
among predictor variables. Based on a previous research conducted by Toran Pour et al. [2],
the interaction depth and shrinkage parameters are assumed to be 15 and 0.1, respectively
and the model repeated 2,000 times (boosting iterations) to find the final model.

3 RESULTS AND DISCUSSION
Fig. 1 shows the top 10 most important predictor variables for school-aged vehicle-pedestrian
crash severity. As shown in this figure. ‘Crash Distance to School’ is the most important
contributing factor on the severity of school-aged vehicle-pedestrian crashes, showing that this
variable is a significant influencing variable on vehicle-pedestrian crash severity at this age
group. The results from this study show that this factor needs to be considered in vehicle-
pedestrian crash studies around schools and for school-aged pedestrians.

Median income of crash location neighbourhoods is the second contributing factor on
school-aged vehicle-pedestrian crash severity. This result is similar to the other research that
found income could influence the vehicle-pedestrian crashes around schools [13], [38]. This
result will assist transportation engineers, planners and policy makers in identifying the target
customer segments for improving child pedestrian safety. Knowing the right target audience
is critical for the success of safety education and communications programs, such as
publishing child pedestrian safety bulletins, safety programs at schools, and using warning
messages on billboards.
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According to Fig. 1, Traffic volume and Distance of crash to public transport stops are
two next contributing factors on the vehicle-pedestrian crash severity of this age group. These
results are consistent with results from other studies that found traffic volume and public
transport stops could influence vehicle-pedestrian crashes [2], [39]-[41]. Furthermore, Fig.
1 indicates that type of commuting to/from school could be a contributing factor on school-
aged vehicle-pedestrian crash severity. School-home commuting type could influence
walking distance and exposure of school-aged pedestrians to vehicular traffic. Finally, this
figure shows that month of crash (March) is another factor that is identified as influencing
factor on this type of crashes. In Australia, March is the last month of school term 1 and it is
one of the busiest months for schools and school-aged pedestrians.

Fig. 2 shows the partial dependence plots for the first 10 top factors for different levels of
vehicle-pedestrian crash severity. In this figure. it is possible to identify the influence of
different variables on vehicle-pedestrian crash severity levels. Fig. 2(a) illustrates that
increasing the distance of crash location from/to schools from about 450 meters will increase
the probability of fatal crashes. Therefore, it is possible to define this distance as safe walking
distance toward schools for school-aged pedestrians. Furthermore, this result assists in
identifying target roads to apply road safety strategies and plans for school-aged pedestrians
including speed calming, warning systems or child pedestrian crossing supervision.

Fig. 2(b) presents the influence of median income on crash severity of school-aged
pedestrians around the schools. This figure shows that the probability of a vehicle-pedestrian
crash to be fatal is much higher in suburbs around schools with less weekly income.
According to this figure, the risk of fatal crashes that occurs in suburbs with median weekly
income between $370.00 and $450.00 per week (low income) could be more than other
suburbs. This result is consistence with the results from other studies that showed the
probability of vehicle-pedestrian crashes to be fatal is more in low-income suburbs
[6], [13], [42]. Our results, as highlighted in Fig. 2(b), suggest that suburbs with low median
income could be targeted for school-aged pedestrian safety educational programs or
campaigns. These programs could increase the traffic safety knowledge, especially safe
walking knowledge, and improve pedestrian safety for child living in these targeted suburbs.

Moreover, Fig. 2(c) shows that increase in traffic volume from about 15,000 to 19,000
vehicles per day in roads around schools could increase the risk of fatal crash. The risk of
fatal crash decreased and then remained stable after 21,000 vehicles per day. The results of
the present research are consistent with the results of other studies showing that increasing
traffic volume can increase pedestrian crash frequency and the probability of pedestrian crash
severity [2], [40]-[44]. These results suggest that transportation engineers and planners may
want to target roads with more than 15,000 vehicles per day to improve the safety of these
vulnerable road users around schools. More pedestrian crossings, pedestrian signals and
flashing lights on these roads may assist in improving the safety of school-aged pedestrians.

Fig. 2(d) shows that the severity of vehicle-pedestrian crashes for this age group and
around schools is decreased by increase in the distance of crash to/from public transport stops
(from 0 to 50 meters) and then remained stable (from 50 to 110 meters). According to this
figure the probability of fatal crashes then increases with the increase in the distance of
pedestrian crash locations to public transport stops from 160 to 450m. Using different
warning signals and signs around public transport stops may increase the attention given by
drivers to pedestrians. More research is required to analyse vehicle-pedestrian crashes in the
vicinity of public transport stops and further the 450m distance to identify appropriate
pedestrian safety programs [2].
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Figure 1: Top 10 relative importance of predictor variables for school-aged vehicle-
pedestrian crashes in BDT model.

Figs 2(e) to (i) show the influence of using different transport type to commute between
home and schools on school-aged vehicle-pedestrian crash severity. These figures show that
different commute type could influence the vehicle-pedestrian crashes differently. For
instance, increasing the percentage of people that walk or use public transport to commute
between home and schools could slightly increase the risk of fatal vehicle-pedestrian crashes.
However, using multimodal transport (e.g. Private-public transport) could decrease this risk.

Finally, Fig. 2(j) shows that the risk of school-aged vehicle-pedestrian crashes could vary
at different months of year. This figure shows that the risk of fatal crash is increased in March.
In Victoria, Australia, March is the last mount of term 1 for schools and in this month students
may be more active than other months. This result could assist in identifying the month with
higher risk of accident to apply safety programs for students and parents to improve the safety
of school-aged pedestrians.
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4 CONCLUSION
Identifying contributing factors on school-aged vehicle-pedestrian crash severity could assist
transportation engineers, road safety professionals and policy makers in developing and
implementing effective countermeasures around schools to reduce the number of pedestrian
deaths and injuries of these vulnerable road users. In this research, the BDT model was
applied to identify the contributing factors on the school-aged vehicle-pedestrian crashes.
Also, GIS is applied to identify the distance of crash location to/from schools, and also extract
socio-economic factors such as income and commute type related to location of crashes.
Results from this research would provide valuable information to assist road safety
professional in targeting the right neighbourhoods to implement different safety measures
related to pedestrians and drivers, as well as targeting site specific safety measures to reduce
vehicle-pedestrian crashes for school-aged pedestrians.

This study found that distance of crash to schools is the most important variable in vehicle-
pedestrian crash severity around schools. Moreover, this research revealed that public
wellbeing indicators such as median income and using public transport have influence on
severity of crashes in this age group.

This research found that traffic volume and distance of crashes to/from public transport
stop are two other contributing factors on school-aged vehicle-pedestrian crashes in
Melbourne metropolitan area. Furthermore, this research showed that month of the year could
be an important factor for vehicle-pedestrian crash severity in this age group.

These results could assist transport and safety planners in identifying target suburbs/roads
and introducing appropriate countermeasures such as pedestrian safety educational programs
to improve the safety of school-aged pedestrians.
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