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Abstract

This paper models road traffic collision counts recorded between 2015 and 2019 in
a ward located in the central part of Cape Town in South Africa, using a Bayesian
spatio-temporal zero-inflated Negative Binomial approach. The method accounted for
the excess zeros present in collision data by separately modeling zero and non-zero
collision counts, while also capturing spatial and temporal dependencies through prior
distributions. Road-level information was used as fixed-effects covariates, including
speed limits, presence of traffic calming measures, traffic signals, road class, number of
lanes, whether the intersection is on “Main Road”, and whether a public transport route
passes through the intersection. The results reveal that among the covariates included in
the selected model, node degree (used as a proxy for traffic flow), the presence of traffic
signals, having any major road around the intersection (road class), location along
“Main Road”, and the presence of a taxi route at the intersection were all associated
with an increase in traffic collision counts at the intersections. The years 2018 and
2019 were associated with higher collision counts compared to the reference year,
2015. For the probability component of the model, the existence of traffic signals at
the intersection and location along “Main Road”were both associated with an increase
in the chances of at least one collision being observed at the intersection, whereas
having any high-speed road around the intersection decreased this chance.
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Introduction

Sustainable transport is of utter importance in achieving some of the sustainable
development goals set for 2030. However, one of the main challenges that threaten
sustainable transport is the large number of traffic collisions that continue to occur
(UN, 2017). Therefore, analyses and estimations aimed at improving, understanding
and reducing traffic collisions are essential for sustainable transport. Moreover, since
traffic collisions usually occur due to a combination of road, driver and environmental
related factors, identifying these factors can support measures to reduce the frequency
and injury-severity of road traffic collisions. Human behaviour is often the main cause
of the majority of road collisions compared to vehicle defects which account for far
fewer road traffic collisions.

According to the South African Road Traffic Management Corporation’s (RTMC)
road safety report (Department of Transport, 2018), South Africa recorded 12921
fatalities resulting from road traffic collisions in 2018. Human-related factors was
recorded as the main cause of 89.3% of fatal road traffic collisions in South Africa in
2018, with speeding, jay-walking and hit-and run noted as the most frequent causes.
Road and environmental factors were found to be the main cause of 6.5% of fatal road
traffic collisions in 2018, with poor visibility, wet road surfaces, and sharp bends in
the road being the most frequent causes. Vehicle-related factors accounted for 4.2%
of fatal road traffic collisions, with burst tyres being the most commonly identified
cause. Among all the victims of fatal road traffic collisions in South Africa in 2018,
26% were drivers, 33% were passengers, 38% were pedestrians and 2% were cyclists.
The report also determined that among fatal road traffic collisions, the most frequent
major collision types were head-on collisions, multiple vehicle collisions as well as
single vehicles overturned.

In this paper, we focus on the road traffic collisions that occurred at road intersec-
tions in the City of Cape Town metropolitan municipality between 2015 and 2019,
specifically in ward 57. The City of Cape Town (CoCT) is the second largest city in
South Africa with 7.7% of the population living within the municipality according to
the national census 2022 (StatsSA, 2022). It is also the second largest contributor to
national employment in the country (StatsSA, 2011). Analyses that enhance under-
standing and reducing the collisions in the metropolitan city can inform safety efforts
in similar cities in South Africa and in other developing countries.

The RTMC is the main source of South African road traffic collision data used
by researchers. This database includes the attributes of each collision such as the
severity, time and alleged cause of the collision. The database also contains the road and
intersecting road names where the traffic collisions occured. This allows the collisions
that happened at an intersection to be highly precisely geocoded compared to the
collisions that happened along a road segment which often have poor, incomplete
location descriptions.
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The primary aim of this research is therefore to model the collision counts at road
intersections using road level characteristics and understand the dynamics behind
the collisions, including the differences from year to year. The broader aim is to
inform policy decisions by guiding the policy makers in CoCT Transport and Data
Science departments, in providing solutions for potentially reducing traffic collisions
and improving the overall road safety.

Literature Review

There are numerous studies analysing road traffic collisions and the factors influencing
the casualties recorded on major city road networks. Most of these studies perform
statistical analyses appropriate for the nature of their data and make comparisons
between the methods used. Given the diversity of the study areas, data collection
techniques, aggregation methods and statistical methods employed, the results from
the literature may not be directly generalisable to the CoCT. However, it is important
to first understand the findings of these studies before delving into the analysis of the
traffic collisions dataset for CoCT.

Road traffic collision datasets are often collated by transport departments (Levine
etal., 1995) based on individual incident reports submitted in paper format by regional
police departments. The datasets available to researchers often lack the precise loca-
tions of collisions, providing only the names of the road(s) where the collisions
occurred. While it is relatively easier to geocode the exact location of a collision
at an intersection, pinpointing the location becomes more challenging when a colli-
sion occurs along a road segment and only the road name is provided. In instances were
collisions cannot be attributed to an exact location, such data is either aggregated to a
road segment, or to an areal unit such as provinces, districts or wards (Erdogan, 2009).
Some studies have analysed collisions at intersections separately (Lee et al., 2017),
while others have built separate models for intersections and along road segments,
later merging them for more comprehensive results (Briz-Redén et al., 2019b). The
different levels of precision and different levels of aggregation have made the collision
research literature extremely rich. However, it is important to note that aggregating
the traffic collisions into collision count data at road segments, intersections or areal
units leads to modifiable areal unit problem as investigated in a study by Gilardi et al.
(2022).

Regardless of the chosen level of aggregation, traffic collision data aggregated at
any scale may result in zero-inflated count data characterised by instances where no
collisions are recorded either due to chance, or due to conditions that make collisions
highly unlikely. As a result, researchers have mostly utilised zero-inflated Poisson
or Negative Binomial models (Lee et al., 2017; Briz-Redén et al., 2019b; Gu et al.,
2020; Yan et al., 2020; Briz-Redén et al., 2021; Gilardi et al., 2022; Wang et al., 2024)
estimated either using maximum likelihood or Bayesian methods. In these models,
researchers have considered various factors that may influence collision frequency,
including driver characteristics, road conditions (Lee et al., 2017; Briz-Redén et al.,
2019b; Liu et al., 2022) environmental factors (Liu et al., 2022) and aerial factors (Lee
etal.,2017). More recently, the models have been improved with the inclusion of some
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random effects and spatial correlation structures that capture the dependencies present
in collision counts. Such work is captured in da Silva and de Sousa (2023) where
the Negative Binomial model estimation was extended to geographically weighted
regression setting in order to incorporate the spatial nature of the traffic collision
count data. There is also an increasing interest in the use of spatial network analysis
methods especially when the precise locations of the collisions are available (Okabe et
al., 2009; Okabe and Sugihara, 2012; Baddeley et al., 2015; McSwiggan et al., 2017,
Baddeley et al., 2021). Network kernel density estimation methods have been used
to estimate the density (Xie and Yan, 2008; Okabe et al., 2009; Produit et al., 2010;
Tang et al., 2013; Kaygisiz and Hauger, 2017) and factors affecting the density of the
collisions occuring along a road network (Borruso, 2005, 2008; Xie and Yan, 2013).

An extensive summary of the existing studies regarding the different dataset types,
covariates and methods used can be found in Lord and Mannering (2010); Mannering
et al. (2016) and Baddeley et al. (2021). In South Africa, there is not an extensive
body of research on the analysis of traffic collisions. One of the earlier studies in
South Africa focused on monthly data, collected from January 2007 to April 2009
in Tshwane municipality, and used a Poisson-Gamma model to analyse pedestrian
fatalities and explore the possible infrastructural improvements that could help reduce
the fatalities (Das, 2014). The analysis utilised a Bayesian approach and found that
simple solutions like street lighting can reduce the number of fatalities. More recently,
Marchant and Norman (2022) examined the effect of relighting of street lamps on the
weekly numbers of road traffic collisions in Leeds, UK, using multilevel modelling
approach. The aim of their study was to investigate whether the newly installed white
light street lamps improved road safety compared to the previous orange light lamps.
However, the evidence for improved safety under the new lighting was weak (Marchant
and Norman, 2022).

Building on these findings from the literature and acknowledging the limitations in
the data and geographic specificity, this study aims to contribute to the growing body of
traffic collision research by applying a spatially-aware modeling approach to the CoCT
context. The next section details the study area and the steps taken to prepare the dataset
for analysis, while Section “Methodology” provides the details of the methods used.
Results are summarised in Section “Results”, and finally Section “Conclusions and
Future Research” documents the findings and provides recommendations for future
research.

Study Area, Data Preparation and Variables
Study Area, Data Preparation

The main focus in this study is the analysis of traffic collisions that happened at the
road intersections within ward 57 of CoCT. Ward 57, indicated by the green polygon
in Fig. 1a, is one of the 116 wards in the metropolitan municipality. The ward includes
the very central areas of CoCT, namely Gardens, Mowbray, Observatory, Salt River,
Vredehoek, Woodstock and Zonnebloem where lots of economic activity take place.
The ward serves as a key link between CoCT’s city centre and surrounding suburbs,
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(a) Ward 57 within the CoCT shown in green
polygon

(b) Road network obtained from the CoCT open
data portal

Leafiet | © OpenStreetMap contributdrs

(c) The intersections from the road network shown in blue dots for a zoomed in area in ward 57

Fig. 1 Study area and road network

making it a major commuter corridor and an essential route for daily commuters.
The heavy traffic volumes within the ward makes it one of the areas with the highest
concentration of road traffic collisions in the CoCT. The road network in ward 57 shown
in Fig. 1b has 2316 road segments (edges) and 1633 nodes. As shown in blue dots in
the zoomed map in Fig. 1c, some of these nodes in the road network technically belong
to the same intersection. The smaller roads intersecting with a major road often have
two intersection points (nodes) on the map which should be treated as one intersection.

The collision dataset used in this paper was obtained from the CoCT Transport
Department, following a formal data request made by the authors. Collision report
forms are routinely collected by the South African Police Service and subsequently
submitted to the RTMC following verification and data entry procedures (City of Cape
Town, 2023). However, these records typically lack precise geolocation details such
as longitude and latitude. The dataset provided for this study did include the road
names and the related descriptive information, consistent with the types of entries
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illustrated in the hypothetical examples shown in Table 1. It is reassuring to know
that in the CoCT, there are initiatives with regards to data collection via user apps,
however, currently collision data are recorded manually. The second column of Table 1
provides an example (Example 1) of a collision that occurred at an intersection. The
nodedesc row lists the names of the intersecting roads, separated by an X in the
collision description. The third column gives an example (Example 2) of a collision
that happened along a road segment. For this study, we only focus on the collisions
that happened at an intersection since both of these examples needed to be geocoded
differently.

In the absence of additional location information, road collisions that are recorded
in the format of Example 2 need to be geocoded to a representative location (typically
middle of the road segment) as the geolocation of that particular collision. If the road
traffic collision happened along a kilometer long road segment, then the lack of precise
geocoding becomes crucial in the analysis stage. On the contrary, all collisions that
had a node description (names of the intersecting roads separated by an X) can be
more easily geocoded using a geocoding package. In the case of intersections, we
have more precise information compared to the collisions that happened along the
road segments especially for long roads. Briz-Redén (2024) suggests incorporating
the uncertainty about the exact location of the collision through a Bayesian modelling
approach. In this research, we do not use this approach since the intersections along
the road network in the CoCT are well separated from each other.

In this study, for the collisions at the intersections, the arcgisgeocode R pack-
age (Josiah, 2024) was used for obtaining the longitude and latitude information of
the collisions. The reliability of the results (based on the match score of the node
description to which the address was matched) obtained from arcgisgeocode R
package (Josiah, 2024) was compared with the geocodeHERE R package (Nissen,
2014) for the years between 2015-2017 and the results are presented in Fig. 2.

Using arcgisgeocode (Josiah, 2024), all of the collisions that happened at
an intersection were geocoded, whereas only approximately 30% of the intersection
collisions were geocoded properly with the geocodeHERE (Nissen, 2014) producing
lots of empty cells. As an example, in 2015, road traffic collision records had 71862
collisions in total of which 27818 happened at the intersections. geocodeHERE
(Nissen, 2014) geocoding method had 32.75% collisions succesfully geocoded for
2015. This low level of geocoding efficiency can be attributed to poorly recorded road
names from traffic collision records.

In general, the geocodeHERE (Nissen, 2014) R package produced less reliable
results compared to arcgisgeocode (Josiah, 2024). The average reliability score of
the geocodings with arcgisgeocode (Josiah, 2024) was 92.57 (where 100 indicates
a perfect match) with a standard deviation of 4.63 (coefficient of variation (CV) as
0.05). The score was 90.41 on average with a standard deviation of 10.92 (CV as 0.12)
using geocodeHERE (Nissen, 2014) R package. Based on these results a decision
was made to geocode the collision addresses for the years in consideration using the
arcgisgeocode (Josiah, 2024) R package.

Since the main aim of this study is to analyse the number of collisions at intersec-
tions, it was necessary to convert the road network node information into intersections.
Intersections shown in Fig. 3¢ were obtained by locating a 10m buffer around each of
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the 1633 nodes as shown in Fig. 3a., Finally, overlapping buffers were merged to avoid
double counting of the traffic collisions that happened at a particular buffer (Fig. 3b).
In Fig. 3, the red circular polygons are the buffers, black points are the nodes obtained
from the road network and the purple lines are the road segments (edges) obtained
from the road network. The green points on this map represent the geocoded collisions
which are intersected with the merged buffers around the intersections to obtain the
number of collisions that happened at an intersection location.

Figure 4 provides the collision point data with respect to the intersections for each
study year. The light blue colour points represent intersections with no collisions,
light to dark purple coloured points represent intersections with one, two, and three
collisions, respectively. Dark red points stand for four collisions, whereas intersections
that had five or more collisions are coloured with bright red.

Figure 5a shows that the dataset contains a lot of intersections with zero colli-
sions, approximately 20% of the overall collisions. This information plays a key role
in identifying the method to be used to analyse the counts of collisions at intersec-
tions. Further inspections of the collision data reveal that there were two intersections,
namely Offramp on Settlers Way and Onramp on Berkley Road, with more than 50
collisions per year (65-93 collisions per year). These two intersections were excluded
from the analysis since they are outliers considering the range of the number of colli-
sions at other intersections (0-35 collisions per year) and their unique characteristics.
These two intersections in ward 57 are complicated off/on-ramps which are quite dif-
ferent from the rest of the intersections structurally. Offramp on Settlers Way is the

arcgisgeocode geocodeHERE
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Fig.2 Reliability score comparison between the geocoding R packages arcgisgeocode (Josiah, 2024)
and geocodeHERE (Nissen, 2014) for 2015-2019 collision data for the CoCT Municipality
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Fig.5 Total number of traffic collisions per year that happened in ward 57 in 2015-2019

offramp road leading to N2 (highway) that connects the city to the airport and to the
east of the country. Onramp on Berkley Road is very similar to the Offramp on Set-
tlers Way in this context. These locations were identified as statistical outliers based on
preliminary exploratory analysis, including frequency-based collision distributions.

The frequency distribution of one or more traffic collisions at all other intersections
within ward 57 is given in Fig. 5b, reflecting an increase in the last two years of the
study period for ten or more collisions, and a clear concentration around one collision.

Finally, for the purpose of analysing the traffic collision counts at the intersections,
we consider road intersection variables that are hypothesised to have an impact on
the number of collisions. Road intersection variables were also generated from the
properties of the roads that pass through the intersections.

Road Intersection Variables

In this section, we describe the variables and the reasons for including them in the
models. One of the important variables in traffic collision analysis is the traffic flow
variable. Traffic collision counts at intersections can be affected by the amount of
traffic, and therefore the count can be either adjusted with the traffic flow or the
traffic flow variable can be added as a covariate in the analysis. Given the lack of
traffic flow information, different authors use different types of proxies for traffic flow
approximation (Briz-Redén et al., 2019a, 2021; Chaudhuri et al., 2023). Since the
yearly road traffic flow informations was not available for all roads or intersections in
the current study, we used the road network nodedegree covariate (denoted as X in
the models) as a proxy for traffic flow. The node degree in a network represents the
number of direct road connections (i.e., edges - road segments) associated with each
intersection (node) in the road network, thereby capturing its relative connectivity and
potential for higher traffic flow.

All other explanatory variables considered are binary variables that take on the
value of one (true) if the intersection contains that property. Specifically, the maximum
speed variable (X») (maxspeed) is one (true) when any of the roads intersecting at the
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intersection have a maximum speed limit of 80 km/h, 100 km/h or 120 km/h, and
zero (false) for roads intersecting at the intersection have a speed limit of 60 km/h
or less. This distinction is very important since in the CoCT, majority of the roads
have a speed limit of 60 km/h or less which is an indication of residential roads. The
number of lanes variable (X¢) (lane) is one (true) when any of the road segments
around the intersection has three or more lanes, and zero (false) otherwise. The roads
in the city contain one to six lanes where three or more lane roads are associated with
major roads such as highways. Both lane and maxspeed variables are considered as
an indication of high complex intersections. The road class (roadclass) variable (X5)
has five different categories. Category one stands for highways and major roads and
the higher the category is, the less of a major road it is. Taking this into account, to
be able to distinguish the highways from others, the roadclass variable is coded one
(true) when any of the road segments around the intersection are of road class one,
two or three.

Traffic signals (trafficsignals) and traffic calming (trafficcalming) variables (X3
and X4, respectively) were acquired using osmdata R package (Padgham et al., 2017)
with the traffic_signals and traffic_calming key features which return
point-level information. In the case of traffic calming, we include the total number of
traffic calming measures within 40 meters of any of the roads around the intersection
in the analysis. This variable is an ordinal variable ranging from a minimum of zero
to a maximum of three. This means that any intersection can have between zero and
three traffic calming measures, such as speed bumps, stop signs, and similar features.
Therefore, the trafficcalming variable is converted into a binary variable, where the
variable takes the value of zero (false) when there are no calming measures within
the 40 meters of the intersection, and one (true) if one or more calming measures are
in place. The expectation around this variable is that the more traffic calming put in
place, the less the number of traffic collisions will happen at the intersections. The
trafficsignals variable (X3) is very similar to the trafficcalming variable (X4) in the
sense that the variable is ordinal with a minimum of zero and a maximum of five.
Some intersections in the CoCT are very complicated and can have three, four or even
five traffic signals but these intersections are very rare. As a result, this variable is also
converted into a binary variable where a zero (false) indicates that the intersection
has no traffic signals in place, whereas a one means that there are one or more traffic
signals at that intersection. This variable shows the complexity of the intersection and
it is expected that those intersections with high number of traffic signals may have
more collisions.

Another variable included in the analysis is the mainroad variable, an indica-
tor for an intersection located on “Main Road”in the CoCT (similarly known as
“M4”according to the South African national road numbering system), one of the
busiest roads in the city, extending from one end of the city centre to the other end.
There are lots of foot traffic and businesses located in the surroundings of “Main
Road”. Figure 4 reveals the concentration of collisions along “Main Road”in the city.
The (mainroad) variable (X7), takes a value of zero (false) if the intersection is not
along the “Main Road”and takes a value of one if it is.

In the CoCT, commuters often rely on minibus taxis as a means of public transporta-
tion. Some people also use the public busses (MyCity or Golden Arrow busses) which
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have fewer route options. The existence of a minibus taxi or a public bus route makes
the road busier and we expect to see more collisions if a public transport route passes
through the intersection. In addition, some roads in the CoCT have on-street parking
available to drivers often managed by parking payment officials or car guards. This
of course can create collisions with two vehicles or with a vehicle and a pedestrian
while parking or leaving the parking spot. Considering all three variables, minibus
taxi route (Xg), mycity bus route (X9) and on street parking (X¢), three more binary
variables are created. In particular, minibustaxi and mycitybus variables take a value
of one (true) if a minibus taxi or a my city bus route passes through the intersection,
and a value of zero (false) otherwise. Similarly, the onstreetparking variable is coded
as zero (false) if there are no parking facilities available at the intersection, and as one
(true) if an on street parking is available at the intersection.

Lastly, four additional binary variables (X1, ..., X14) are created to indicate the
year of the collision relative to the reference year 2015. These variables are valuable for
understanding temporal trends and changes over time. Specifically, binary variables
representing years relative to a reference year (such as 2015) can help identify trends
in collision rates, and account for unobserved factors that vary across years, like
weather patterns, road infrastructure changes, or vehicle safety advancements. All
these variables, summarized in Table 2, are utilized in modeling traffic collision counts
to assess their effects on collision counts. Since the number of collisions response
variable is a count variable, count data modelling approaches are the most suitable
models and these models are explained in the following section.

Methodology
Model Specification

A variety of statistical models have been applied to collision count datasets along
various road segments and/or intersections. Considering the CoCT traffic collisions
dataset, let Y;; = 0,1, ... be the number of traffic collisions that occurred at the
i—th road intersection (i = 1,...,n) within ward 57 atyear ¢t (t = 1,...,7T). In
this study, there are 1127 intersections in ward 57 (n = 1127) observed over five
years between 2015 and 2019 (T" = 5). Since we have many intersections with zero
collisions, we assume that the number of traffic collisions at intersections follow a
zero-inflated Negative Binomial distribution which is an extension of the Poisson
distribution. The choice of the Negative Binomial instead of the Poisson allows us to
account for overdispersion in the collision counts.

The zero-inflated Negative Binomial (ZINB) distribution is expressed in two com-
ponents separating the zero counts from the positive counts with p;;, the probability of
observing false zero collisions at an intersection in a particular year. In traffic collisions
counts, a collision at an intersection might not be observed simply because the data
was not captured due to the fact that the collision was not reported, or the intersection
has some other properties that make it impossible to have a collision. This structure
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Table 2 Variable specifications considered in this study

Variable Definition Type

Y: numberofcollisions Total number of collisions occured at Count
aroad intersection per year

X1: nodedegree The node degree as a proxy for road Numeric
traffic flow
X»: maxspeed True if the speed limit at any of the Binary

road segments around the intersection
is 80km/h or more

X3: trafficsignals True if there is one or more number of Binary
traffic signals on the intersections

X4: trafficcalming True if there is one or more number Binary
of traffic calming on the roads within
40m around the intersection

X5: roadclass True if any of the road segments Binary
around the intersection are class 1, 2
or 3 (which indicates major roads)

Xe: lane True if any of the road segments Binary
around the intersection has 3 lanes

X7: mainroad True if the intersection is on “Main Binary
Road”

Xg: minibustaxi True if the intersection is on a minibus Binary
taxi route

Xg: mycitybus True if the intersection is on a MyCi- Binary

tyBus bus route

X10: onstreetparking True if there is an on-street parking Binary
available around the intersection

X11 — X14: year The year the traffic collision occured Categorical
(2015-2019)

is defined as follows (Zuur et al., 2009):
Yy ~ ZINB(At, 0, pir); and
%
pir + (1 = pir) (_efx,-,) ify, =0 (1)

Pzing (Yir = yir) = 0 v
_Toutd) (g e VT e
(I = Pid TG, 51T @) (e+x,-,) <a+in) it yie > 0

where I'(yi;) = (yir — 1)!, Aj; is the mean and 0 is the shape parameter of the
2
distribution. Here E(Y;;) = Ai;(1 — pj;) and Var(Yy;) = (1 — pir) ()»it + %) +

25 (D7 + pin)-

The mean parameter for the positive counts are modelled as a linear function of the
K covariates with k = 1, ..., K via a log link function (Eq. 2), while the probability
of having a false zero (p;;) is modelled with the same set of covariates using a logit
link function (Eq. 3). Of course, the set of the covariates used do not need to be the
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same. Due to the nature of our dataset and the possible spatial autocorrelation we
might have, it is important to include the random effects as well as the fixed effects
from the observed covariates. These random effects are included in three parts: (i)
the structured spatial random effects, u;; (i) unstructured spatial random effects, v;,
and (iii) unstructured space-time random effects, €;;. The spatial random effects are
included in both components of the model and labelled with the superscript (1) for the
count and (p) for the probability random effects. The unstructured space-time random
effects, €;;, are only included in the count component. Considering these specifications,
the count and probability components are defined as follows, with the superscript (A)
and (p), respectively:

K
log(hin) = mir = fo+ 3 BeXirk +ul” + v + €l 2)
k=1
K
logit(pi) = o+ Y _ nXirk + u” + v G)
k=1

In Egs. 2 and 3, By and yy s are the respective intercepts, and B and y; are the
linear fixed effects associated with the set of covariates included in the count and the
probability component, respectively. To investigate the effects of the covariates on
traffic collision counts, we use a Bayesian approach that enables the analysis of highly
complex models, including those with spatio-temporal random effects for count data.
The main difference of a Bayesian approach compared to a frequentist approach is
that the unknown parameters are not assumed to be fixed (constant), rather they are
assumed to be stochastic with a prior distribution before the data realisation. In the
Bayesian framework, non-informative priors are specified for the intercept and fixed
effects terms, Bo, Bx and o, k-

The unstructured spatial random effects are assumed to follow a Gaussian distribu-
tion with mean zero and constant variance, vl.m ~ N(O, GUZW) and vl.(p )~ N (0, crvz(p)).
The structured spatial random effects u,m and ul(p ) are specified with a conditional
autoregressive (CAR) covariance specification as suggested by Besag et al. (1991) :

n

A A A A . .

uP ) ~ NS w0 a £ “
j=1
n

W)~ N g |G # D 3

j=1

where, (si('\))2 = Uj(x) /N;inEq.4 and (Si(p )2 = Uu2< »/Ni inEq. 5 are the variances for
the i-th intersection depending on the number of neighbours the i-th intersections has
(N; = #MN(i)). Itis clear that if an intersection has many neighbours, then the variance
of thatintersection will be smaller. Here, w;; represents the row normalized (7, j) entry
of the symmetric weights matrix W5, which expresses the spatial weight between
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each intersection and its neighbours on the road network. There are several different
ways of defining the neighbourhood relationships. In this study, the weights matrix is
calculated using a contiguity neighbourhood relationship where two intersections i and
Jj on the road network that have a joint road segment are considered as neighbours with
a non-zero w;;. Additionally, the diagonal elements of the matrix are zero, w;; = 0.
Figure 6 depicts how row normalized weights matrix is obtained for an example of
eight intersections chosen along the road network. Here, the first intersection (I = 1)
on the road network has two neighbouring intersections, (I = 2) and (I = 7), with
a shared road segment. The values of the row normalized weights matrix for those
neighbouring intersections will be 0.5 (=1/2) and the rest will be zero along the first row.
Similarly, the second intersection (/ = 2) on the road network has three neighbouring
intersections, (I = 1), (I = 3) and (I = 6), with a shared segment. The values of
the row normalized weights matrix for those neighbouring intersections will be 0.333
(=1/3) and the rest will be zero along the second row.

€

12.‘ Bo\‘e“ Roa(p

+ \ 2]
Lifestyle P '\*8

Pharmacy \ | \®

(a) Map of selected intersections along the road network

11 12 13 14 15 16 17 18 11 12 13 14 15 16 17 18
11 1 1 11 0.5 0.5
12 1 1 1 12 0.33 0.33 0.33
13 1 1 13 0.5 0.5
14 1 1 14 0.5 0.5
15 d 15 1
16 1 16 1
17 1 1 17 05 0.5
18 1 18 1
(b) Binary adjacency matrix (c) Row normalized weights matrix

Fig.6 An example for the weights matrix construction for eight intersections along the road network

@ Springer



Modelling of Traffic Collisions at Road Intersections in Cape... Page170f32 93

Finally, a Gaussian prior with mean zero and constant variance is consid-
ered for the unstructured spatio-temporal random effects ei(tA ) ~ N O, Gf(x))' For
the variances of the random effects in the count and probability components
(avzm, Ul,z(xw 062(,\), 01)2( ) Juz( »)a uniform prior was defined where all values between
zero and 10 are assumed to be equally likely (U (0, 10) distribution). There are dif-
ferent approaches for establishing a prior distribution on the variance parameter. One
approach, the one we have followed, is assuming a U (0, A) distribution, where A is
chosen to be large enough, considering the scale and magnitude of the data. This kind of
approach is supported by current literature (Martinez-Beneito and Botella-Rocamora,
2019).

Variable Selection and Model Evaluation

The models specified in Table 3 are estimated to assess the effects of our covariates as
well as the effects of the random effects using Bayesian model specifications with some
prior distributions. The models are compared using the Watanabe-Akaike Information
Criterion (WAIC) proposed by Watanabe and Opper (2010) where a smaller WAIC
measure indicates a better model performance.

The full model (Model 3) incorporates all covariates and all random effects
described in Egs. 2 and 3 for both the count and the false zero probability com-
ponent (where X*) = X(P)). Table 3 presents the variations of this full model
considered in this study. Model 1, Model 2 and Model 3 include all fixed effects
in both the count and probability component of the models and these models only
differ in their random effects specifications. Thereafter, following from the literature
(Kuo and Mallick, 1998; Dellaportas et al., 2002; Sosa et al., 2023), a Bayesian vari-
able selection method is implemented (given in Model 4) on the fixed effects part of
Model 3 by introducing an inclusion probability parameter (/i) that ranges between
zero and one (0 < [ ,f)”), I k(p ) < 1). The index parameter has a Bernoulli prior with

I,f)‘) ~ Bernoulli(0.5) and I,fp) ~ Bernoulli(0.5). We have chosen a Bernoulli
prior with parameter 0.5 for the inclusion probability of each covariate in order to
be uninformative. Since we do not have a strong belief (a priori) about the inclusion
of a covariate in the model, this represents assigning equal probability to both the
inclusion/exclusion of the corresponding covariate. Here the main aim is to assess
the effect of the variables (/; = 0 means that the corresponding k-th variable is not
included in the model) and thereafter to eliminate the ones that have an index of zero
to ultimately reach to Model 5, the model with selected variables only.

Results

Before presenting the model-based results, we begin with a high-level overview of the
collision data to contextualize the magnitude of the problem. Over the study period
from 2015 to 2019, a total of 777228 road traffic collisions were recorded across
the CoCT, averaging approximately 155000 collisions per year. Within ward 57 (the
primary focus area of this study) 161869 collisions were reported during the same
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period, corresponding to roughly 20.8% of the citywide total. The annual counts for
both the city and the ward exhibit an increasing trend, highlighting the persistent nature
of road traffic incidents in this urban context.

The models described in Table 3 are estimated using a Bayesian approach with all
analyses conducted in R software v.4.4.1 (R Core Team, 2024) through the nimble
package (de Valpine et al., 2017). The nimble package (de Valpine et al., 2017) is
based on Markov Chain Monte Carlo (MCMC) procedures and a single chain with
200k iterations, including 100k of burn-in and a thinning of 10 is used. All plots and
spatial data manipulations were done using tmap, ggplot2, sf and igraph
R packages (Tennekes, 2018; Pebesma et al., 2018; Wickham, 2011; Csardi, 2013).

The WAIC values for the models range from 8318.14 for Model 1 to 8268.84
for Model 5 in a decreasing order, with Model 5 having the smallest WAIC value.
Therefore, according to this criteria, Model 5 with selected variables, structured and
unstructured spatial random effects for both the count and the probability component of
the model, and unstructured spatio-temporal random effects for the count component
- is chosen as the final model for the analysis of the collision data. The selection
of the variables is based on the Bayesian variable selection applied on Model 4 by
assessing the inclusion parameters of each of the variables included in Model 4. The
posterior distribution of the inclusion parameters (/ ,f}‘) and / k(p )) provide a clear picture
of which variables should be included in the final model (Posterior mean, median and
standard deviations for the inclusion parameters given in Table 4). Those variables
with inclusion parameter posterior means lower than 0.5 have been excluded from the
final model. The posterior mean of indicator parameter for the street parking variable
(X10) s 0.504, which is slightly over 0.5 threshold, and therefore this variable was not
included in the probability component of the model. Similarly, the indicator parameter
for this variable in the count component was very close to zero and for this reason it was
not included in the count component of the model. From this perspective, the inclusion
of “Main Road”’(X7) variable in the probability component can be questioned as well
since the inclusion parameter (I; = 0.531) for this variable is also slighly higher
than the threshold value 0.5. However, we believe that “Main Road”is conceptually
an important variable and therefore should be included in both the count and the
probability components.

Fixed Effects

Specifically, for all categorical variables holding all else constant, the coefficient for
each category is related to the log difference in the posterior mean counts for that
category compared to the reference category - in this study, the reference category is
the zero (false) category exhibiting that the property of that variable at the intersection
does not hold.

The posterior mean and the 95% credible intervals for the fixed effects are provided
in Fig. 7 on the left pane with the posterior means annotated on the plot, and the density
plots of the posterior distributions are provided on the right pane of Fig. 7. It is observed
that all the fixed effects included in the count component of Model 5 are all positive.
Amongst the covariates chosen for the count component of the model, all have positive
posterior means and 95% credible intervals that do not overlap with zero. The positive
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Table 4 Posterior mean, median and standard deviations for the I ,5)“) and I,ip ) parameters in count and
probability components of the model

Count component Probability component

I k()h) Mean Median St.Dev. I k([)) Mean Median St.Dev.
™ 1.000 1 0.000 i 0.252 0 0.434
Y 0.112 0 0.316 B 0.854 1 0.353
i 0.998 1 0.044 L 0.636 1 0.481
ol 0.011 0 0.104 I 0.469 0 0.499
g 1.000 1 0.000 % 0.417 0 0.493
1 0.010 0 0.098 3 0.397 0 0.489
i 1.000 1 0.000 L 0.531 1 0.499
g 1.000 1 0.000 Y 0.449 0 0.497
1§V 0.014 0 0.118 1P 0.439 0 0.496
1y 0.013 0 0.115 e 0.504 1 0.500
™ 0.011 0 0.103 Pt 0.204 0 0.403
1% 0.019 0 0.136 iy 0.215 0 0.411
1y 0.999 1 0.026 g 0.209 0 0.407
1y 1.000 1 0.000 I 0.216 0 0.412

sign indicates an expected increase on the collision counts with an increase on the
fixed effects variables. For example, the posterior mean for the mainroad variable,
f7 = 0.773, indicates that intersections on “Main Road”experience approximately
twice as many traffic collisions (€%773 = 2.166) as intersections not located on “Main
Road”.

In the probability component of the model, only the maxspeed variable has a coef-
ficient () with a positive posterior mean. Two other variables included in the model,
trafficsignals, and mainroad variables both have coefficients (y3 and y7, respectively)
with negative posterior means. The coefficients represent the change in the log-odds
of the outcome variable (p;;) - log-odds of observing a false zero collision - for a one-
unit increase in the respective covariate, holding all other variables constant. Since all
three variables are binary categorical variables, we can interpret that the positive coef-
ficient represents an increase in observing false zero probability when that property
exists at that intersection. Here, the coefficient for the speed variable (7, = 3.271),
which depicts that when the intersection is on a high speed road, then the odds of a
false zero probability is higher than an intersection on a road with less than 80 km/h
speed limit. In particular, the finding that higher speed limits are associated with an
increased probability of observing false zero collisions may initially seem contradic-
tory to expectations. However, we interpret this in the context of the characteristics of
the road network in ward 57. Roads with higher speed limits are typically major routes
that are better engineered, have fewer intersections, and experience lower pedestrian
activity. We believe these properties could reduce the number of conflict points. This
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Fig.7 Posterior mean, 95% credible intervals and the density distributions of the posterior distributions of
the fixed effects included in Model 5. Vertical red line represents the zero posterior mean

could partly explain the observed association between higher speeds and a higher
probability of false zero recorded collisions.

On the contrary, the posterior mean of the coefficients for the trafficsignals
and mainroad variables are y3 = —1.829 and p7 = —1.433, respectively. These
negative coefficients show that the existence of that road property at the intersection
reduces the odds of a false zero by a factor of 0.161 (or by approximately 84%) for the
trafficsignals and by a factor of 0.239 (or by approximately 76%). For example, if an
intersection has one or more traffic signals, then the odds of a false zero is 84% less
than an intersection with no traffic signals. Similarly, if an intersection is on “Main
Road”, then the odds of a false zero is 76% less than an intersection that is not on
“Main Road”.

Spatial Effects

Itis often an interesting and common practice to evaluate the proportion of the variance
explained by the structured spatial random effects compared to the unstructured spatial

@ Springer



93  Page22of32 S.Eretal.

random effects in both the count ( frac, ¢ ) and probability ( frac, ) components of
the final model used for predictions. Many researchers have calculated and interpreted
the proportion as follows (Blangiardo et al., 2013; Blangiardo and Cameletti, 2015):

2
S,
frac,o) =5—"—5—
Sty T o0
5 (6)

where sim and sz( », are the estimates of the posterior marginal variances of the struc-
tured spatial random effects corresponding to the count and probability components.
For our chosen model, frac,c) is 0.626 and frac, is 0.993 indicating that the
structured spatial random effects explain 62.6% of the total spatial variation in the
count component, whereas almost all variation is explained by the structured spatial
random effects in the probability component. The geographical distribution of these
random effects is provided in Fig. 8. Figure 8a and b refer to the sum of the spatial ran-
dom effects in the log(4;;) count component and logit(p;;) = log(; 2 "l’m) probability
component of the model, respectively. These effects are derived by simply summing
the posterior means of the spatial random effects.

Overall Model Evaluations

In order to assess how well the model predicts the observed collision counts, fitted
collision counts are obtained using f’,-, =(1-— ﬁ,'t)i,-,. Here ii, is the posterior mean
of Aj; and pj; is the of posterior mean of p;;. The geographical distribution of the
fitted collision counts (¥;,) per year is given in Figure 9. These can be compared with
the observed values mapped in Fig. 4. Comparison of these two sets of spatial plots
reveal that the model predictions follow the observed traffic collision counts.

(a) Geographical distribution of spatial un-
structured and structured random )\effects in
the count component ( vt o+ u: ))

2 '-.‘.“ :Hﬂfo‘.&’.. :l 2 .. ;l % -’.é?ag:; y =, oot
N~ """\ £ 7% "
ST & e RSN & 2T 22w .
3L RS [ 4 . L » o
o L
: o F',. o e .
o
'..' (1] SSe?
L W
Spatial rand. effects (count) = * Spatial rand. effects (prob)
<-03 A 5 0 <7
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=

(b) Geographical distribution of spatial unstruc-
tured and structured random effects in the prob-
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Fig. 8 Geographical distribution of spatial unstructured and structured random effects in the count and

probability components
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Fig.9 Geographical distribution of fitted number of traffic collisions calculated using )A’,-t =1- [7,-,))1,-,
in ward 57, Cape Town, South Africa from spatio-temporal random effects model (Model 5). Each year

predictions are provided in a separate plot
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In addition, yearly aggregated posterior means for the traffic collision counts are
plotted against the observed values in two different plots, Fig. 10a and b. Figure 10a
shows the scatter plot of the fitted and the observed values. There is a clear agreement
between the fitted and observed traffic collision counts (with Pearson and Spearman’s
rank correlation coefficients of r = 0.894, and ry = 0.682, respectively, and a root
mean square error estimate of rmse = 1.495). Moreover, the figure on the right,
Fig. 10b, shows the density of the posterior means plotted with respect to the observed
traffic collisions grouped into sub categories such as 0 collisions, 1 collision, 2 colli-
sions, 3 collisions, 4 collisions and 5 and more collisions. In a model that fits the data
well, we would expect to see that the density of the fitted number of collisions are
distributed around their respective observed values as observed in Fig. 10b. It is worth
noting that for higher observed traffic collision counts, the density distributions of the
posterior means exhibit a right-skewed pattern. In the context of traffic collisions, it
is better to over-predict than to under-predict since the main aim is to develop mech-
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(b) Density plots of the fitted ( Yit ) collision
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(c) Density plots of the posterior median probability of zero collision with respect to
observed collision counts (grouped as 0, and 1 or more collisions).

Fig. 10 Assessment of fitted (? i+) vs observed (Y;;) collision counts, and fitted false zero probabilities with
respect to observed collision counts at intersections in ward 57, Cape Town, South Africa
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anisms that would lead to reducing the total number of traffic collisions. In a similar
manner, density plots of the posterior median probability of observing a zero collision
versus one or more collisions is given in Fig. 10c.

We also examine the exceedance probabilities computed as P((1 — pi;)rir > @),
where ¢ is a threshold value specified by the analyst in the context of the research
problem. This is an approach commonly used by researchers to assess the risk maps,
especially in epidemiological studies (Liu et al., 2013; Ye and Moreno-Madrifidn,
2020; Madden et al., 2021; Yan et al., 2020). We explore the exceedance probabilities
for a threshold value of two (Fig. 11a) and five (Fig. 11b) traffic collisions which are
useful to detect potential high collision risk areas. The darker colours represent an
increase in the probability of an intersection having more than the specified threshold
value. The maps show that the risk of observing more collisions than the specified
threshold is concentrated around mainly “Main Road”. It is also not surprising to see
certain areas such as around Rondebosch Common, one of the higher risk areas in this
ward.

Finally, we carried out a cross-validation analysis to assess the out-of-sample pre-
dictive quality of the model. Considering that the models have been fitted within a
Bayesian framework, we employed conditional predictive ordering (CPO). The CPO
is a Bayesian diagnostic for detecting surprising observations according to the fitted
model (Pettit, 1990). For observation y;;, it is defined as

CPO;; = f(irlyar)s

where f(-|y)) is the predictive distribution of a new observation given the data after
deleting observation y;,, which are denoted by y(;). For this reason, this diagnostic
can be considered as a type of leave-one-out cross-validation procedure. Small values
(close to 0) of CPO;; indicate that observation y;; is surprising according to prior
knowledge and the rest of the observations, whereas large values of CPO;; indicate
the opposite.

The computation of CPO;; does not require refitting of the model without the
inclusion of observation y;;, which would result in a massive computational cost if
done for each of the observations. In particular, the following approximation can be
used with the available MCMC sampled values (Gelfand and Dey, 1994)

. 1 Y 1 -1
CPO;, = (— ) ,
N mzzl Gl g, )y

it

where f(-|A, 6, p) denotes the probability function of the ZINB distribution, super-
script (m) the m-th value of the MCMC chain for the corresponding parameter, and
N the length of the chain.

The results obtained from the application of this approach with our final model is

summarized in Fig. 12. The distribution of the CPO;; values (Fig. 12a) indicates that
most observations are unsurprising for the model fitted, with most values concentrated

near one. However, there is also a proportion of observations that exhibit a 6}%,- ; value
close to zero. Figure 12b displays the CPOj;; for each observation. This kind of plot
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Fig. 11 Exceedance probabilities computed as P ((1 — p;;)A;; > ¢) for intersections per year in ward 57,
Cape Town, South Africa with darker colours representing probabilities between 0.6 and 1
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Fig. 12 Distribution of @i, values provided in (a) and @ir values ordered by observation number
provided in (b)

allows checking in this case if the presence of surprising observations varies over
time. In general, no clear pattern is observed. Further inspection of the observations
with small 61%,', values can be helpful for identifying typologies of intersections that
might receive consistently poor predictions from the fitted model.

Conclusions and Future Research

This paper presents an approach to modelling road traffic collisions at intersections
within one of the busiest wards of the CoCT, South Africa for the period of 2015-2019.
The address information from the collision dataset provided by the CoCT Transport
Department was converted into a georeferenced dataset and then aggregated to generate
a count response variable at intersections. Traffic collision counts at intersections are
then modelled with spatio-temporal zero-inflated Negative Binomial models using a
Bayesian approach.

The original data obtained directly from the CoCT’s Transport Department may
contain some degree of inaccuracy, particularly for collisions not occurring at inter-
sections. This is one of the main reasons we used the collisions at intersections since
for those reporting the collisions, it is easier to describe the intersection with at least
two street names. We used the arcgisgeocode package (Josiah, 2024) to geocode
the reported locations based on street names and intersection descriptors such as the
X used by the reporter and compared the results with another geocoding package.
While we found that arcgisgeocode (Josiah, 2024) allowed for consistent spa-
tial referencing, we acknowledge the potential for geocoding errors or biases (given
that there are some intersections with 70% geocoding reliability score). This could
potentially be the case where multiple similarly named streets may exist. Future work
would benefit from improved geolocation practices, such as direct GPS capture at the
point of collision reporting and incorporating the uncertainty about the exact location
through a Bayesian modelling approach as in Briz-Redén (2024).

Two intersections in ward 57 namely, the Offramp on Settlers Way and Onramp
on Berkley Road were identified as statistical outliers. Their inclusion in the models
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led to significant overdispersion and influenced model estimates. To maintain model
stability and focus on patterns generalisable across typical intersections, we excluded
these points. However, we acknowledge that these high incident intersections may
be of interest for case specific intervention studies, and therefore we recommend
targeted future investigation into their unique characteristics. Better monitoring and
law enforcement practices should be considered to improve road safety at these two
intersections given the current high risk status.

After the data manipulation stage, we focus only on the intersection related covari-
ates and sequentially built five different models to assess the importance of the
inclusion of random effects as well as the fixed effects. According to the WAIC values
of the different models, the final model chosen is the model that includes the spatial and
space-time random effects with some of the fixed effects identified from the Bayesian
variable selection. To the best of our knowledge, this study is the first to analyse traffic
collision data in the CoCT using Bayesian methods and overall, it could be a starting
point for collaboration with the CoCT Transport Department to improve safety on our
roads.

The results indicate that among the covariates included in the final model, factors
such as node degree, the presence of traffic signals, road classification as having any
major road around the intersection, the intersection being on “Main Road”, taxi routes
at intersections, and dummy variables for the years 2018 and 2019 all contribute to
an increase in traffic collision counts at intersections. Given these results, we believe
“Main Road”could benefit from stricter speed enforcement, regular patrolling and
monitoring, as well as use of traffic fines to deter violations, particularly near inter-
sections. In the probability component of the model, the presence of traffic signals
and the intersection being located on a “Main Road”are associated with negative coef-
ficients, suggesting that these factors reduce the likelihood of a false zero collision.
Conversely, higher speed is associated with an increased likelihood of a false zero.
This may be due to the fact that higher speed roads in the chosen area are typically
larger, highway type roads with fewer intersections and conflict points. These findings
provide valuable insights for policymakers to implement necessary interventions to
enhance road safety.

The study presents several opportunities for improvement. Instead of only focusing
on the intersections, incorporating the road segments could be beneficial. However,
this might result in data manipulation issues since the dataset obtained from the city
contains only the road names where the collision occurs. Since some roads in the CoCT
are quite long, it becomes difficult to assign the collision to a particular road segment.
The need for more reliable data collection methods have become apparent during this
study. One actionable policy recommendation is to advocate for digital recording and
automated geocoding of collisions, which could support city wide adoption of spatial
network analysis. The authors are excited to see that the city is already considering the
development of an app that drivers can use in future for recording the collisions. This
will help with the collection of precise geolocations of the collisions and will improve
the process researchers need to go through to access the traffic collision data.

In addition, the study can be improved by the incorporation of reliable average
annual daily traffic flow data, which was unavailable to the authors at the time of the
study. As aresult, node degree was chosen as a traffic flow proxy. The findings suggest
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that intersections with higher traffic levels experience increased number of traffic
collisions. This limitation could potentially be addressed by leveraging platforms such
as Google or TomTom to access historical traffic flow data.

This study focuses on ward 57 in the CoCT over the period 2015-2019. While the
results provide important insights into spatial and infrastructural correlates of road
traffic collisions within this ward, it is important to acknowledge the limitations in
generalising these findings to the entire city. As noted by Berrie et al. (2019), analyses
based on selective subregions may capture localized dynamics that do not necessarily
hold elsewhere. Ward 57 includes a diverse mix of intersections making it a valu-
able case study. However, some relationships found relevant for this ward may differ
in wards with different socioeconomic characteristics. As such, while the patterns
observed in this ward are likely to be broadly informative, further analysis across
multiple wards using multilevel or hierarchical models would be necessary to explore
the differences between wards, and to assess the consistency and generalisability of
the identified relationships. By doing this, the city can focus on the riskiest wards to
reduce the number of traffic collisions.

Moreover, the traffic collision data contains the type of the traffic collision classified
as fatal, severe injury, slight injury and no injury; the time of the collision; vehicles
involved and several other variables. Multivariate models are useful for comparing
the different collision types and identifying the different mechanisms that generate
the types of collisions. Furthermore, through our discussions with the city, interest in
knowing the factors affecting the time between the occurence of collisions at inter-
sections was expressed. This is a promising area of research, as, to the best of our
knowledge, such analysis has not been explored in the CoCT.

Supplementary Information  The online version contains supplementary material available at https://doi.
org/10.1007/s12061-025-09703-0.
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