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Thesis Title : SHORT-TERM SPATIOTEMPORAL CRASH PREDICTION AND
MODELING — APPLICATION OF DEEP LEARNING AND HYBRID

MODELS
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Traffic crashes are one of the significant causes of death worldwide. Proactive crash
prevention can decrease crash risk. However, predicting road crashes in fine spatial
resolution is complicated due to several contributing factors to a road crash and the
crashes' random happening nature. This study predicts the spatiotemporal road
crash using multi-source features, namely spatial, temporal, and spatiotemporal,
collected to capture all possible crash triggering factors. Spatial features are road
density, bus density, intersection, walkway, and bikeway density. Temporal features
are weather conditions and events, and holidays. Similarly, spatiotemporal features
include taxi trips, bus ridership, speed, and red-light violations. This study will adopt
a wide variety of relevant machine learning models for spatiotemporal crash
prediction. Initially, deep learning models like Long-term Short Memory (LSTM)
and its combination with Convolution Neural Network (CNN) are considered to
capture the natural complexity of the crash prediction. LSTM and CNN models’
competitive advantage is due to their long-term memory and spatial recognition
capacity, respectively. In this study, ANN, LSTM, and CNN models are combined as
a hybrid deep learning model for spatiotemporal prediction of crashes in fine grids of
Chicago. The main novelty of this study is to propose a deep hybrid network that uses
spatial, temporal, and spatiotemporal jointly for crash prediction. Additionally, this

study’s deep hybrid network was compared with the state-of-art methods of the

Xiv



literature. The traditional statistical logistic regression, artificial neural network,
convolution neural network, long short-term memory method, and bidirectional
LSTM are the baseline methods. The study results indicated that the deep hybrid
network outperformed the baseline models in 1lkmx1km and 5kmx5km spatial grids.
The deep hybrid network achieved accuracy 0.722, recall 0.701, false alarm rate
0.278, and AUC 0.790 for spatial resolution of 1kmx1km and accuracy 0.781, recall
0.768, false alarm rate 0.216, and AUC 0.8586 for spatial resolution of Skmx5km.
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CHAPTER 1

INTRODUCTION

With the rapid urbanization and economic development rate, there have been rapid
automobile numbers worldwide. For instance, it is expected that around 85% of the United
States Population will live in cities (United Nations, 2014). This is especially the concern
in the United States, with the highest vehicle ownership per capita and the second-highest
total vehicle after China in the world. The U.S. has a stock of 259.1 million vehicles and
vehicle ownership of 832 vehicles/ 1000 persons as of 2016, and it has been continuously
growing (Stacy & Robert, 2020). It resulted not only in chronic congestion in major cities
but also in vast traffic crashes. For instance, Chicago downtown has experienced a 2.3%
decrease in speed between 2016-2017 (Schaffer, 2019). Aside from chronic congestion,

the rapid growth of urbanization and motorization leads to a traffic crash.

Road crashes the eighth leading cause of unnatural death in all age groups and the leading
cause of unnatural death in children and young adults (age group 5-29 years) worldwide.
In the U.S., it seems that road crash leads to a higher proportion of death than other causes
of death than the rest of the world. Road crashes are the leading cause of unintentional

death for people aged 1-54 in the U.S. (WISQARS, 2020).

Further, road crashes cause around 50 million injuries, leading to around 1.35 million
fatalities yearly (WHO, 2018). In addition to the loss of life and property damage to the

people involved in a crash, traffic crash puts much economic burden on the health care
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system. Road injuries only cost $518 billion worldwide annually on health care agencies
(WHO, 2004). These are aside from property loss during a crash and traffic blockage and

costs after a crash.

Timely traffic crash prediction can diminish the crash risk. The prediction would consider
both the place where a crash would occur and the time to feed the Intelligent Transportation
System (ITS) in proactive crash prevention. Proactive crash prevention can save human
life and property. Traffic agencies can use crash prediction models to target crashes'
specific times and locations to take measures proactively (Park et al., 2016). The model
can be used for variable message signs (VMS) to provide real-time information for road
users and improve road route choice for decreasing the probability of crashes (Yan & Wu,
2014). Additionally, dynamic spatiotemporal crash prediction can also be integrated with
the emergency care system to feed real-time alarms on the possibility of a crash and provide

emergency care accordingly.

However, traffic crashes are highly random and dynamic events, both considering the
temporal and spatial occurrence. The involvement of many factors, like human
characteristics, weather, infrastructure, and the vehicle, makes crash prediction highly
sophisticated (Ren et al., 2018). Further, real-time crash-related data is challenging to
achieve. For instance, human behavior is one of the leading causes of road crashes that
varies between individuals, and it is not easy to acquire in real-time (Q. Chen et al., 2016).
Spatiotemporal prediction of crashes in fine spatial resolutions is complicated. Although
crash prediction in granular spatial resolution like county level and traffic zone level are
discussed by some authors (Huang et al., 2010a; Rhee et al., 2016), fine spatial resolution

crash prediction still seems is still not much addressed in the literature.
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Considering the complicated nature of crash occurrence, some authors tried to collect big
mobility-related data. For instance, Bao et al. (2018) used taxi trips Global Positioning
System (GPS) density data as a factor of human mobility on-road crashes, and Chen et al.
(2016) used cell phone GPS data as a human mobility factor. Although some authors use
Twitter posts in real-time also as human mobility-related data, there is much noise in social

media like spam posts (M. Chen et al., 2014).

Three types of data were collected: 1) spatial features, 2) spatiotemporal features, and 3)
temporal features to predict traffic crashes. The spatial features vary based on the location
of grides, but they are not changing over time. The spatial features are road density,
bikeway density, bus stop density, and pedestrian route density. Spatiotemporal features
vary both by time and space. Spatiotemporal features are intersection red light violation,
speed violation, taxi trip traces, and bus ridership. Similarly, temporal features change by

time consists of weather data and holidays and events data.

The study contributes to the literature in the following aspect. First, the proposed hybrid
model in this study is a novel approach for crash prediction. To the best of our knowledge,
such a method is not encountered in the literature for crash prediction. Further, the data
types used in this study are inclusive of multiple sources. Twelve data sources were used
for crash prediction. Further, a sensitivity analysis was conducted to explore the importance

of each feature in model prediction.

1.1 Study Area

Chicago is one of the largest cities in the United States, located on Lake Michigan in
Illinois. Chicago has a total area of 606.1 km? and a metropolitan area of 10,874 km2. The

population of the city in 2018 was 2.706 million (Data Commons, 2020). This city has the
3



highest population in the Midwestern United States. Chicago's total number of vehicles as
of 2018 was 3,456,125 (Continental Motors, 2020). The vehicle ownership per household
in 2015 was 1.11, increasing to 1.12 in 2016 (Maciag, 2017). Figure 2 indicates the study

area of this study.

Chicago City

Unted States of America

Figure 2: Chicago City Location in the US

1.2 Objectives

The objective of this study is multifold. The summary of the objectives as follows:

1. To investigate the influence of spatial, temporal, and spatiotemporal data on crash risk

prediction for Chicago city.

2. To analyze and combine spatial, temporal, and spatiotemporal data for predicting crashes

using hybrid deep learning models (like CNN-LSTM).



3. To develop a number of statistical and shallow machine learning models as a baseline to
predict the crash risk for different levels of spatial aggregation starting from 1 km grid to

5 km grid.

4. To investigate the superiority of specific deep learning models and hybrid deep learning
models to predict the crash risk for different spatial aggregation levels starting from 1 km

grid to 5 km grid.

1.3 Expected outcomes and their utility

The expected outcome of this study would be multifold. First, The deep learning models
were built and tested for spatiotemporal crash prediction, and the result of these models
was compared with traditional statistical and machine learning models for comparison.
These models would take historical crash data, real-time weather, and big data for
representing human mobility like taxi trips for fine-resolution spatiotemporal crash

prediction.

Spatiotemporal crash modeling and prediction is one of the components of smart cities.
This component can be integrated into the Intelligent Transportation System (ITS) for real-
time traffic management on the crash site. Further, crash prediction models can feed an
advanced traveler information system to inform road users in advance of crash occurrence
for route changing and traffic management after the crash occurrence. Timely prediction

can assist emergency care agencies for real-time emergency services on the crash site.

Second, the influence of multi-source and big data were studied on crash occurrence and

prediction. For instance, GPS density records are used in road crash modeling and



prediction. The importance of taxi trip data on crash modeling will be discussed. Further,

the effect of a traffic violation on the real-time crash prediction will be studied.

1.4  Thesis Organization

Chapter 1: Introduction

In this chapter, the thesis introduction is presented. The chapter provides a comprehensive
introduction to this thesis, including the data types, models, and methods. Further, the
expected outcome, the study area, and the objectives of this study are presented in this

chapter.

Chapter 2: Literature Review

In this chapter, the related studies for crash prediction are discussed. The chapter introduces
the types of methods are used for crash prediction. Then, the literature on road crash
prediction on-road segments such as freeways and expressways are discussed. The studies
regarding the spatiotemporal crash prediction on different levels of temporal and spatial

resolution are discussed.

Chapter 3: Methodology

The study methodology is presented in this chapter. The chapter presents the methodology
of the thesis that starts with data acquisition and visualization and completes with the model
test. The data types and descriptions are provided. Then the model's description is presented

for five baseline models and the proposed hybrid model.



Chapter 4: Results and Discussions

The results of the study are presented in chapter 4. The baseline models and the proposed
models' performance were evaluated based on the four performance measures. Further, a
sensitivity analysis was conducted to evaluate the significance of each data type. Then a
significance test was conducted to explore the significant differences in model

performance.

Chapter 3: Conclusion
The study conclusions are presented in this chapter. The study's main conclusions are

summarized, and the future direction of the research is also provided accordingly.



CHAPTER 2

LITERATURE REVIEW

In this chapter, an overview of existing literature pertinent to crash risk modeling and
prediction is provided. The first section discusses methods of crash modeling and
prediction. Then, crash spatial aggregation with different levels is described. After that,
real-time crash prediction on different infrastructure elements is discussed in light of the

literature.

2.1  Crash Modelling and Prediction Methods

Predicting crash risk in real-time is generally considered by two methods, statistical models
and machine learning methods (Yuan et al., 2019). Traditionally, statistical models are used
for crash modeling and crash prediction using explanatory variables. These models are easy
to interpret. For the real-time crash prediction on freeways by statistical models, matched
case-control logistic regression (M. Abdel-Aty et al., 2004; C. Xu et al., 2012; Zuduo
Zheng et al., 2010) and Bayesian model (M. A. Abdel-Aty et al., 2012) are frequently used

to predict crash risk prediction in freeways.

However, statistical models relate the input parameters to the output classes by a particular
model with specific assumptions (Shi & Abdel-Aty, 2015; Wang et al., 2015), leading to

a lack of flexibility to adapt to complexity in crash prediction and modeling.

On the other hand, machine learning methods try to learn from the data with higher
flexibility than statistical models (Alpaydin, 2020; Jordan & Mitchell, 2015; Marsland,

2015; Michie et al., 1994; Murphy, 2012) and can capture the non-linear and complex
8



relationships between features and output. Thus, machine learning models often result in
better prediction capability than statistical models. Among machine learning models,
Support Vector Machine (SVM), Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM), and LSTM-CNN (Long Short-Term Memory Convolution Neural
Network) are frequently used for real-time crash prediction on freeways, expressways, and

intersections.

Nowadays, machine learning methods have been used for real-time predictions due to
higher prediction capabilities. However, they are like a black box and lack interpretability
and relationships. On the other hand, statistical models are well-known for their feature
interpretation capabilities. The feature significance and importance determination are easy
to understand by statical models. Thus, both models' combination is highly favored by

many authors, e.g., (Shi & Abdel-Aty, 2015).

Recurrent, Neural Network (RNN), and Long Short-Term Memory (LSTM) are often used
for real-time crash prediction. These models have the advantage of sequence learning,
which is appropriate for time series analysis. In addition to capturing all other patterns and
trends in data RNN and LSTM have memory and can capture the relationship between the
seasonality of time series. Recurrent Neural Network (RNN) is a powerful model for
sequence learning, such as natural language processing and time-series prediction (Tian et
al., 2018; Zhao et al., 2017; Zibin Zheng et al., 2019). However, the RNN model has a
gradient vanishing problem for long-term prediction and loses the prediction power in this
case (Bengio etal., 1994). Long Short-Term Memory (LSTM) was invented in 1997, solves
the long-term dependencies problem of RNN is especially useful for sequence learning

(Hochreiter & Schmidhuber, 1997a).



2.2  Crash Spatial Aggregation for Modelling and Analysis

The spatial aggregation analysis of crashes is of particular interest to researchers as safety
is considered an essential component of transportation planning (Fischer et al., 2005;
Washington et al., 2010). Proactive planning for the spatial units with high crash risk and

taking measures can decrease the crash risk.

Aggregation of road crashes at different levels for analysis and prediction has been the
interest of many researchers. For example, country-level aggregation (Noland, 2003),
county-level crash aggregation and analysis (Aguero-Valverde & Jovanis, 2006; Amoros
etal., 2003; Chang et al., 2011; Darwiche, 2009; Donaldson et al., 2006; Hanna et al., 2012;
Huang et al., 2010b; Karlaftis & Tarko, 1998; Noland & Oh, 2004; Traynor, 2008), traffic
analysis zone (TAZ) level (Bao et al., 2017; Rhee et al., 2016) level of crash aggregation
has been analyzed by different authors to understand temporal and spatial patterns of
crashes. Recently, grid-level aggregation, which is the discretization of a city or country
into small square grids, say 5km x 5km, has attracted researchers' interest (Bao et al., 2019;

Xie etal., 2017).

Huang et al. (2010) used the Bayesian spatial model to predict road crashes in Florida
counties. The data used for this study includes five years of data (2003 to 2007) for 67
counties of Florida, including traffic crash data, traffic attributes, socioeconomic features,
and location factors that reflect the proximity of areas. The author concluded that counties'
crash frequency is positively correlated to traffic intensity, urbanization, and population
density. In contrast, arterials and freeways crash frequency over Vehicle Mile Travelled

(VMT), and the population is less intense.
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Despite tremendous research on temporal and spatial crash analysis, the long-term nature
of prediction, such as years or months, does not seem helpful for understanding real-time

crash prediction and emergency resource allocation.

2.3 Crash Spatial Aggregation for Modelling and Analysis

Real-time crash prediction requires real-time detectors data. The data are the speed of
vehicles, traffic volume, the density of traffic. A traffic crash is predicted based on abrupt
changes to traffic characteristics that are an abnormal situation. Abrupt changes to traffic
characteristics are between successive traffic detectors that indicate an abnormal situation
due to a traffic crash. Models detect these abnormal situations based on real-time data that

is received from detectors.

Generally, the state-off-the-art detectors are classified into three types 1) intrusive
detectors, 2) non-intrusive detectors, and 3) off-roadway technologies. The intrusive
detectors, like inductive loops, are installed within the pavement. While non-intrusive, like
microwave radar and video image processing, are installed above the road surface. Off-
road technologies include probe vehicles and remote sensing. Intrusive detectors are
commonly used types; however, they have some drawbacks. The intrusive detectors do not
perform well when the roar surface is in bad condition. Further, the installation and
maintenance of intrusive detectors cause traffic disruption. Off-road technologies perform
well for survey and data collection; however, they may not be the best option for real-time
data collection as the real-time data needs the probe vehicle or similar technology to

continuously run (Martin, 2003).
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2.4  Real-time crash prediction on Freeways and Expressways

Freeways crash prediction has been the interest of many researchers. This is due to the
relatively stable traffic flow on freeways. Freeways flow is not much disturbed by
intersections and other kinds of the junction. Thus, the occurrence of a crash disturbs the
traffic flow and can be detected by abrupt changes to traffic characteristics upstream and

downstream of the crash.

Shi and Abdel-Aty (2015) studied the real-time prediction of the operation and safety of
Orlando, Florida expressways. The study's road network consisted of 75 miles of
expressway with 275 Microwave Vehicle Detection systems (MVDS) that collected data
flow in each lane based on a one-minute interval. The Random Forest (RF) was used to
select features, and Bayesian models were used to predict rear-end road crashes from traffic
flow dynamics and congestion index. Four features were significantly important
(congestion index, log of traffic volume, peak hour, and mean speed of flow). Three types
of Bayesian models, random effect, Fixed effect, and Random parameter, were used. The
Bayesian with Random parameter outperformed the two other Bayesian types with a

sensitivity of 68.8%, a specificity of 73.2%, accuracy of 72.2%, and AUC of 75.5.

Further, the author found that a wet road surface can increase crashes by 70%. The ramp
metering technology and Dynamic Message Sign (DMS) were suggested to decrease the
likelihood of expressway weaving segment crashes. The model's five performance

measures are AUC of 70.1%, sensitivity 67.6%, specificity 70.0%, and accuracy of 69.8%.

Yu and Abdel-Aty (2013) used the Support Vector Machine (SVM) to predict real-time
crash risk in a 15-mile mountainous freeway in Colorado. The feature selection for the

models was based on the Classification And Regression Tree (CART) model. Then, the
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author compared the real-time predictability of SVM with the conventional statistical
model Bayesian logistic regression model. The performance measure used is the Area
Under Curve (AUC). The author concluded that the SVM with a Radial basis kernel has
an AUC of 77% that outperformed the SVM with a linear kernel with an AUC of 74% and

Bayesian logistic regression with an AUC of 73%.

Parsa et al. (2019) implemented Probabilistic Neural Network (PNN) and Support Vector
Machine (SVM) models to predict road crashes after 5 min of crash occurrence on the

Eisenhower expressway in Chicago between June 2017 to December 2017.

Li et al. (2020) proposed LSTM-CNN (Long Short-Term Memory Convolution Neural
Network) based crash risk prediction on eight-mile arterials. The model takes variables
such as signal phasing, traffic flow parameters, and real-time weather data collected
between September 2017 to September 2018 to predict crash risk in the next 5-10 min. The
author also compared the model's result in five other models: XGBoost, LSTM, CNN, and
Logistic Regression. The LSTM-CNN parallel model achieved AUC = 0.932 (with False
alarm rate = 0.132 and sensitivity=0.868) and the five models achieved AUC less than 0.9
(Sequential LSTM-CNN AUC =0.9, LSTM AUC=0.88, CNN AUC=0.70, XGBoost AUC
= 0.83, Bayesian Logistic Regression AUC = 0.7). The study concluded that the proposed
LSTM-CNN model outperforms the other models in Area Under the Curve (AUC), false

alarm rate, and sensitivity.

2.5 Real-time crash prediction on intersections and weaving sections

A few studies also addressed crash prediction in real-time at intersections and weaving
sections of freeways. For instance, Wang et al. (2015) used a multilevel Bayesian logistic

regression model to predict real-time crashes on weaving segments of 22-mile expressways
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with 16 weaving Florida segments in the next 5-10 min. The author argued that selecting
5-10 min before the crash data compared to 10-15 min produces higher accuracy than 0-5
min. It provides enough time for the ITS system to react. The data for the prediction of
crashes are Microwave Vehicle Detection System (MVDS), geometry, and weather. The
significant features for predictions were the main lane's speed at the start of the weaving
segments, the logarithm of traffic volume, and the speed differences between the weaving

segment's start and endpoint.

Yuan et al. (2019) used LSTM-CNN to predict real-time crash risk in 44 signalized
intersections in Oviedo, Florida, in the next 5-10 min. Five datasets were used in this study
which is 1) traffic crash database, which was collected between January 2017 to April
2018, 2) weather condition data, 3) loop detector data, 4) signal phasing dataset, and 5)
travel speed data. The study excluded 2.35% of crash data due to the influence of alcohol
and drug. Further, the author considered crashes within intersections (50.37% of total
crashes) by stating that intersections are more predictable than outside intersections. The
data split into 70% training, and 30% test and oversampling SMOTE was used to balance
the dataset. The author compared the result of LSTM-CNN with the conditional logistic
statistical model. The LSTM-CNN achieved a 60.67% sensitivity with a 39.33% false
alarm rate, while the conditional logistic model got a 56.72% sensitivity with a 43.28%
false alarm rate. The author declared that the model capability in prediction might not be

practical due to low sensitivity and a high false alarm rate.
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2.6 Machine Learning Method to Predict Real-time Spatiotemporal
crash grid-based

A traffic crash is a highly dynamic and random event. Short-term prediction of crashes is
a highly challenging task. Similarly, predicting the crash location with a relatively fine
spatial resolution like grids is highly complicated. Crash modeling for real-time prediction
requires both the fine resolution of spatial grids and a short-term temporal timestamp for
agencies to take action in advance of crash occurrence. Considering the challenging task
of crash prediction with such leverages, the real-time crash prediction with the fine

spatiotemporal resolution citywide or countrywide is still not studied (Bao et al., 2019).

Some studies attempted to predict road crashes at a spatial grid level for real-time
prediction. For instance, Chen et al. (2016) used human mobility data to predict traffic
crashes in real-time. The model used is deep Stack denoise Autoencoder and compared this
model with a decision tree (DT), logistic regression (LR), and support vector machine
(SVM). The data was 1.6 million users' GPS and seven-month traffic crash data (from
January 01, 2013, to July 31, 2013) collected in Japan. The user mobility data was collected
from mobile phones in 5 minutes. The study's temporal interval was considered one hour,
and the spatial area was discretized as 500mx500m squares. The data was split as 80% for
training and 20% for testing. The author concluded that the deep Stack Denoise

Autoencoder model outperformed all other models in the study.

Ren et al. (2018) used both the deep learning model (LSTM) and the statistical model (e.qg.,
ARMA) to predict spatiotemporal crashes in Beijing, China. The author discretized the
city into a 1kmx1km area and the time into an hour. The data used for this study contained

two years of the crash (2016 and 2017) with the timestamp and coordinates. The author
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considered traffic crashes to predict traffic crashes without considering human mobility,
calendar events, or traffic flow that would affect the model prediction capability. In the

end, it was concluded that the LSTM model outperformed statistical models.

Bao et al. (2018) studied the effects of taxi trip patterns as a factor of human mobility on-
road crashes. The author collected social-demographic attributes, taxi trips, GPS, road
network data, land use data, and crash data. A total of 50 taxi trip patterns were found using
the Latent Dirichlet Allocation (LDA) model. Geographical weighted Poisson regression
(GWPR) was used to relate to road crashes and contributing factors. The modeling process
compared the traditional contributing factors to road crashes and traditional factors and taxi
trip patterns data. The author concluded that the taxi trip pattern data significantly
improved the model prediction in the frequency of crashes. Other authors used the Global
Position System (GPS) density of phone users as human mobility attributes to predict road

crashes in Japan (Q. Chen et al., 2016).
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Table 1: A comparison of different machine learning and deep learning models used in the literature

Study Study Area | Timestamp | Models Events Data Best Variables Performance
Model Measure
(Basso et | Expressways | 5 min SVM,LR Crash 39 crash SVM | type of | Accuracy
al., 2018) vehicle, 67.89%
Non- 13,029 non
speeds, speed
crash crash FPR=20.94%
change, the
variance  of
speeds,
density, and
density change
(Li et al., | Arterials 5 min LSTM-CNN, | Crash 432 crash LSTM- | traffic ~ flow | AUC=0.932
2020) XGBoost, CNN characteristics,
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BLR, Non- 7,098,269 signal timing, | FAR=0.132

LSTM,CNN crash non-crash and  weather o
Sensitivity =0.868
conditions
(Yuan et | Signalized 5 min LSTM-RNN, | Crash 349 crash LSTM- | crash data, | Recall=60.67%
al., 2019) Intersections CLM RNN travel  speed
Non- 3215 non- FPR=39.3%

data, detectors
crash clash
installed,

signal timing
data , loop
detector data

\weather

characteristics
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(Moosavi 5kmx5km 15 min LR,GBT,DNN, | Crash 7,974 crash | DAP Crash  data, | Crash F1=0.65
etal., 2019) | spatial grids DAP weather, data,
Non- 29,020 non- Non-crash
road data
crash crash F1=0.89
(Zhu et al., | Taxi zones 12 hour LR, LSTM, | Crash Not given | TA- Taxi trips, city | MSE = 0.000172
2019) Xgboost STAN | bike trips,
Non- RMSE =0.01312
weather data,
,TA-STAN crash
MAE = 0.0082
crash data,
street  design
data,
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2.7  Machine Learning Methods to Predict Real-time Spatiotemporal

crash grid-based

Several authors discuss crash prediction on freeways and expressways; however, the real-
time traffic data such as traffic volume, density, and speed are not available for the whole
city or country road network. The sensors' data are mostly available on freeways, so the
crash prediction by sensors data is limited to freeways and expressways based on the

availability of sensors and Bluetooth data (Bao et al., 2019).

Further, installing and maintaining detectors requires massive investment for the whole
city or country road network. Road sensors of any kind require regular maintenance.
Considering the whole city road network, the sensors' installation and maintenance are a
demanding task for road agencies. Thus, collecting sensors or Bluetooth data may not be

economically feasible for all road networks and requires massive investment.

Fine-resolution spatial grid-based crash prediction is recently studied by some authors, e.g.
(Bao et al., 2019; Xie et al., 2017). This method generally requires fewer data and predicts
the road crash in each spatial grid based on the historical crash data itself, or we can add

publicly available data like weather and taxi trips data.

However, the spatial grid-based crash modeling and prediction method are still not much
explored in the literature. The existing literature mostly relies on LSTM or deep Stack
denoise Autoencoder, e.g. (Bao et al., 2019; Xie et al., 2017). These models generally
capture temporal relationships in the data and predict crashes accordingly. In contrast, the

second dimension of relationships relies on the spatial associations of crash occurrence.
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The short-term grid-based spatiotemporal crash prediction can be integrated into the
Intelligent Transportation System (ITS) for real-time traffic management on the crash site.
By this method, traffic agencies can manage traffic around the crash-prone area to avoid
traffic crashes and study the spatial area for a possible reason for crash occurrence and

solution to prevent a crash in the future.

Further, crash prediction models can feed an advanced traveler information system to
inform road users in advance of crash occurrence for route changing and traffic
management after the crash occurrence. Timely prediction can assist emergency care
agencies for real-time emergency services on the crash site. Thus, crash severity can be

decreased by providing timely medical support to the crash site.
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CHAPTER 3

METHODOLOGY

In this chapter, the methodology of this study is described. The first part of the chapter
deals with the problem setup, the study's mathematical modeling methods. In the
subsequent sections, the analysis framework of the experiment is presented. This
framework shows a step-by-step process of analysis which starts with data acquisition and

ends with modeling testing.

3.1Problem Setup

In this section, the problem set up is described. Before any modeling, the inputs, outputs,
and the purpose of modeling are determined. Further, the data need to be prepared into

correct vectors and matrices for modeling.

1. The city is discretized into a vector of n grids g, where G is the whole city
represented as a vector of (n) elements.

G =< 91,9293 -, gn > ERV
The g is a spatial grid with a 5kmx5 km area as g,, € GV.

2. The time vector is a set of time intervals which is stamped at each t = 1 hour for the
study period T as:

T =< ty,ty t3, ..., t; >T€ R¥K

Where each time interval is a step of the study period ¢, € T**.
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3.1.1 Inputs
As described in chapter 2, the explanatory features were classified into three types which

are spatial features, temporal features, and spatiotemporal features. Each category of a
feature needs to be mathematically prepared for machine learning models so that it be
interpretable by models. Therefore, in this subsection, each category of features is
mathematically formulated. The temporal and spatial features were presented as vectors as
these categories of features are one-dimensional, while the spatiotemporal features were
presented as matrice as they are two-dimensional, both spatial dimension and temporal

dimension.

Spatiotemporal Features

Spatiotemporal features are described as matrices of n columns and k rows where n shows

the gride position and k shows timestamp.

3. A dataset of taxi trips for n grides and t time intervals.
X11 "t Xin

X = € RKxN

Xk1 " Xkn

Where each taxi trip x., belongs to a spatial grid g,, and a timestamp t; as
Xeqg € {GN, T*K}

4. A dataset of speed violations for n grides and k time intervals.
S11 " Sin

S = Pl e RE*N

Sk1 " Skn

Where each speed violation event w;, belongs to a spatial grid g, and a timestamp

ty as
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Stg € {GN,TlxK}

5. A dataset of intersection red-light violations for n grides and k time intervals.

Ly = hn
L=|: =~

o lkn

Where each red light violation event w4, belongs to a spatial grid g, and a timestamp

ty as
ltg I= {GN,TlxK}

6. A dataset of bus ridership for n grides and k time intervals.
byy b

B = € RKxN

bei  byn

Where each bus ridership b, the event belongs to a spatial grid g, and a timestamp

ty as

btg € {GN, TlxK}

Temporal Features

Weather conditions and holidays and events temporal features. Temporal features were

discretized as one hour.

7. The weather condition is described as a vector of W with k timestamps as

W =< Wq, Wy, W3, ..., Wg >TE RlxK
where each weather event w,, belongs a timestamp t;, as
Wi € Tlxk.
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8. The holidays and events are described as a vector of H with k timestamps as

H =< h’ll hz, h3, ey h’k >TE RlxK
where each weather event h;, belongs to a timestamp t;, as
h, € Tk,

Spatial Features

Spatial features vary only based on space, so they are represented as vectors.

9. The bus stop density feature is described as a vector of U with n elements for each
spatial grids as

U=<uy,Uy Uz, .., U, >€ERN
where each bus ridership u,, belongs to a spatial grid g,, as
u, € GV.

10. The road density feature is described as a vector of R with n elements for each
spatial grids as

R =<71,15,73,..,7, > ERN
where each element of road density 7, belongs to a spatial grid g,, as
1, € GV,

11. The intersection density feature is described as a vector of | with n elements for
each spatial grids as

I =<y, iy iz ., inp >ERN

where each element of intersection density i,, belongs to a spatial grid g,, as
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i, € GV,

12. The bikeway density feature is described as a vector of Y with n elements for each
spatial grids as

Y =< Y1,Y2, Y3 s Yn > € ]RN
where each element of bikeway density y,, belongs to a spatial grid g,, as
¥ € GV,

13. The pedestrian route density feature is described as a vector of P with n elements
for each spatial grids as

P =< py,02,P3, -, Pn > ERY
where each element of pedestrian route density p,, belongs to a spatial grid g,, as
pn € GV,

3.1.2 Desired
14. A model M takes the features from (m) steps backward to predict each grid label

in the next timestamp {;1.1yn.
V ={X,W} € RKXN

V=< Vt—m: Vt—m+1: Vt—m+2' ey Vt >T€ RIXK

3.1.3 Output
15. The labels for each grid (g,) in the time step (¢ + 1) as [t+1)n € {0, 1}.

Lt+1 =< ll, lz, 13, ...,ln > IRN

I _ {1, if there is a crash in next hour
(t+Dn =, otherwise
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3.1.4 Purpose
The purpose of the modeling is to minimize the model's prediction error or the mislabeled

grides in the next timestamp. Therefore, different models, hyperparameter values, and data

are used to minimize the classification error.

3.2Analysis Framework

The study analysis framework is presented in Figure 3. The process starts with data
collection from multiple sources. Data discretization is required after data collection and
preprocessing to make it readable for machine learning models. Data need to be split for
training, validation, and test sets after the discretization of data. Data preprocessing and
cleaning come in the fourth step. Then, it is needed to select performance measures for
assessing model prediction capabilities. Models selection and training comes in the sixth
step; training both the proposed and base models is necessary for comparison. After
training, the models should be validated on the validation set of data for achieving optimum
results. The model test is the last step of the process, which is conducted on the test set of
data. The model performance is then reported based on the test set for model comparison.
In the rest of this chapter, the framework is followed (Figure 3) and described each step of

the framework in detail.
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3.2.1 Data

Several factors contribute to a road crash. These factors can be categorized into four major
groups, which are 1) human error, 2) vehicle problem, 3) infrastructure, and 4) the weather
condition. Therefore, several sources of data were collected for study to represent all
possible contributing factors to crashes. Among them, taxi trips and bus ridership were
used as human mobility factors. Some authors used social media data like Twitter data to
represent human activity and mobility; however, there is much noise in social media like
spam posts (M. Chen et al., 2014). Further, social media may show human activity, but it
may not directly represent human mobility as taxi trips or bus ridership data. The following

twelve types of data were used in this study;

Crashes dataset

Taxi trips database (a surrogate for human mobility and traffic exposure)
Holidays

Intersection red light violation
Speed violation

Weather condition

Road density

Intersection density

. Pedestrian route density

10. Bikeway density

11. Bus ridership

12. Bust stop density

© o N O wDdPE

The data used in this research will be in three types, as shown in Figure 4. Three types of
features, namely spatial, temporal, and spatiotemporal, were collected to capture all
possible crash triggering factors. Spatial features are road density, bus density, intersection,

walkway, and bikeway density; temporal features are weather conditions and events and
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holidays. Spatiotemporal features include taxi trips, bus ridership, speed, and red-light

violations.

Spatial features are those features that vary based on space. These features present local
variations in crashes due to local variables. For instance, roads are an indicator of existing
traffic that may lead to a traffic crash. Although there are several factors to crash
occurrence, the higher the roads' density, the higher the road crash may happen. However,
spatial features generally do not change over time. Thus, spatial features are used to capture

spatial variations that lead to the crash occurrence.

Spatiotemporal features vary not only by space but also by time. For instance, taxi trips’
GPS data indicates when the taxi trip happened, and also it has the coordinates where the
taxi trip started and ended. These features are presented as matrices of time and space as
described in the problem setup section. On the other hand, temporal features vary based
only on time. For instance, public holidays are the same for the entire city. Weather
condition data may vary by space; however, these variations are marginal, and the weather

condition was considered the same for the entire city.
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Figure 4: Data types to the model and expected output of the model

31

Temporal Features

Weather Events

L r
& @
: *+ ! ! -

03

Events and Holidays



3.2.11

Crash Dataset

Traffic crash data was collected from the Chicago official public data portal (Chicago Data

Portal, 2020). The crash data for the entire 2018 year (from January 01, 2018, to December

31, 2018) were considered. There were 118,079 crashes that happened during 2018. Crash

attributes and their description is in Table 2.

Table 2: Crash Attributes

Column Name Description Type
CRASH_RECO
RD_ID This is a unique 1D number for each crash. Plain Text
Crash date estimated by desk officer or reporting party
CRASH_DATE_ | (only used when the crash was reported after days of
EST | happening) Plain Text
The time of crash occurrence reported by the reporting | Date &
CRASH DATE | officer Time
Weather condition at the time of the crash. This feature
WEATHER_CO | has seven categories as 1) Clear, 2) Rain, 3) Snow, 4)
NDITION Cloudy, 5) Fog, 6) Hail) and 7) Severe wind Plain Text
Light condition at the time of the crash. This feature has
LIGHTING_CO | five classes as 1) Daylight, 2) Darkness, Lighted Road, 3)
NDITION Darkness, 4) Dusk, and 5) Dawn. Plain Text
Total number of traffic lanes in the crash road (0 =
LANE_CNT intersection) Number
Alignment of the road where the crash occurred
This feature has six classes as 1) Straight and level, 2)
Straight on Grade, 3) Curve Level, 4) Straight on Hillcrest,
ALIGNMENT 5) Curve on Grade, and 6) Curve on Hillcrest. Plain Text
Road surface condition. This feature has classes as five
ROADWAY _SU | classes as 1) Dry, 2) Wet, 3) Snow or Slush, 4) Ice, and 5)
RFACE_COND | Sand, Mud, or Dirt. Plain Text
The severity of the crash. There are five levels of severity
for each crash as
No indication of injury: 101410
Non-incapacitating injury: 9247
Reported, not evident: 4964
Incapacitating injury: 2121
CRASH TYPE | and Fatal: 114 Plain Text
LATITUDE The latitude of the crash location Number
LONGITUDE The longitude of the crash location Number
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3.2.1.2 Weather Data
The weather condition data was also used as weather condition affects traffic crash

occurrence. For instance, the driver behavior and response are different on a rainy or snowy
day than a typical day. Thus, this difference may have an impact on crash severity and
frequency (Mannering et al., 2016). Considering the effect of weather conditions on crash
frequency and prediction, the weather data was considered as one type of temporal variable
and incorporated in the models accordingly. Hence, weather data was received from
Chicago Midway Airport (Arguez et al., 2020). The weather data are updated in the hourly
rate with several attributes. Eight weather condition attributes related to a traffic crash were
considered. The description of each weather condition attribute is given in Table 3. The
weather-related features will further be studied to determine the importance of each feature

on overall model performance quality improvement.

Table 3: Hourly weather data description

Column Name Description Type

The thermometer is measured in an open area, but
Hourly Dry Bulb

the thermometer is protected from sunshine and | Number
Temperature

moisture (°C).
Hourly Precipitation: | Hourly precipitation (mm) Number
Hourly Relative | The ratio of water vapor in the air at a given

Number

Humidity temperature (%)
Hourly Sea Level Standard sea-level pressure (mm) Number
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Pressure
Hourly Sky

Cloud amount, height, and type Plain Text
Conditions
Hourly Visibility Visibility reported by tower personnel (km) Number
Hourly Wind

The direction of the wind (deg) Number
Direction
Hourly Wind Speed | Speed of Wind (km/h) Number

3.2.1.3  Traffic Violations
Traffic law violations are one of the contributing factors to a road crash. Thus the traffic

law violations were considered in crash prediction for modeling. Chicago city is equipped
with traffic enforcement law that enforces speed limit and intersection red light law
throughout the city. In this study, traffic speed limit and intersection red-light violations
represent the traffic violations' contributions to a traffic crash. The data is collected from

the Chicago official public data portal (Chicago Data Portal, 2020).

Intersection Red Light Violation

There are 365 cameras located on intersections throughout the city of Chicago that enforce
traffic red light law. Figure 5 shows the locations of inspection red light violation cameras.
The red-light data are reported daily for each intersection. In this study, the effect of red-

light violations on crash occurrence was considered. The location and day of violation
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occurrence were both considered in the modeling process. The attributes of each violation

in the intersections are described in Table 4.
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Figure 5: Intersection Red Light Camera Locations

Table 4: Intersection Red Light Violation
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Column Name | Description Type

INTERSECTIO | The intersection where the red light camera is located | Plain Text

N for red-light law enforcement. Some intersections
have more than one camera

CAMERA ID The ID number of each physical red-light violation | Plain Text
camera

ADDRESS The address of each camera location in the physical | Plain Text
intersection

VIOLATION The date of red-light violation occurrence. Date & Time

DATE

VIOLATIONS | The number of red-light violations at each day Number

LATITUDE The latitude of camera location at a particular | Number
intersection. Geo-coded using the WGS84.

LONGITUDE | The longitude of camera location at a particular | Number

intersection. Geo-coded using the WGS84.
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Speed Limit Violation

There are 162-speed limit cameras
throughout Chicago city to enforce
the speed limit, as shown in Figure
6. The violations in each camera are
reported daily. The daily violations
of each red-light enforcement
camera alongside their locations to
study their effect on the occurrence
of a crash on each grid of the city

were used. Attributes of each speed

camera violation are described in Table 5.

Figure 6: Speed camera locations
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Table 5: Speed Camera Violation

Column Name Description Type
The physical location address of the speed
enforcement camera(s)
ADDRESS Plain Text
There may be more than one speed limit
enforcement camera at each address
CAMERA ID A unique ID for each physmal camera at each Plain Text
location
VIOLATION D The date of speed violation. Date & Time
ATE
VIOLATIONS Total number of speed violations at a particular Number
camera per day
The latitude of the geographic location of
LATITUDE speed camera location. Geo-coded using the Number
WGS84.
The longitude of the geographic location of
LONGITUDE speed camera location. Geo-coded using the Number
WGS84.

3.21.4  TaxiTrips

Human needs movement to accomplish social and economic activities. This need for
human mobility is the precursor of vehicle ridership that, in turn, leads to a traffic crash.
Acquiring data of movement of each individual in a city is highly complicated to achieve
due to the unavailability of devices for each individual movement to record, privacy
concerns, and massive data analysis. Thus, some alternative data that can be achieved
easily can be used as human mobility exposure. For example, taxi trips data that is recorded
based on taxi trips pick up and drop off GPS location and their timestamps can be used as

human mobility data. Taxi trips data is already available for some cities and can be readily

acquired from taxi companies.
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Bao et al. (2018) studied the effects of taxi trip patterns as a factor of human mobility on-
road crashes. The author used Geographically Weighted Logistic Regression to explore the
contribution of taxi trips data on road crash modeling and concluded that taxi trips' GPS

data significantly improves the model for road crashes.

Taxi trips data in this study contained a total of 20,732,088 geocoded taxi trips with
attributes as Table 6. The pickup and drop-off coordinates for each trip associated with
each grid where they are located considered accordingly. The density of pick and drop of
taxi trips was considered human mobility for each grid of this study area. Furthermore, the
taxi pick and drop-off density may represent complete mobility as there are also other trip
attributes like the trip duration and distance associated with each trip. Thus, the trip
duration, distance of the trip, and total fare as other contributing factors associated with

each trip as a mobility factor were used in this study.

Table 6: Taxi trips attributes description

Column Name Description Type

The start time of the taxi trip rounded to the
Trip Start
nearest 15 minutes for making the trip | Date & Time
Timestamp
anonymous.

Trip End | The end time of the taxi trip rounded to the nearest
Date & Time
Timestamp 15 minutes for making the trip anonymous.

Trip Duration in
Trip duration in seconds. Number
Seconds
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Trip  Kilometers
The distance of the trip in kilometers traveled. Number
Travelled
Fare Amount
The amount of fare for the trip. Number

(USD)
Tips (USD) The tips, if there are any. Number
Trip Total (USD) | The total trip cost. Number
Pickup Centroid | The geographic latitude of the center of the pickup

Number
Latitude census tract
Pickup Centroid | The geographic longitude of the center of the

Number
Longitude pickup census tract
Drop-off Centroid | The geographic latitude of the center of the drop-

Number
Latitude off census tract
Drop-off Centroid | The geographic longitude of the center of the

Number
Longitude drop-off census tract

3.2.1.5  Bus Ridership by Route

In addition to taxi trip data, bus ridership was also considered as an indicator of human
mobility. There are 127 bus routes in the entire city. The data of the bus route contains
information regarding total bus ridership in each route daily. The bus route map of the city

is shown in Figure 7, and other attributes of bus ridership data are presented in Table 7.
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The bus ridership for each route was considered as a human mobility factor, and it was

used in the crash prediction model.
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Figure 7: Bus route in Chicago

Table 7: Bus ridership attributes description

Column Name | Description Type
route The name of the bus route Plain Text
date Calendar data Date & Time
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day type Indicates whether the day was a weekday, | Plain Text

Saturday, or Sunday/holiday.

rides Total number of rides in a particular route Number

3.2.1.6  Holidays
Trip patterns during regular days and holidays differ. This affects the number of crashes

that occur, also. Therefore, the dates of all holidays were considered an input to the models.

Table 8 shows the holidays and the dates of the holidays accordingly.

Table 8: Official holidays of Chicago city in 2018

holiday date

New year' Day 1/1/2018
Martin Luther King Day 1/15/2018
Lincoln's Birthday 2/12/2018
President's Day 2/19/2018
Casimir Pulaski Day 3/5/2018
Mother's Day 5/13/2018
Memorial Day 5/28/2018
Father's Day 6/17/2018
Independence Day 7/4/2018
Labor Day 9/3/2018
Columbus Day 10/8/2018
Election Day 11/6/2018
Veterans Day 11/12/2018
Thanksgiving 11/22/2018
Day After Thanksgiving 11/23/2018
National Day of Mourning 12/5/2018
Christmas Eve 12/24/2018
Christmas Day 12/25/2018
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3.2.2 Discretization to grids
Before analysis, the data need to be discretized so that machine learning models can

understand the data. Machine learning models can understand numbers only. Temporal and
spatial features should be represented in the vectors and matrices format as described in
the problem setup section so that machine learning models understand the data. Thus, the
Chicago city was discretized into grids. The grids of square shapes with different
resolutions were considered. This study will consider experimenting with grids from
1kmx1km to 5kmx5km and see the model prediction based on different resolution scales.
Further, the time was discretized into a one-hour interval. Figure 8 to Figure 13 shows the

discretization of different features for this study into spatial grids.

Figure 8: Discretization of the study area into spatial grids
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Figure 11: Roads discretization into spatial grids
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Figure 12: Intersection red light violations discretization into spatial grids
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Figure 13: Road density discretization into spatial grids

3.2.3 Data Split
For machine learning modeling, data need to be split for training, validation, and test.

The training set is used to train the model, and the validation set is used for hyperparameter
tuning. Similarly, the test set is used for testing the model prediction capability based on
untouched data that is not used for training and hyperparameter tuning. This is highly
important to process each set of data separately to avoid model prediction bias. The data
for the whole of 2018 were considered for this study. The first ten months' data were used
for model training (January — October). The November month data is used for validation

purposes, and December data was used for the model test.

3.2.4 Data Preprocessing
Before modeling with data, the data needs to be preprocessed. Feature scaling, for instance,

is essential to decrease the model convergence time and training. Thus, the min-max
scaling was used to scale the data before modeling. Further, some categorical data like the
day of the week needs to be one-hot encoded for modeling. One hot encoding of features

is conducted by showing the presence and absence of categorical data by 1 and O,
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respectively. Additionally, the data dimension needs to be configured for models that
require a sequence of past data for future prediction. Therefore, the data shaped into three-
dimensional matrice such as the first dimension shows the number of samples, the second
dimension shows the window size, and the third dimension shows the feature numbers for

models LSTM, Bi-LSTM, CNN, and DHN.

3.2.5 Performance Measures
In this study, four different performance measures are used. Accuracy, recall, false alarm

rate (FAR), and area under Receiver Operator Characteristic (ROC) curve are used as
performance measures in this study. To better understand these performance measures, a
confusion matrix (Stehman, 1997) is used. In this matrix (Figure 14), the rows and columns
are divided into actual and predicted classes. True positive (TP) cases are those cases that
are positive and also predicted as positive by a classifier. Similarly, true negative (TN) is
the negative cases that are predicted as negative. However, the false-negative (FN) and
false positive (FP) are misclassified cases by a classifier. False-negative are the cases that
are predicted as a negative class while they belong to the positive class. False-positive are

those cases that are predicted as positive while they are from a negative class.

Predicted Positive Predicted Negative

Actual Positive TP FN

Actual Negative FP TN

Figure 14: Confusion Matrix
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Accuracy is mainly used as a measure of choice in classification problems. The accuracy
is the rate of total true predictions over the total sample size. Recall or sensitivity is the
prediction power of a model. This measure shows the rate that a positive class is predicted
as positive in a model. The FAR is the rate of non-crash events that were classified as a

crash.

TP+TN

Accuracy = ————
Y = IPITN+FP+FN

TP
TP+FN

Recall (Sensitivity) =

FP

FAR = ——
FP + TN

Receiver Operator Characteristic (ROC), which shows a trade-off between recall and FAR,
is used to understand the prediction of a model under various rates of recall and FAR. Area
Under Curve (AUC) is the area under the ROC curve, which ranges between 0.5 to 1. It is
a summary statistic that shows the overall model performance overestimates the model

performance for imbalanced data (Ozenne et al., 2015).

3.2.6 Model Selection and Training

In this study, five baseline models are Logistic Regression, Artificial Neural Network,
Convolution Neural Network, Long Short-term Memory, and bidirectional LSTM.
Additionally, a hybrid model that combines deep learning models is proposed. The Python
language was used to code the models and to compare the results. In the Python language,

the Keras library was used, a state-of-the-art library for deep learning models with high
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flexibility and adaptability. Further, for displaying the models' results on maps, the ArcGIS
software was used.

3.2.6.1  Logistic Regression

Logistic regression is one of the commonly used linear statistical classifiers (Train, 2003).
This classifier maximizes the likelihood of classification probabilities on training data. The
model fits a series of hyperplanes on training data to separate between classes of labels. To
avoid overfitting, the regularization hyperparameter is used. This hyperparameter controls

the contributions each explanatory variable should have on the model output.

1 1

P(x) = 1 + e—Bo+B1X1+B2X2+BnXn) —1 + e~ (Bot+EBiX)

Where (3, is the model intercept, §3; is the weight of the explanatory variable X;, and P(x)
is the likelihood. The logit function or the link function of the logistic regression is as
follows:

p(x)

1——p(x)] = Bo + B1X1 + BoXy + - BrXn

logit[p(x)] = log[

3.2.6.2  Artificial Neural Network (ANN)
ANN is made of input, hidden, and output layers. The input and output layers determine

the input parameters dimension plus a bias and the number of output channels according
to the problem, respectively. Each hidden layer processes information and assigns a weight
to each neuron by a weight matrix that is learned during the training model (Hochreiter &
Schmidhuber, 1997b). The learning process of ANN is conducted through a supervised
backpropagation, and a decent gradient algorithm is used to minimize training loss in each

iteration. The output of each neuron is then activated by an activation function. Activation
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functions such as sigmoid, hyperbolic tangent, Rectified Linear Function ReLU (Gers et
al., 2000).

3.2.6.3 Long-short Term Memory (LSTM) and Bidirectional LSTM

The LSTM model was proposed by (Hochreiter & Schmidhuber, 1997c). This model has
the capability of long-term memory, and it is much used for sequence learning. Thus, the
model has a particular application in natural language processing analysis and time-series
analysis. Daily, around 4.5 billion translations are made by Facebook using LSTM (Olah,

2015).

Each unit of LSTM is connected to the following unit as a chain and transfers information
to each other in sequence. In each unit of LSTM, four gates regulate the information
transfer between nodes. The forget gate f;, for instance, controls the amount of information
from the previous cell state c,_; which is represented by the hidden state h,_, to be
transferred to the current cell state ¢, The forget gate output is in the form of a sigmoid
function whose outputs between 0 and 1 with one means all information to be transferred
to cell state, and 0 means no information to be transferred. The input gate i, controls the
amount of information from features at the time t x; to be sustained in the cell state. The
output gate o, decides the amount of information from the hidden state h,_, to be
transferred to the next unit hidden state h,. The a; is a vector of candidate values used
along with the input gate and forget gate to update the cell state (X. Zheng & Chen, 2021).
The architecture of the LSTM (Liu & Guo, 2019; X. Zheng & Chen, 2021) model is shown

in Figure 15.
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Figure 15: LSTM model architecture

fe = 8(Xgxy + Hehe_q + Crce—q + by)
i = 6(Xix¢ + Hihy_q + Cici—q1 + b;)
0t = 6(Xox¢ + Hohy—q + Cyce—q + by)
ar = 6(Xgx¢ + Hohe—q + Cycp—q + by)
a=f0Oca1+iiOa
ht = o © tanh(c;)

In the above equations, © represents the element-wise multiplication operator, X, H, and

C are the weights, b are biases.

Another variation of the LSTM model is bi-directional LSTM. In bi-directional LSTM, the

hidden state is represented as Eq. 1 (Lecun et al., 2015)
hy = §(Wy[he, he] + bp) 1
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The bi-directional LSTM model has an advantage over the traditional unidirectional LSTM
by capturing both previous and next windows in time series. The bi-directional LSTM
applies forward and backward LSTM layers for data sequence long-term dependencies
capturing (LeCun et al., 1989).

3.2.6.4  Convolutional Neural Networks

Convolutional Neural Networks (CNN) is another particular type of feed-forward neural
network commonly used for visual analysis. The data for CNN models are generally in the
form of multiple arrays like 1D arrays for signals analysis, 2D for images, and 3D
volumetric image analysis. The CNN model is generally composed of convolution and
pooling layers with the dense layer as the last layer. The convolution layer detects local
correlations of features between successive layers, while the pooling layer's role is to
combine similar features. The dense layer in CNN architecture aligns the feature's
dimension from the pooling layer to the output classes (NUfiez et al., 2018). CNN is highly
effective in determining the data's spatial patterns (D. Xu et al., 2020).

3.2.6.5  Hybrid Deep Learning Model

CNN-LSTM is a combination of the CNN and LSTM models. This model attracted the
interest of researchers in recent years. This model's flavor over CNN and LSTM is that this
model captures both spatial and temporal patterns. In recent years, hybrid models applied
in different fields to analyze sequence learning. The hybrid model's spatiotemporal
prediction capability is reported to outperform LSTM and CNN models in many studies.
For instance, (Nufiez et al., 2018) used CNN-LSTM to predict the skeleton-based activity

and gesture of hands classification, and the model outperformed the LSTM model.
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3.2.7 Validation and Hyperparameter Tuning
Model validation and hyperparameter tuning are conducted after training models. In this

step, the hyperparameters for each model are tuned to explore the best hyperparameters.
There are some already built optimization algorithms. Among them, Bayesian algorithms
are commonly used. Thus, Bayesian hyperparameter tuning was used for hyperparameter

tuning to find the best hyperparameters for each model.

The Bayesian model optimization is better than the random search and grid search as it
considers the result of past trial performance and takes an informed decision on the
selection of the subsequent values of hyperparameters. On the other hand, the random
search and grid search hyperparameter tuning does not consider the past trials' performance
in selecting the values of the hyperparameters in the subsequent trial. Therefore, the
Bayesian optimization reaches better model performance in a fewer number of
hyperparameter tuning. The Hyperopt library of Python, an already built model for

Bayesian hyperparameter tuning, was used in this study.

3.2.8 Testing the models
In the last step of modeling, models' prediction needs to be tested on the test set. The

December month data was used for testing the models. It is important to note that the
training set data should not be touched until the completion of already mentioned modeling
steps to protect the models against the biased result. The performance measure of each

model should be reported accordingly, and the models should be compared to each other.

3.2.9 Data Sampling
There are generally two methods for data sampling to overcome the data imbalance

problem: undersampling and oversampling. However, these methods are designed only for

one output problem (D. Xu et al., 2020). This study problem is a multi-output problem. In
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this study, the loss function was modified to compensate for the imbalanced data issue. The
modified loss function is considered a weight for crash events that is equal to the number
of non-crash events divided by crash events. This weight modifies the traditional loss

function considers and impacts the learning process.
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CHAPTER 4

RESULTS AND DISCUSSIONS

In this chapter, the results and discussions of the study are presented. After training and
validating the proposed deep hybrid network (DHN) and the baseline models, the models
were tested on different datasets (December 2018 data). The results of analysis for each
model were reported and compared accordingly. Additionally, a sensitivity analysis was

conducted to explore features' importance on model prediction.

4.1 Deep Hybrid Network (DHN) architecture

In this study, a deep hybrid architecture was proposed that is constructed by connecting
three types of neural networks (1. ANN, 2. LSTM, and 3. CNN). As shown in Figure 16,
the DHN architecture consists of three branches. There is a temporal branch that inputs the
temporal features, and the model applies the LSTM layers and dropout. The LSTM layers
are very successful in the temporal analysis as it remembers the long-term temporal
dependencies. The second branch of DHN takes the spatiotemporal features and applies
the LSTM and CNN layers, respectively. The spatiotemporal features, as described earlier,
varies based on space and time; thus, LSTM was applied to capture the temporal
dependencies, and the CNN layer was applied to capture the spatial dependencies. The
third branch of DHN is an embedding layer that takes the spatial variables and embeds the
spatial variances into the model. The three branches of the DHN are merged, and two dense
layers were applied at the end. The sigmoid function was used as the output layer that

produces the probability of crash occurrence in each spatial grid in the next timestep. Then,
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the probabilities are converted to the dichotomous outputs as zero and one with zero no

crash, and one as a crash prediction.

Spatiotemporal
Features

activation = relu
units = 200

Temporal Features
: Dropout

activation = relu
units = 200 ConviD

activation = relu
Dropout filters = 4

kernel_size = 2

Dropout

activation = relu
units = 200

rate = 0.2

Spatial Features

Dropout

Concatenate

axis = -1

activation = relu
units = 150

activation = relu
units = 150

Sigmoid

Figure 16: DHN architecture

The hyperparameter tuning was conducted iteratively to find the best hyperparameter for

each model. The best hyperparameters were found based on hyperparameter tuning on the
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validation data set (November 2018 data). The validation hyperparameters range the best
hyperparameters are shown in Table 9. As can be seen in Table 9, the best values of dropout
hyperparameters are 0.2 and 0.3 in two different branches of DHN. The lower values of
dropout rate lead to models overfitting, while the higher values of dropout rate will result

in the model underfitting.

Similarly, the number of dense layer neurons' optimum number is 150 neutrons. This value
of the number of neurons was obtained after hyperparameter tuning in the range of 50-500
neurons. Further, the optimum number of units in the LSTM layer was obtained as 200
units. Meanwhile, the CNN filters, CNN kernel size, and activation function were
optimized in hyperparameter tuning. The result of these hyperparameter tunings is

indicated in Table 9.

Table 9: Hyperparameter ranges and best hyperparameter

No Hyperparameter Range Best Hyperparameter
1 Dropout rate 0.1-0.5 0.2,0.3
2 Dense layer neurons 50-500 150
3 LSTM units 50-300 200
4 CNN filters 2-132 4
5 CNN kernel size 2-8 2

Sigmoid, Tanh,
6 Activation function ReLU

RelLU
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4.2  Experimental Results

The experimental results are generated for the test set of data after model training and
validation. The experimental results are for the one-month test set (December of 2018).

The results are presented for two spatial resolutions (1kmx1km and 5kmx5km grids).

4.2.1 Results for 1kmx1km grids

The results for Lkmx1km spatial grids are presented in Table 10. The performance measure
reported in this study is AUC, accuracy, recall and false alarm rate (FAR). The results
indicated that the LR has the lowest performance quality than the rest of the methods in all
of the performance measures. The ANN, CNN, LSTM, and Bi-LSTM show similar
performance without significant changes in their performances. However, the DHN

method outperforms the rest of the methods in terms of AUC, accuracy, and FAR.

Table 10: Methods performance comparison

classifiers AUC Accuracy Recall Alal;:r:sl:ate :::::::I(nj
LR 0.7636 0.6836 0.6952 0.3167 113
ANN 0.7822 0.7043 0.7014 0.2956 187
CNN 0.7819 0.7139 0.6940 0.2857 195
LSTM 0.7829 0.7122 0.7025 0.2876 294
Bi-LSTM 0.7845 0.7167 0.6977 0.2830 319
DHN 0.7898 0.7221 0.7011 0.2775 251

Figure 17 indicates the AUC, recall, and accuracy for the six methods in this study.

According to the figure, the deep learning models significantly outperformed the
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statistical model (LR). The LR has an AUC of 0.7636, which is 12% less than the rest of

the methods. The highest AUC is 0.7898, which belongs to DHN.
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Figure 17: Comparison of AUC, recall, and accuracy for 1kmx1km spatial grids
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Figure 18: Comparison of FAR for 1kmx1km spatial grids

Similarly, Figure 18 shows the FAR of the six methods. The LR has the highest FAR,

which is 0.3167, showing the lowest performance among the methods, while the DHN has

59



the lowest FAR, which is 0.2775. The rest of the deep learning methods have a similar

FAR that is between LR and DHN in terms of FAR performance.

For a better understanding, the trade-off between recall and FAR, the ROC was plotted for
all methods (Figure 19). This figure relates the recall and FAR. The acceptable FAR and
their corresponding recall can be obtained accordingly. The policymakers should decide

on the trade-off between FAR and recall that is suitable to the agency.

ROC Curve
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Figure 19: ROC curve for all methods with 1kmx1km spatial grids

The spatial heterogeneity of models' performance for each spatial grid of Chicago is
indicated in (Figure 20). The criteria of each spatial grid performance in light of road
density and crash frequency at spatial grid level (Figure 22) needs to be further investigated
to understand the spatial distribution of model performance. For the binary classification
task, the AUC value for random guess is 0.5, so any value below AUC below 0.5 means
the model performance is worse than a random guess, and the model is not applicable.

Therefore, spatial grids with AUC below 0.5 are considered as failed grids. Considering
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these characteristics, the number of failed grids for each spatial grid are counted and
compared accordingly. For LR, the spatial grids with AUC below 0.5 are distributed all
over the city except the central business district. The rest of the models have a fewer

number of failed spatial grids.

Bi-LSTM

ROC AUC 0 5 10 20 30
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Figure 20: Spatial grid-level performance of methods in terms of AUC

The number of failed spatial grids for each method of analysis is indicated in (Figure 21).

There are a total of 710 spatial grids of 1kmx1km in Chicago city. LR has the highest
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number of failed grids among these spatial grids, which is 115, while the DHN has the least

number of failed grids (18).
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Figure 21: Number of failed spatial grids in spatiotemporal crash prediction for all methods

According to Figure 20 and Figure 22, it can be seen that all of the classification methods
have better prediction performance on central business district (CBD) than the rest of the
city. Further, it also can be seen that the CBD has the highest crash frequency per grids and
road density per grid. Thus, it can be concluded that spatial grids with the highest number
of crashes and road density have better crash prediction compared to the rest of spatial

grids.

Further, the spatial grids that did not have any crash in the study period also have good
predictions. The spatial grids with no crash were predicted as no crash by all methods; thus,

it resulted in perfect prediction.
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Figure 22: Road density and crash frequency for each spatial grid

To understand whether there is significant differences between the performance of every
model, a significance test was conducted. In this study, the one-way analysis of variance
(ANOVA) determines the significant differences between each model's performance. The

models were tested ten times, and their AUC means were compared for the significance

test.
The hypothesis test is written as follow:

{Ho:.ul = Uy = Uz = [g = s = Ug
Hyi:There is a significant dif ference between means
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The significance test result indicates that the p-value of the test (p-value= 0.000) is less
than the significance level (0=0.05); thus, it can be concluded that there is a significant

difference between the mean AUC values of models.

Further, the pairwise performance of each pair of models was compared to determine if
there is a significant difference between the performance of the models. For this purpose,
the models' AUC values were compared using the Tukey test (Keselman & Rogan, 1977).
Table 11 indicates the pairwise significance test of models. According to the table, there
are insignificant differences in the AUC values of ANN, CNN, and LSTM with each other,
while the rest of the pair of models' performance in terms of AUC are significantly
different. Thus, it can be concluded that LR has the lowest performance in terms of AUC
and the DHN has the highest performance in terms of AUC, while the ANN, CNN, LSTM
have similar performance. Further, it can be concluded that Bi-LSTM has better
performance in terms of AUC than LR, ANN, and LSTM and worse performance than the

DHN.

Table 11: Pairwise comparison of models performance using Tukey test for 1lkmx1km spatial grids

Model Compared with Model p-value Significance
Difference Test

LR ANN 0.000 Significant

CNN 0.000 Significant

LSTM 0.000 Significant

Bi-LSTM 0.000 Significant

DHN 0.000 Significant

ANN LR 0.000 Significant
CNN 1.000 Insignificant
LSTM 0.084 Insignificant

Bi-LSTM 0.000 Significant

DHN 0.000 Significant

CNN LR 0.000 Significant
ANN 1.000 Insignificant
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LSTM 0.041 Insignificant

Bi-LSTM 0.000 Significant
DHN 0.000 Significant
LSTM LR 0.000 Significant
ANN 0.084 Insignificant
CNN 0.041 Insignificant
Bi-LSTM 0.000 Significant
DHN 0.000 Significant
Bi- LR 0.000 Significant
LSTM ANN 0.000 Significant
CNN 0.000 Significant
LSTM 0.000 Significant
DHN 0.000 Significant
DHN LR 0.000 Significant
ANN 0.000 Significant
CNN 0.000 Significant
LSTM 0.000 Significant
Bi-LSTM 0.000 Significant

4.2.2 Results for 5kmX5km grids

In this section, the model predictions based on 5kmx5km spatial grids are discussed. Table
12 shows the models' performance based on the four performance measures of this study.
The results indicate that for all of the four performance measures, the DHN has the best
performance while LR has the worst. All other deep learning methods fall between these

two methods.

Table 12: Performance of six models comparison

classifiers AUC Accuracy Recall False Alarm Training
Rate Time (s)

LR 0.8267 0.7441  0.7448 0.2561 73

ANN 0.8476 0.7673 . 0.7706 0.2336 136

CNN 0.8474 0.7679 | 0.7682 0.2322 189

LSTM 0.8477 0.7688 = 0.7618 0.2293 349
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Bi-LSTM 0.8476 0.7686 = 0.7676 0.2311 375
DHN 0.8586 0.7805  0.7679 0.2162 242

Figure 23 indicates the AUC, recall, and accuracy for 5kmx5km spatial grid classifications.
According to the figure, the AUC of the three deep learning methods (ANN, CNN, and
LSTM) are similar. On the other hand, the LR has the lowest AUC. The DHN has
outperformed all of the baseline methods in terms of AUC. Similarly, the accuracy of LS
is the lowest among the six methods, while the DHN has the highest accuracy. In terms of
recall, LR has the lowest performance while ANN, CNN, Bi-LSTM, and DHN have similar
values. LSTM shows slightly worse performance in terms of recall compared to the rest of

the deep learning methods.
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Figure 23: Comparison of AUC, recall, and accuracy for 5kmx5km spatial grids

Figure 24 shows the FAR of models for 5kmx5km spatial grids. The DHN outperformed

the rest of the models in terms of FAR also. LR has the lowest performance in terms of
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FAR, while the ANN, CNN, LSTM, and Bi-LSTM have similar FAR. It again confirms

the superiority of the DHN method compared to the rest of the state-of-the-art methods.

—&— False Alarm Rate

LR AN CNM L5TM Bi-L5TM DHN

Figure 24: Comparison of FAR for 5kmx5km spatial grids

For evaluating models' consistency on the performance on different periods, the models'
performance was tested the other two months of the year aside from the test set month
(December). In the first case, the models were trained on the data from January to October
and tested in November, and in the second case, the models were trained on the data from
January to September and tested on October data. The models' performance results based
on these two cases are indicated in Table 13. According to the table, the models'
performance in the months of October and November is very close to the performance of
models in December month. Therefore, it can be concluded that the models' performance

is consistent each month.

Table 13: Models performance result for November and October as tests months

November
classifiers AUC Accuracy Recall False Alarm Rate
LR 0.7681 0.6978 0.6967 0.3022
ANN 0.7880 0.7115 0.7153 0.2885
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CNN 0.7866 0.7044 0.7181 0.2959

LSTM 0.7889 0.7153 0.7122 0.2847
Bi-LSTM 0.7884 0.7105 0.7146 0.2895
DHN 0.7926 0.7165 0.7174 0.2835
October

classifiers AUC Accuracy Recall False Alarm Rate

LR 0.7724 0.6988 0.7010 0.3013
ANN 0.7888 0.7215 0.7015 0.2781
CNN 0.7875 0.7253 0.6966 0.2741
LSTM 0.7896 0.7196 0.7106 0.2803
Bi-LSTM 0.7888 0.7215 0.7015 0.2781
DHN 0.7952 0.7345 0.6953 0.2647

Figure 25 indicates the ROC curve of the models for 5Skmx5km spatial grids. The ROC
curve of LR captures the smallest area while it is the opposite for DHN. The three other

deep learning models have nearly the same performance, and their ROC curves overlap

accordingly.
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Figure 25: ROC curve for all methods with 5kmx5km spatial grids
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The performance DHN model for each 5kmx5km spatial grid in terms of AUC is indicated
in Figure 26. Overall, spatial grids' performance with a spatial resolution of 5kmx5km is
better than 1kmx1km. The minimum AUC of 5kmx5km resolution spatial grid is about
0.58, which is better than random guess (0.5). Four spatial grids out of 43 have AUC
between 0.58 and 0.65, and these spatial grids have the least number of crashes. Two spatial
grids have AUCs between 0.9 and 1.0, and these two spatial grids also have the least
number of crashes. Thus, the spatial grids with the least crashes have the least reliable
prediction. The six spatial grids with the highest number of crashes perform well in terms
of AUC, and they have AUC between 0.80 and 0.90. The rest of the spatial grids with a

medium number of crashes have AUC between 0.65 to 0.90.
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Figure 26: Performance of each spatial grid (Skmx5km) and number of crashes in the test set (December)

Similar to the 1kmx1km spatial resolution, the significance test was also conducted for
5kmx5km spatial resolution. The p-value of the test (p-value =0.0003) is less than the
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significance level (a=0.05); thus, it can be concluded that there is a significant difference

between the mean AUC values of models.

The pairwise mean AUC comparison test using the Tukey test is shown in Table 14.
According to the table, there are insignificant differences in the AUC mean values of ANN,
CNN, LSTM, and Bi-LSTM with each other, while the rest of the pair of models'

performance in terms of AUC are significantly different.

Table 14: Pairwise comparison of models performance using Tukey test for 5Skmx5km spatial grids

Model = Compared with Model | p-value Significance
Difference Test
LR ANN 0.000 | Significant
CNN 0.000 ' Significant
LSTM 0.000 | Significant
Bi-LSTM 0.000 ' Significant
DHN 0.000 | Significant
ANN LR 0.000 | Significant
CNN 0.850 | Insignificant
LSTM 0.084 | Insignificant
Bi-LSTM 0.370 | Insignificant
DHN 0.000 | Significant
CNN LR 0.000 ' Significant
ANN 0.850 | Insignificant
LSTM 0.041 | Insignificant
Bi-LSTM 0.090 | Insignificant
DHN 0.000 | Significant
LSTM LR 0.000 ' Significant
ANN 0.084 | Insignificant
CNN 0.041 | Insignificant
Bi-LSTM 0.420 Insignificant
DHN 0.000 | Significant
Bi- LR 0.000 @ Significant
LSTM | ANN 0.370 | Insignificant
CNN 0.090  Insignificant
LSTM 0.420 Insignificant
DHN 0.000 | Significant
DHN LR 0.000 ' Significant
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ANN 0.000 | Significant

CNN 0.000 | Significant
LSTM 0.000 | Significant
Bi-LSTM 0.000 | Significant

4.3  Sensitivity analysis and feature importance

For understanding feature importance, a sensitivity analysis was conducted. In this
analysis, the features were removed from the analysis one by one, and the effect of feature
removal on model AUC was studied. This method was also used by (Moosavi et al., 2019).
The scenarios considered for sensitivity analysis as follows.

1. None: It means all features were included in the model.

2. Time: It means that the time feature (hour of day, day of week, and month of year) was

removed from the model.

3. Holiday: The holiday data was removed from the model.

4. Weather: The weather condition data was removed from the model.
5. Taxi: The taxi trip data was removed from the model.

6. Bus: The bus ridership data category was removed from the model.
7. Red Light: Red light violations data

8. Speed: Speed violations data

9. Infrastructure: The infrastructure-related data was removed from the model (Note: this
feature was only considered in DHN as an embedding layer as other models do not have

such an embedding layer to consider the infrastructure inputs.).
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4.3.1 Sensitivity analysis for spatial grids 1kmx1km

The result of the sensitivity analysis for the six models is shown in Figure 27. According
to the sensitivity analysis, the features’ importance differs in models. According to Figure
27, time-related data is the most crucial variable in all models. Removal of time-related
data results between 0.005 to 0.03 drop in the models. Holiday data seems to contribute to
LSTM and Bi-LSTM models' performance; however, its significance on the rest of the

models seems negligible.

On the other hand, weather data improves LR, ANN, and DHN model performance, while
it does not affect the performance of CNN, LSTM, and Bi-LSTM models. Taxi data
contribute to LR and ANN model performance, but its performance insignificant for the
rest of the models. On the other hand, bus ridership, red light violations, and speed
violations data seem to be insignificant. The infrastructure data importance for DHN looks

pretty slight.
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Figure 27: Sensitivity analysis for 1kmx1km spatial grids

4.3.2 Sensitivity analysis for spatial grids 5Skmx5km
Sensitivity analysis was also considered for models with spatial grids 5Skmx5km. Figure 28

shows the sensitivity analysis for Skmx5km spatial grids. Similar to 1kmx1lkm spatial
grids, the models' prediction performance is affected by different levels by variables
inclusion. According to the figure, the time-related variables play a significant role in crash
prediction for all models. Other features aside from the time of the crash are less critical
than time variables. Weather conditions, taxi trips, and holiday data contribute to different

levels of each model's performance. On the other hand, bus ridership, red light violations,

and speed violations data seem insignificant in model prediction.
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Figure 28: Sensitivity analysis for 5kmx5km spatial grids

4.4  Comparison of different spatial resolution
Two spatial resolutions were considered for spatiotemporal crash prediction, which are

1kmx1km spatial grids and 5Skmx5km spatial grids. In this subsection, the performance of
the five baseline models and the proposed DHN method on these two spatial resolutions
are compared. For comparison of spatial resolution of models, the AUC values of the
models on the test set were implemented as it is the most stable performance among the
performance measures. Figure 29 depicts the models' performance for the two spatial
resolutions in terms of AUC. According to the figure, the models' performance differs on

these two spatial resolutions, and the increase in performance for lower spatial resolution

(5kmx5km spatial grids) in terms of AUC is consistent for all methods.
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Figure 29: Comparison of models in different spatial resolutions in terms of AUC

As shown in Figure 26, the LR has the lowest performance for fine and granular spatial
resolution, and the DHN has the highest performance in both spatial resolutions. Therefore,
it can be concluded that the resolution of spatial grids has an effect on the prediction
performance, and increasing the granularity of the spatial resolution leads to an increase in

the models' performance accordingly.

4.5 Discussion summary

The study results can be summarized as follows:

1. The spatial resolution of grids affects the model’s performance. The granular spatial
resolutions lead to higher prediction performance. This can be attributed to the
rareness and randomness of a crash happening. As much as the spatial grids become
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finer the number of crashes in each grid becomes less. This leads to an imbalance
between crash and non-crash events that affects model prediction. Thus, the crash
prediction performance decreases accordingly.

. The proposed DHN has superior performance compared to the statistical LR and
other deep learning methods. The DHN combines the ANN, CNN, and LSTM that
capture spatial variability and temporal variability. The deep learning models
produce similar prediction quality, while the statistical LR model has lower
prediction quality than deep learning methods.

. The time-related features have the highest significance on model performance. This
can be attributed to human mobility changes over time. Human mobility
significantly varies over time due to the necessity for travel each hour of the day.
The level of human mobility has a direct relationship with the number of crash
occurrences. Thus, the time-related facts affect the model prediction significantly.
Other factors that affect the prediction of models are weather conditions, holidays
data, infrastructure data, and these feature categories have different levels of
impacts on each model. On the other hand, the red light violations, speed violations,
and bus ridership are insignificant to the model prediction.

. The taxi trips data and bus ridership data were thought to represent human mobility.
However, these two features do not contribute to the models' prediction as expected.
Human mobility leads to travel that directly influences road crash occurrences;
however, the significance of taxi trips data and bus ridership data hint at such

characteristics.
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CHAPTER S

CONCLUSION

5.1 Conclusions

In this study, the short-term spatiotemporal crash prediction using deep learning methods
was discussed. Various statistical and state-of-art deep learning methods were applied for
crash prediction to compare the performance of each model in this case. Additionally, a
deep learning method that combines different types of deep learning methods for crash
prediction was applied. The result of the proposed DHN was compared to the statistical
and deep learning method, and it was found that DHN outperforms the statistical and

traditional deep learning models.

Two spatial resolutions for crash prediction were considered in this study, the spatial
resolution of 1kmxlkm and 5kmx5km. The models' prediction for these two spatial
resolutions was studied separately. The model performance with the granular spatial
resolution (5kmx5km) was better than the finer spatial resolution (1kmx1km) for all of the
models. It seems that as much as the spatial resolution gets finer, the models' performance
decreases. Additionally, the prediction performance for each spatial grid was evaluated.

The spatial grids with the highest and lowest performance were highlighted.

Further, a sensitivity analysis was conducted to understand the importance of each variable
in the models. The result of sensitivity analysis was compared for all methods, and it was
found that crash time is the most crucial variable for crash prediction. Other variables such

as holiday data, weather data, taxi trips data, and infrastructure data contributions to the
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models differ from model to model. On the other hand, red-light violations, speed

violations, and bus ridership data are insignificant to the model prediction.

5.2  Future Research Direction

Various sources of data were used in this study to predict spatial grid-based crashes in
Chicago city. Some data sources such as time of the crash, weather data, and taxi trips data.
In the future, research is proposed to use some additional sources of big data to represent
human mobility since human mobility is the predecessor of a road traffic crash. Some big
data that may represent human mobility are cell phone data and social media data. These
two sources of big data can be obtained from road users in real-time and incorporated in
the crash prediction models accordingly. The inclusion of these data sources may help in

higher model performance.

Further, the availability of road sensors data such as real-time traffic flow, occupancy rate,
and speed in the short-term period (10 min, 15 min) for the entire city road network may
help improve the prediction capability of the models. These data types are the actual
representation of traffic state that would affect the occurrence of the crash; thus, they would
have a significant impact on the models' performance. Additionally, crash detection by
road sensors in freeways and expressways has already attracted the attention of many
researchers. The crash detection by the sensor is also applied to intersection and weaving
segments by some authors. Therefore, it would be interesting to consider the sensor data
combined with the big data such as cell phone data in addition to the data used in this

research for crash prediction.
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