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Resumen 

 

Pronóstico de accidentes de tráfico mediante el uso de técnicas de modelado 

predictivo 

 

Los accidentes de tránsito son una gran preocupación a nivel mundial, ya que tienen un 

impacto significativo en la seguridad, la salud y el bienestar de las personas, por lo que 

constituyen un importante campo de investigación sobre el uso de técnicas y algoritmos de 

última generación para analizarlos y predecirlos. El estudio de los accidentes de tráfico se 

ha realizado a partir de la información publicada por las entidades de tráfico, pero gracias 

a la ubicuidad y disponibilidad de las redes sociales es posible disponer de información 

detallada y en tiempo real de los accidentes de tráfico, lo que permite realizar estudios 

detallados que incluyen eventos de accidentalidad vial no registrados. El  objetivo de esta 

tesis es proponer un modelo predictivo para estimar la probabilidad de accidentes de 

tránsito en un área determinada mediante la integración de información proveniente de 

entidades oficiales y redes sociales relacionadas con accidentes viales y eventos de 

infraestructura vial. El modelo diseñado fue un modelo de aprendizaje profundo, 

compuesto por unidades recurrentes cerradas y redes neuronales convolucionales. Los 

resultados obtenidos se compararon con resultados publicados por otros investigadores y 

muestran resultados prometedores, lo que indica que, en el contexto del problema, el 

modelo de aprendizaje profundo propuesto supera a otros modelos de aprendizaje 

profundo disponibles en la literatura. La información proporcionada por el modelo puede 

ser valiosa para que las agencias de control de tráfico planifiquen actividades de 

prevención de accidentes de tráfico. 

 

Palabras clave: Aprendizaje automático; aprendizaje profundo, predicción del riesgo de 

accidentes de tráfico; accidentes de tráfico. 
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Abstract 

 

Road accident forecast by using predictive modeling techniques 

 

Traffic accidents are a major global concern as they have a significant impact on safety, 

health, and well-being. Therefore, it is an important area of research to analyze and predict 

accidents using state-of-the-art techniques and algorithms. Traditionally, the study of traffic 

accidents has been conducted using information from traffic entities and road police forces. 

However, with the rise of social media platforms, it's now possible to access detailed and 

real-time information about road accidents in a specific region, which allows for more 

comprehensive studies, even including unrecorded road accident events. This thesis aims 

to develop a predictive model that estimates the probability of road accidents in a specific 

area by combining information from official entities and social media related to road 

accidents and road infrastructure events. The proposed model is an ensemble deep 

learning model made up of Gated Recurrent Units and Convolutional Neural Networks. The 

results were compared with other published research and the outcomes are promising, 

indicating that the proposed ensemble deep learning model is more effective than other 

deep learning models reported in literature. The information provided by the model could 

be valuable for traffic control agencies to plan road accident prevention activities. 

 

Keywords: Machine learning; deep learning; traffic accident risk prediction; traffic accidents 
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Introduction 

 

Traffic accidents are a serious problem with significant consequences in terms of death, 

injury, and property damage. According to the World Health Organization (WHO) (World 

Health Organization & World Health Organization., 2015), 1.35 million people die each year 

as a result of road traffic accidents. Additionally, 93% of road fatalities occur in low and 

middle-income countries. Furthermore, as of 2018, road accident injuries are the leading 

cause of death for children and young adults aged 5 to 29 years. In light of these statistics, 

the WHO is calling on governments to improve their legislation on key issues that directly 

impact road safety, such as controlling speed on the road, preventing drunk driving, 

mandating helmet use on motorcycles, and enforcing the use of seat belts and special seats 

for children. Another proposed road safety strategy is improving the planning, design, and 

operation of roads, such as through the use of a star rating tool for road networks, as 

recommended by the International Road Assessment Program (iRAP). This strategy not 

only improves the safety and well-being of drivers, but also other road users such as 

pedestrians and cyclists. 
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Given the high number of deaths, injuries, and property damage caused by traffic accidents, 

it is valuable to use machine learning methods to predict road accidents. These methods 

can be used by the general public, road users, transportation planners, and governments. 

Additionally, with the accessibility of navigation and social media platforms that contain 

spatio-temporal data related to road accidents and the availability of deep learning 

algorithms, it is possible to design a road accident prediction model that integrates multiple 

data sources, extracts spatio-temporal features, learns from time-series data, and discovers 

meaningful patterns. However, when designing the model, there are some challenges to be 

considered such as class imbalance, where the proportion of road accidents is low 

compared to no accidents in a time series dataset; data quality, where social media data 

may contain a high proportion of outliers and duplicate reports of the same accident; and 

the complexity and nonlinear nature of road accidents, where the model may overlook 

environmental and infrastructure conditions that have an impact on road accidents. 

 

This thesis presents a deep learning model that combines various data sources to predict 

road incidents in the city of Bogotá. The model uses an ensemble of Recurrent Neural 

Networks (RNNs) and Convolutional Neural Networks (CNNs) and is trained on a dataset 

that contains road accident reports from May 2018 to June 2019, as well as climate 

information for the same period. The road incident dataset was cleaned to remove outliers 

and noise, and then transformed using feature engineering to create a representation that 

can be used for machine learning. Additionally, climatological information from the city of 

Bogotá was included to expand the scope of the study and improve the prediction of road 

incidents. 
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1.1 Objectives 

1.1.1 General Objective 

Design a model to estimate the probability of road accidents in an area by integrating 

information coming from official entities and social media related to road accidents and road 

infrastructure events. 

1.1.2 Specific objectives 

▪ Build an extended data set that contains information on road accidents and road 

infrastructure problems from social media, transport and mobility applications, and 

Open Data published by government entities. 

▪ Determine the relevance of the selected variables by using techniques such as 

unsupervised learning techniques to discover relevant patterns within the data set. 

▪ Design a predictive model to estimate the probability of the occurrence of a road 

accident using the extended dataset. 

▪ Verify the predictions obtained by the predictive model using the extended data set, 

comparing them with the predictions generated with a model that has input variables 

with only the information from official entities. 
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1.2 Methodology 

The project was carried out according to the scheme presented in Figure 1-1, based on the 

process phases defined by the CRISP methodology (Wirth & Hipp, 2000). 

 

Figure 1-1: Thesis methodology, based on CRISP-DM methodology. 

 

The information sources included data on vehicular mobility, open data on road accidents 

and infrastructure, and reports of events related to road accidents and road infrastructure 

informed by social networks. All these data were used to build a model, which was used to 

implement algorithms for road accident prediction. Finally, the predictions made from the 

model were verified using a validation model, which was fed with a set of independent data 

and allowed a comparison with the results of the predictive model. 

 

1.3 Structure of the document 

Figure 1-2 shows the correlation between the methodology, the specific objectives, and 

the chapters in the document.  

 



22 Road accident forecast by using predictive modeling techniques 

 
Figure 1-2: Structure of the document based on the methodology and the objectives of the 
thesis. 

 

 

1.4 Research products 

1.4.1 Papers from doctoral research 
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https://doi.org/10.3390/computers11090126 Citescore 3.7, Category A2. 

Gutierrez-Osorio, C., & Pedraza, C. Modern data sources and techniques for analysis and 

forecast of road accidents: a review. Journal of Traffic and Transportation Engineering 

(English edition) Volume 7, Issue 4, 2020, Pages 432-446, ISSN 2095-7564 

https://doi.org/10.1016/j.jtte.2020.05.002 Citescore 7.4, Category A1. 

Suat-Rojas N, Gutierrez-Osorio C, Pedraza C. Extraction and Analysis of Social Networks 

Data to Detect Traffic Accidents. Information. 2022; 13(1):26. 

https://doi.org/10.3390/info13010026 Citescore 4.2, Category A2. 

Gutierrez-Osorio C, Pedraza CA, "Characterizing road accidents in urban areas of Bogota 

(Colombia): A data science approach," 2019 2nd Latin American Conference on Intelligent 

https://doi.org/10.3390/computers11090126
https://doi.org/10.1016/j.jtte.2020.05.002
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Transportation Systems (ITS LATAM), Bogota, Colombia, 2019, pp. 1-6, doi: 

10.1109/ITSLATAM.2019.8721334. 

Note: All papers classified according Publindex database. 

1.4.2 Other submitted and published papers 

Leon-Medina JX, Camacho J, Gutierrez-Osorio C, Salomón JE, Rueda B, Vargas W, 

Sofrony J, Restrepo-Calle F, Pedraza C, Tibaduiza D. Temperature Prediction Using 

Multivariate Time Series Deep Learning in the Lining of an Electric Arc Furnace for 

Ferronickel Production. Sensors. 2021; 21(20):6894. https://doi.org/10.3390/s21206894 

 

Leon-Medina, J. X., Vargas, R. C. G., Gutierrez-Osorio, C., Jimenez, D. A. G., Cardenas, 

D. A. V., Torres, J. E. S., ... & Bonilla, C. P. (2020). Deep Learning for the Prediction of 

Temperature Time Series in the Lining of an Electric Arc Furnace for Structural Health 

Monitoring at Cerro Matoso (CMSA). Engineering Proceedings (Vol. 2, No. 1, p. 23). 

Multidisciplinary Digital Publishing Institute. 

 

Camacho-Olarte, J., Torres, J.E.S., Jimenez, D.A.G., Medina, J.X.L., Vargas, R.C.G., 

Cardenas, D.A.V., Gutierrez-Osorio, C., Rueda, B., Vargas, W., Burgos, D.A.T. and 

Bonilla, C.A.P., 2020. A Data Cleaning Approach for a Structural Health Monitoring 

System in a 75 MW Electric Arc Ferronickel Furnace. Engineering Proceedings (Vol. 2, 

No. 1, p. 21). Multidisciplinary Digital Publishing Institute. 

1.4.3 Research projects and funding 

Convocatorio de Proyectos de Investigación y Creación Artística de la Universidad 

Nacional De Colombia 2017-2018”, Proyecto  41614, “Identificación de variables para un 

modelo predictivo de accidentes de tránsito”. Role: PhD student, researcher. 

 

https://doi.org/10.3390/s21206894
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Proyecto  Minciencias "Estimación del espesor de pared refractaria del horno fc150 de la 

empresa de Cerromatoso S.A a través de analítica de datos". Convenio UNAL-

Cerromatoso S.A. Role: PhD student, researcher. 

2. State of the art 

Traffic accidents are a significant public health and socio-economic problem worldwide, 

causing over 1.25 million deaths and 20-50 million injuries annually (World Health 

Organization., 2015). The United Nations has proposed a goal to reduce these deaths and 

injuries by half by Research on predicting and preventing traffic accidents is crucial to 

achieve this goal. 

 

Several studies have been conducted to propose road accident prediction and analysis 

models, each framed within the socioeconomic, cultural, and development conditions of the 

country where it was proposed. These studies mainly focus on i) detection of problematic 

areas for circulation (Cao, Michelini, Grigoriadis, Ebrahimi, & Franchek, 2015a), (Sachin 

Kumar & Toshniwal, 2016), (Fawcett, Thorpe, Matthews, & Kremer, 2017);  ii) real time 

detection of traffic incidents (D’Andrea, Ducange, Lazzerini, & Marcelloni, 2015), (Gu, Qian, 

& Chen, 2016);   iii)  road accident forecasting  (Shi & Abdel-Aty, 2015), (Wenqi, Dongyu, & 

Menghua, 2017), (Park, Kim, & Ha, 2016), (Lin, Wang, & Sadek, 2015), (Q. Chen, Song, 

Yamada, & Shibasaki, 2016), (You, Wang, & Guo, 2017); and iv) prediction the severity of 

the consequences suffered by those involved in a road accident (Mohamed, Saunier, 

Miranda-Moreno, & Ukkusuri, 2013), (Kaplan & Prato, 2013), (Zheng et al., 2019). 

 

Advances in analytic algorithms and machine learning methods have allowed researchers 

to propose models that can mine heterogeneous data sources, process, and classify real-

time data flows, process multi-dimensional data, and study, analyze, and model the real-

time information provided by on-road equipment. Therefore, the study of road accident 

prediction is a field of relevant and current scientific knowledge, open to innovation in the 
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research of algorithms and data analysis techniques that respond to the challenge of 

generating a more secure mobility environment, considering the particularities of each 

country or region, such as traffic composition, weather conditions, road conditions, and 

demography. 

 

  

2.1 Road accident data sources 

There are diverse ways that researchers gather data on road accidents. Some authors rely 

on information from agencies that manage traffic control in their countries (Taamneh, 

Alkheder, & Taamneh, 2017), (Castro & Kim, 2016), while others use publicly available 

datasets found on the internet (Delen, Sharda, & Bessonov, 2006), (Kononen, Flannagan, 

& Wang, 2011). These datasets may include demographic information about the people 

affected by the accident, road conditions, technical details about the vehicles involved, and 

information about injuries. Some researchers also gather data by installing equipment on 

cars, such as GPS systems or cameras, to collect information about driver behavior and 

vehicle movements. Another emerging source of data is social media, which can provide 

real-time information reported by all road users, including pedestrians, drivers and, 

passengers, that may not be captured by other data sources. As new technologies become 

available, such as mobile apps, IoT devices, and advanced on-board computers and 

sensors in vehicles, it is expected that there will be an increase in the amount of data 

available for analysis. This could include more information about drivers, passengers, and 

pedestrians, their habits and daily activities, more detailed data on environmental, climatic, 

and lighting conditions, and information about events and incidents that could impact road 

safety. These new data sources will enable more extensive and in-depth analysis, providing 

a more complete understanding of the factors that contribute to road accidents and 

potentially leading to improved road safety. Table 2-1 details a collection of relevant 

research related to road accident data sources.   

2.1.1 Government data sets and Open Data 

Government data and open data are both types of data that are generated and made 

available by government entities. Government data refers to data sets that are generated, 
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collected, preserved, stored and made available to the public by government agencies, such 

as police bodies, traffic police, and road concessionaires. It is usually characterized as 

historical, dependable and provides the technical support for the generation of public policy 

in each country regarding road infrastructure design and road security plans. However, not 

all variables in the dataset may be available for public access due to information privacy 

laws. Open data, on the other hand, is data produced and funded with public money and 

made available to the public without restriction, taking into consideration privacy and 

confidentiality matters. It is usually made available through dedicated websites, which 

enable search and expose interfaces, including web services, to allow automatic data 

consumption and integration into other websites or applications, as explained by (Janssen, 

Charalabidis, & Zuiderwijk, 2012), (Veljković, Bogdanović-Dinić, & Stoimenov, 2014). 

Examples of such data sets include the Fatality Analysis Reporting System (FARS) 

maintained by the National Highway Traffic Safety Administration (NHTSA) in the United 

States, and the Road Accidents in Great Britain (RAGB) data set maintained by the 

Department for Transport in the United Kingdom. These data sets can provide valuable 

information for researchers and policymakers to better understand the causes of road 

accidents and to develop effective strategies for reducing accidents and injuries. 

2.1.2 Social media 

Social media data is a valuable source for traffic and road accident-related studies, but it 

can be unreliable, biased, and difficult to interpret, due to issues such as lack of 

trustworthiness of the source, use of local jargon, and grammatical errors. To address these 

issues, various methods have been proposed such as extracting the time, localization and 

subject of the report, using deep learning (Dabiri & Heaslip, 2019),  and convolutional 

recurrent networks (Y. Chen, Lv, Wang, & Wang, 2017) to process the content of social 

media, and incorporating human activity information, like those reported on Twitter in spatial 

analysis of traffic accidents (Bao, Liu, Yu, & Xu, 2017). These methods aim to improve the 

accuracy and performance of road accident models. 

2.1.3 Other relevant data sources 

Measurement technologies include distinct types of equipment used to gather data on road 

traffic, such as loop detectors, video surveillance, microwave, and laser radar. Loop detector 
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data is characterized as not highly dimensional, with variables related to the type of vehicle, 

speed, and time of record, and information about the loop itself. They are relatively 

inexpensive but can be unreliable due to harsh road conditions (Ahmed & Abdel-Aty, 2012). 

Video surveillance technologies are dependable and can gather additional information such 

as vehicle occupation, model and make. Radar and video equipment have improved in 

recent years in terms of cost, reliability, accuracy, and ease of use. 

 

Onboard equipment can provide detailed information about the vehicle and driver behavior, 

which can be useful for analyzing road accidents and identifying potential safety issues. 

However, the data collected by onboard equipment may be limited to the specific vehicle it 

is installed on and may not provide a complete picture of the overall traffic situation. 

Additionally, the data collected by onboard equipment may also be subject to privacy 

concerns, as it could potentially contain personal information about the driver and 

passengers. Overall, onboard equipment can provide valuable insights into road safety, but 

it should be used in conjunction with other data sources such as government and open data, 

as well as other measurement technologies, to get a more comprehensive understanding of 

the road traffic situation. 

 

Table 2-1: Main road accident data sources, including government data, open data, 

measurement technologies, vehicle onboard equipment, and social media. 

Type of data 

source 

Author(s) Description 

Government data (Zheng et al., 2019),(Moriya, 

Matsushima, & Yamanishi, 

2018),(Taamneh et al., 

2017),(Castro & Kim, 

2016),(Sachin Kumar & 

Toshniwal, 2015),(Cao, Michelini, 

Grigoriadis, Ebrahimi, & 

Franchek, 2015b),  (Çodur & 

Tortum, 2015),(Scott-Parker & 

Oviedo-Trespalacios, 2017) 

(Tiwari, Dao, & Nguyen, 

These types of data sets are often 

referred to as official data sets or 

administrative data sets. They can 

include information such as police 

reports, accident reports, and data from 

traffic cameras or other monitoring 

systems. These data sets are generally 

considered to be more reliable and 

unbiased than social media data, as they 

are collected and reported by official 

sources with a specific process for data 
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2017),(Hashmienejad & Hossein, 

2017),(Ghosh, Asif, & Dauwels, 

2017),(Alkheder, Taamneh, & 

Taamneh, 2017) ,(Ren, Song, 

Wang, Hu, & Lei, 2017) 

validation and verification. However, 

these data sets may also have 

limitations, such as incomplete or 

missing information, or data that is not 

reported in real-time. 
 

Open data ("Australian Government", 2019), 

(“Government US,” 2019), 

(“United Kingdom Government,” 

2019), ("Colombian 

Government", 2019) 

This type of data is known as open 

government data and can include 

information on road accidents, traffic 

flow, road conditions, and other 

transportation-related information. The 

data is typically collected and maintained 

by government agencies and is made 

available to the public through open data 

portals or through APIs. The data is 

intended to be used for research, 

analysis, and other purposes that can 

help improve transportation safety and 

efficiency. It is important to note that 

while these data sets are open to the 

public, they may still be subject to 

privacy and confidentiality laws and 

regulations, and should be used 

responsibly. 

On board 

equipment 

(Cao et al., 2015b), (Xiong, Chen, 

& Liang, 2017) 

Onboard equipment includes devices 

such as black boxes, event data 

recorders, GPS systems, and cameras 

that collect data on the vehicle's speed, 

location, braking, acceleration, and other 

information related to the vehicle's 

operation and the driver's behavior. This 

information can be used for various 

purposes such as accident 

reconstruction, fleet management, and 

driver performance monitoring. 
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Measurement 

technologies 

(Roshandel, Zheng, & 

Washington, 2015),(Yuan & 

Abdel-Aty, 2018)  

Measurement technologies are used to 

collect data on traffic flow, vehicle 

speeds, and other variables related to 

traffic and road conditions. This data can 

be used for traffic management, safety 

and planning purposes, as well as for 

research and analysis 

Social media (D’Andrea et al., 2015) ,(Gu et 

al., 2016), (Zhang, He, Gao, & Ni, 

2018),(Sinnott & Yin, 2015), 

(Bailey et al., 2016), (Amin-

Naseri, Chakraborty, Sharma, 

Gilbert, & Hong, 2018) (Dabiri & 

Heaslip, 2019) (Pandhare & 

Shah, 2017) (Salas, Georgakis, & 

Petalas, 2018)  

Social media include information from  

Waze, Inrix, Google Maps and Twitter , 

that can provide valuable real-time 

insights into traffic patterns and accident 

trends. 

Source  (Gutierrez-Osorio & Pedraza, 2020) 

 

2.2 Road accident analytic methods 

Researchers use a variety of analytic methods to analyze road accident data in order to 

extract valuable insights and patterns. These methods include clustering algorithms, 

decision trees and classifiers, and natural language processing algorithms. These methods 

are used to profile drivers, identify unsafe areas for driving, generate classification rules, 

select relevant variables for real-time models, and train other machine learning algorithms 

such as artificial neural networks and deep learning algorithms. The most commonly used 

algorithms in this field are clustering algorithms (Cao et al., 2015b), (Sachin Kumar & 

Toshniwal, 2015), (Moriya et al., 2018), decision trees and classifiers (Taamneh et al., 2017), 

(Castro & Kim, 2016), (Scott-Parker & Oviedo-Trespalacios, 2017), (Gutierrez-Osorio & 

Pedraza, 2019a), and natural language processing algorithms (Salas et al., 2018), (Gu et 

al., 2016), (D’Andrea et al., 2015). 
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2.2.1 Clustering algorithms 

Clustering is a technique used to divide and group objects into specific groups, known as 

clusters, based on their shared characteristics. This method does not require prior 

categorization of the data and the goal is to discover underlying patterns in the information 

and simplify its representation, rather than distinguishing future data into categories. The 

benefits of using clustering algorithms include not requiring prior data preparation, being 

effective with large data sets, and having interpretable results. However, these algorithms 

can be sensitive to finding a local maximum instead of a global maximum in their optimization 

functions. 

 

In the context of analyzing road accidents, clustering algorithms are used to understand 

drivers' behavior on the road, identify hazardous areas for driving, and identify factors that 

contribute to accidents. For example, (Cao, Michelini, Grigoriadis, Ebrahimi, & Franchek, 

2016) used a combination of batch clustering and real-time clustering with fuzzy c-means to 

study sudden braking incidents in real-time and determine areas where driving is dangerous 

based on time and location. Additionally, (S. Kumar & Toshniwal, 2016)  used K-means 

clustering and association rule modeling to identify variables that affect the occurrence of 

road accidents. Their findings revealed a 6-cluster model, which was then used to generate 

association rules. The clusters were found to be influenced by factors such as the severity 

of the accident, the type of road, lighting conditions, and the surrounding area. 

2.2.2 Classification algorithms and decision trees 

Decision tree algorithms construct models for classifying data in the form of trees or 

dendrograms. Each node in the tree represents one of the input variables, with branches 

corresponding to the different values of the variable. The leaf nodes represent the decision 

made based on the input variable values in the path from the root node to the leaf. Decision 

trees are a useful tool for pattern classification, and do not require prior knowledge about 

the data. They are also an exploratory method of analysis and can be used with high 

dimensional and incomplete data sets. However, the results from decision trees may not be 

as accurate as other methods. 

(Taamneh et al., 2017) utilized various machine learning techniques, including Decision 

Tree Classifier, Rule induction PART, Multilayer Perceptron and Naive Bayes, to identify the 
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most crucial factors that influence the severity of a traffic accident. The comparison of 

different rule-based models revealed that Decision Tree Classifier and Rules Induction had 

the highest accuracy, with a value of 0.08218. The factors that were found to have the 

greatest impact on accident fatalities were age, gender, nationality, year of the accident, and 

type of accident.  

 

(Scott-Parker & Oviedo-Trespalacios, 2017) used a decision tree technique to classify and 

segment the risk of road accidents among young drivers, aged 16 to 25, from Australia, New 

Zealand, and Colombia. The key factors that were found to contribute to accident risk 

included using a mobile phone while driving, consuming alcohol, and having passengers in 

the vehicle. 

2.2.3 Natural Language Processing 

Natural Language Processing (NLP) is commonly used to process road accident reports 

from social media and extract information such as location, accident characteristics, and 

relevant variables. These algorithms are used to classify social media content into 

predefined categories, typically as a binary classification, with the content being related or 

not to traffic accidents.  

(D’Andrea et al., 2015) presented a system for real-time monitoring of traffic events, 

including road accidents, using data from Twitter. The system used a Support Vector 

Machine to label tweets as traffic event-related or not, and the SVM was evaluated against 

other classification models, achieving an accuracy of 0.9575. The authors also applied a 3-

class classification model on a different dataset, which classified tweets as traffic due to 

external events, traffic congestion or accident-related, or non-traffic related, with an 

accuracy of 0.8889. 

(Salas et al., 2018) proposed a method for retrieving, processing, and classifying information 

from Twitter related to traffic incidents. They used NLP and SVM algorithms for text 

classification and plan to improve accuracy and explore sentiment analysis in future work. 
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2.3 Road accident forecasting and prediction 

Machine learning techniques are frequently used in the field of road accident forecasting 

because of their ability to handle multi-dimensional data, adaptability during implementation 

and powerful prediction capabilities (Zheng et al., 2019). The goal of using these techniques 

in road accident forecasting is to anticipate accidents based on certain conditions or 

variables, and to create models for predicting the severity of accidents or analyzing them 

after they occur (Halim, Kalsoom, Bashir, & Abbas, 2016). 

 

Among the most used methods to predict traffic road accidentally, as shown in Table 2-3,  

the following can be taken into account:  i) Bayesian Networks (Castro & Kim, 2016), (Ghosh 

et al., 2017), (Yuan & Abdel-Aty, 2018); ii) Genetic algorithms and evolutionary computing 

(Kunt, Aghayan, & Noii, 2011), (Hashmienejad & Hossein, 2017); iii) Support Vector 

Machines (Xiong et al., 2017), (Pandhare & Shah, 2017);  iv) Artificial neural networks 

(Çodur & Tortum, 2015), (Alkheder et al., 2017); and v) Deep Learning algorithms (Halim et 

al., 2016), (Zheng et al., 2019), (Zhang et al., 2018), (Dabiri & Heaslip, 2019) (Y. Chen, Lv, 

Wang, & Wang, 2018). 

2.3.1 Bayesian Networks 

In the field of road accident forecasting, Bayesian networks (BN) have been used to model 

the relationships and dependencies between various factors that contribute to the 

occurrence of accidents. BNs use a directed acyclic graph (DAG) to represent the variables 

and their relationships, with the nodes representing the variables and the arcs representing 

the dependency and conditional independence relationships between them. These networks 

are useful for predicting the conditions that cause accidents and for developing models to 

predict the severity of accidents. 

In the study conducted by (Castro & Kim, 2016), Bayesian networks, J48 Decision Tree, and 

Artificial Neural Network were used to predict the severity of road accidents. The results 

showed that the Bayesian network generated the most accurate model with an accuracy of 

0.8159, a precision of 0.7239, a recall of 0.7239, and an F-measure of 0.723. The research 

found that factors such as lighting conditions, road type, and the maneuver the vehicle was 

performing were significant in determining the accident, but the severity of the accident was 

found to be challenging to predict accurately. 
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2.3.2 Genetic Algorithms and evolutionary computing 

Genetic algorithms are a method used to find the optimal solution to a problem by simulating 

the process of evolution. The data used as input must first be normalized. The solution to 

the problem is represented as a chromosome, which is made up of a set of genes. The 

population is composed of a set of chromosomes, and the process of evolution is simulated 

through iterations called generations. The genetic algorithm uses the operators crossover 

and mutation to generate new generations, and the process is repeated until a predefined 

number of iterations or the desired outcome is reached. 

(Hashmienejad & Hossein, 2017) proposed a model for predicting the severity of injuries 

resulting from traffic accidents on both urban and rural roads was created using genetic 

algorithms and decision trees. A training data set was used to extract a set of classification 

rules through a multi-objective genetic algorithm. These rules were then utilized to generate 

decision trees (ID3, CART, and C4.5) and were tested against a separate set of data. The 

results showed that the proposed method had a high level of accuracy, with a precision of 

0.885, recall of 0.889, accuracy of 0.8820, and an F-measure value of 0.8875, which was 

found to be better than other methods such as SVM, Naive Bayes, KNN and ANN. 

2.3.3 Support Vector Machines 

Support Vector Machines (SVMs) are a powerful tool for handling a wide range of 

classification problems, including those that involve linear and nonlinear data. The technique 

works by transforming the input data points into a higher-dimensional space, where it 

searches for the hyperplane that separates the different classes. This is done by using a 

kernel function, which can take into account the non-linear relationships that may exist 

between the data points. Regarding applications of SVM to road accident analysis, (Xiong 

et al., 2017)  proposed a method for forecasting traffic collisions using an SVM to classify 

the driver's maneuver as leaving or remaining in the lane and a Gaussian-mixture Hidden 

Markov Model to distinguish accident patterns from non-accident patterns, resulting in an 

accuracy of 0.8730. (Pandhare & Shah, 2017) used SVM and logistic regression to identify 

and classify road accidents and events reported on Twitter. (Ghosh et al., 2017), proposed 

a technique called Bayesian Support Vector Regression, which combines SVM and 
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Bayesian inference, to predict the duration of road incidents, in order to provide real-time 

response to accidents.  

2.3.4 Artificial Neural Networks 

An Artificial Neural Network (ANN) is a type of forward-propagating neural network with one 

or more layers between the input and output layers. The connections between neurons in 

each layer are represented by weight coefficients, which can be adjusted during the training 

process to achieve the desired output. ANNs are used to predict the conditions that cause 

accidents and to forecast road accidents, as well as to create accident severity models. To 

create an ANN to approach these problems, steps include defining independent and 

dependent variables (Moghaddam, Afandizadeh, & Ziyadi, 2011), selecting the type and 

parameters of the ANN, determining the number of layers and neurons in the model, and 

defining performance measures (Halim et al., 2016), (Kunt et al., 2011).  

(Çodur & Tortum, 2015) proponed a model for highway accident prediction that uses an 

artificial neural network. The model considers not only data related to the accident, such as 

the driver, vehicle, time, and hour, but also data about the road geometry and traffic volume. 

The authors evaluated the performance of the proposed ANN and found that it had a high 

correlation of 0.991, an R-squared value of 0.9824, a Mean Squared Error of 4.115, and a 

Root Mean Squared Error of 2.0274. The authors also found that the variable degree of 

vertical curvature of the road was the most important parameter affecting the number of 

accidents on the analyzed highways. 

(Alkheder et al., 2017) modeled an artificial neural network to predict road accident severity. 

They preprocessed the road accident data using k-means clustering to classify the data and 

improve the prediction accuracy. The authors then used an ordered probit model to validate 

the results and found that the ANN had better accuracy, with an Accuracy value of 0.7460, 

compared to 0.5990 obtained by the ordered probit model. 

2.3.5 Deep Learning 

Deep learning architectures such as Convolutional Neural Networks (CNN) and Recurrent 

Neural Networks (RNN) and their combination are used to identify hidden relationships and 

structures in high-dimensional data, such as in complex classification problems, text 
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categorization, computer vision, image processing, and speech recognition. CNNs have a 

similar architecture to feed-forward artificial neural networks but differ in terms of 

connectivity patterns between neurons in adjacent layers, the use of a specialized layer 

called a pool layer to reduce the parameter scale in the model, and the fact that the final 

layer is the only one that is fully connected. RNNs, on the other hand, is a neural network 

architecture that allows information to be propagated from one layer to another using hidden 

layers, which makes it suitable for analyzing sequential data. 

 

(Zhang et al., 2018) used advanced machine learning techniques to identify traffic accidents 

through analyzing social media posts, specifically by looking at one year of tweets from two 

cities, Northern Virginia, and New York City. They compared the effectiveness of different 

methods, including the Deep Belief Network, Long Short-Term Memory, a basic Artificial 

Neural Network, a Support Vector Machine, and Latent Dirichlet allocation, and found that 

the Deep Belief Network had the highest accuracy of 0.850 and was the best performer 

among all methods. They also checked the accuracy of the results by comparing them to 

official road accident data and reports from traffic authorities and found that some accidents 

were mentioned on Twitter but not officially recorded. 

(Zheng et al., 2019) proposed a method for predicting the severity of traffic accidents by 

encoding the matrix of accident data into a grey image that represents the weights of the 

traffic accident features. The grey images were then used as input for a severity prediction 

convolutional neural network. The results showed that the severity prediction using a 

convolutional neural network outperformed other methods such as the k-nearest neighbor 

algorithm, Naive Bayes classifier, Gradient Boosting, Support Vector Machines, neural 

network, and Long Short-Term Memory Recurrent Neural Network. The results reported for 

the prediction of slight severity accidents were an average precision value of 0.893 and an 

average recall value of 0.932, for the prediction of serious severity accidents was an average 

precision of 0.248 and an average recall of 0.167 and for fatal traffic accident prediction an 

average precision of 0.063 and an average recall of 0.063. 

In the paper (Dabiri & Heaslip, 2019) the authors used various machine learning models 

such as convolutional neural networks (CNN), Long Short-Term Memory (LSTM), and a 

combination of both, called CCN + LTSM, to identify traffic events, including accidents, by 

analyzing a dataset of labeled traffic-related information obtained from Twitter. They found 
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that the CNN model had the best performance compared to other models previously 

proposed by other authors such as  (D’Andrea et al., 2015) and (Gu et al., 2016). The 

authors reported an accuracy of 0.986 and an F-Measure of 0.986. 
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Table 2-2: Representative algorithms and methods used on road accident forecast. 

Author Research problem – 

Computational 

method 

Data source Results 

Y. Castro and Y. J. 

Kim, 2016 (Castro & 

Kim, 2016) 

Determination of the 

most important 

variables to predict 

the severity of road 

accidents - 

Bayesian network, 

J48 Decision Tree, 

Artificial Neural 

Network 

A set of data on road 

accidents reported 

by Road Safety 

Accidents (England) 

was analyzed and a 

total of 451.462 

traffic accidents 

were collected in a 

time interval from 

2010 to 2012. A 

sample of 81,690 

records was 

selected to be 

analyzed 

The Bayesian 

network generated 

the most accurate 

model. The lighting 

conditions, the type 

of road and the 

type of maneuver 

are determining 

factors of the 

accident 

D.W Kononen et al., 

2011 (Kononen et 

al., 2011) 

The modeling of the 

severity of the 

injuries resulting 

from a traffic 

accident - Logistic 

regression 

Data was taken from 

the National 

Automotive 

Sampling System 

(NAAS) 

Crashworthiness 

Data System, from 

the United States 

(1998 - 2008), with 

records from serious 

injuries to the 

vehicle's driver 

The results of the 

study indicated that 

the delta-V 

(change in speed 

associated with 

primary direction 

from the force of 

the crash event), 

use of the seat belt 

and the direction of 

the collision were 

the most important 

predictors of the 

severity of the 

accident 
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F. Rezaie 

Moghaddam Et al., 

2011 (Moghaddam 

et al., 2011) 

The correlation 

between a set of 

variables to 

determine the 

severity of traffic 

accident that 

occurred on an 

urban road - 

Artificial Neural 

Network 

Traffic accident data 

was obtained from 

the information 

collection form used 

by the Tehran Police 

Department (Iran), 

(2003 - 2007), with a 

set of 52.447 

accidents. 

The variables that 

had the most 

influence on the 

severity of a traffic 

accident were if the 

type of collision 

was frontal, the 

type or road was 

an urban road 18-

22 meters wide, 

involving 

motorcycles and 

bicycles, with the 

vehicle turning left 

and including 

infraction of lane 

space and violation 

of the speed limit. 

S.H.A. 

Hashmienejad and 

S. M. H. 

Hasheminejad, 

2017 

(Hashmienejad & 

Hossein, 2017) 

A prediction model 

of the severity of the 

injuries resulting 

from traffic 

accidents that 

occurred on urban 

and rural roads - 

Artificial Neural 

Networks, Genetic 

Algorithms, Pattern 

Search 

The data set 

consisted of 14.211 

road accidents that 

occurred on rural 

and urban roads in 

Iran, reported by the 

Police Department 

between 2008 and 

2013 

A set of rules were 

used to generate 

decision trees (ID3, 

CART and C4.5), 

which were then 

validated using a 

test data set in to 

contrast the 

veracity of the 

proposed rules 

Source  (Gutierrez-Osorio & Pedraza, 2020) 

 

 

 



 

 
 

3.  Data set construction and data 

preprocessing 

A three-step approach was developed to create the dataset. The initial step involved 

cleaning and improving the data quality by managing missing information, extreme values, 

and outliers. The next phase involved transforming the data for use in machine learning, 

such as calculating the likelihood and frequency of road accidents and creating time-based 

datasets. The final step was to use the processed data from the previous phase as input to 

predict road accidents through an ensemble deep learning model. The following sections 

details the original data and the data quality and feature engineering process.  

3.1 Dataset description 

3.1.1 Road incident dataset from Waze 

 

To gather information on road accidents from Waze, a web scraping tool was developed to 

extract data from the Waze live map of Bogota city. Other similar approaches for extracting 

data from the Waze platform were previously used by other researchers in Mexico City and 

Charlotte city (US) to obtain information about traffic flow and traffic conditions (Pérez-

Espinosa, Reyes-Cabello, Quiroz-Fabián, & Bravo-Grajales, 2018) and (Parnami et al., 

2018) respectively. The web crawler was set to collect data every 15 minutes and it included 

information on all types of road accidents such as single-car collisions, accidents with fixed 

objects, vehicle fires, rollovers, multi-vehicle accidents, and accidents involving 

pedestrians, bicycles, and motorcycles. The collected data included reports from May 2018 

to June 2019 and each report contained time, latitude, and longitude information, as shown 
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in Table 3-1. However, the data did not include information on the vehicles involved, the 

severity of the accident, or about the persons affected. 

 

Table 3-1: Original dataset from Waze, sample data. 

Timestamp Latitude Longitude 

2019-06-20 15:41:33 4.682584 -74.04869 

2019-06-20 15:41:33 4.681141 -74.0537 

2019-06-20 15:41:57 4.71908 -74.07556 

2019-06-20 15:42:22 4.651553 -74.07435 

2019-06-20 15:43:19 4.694954 -74.08765 

2019-06-20 15:43:23 4.676282 -74.08434 

2019-06-20 15:43:44 4.629432 -74.08272 

Source (Gutierrez-Osorio, Gonzalez, & Pedraza, 2022) 

 

The first step taken was to clean and improve the data quality through a data cleaning 

process. The goal was to obtain an initial version of the dataset that was appropriate for 

use in deep learning algorithms, considering the impact that missing values, extreme 

values, and outliers can have on the results. 

 

The aim was to eliminate all records that could be considered as outliers, which may contain 

noise and coordinates not related to Bogota city road infrastructure. To remove these outlier 

coordinates, an official source was consulted, specifically the Bogota city open data website 

which contains information related to city roads infrastructure1. Using this information, the 

values for the relevant maximum and minimum coordinates were obtained and all 

coordinates that were outside of this specified range were deleted. The values for the 

maximum and minimum coordinates are presented in Table 3-2. 

 

Table 3-2: Bogota road infrastructure coordinates, as specified by Bogota open data 

website for maps, layer road infrastructure. 

 

 

 
 

1 
https://serviciosgis.catastrobogota.gov.co/arcgis/rest/services/Mapa_Referencia/Mapa_Referencia/
MapServer/10 

https://serviciosgis.catastrobogota.gov.co/arcgis/rest/services/Mapa_Referencia/Mapa_Referencia/MapServer/10
https://serviciosgis.catastrobogota.gov.co/arcgis/rest/services/Mapa_Referencia/Mapa_Referencia/MapServer/10
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Description Latitude Longitude 

Minimum values 3.7892 -74.3948 

Maximum values 4.8366 -73.9913       

(Gutierrez-Osorio et al., 2022) 

 

The dataset was then checked for any records with missing or null values for date, latitude, 

and longitude, and no such records were found. The final clean version of the dataset 

consisted of 96949 records with no empty values and no data outliers, as shown in Table 

3-3. 

 

Table 3-3: Clean version of the road incident dataset obtained from Waze, detailing feature 

statistics. 

 

Value Center value Dispersion Minimum 

value 

Maximum 

value 

% Missing 

values 

Timestamp 2018-12-02 13 months 2018-05-04 2019-06-19 0% 

Longitude -74.1042 -0.00005 -74.2213 -74.0175 0% 

Latitude 4.6557 0.01111 4.49278 4.82472 0% 

(Gutierrez-Osorio et al., 2022) 

3.1.2 Road accident dataset from Twitter 

The collection of road accident and infrastructure reports from Twitter was developed 

according to  (Suat-Rojas, Gutierrez-Osorio, & Pedraza, 2022).  The main steps performed 

were i) Collect data from Twitter using the API exposed by the site; ii) Classify the resulting 

corpus as road accident or not using manually labeled records and a Support Vector 

Machine algorithm;  iii) Extract the location and time information from the road accident 

reports and road infrastructure reports, and iv) Use a geocoder software to obtain the 

coordinates from the information contained in the text of the Twitter post. 

 

The resulting data set contained 26170 rows, composed of timestamp, longitude, and 

latitude, as shown in Table 3-4. 

 

Table 3-4: Road incident dataset extracted from Twitter, detailing features statistics. 
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Value Center value Dispersion Minimum 

value 

Maximum 

value 

% Missing 

values 

Timestamp 2019-03-15  10 months 2018-10-01 2019-07-31 0% 

Longitude -74.0993 -0.000526471  -74.2252 -74.0135 0% 

Latitude 4.65244 0.0108198 4.48963 4.83006 0% 

Source (Gutierrez-Osorio et al., 2022) 

3.1.3 Climate information dataset 

To gain insights into the relationship between road accidents and weather conditions, 

climate information was collected for Bogota city. This information included precipitation 

levels, measured in millimeters and taken at 5-minute intervals from various meteorological 

stations in the city. The information was sourced from the official open data site of the 

Colombian government and is managed by the “Instituto de Hidrología, Meteorología y 

Estudios Ambientales”2 (IDEAM). The location of each station is identified by its coordinates 

and is detailed in Table 3-5. 

 

Table 3-5: Rain information dataset for Bogota city, detailing features statistics. 

 

Value Center value Dispersion Minimum 

value 

Maximum 

value 

%Missing 

values 

Date 2019-01-12 13 months 2018-05-04 2019-06-19 0% 

Longitude -74.1034 -0.0006 -74.2050 -74.0190 0% 

Latitude 4.6630 0.0175 4.5120 4.8130 0% 

Rain (mm) 0.1144 8.1452 0.0000 48.7000 0% 

Source (Gutierrez-Osorio et al., 2022) 

 
 

2 http://www.ideam.gov.co/ 

http://www.ideam.gov.co/
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3.1.4 Bogota transit traffic accident dataset (open data) 

The road accident dataset reported by the Bogota city transit authority, “Secretaría de 

Movilidad”, was downloaded from the official open data website3. The data was downloaded 

as a Comma Separated Values (CSV) file, which contained the following information: 

Accident Latitude,  Accident Longitude, Traffic accident code, Accident Code, Date of the 

accident, Year of the accident, Address, Traffic accident severity, Traffic accident 

classification, Locality. Table 3-6 details the variables selected from the dataset and the 

description of their value range.  

 

Table 3-6: Bogota transit traffic accident dataset for Bogota city. 

 

Value Center value Dispersion Minimum 

value 

Maximum 

value 

%Missing 

values 

Date 2018-06-20 12 months 2018-01-01 2019-12-31 0% 

Longitude -74.1022 -0.00053 -74.3641 -74.0112 0% 

Latitude 4.65029 0.0120 3.9853 4.8207 0% 

Source (Gutierrez-Osorio et al., 2022) 

 

3.2 Feature engineering 

Feature engineering is the process to design the preprocessing pipelines and data 

transformations that result in the representation of the data that can support effective 

machine learning (Bengio, Courville, & Vincent, 2013). In the next subsection, the feature 

engineering process is described. 

3.2.1 Definition of time window and date field transformation 

To handle repeated reports of the same road accident from multiple sources, the first step 

was to standardize all the timestamps using a 60-minute time frame. The date and time, 

 
 

3 https://datosabiertos.bogota.gov.co/dataset/siniestros-viales-consolidados-bogota-d-c accessed 
on May 7, 2020. 

https://datosabiertos.bogota.gov.co/dataset/siniestros-viales-consolidados-bogota-d-c
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such as 2019-05-15 07:38:00, was changed to 2019-05-15 07:00:00 with all minutes set to 

zero. The multiple reports were grouped based on their shared latitude, longitude and time 

frame, with only one report counted per group. This approach takes into account the 

possibility of multiple witnesses reporting the same road accident at the same time period. 

Shorter time frames such as 15 and 30 minutes were considered but rejected due to 

insufficient data for calculating traffic accident frequency and probability, making them 

unsuitable for use in deep learning algorithms as noted by (Zhou, Wang, Xie, Chen, & Liu, 

2020). Furthermore, the timestamp variable was initially represented a as date field, with 

the format yyyy-mm-dd hh:mm:ss, and it was transformed to Linux Epoch or POSIX time4. 

By using this method guarantees that the temporal resolution of the data was not affected 

or distorted and that it can be encoded back to its original format. 

3.2.2 Definition of spatial matrix 

The traffic accident data was represented using a two-dimensional matrix with two spatial 

resolutions considered: a 1 km x 1 km grid and a 2 km x 2 km grid. The 1 km x 1 km grid 

was chosen as it had better results in avoiding low traffic accident counts, thus improving 

the performance of the predictive model as noted by (Bao, Liu, & Ukkusuri, 2019). The 

resulting matrix was 24 km x 42 km and comprised 24 x 42 elements, including the city's 

localities, as shown in Figure 3-1. The 2 km x 2 km grid covered an area of 26 km x 44 km 

with 13 x 22 elements. The 1 km x 1 km grid was created using QGIS software (version 

3.16) with the following parameters: 

 

• Geometry: Polygon  

• SRC: EPSG: 3857 - WGS 84 / Pseudo-Mercator - Projected 

• Extension: -8262533.5000, 496384.8125 : -8238532.5000,538384.8750 

• Unit: meters 

• Number of objects: 1,008 

 

 

 
 

4 POSIX time as defined by 
https://pubs.opengroup.org/onlinepubs/9699919799/xrat/V4_xbd_chap04.html 
 

https://pubs.opengroup.org/onlinepubs/9699919799/xrat/V4_xbd_chap04.html
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Figure 3-1 Spatial matrix details of Bogota city, resolution of 1 km x 1 km for each grid 

element. 

 

Source (Gutierrez-Osorio et al., 2022) 

 

The spatial matrix was employed to estimate the road incident probability, based in the 

proposals by (Geurts, Wets, Brijs, & Vanhoof, 2003) and (S. Kumar & Toshniwal, 2016), as 

that stated that: The traffic accident probability is represented as s (X, D), with X being the 

number of road accidents in the dataset that occurs in a particular latitude and longitude 

and D the total amount of accidents on the same coordinates in that particular time. 
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3.2.3 Data augmentation procedure 

 

To address the absence of negative reports of traffic accidents (i.e. zero frequency and 

probability), a data augmentation procedure was necessary to reflect real-world traffic 

accidents. The Synthetic Minority Over-Sampling Technique for Regression with Gaussian 

Noise (SMOGN) (Branco, Ribeiro, Torgo, Krawczyk, & Moniz, 2017) method was 

evaluated, but it did not ensure that the generated data was representative of real-world 

data. Therefore, a different approach was taken, similar to the ones proposed by (You et 

al., 2017) and (Wen et al., 2020), and is presented in Algorithm 1. This approach generated 

tuples of zero frequency and probability for random times and dates at a specific coordinate 

not present in the original data set. The procedure was run for each element of the spatial 

matrix, with the initial value of parameter k equal to the number of accidents reported for 

the current matrix element x, y, resulting in k tuples of zero-accident reports. By combining 

the accident reports in each grid element with the generated non-accident reports, a dataset 

with a balanced proportion of positive (frequency and probability greater than zero) and 

negative (frequency and probability equals to zero) road accident reports was obtained for 

every grid element. 

 

Algorithm 1. Data Augmentation algorithm. 

 

Input: Original Dataset 

Output: Augmented dataset 

Begin 

For i = 1 → k 

   select randomly an Epoch value from the dataset 

   select randomly a X position from the grid 

   select randomly a Y position from grid 

   generate a tuple ti (timei, x position, y position) 

   assign to the tuple ti 0 probability and 0 frequency values 

   save tuple ti in the dataset Augmented dataset 

End For 

Return Augmented dataset 

Delete from Augmented dataset duplicates tuples 

Delete from Augmented dataset tuples that match a tuple from the original dataset 
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End 

Source (Gutierrez-Osorio et al., 2022) 

3.2.4 Resulting set of features 

The resulting set of features obtained as output from the data engineering process is shown 

in Table 3-7.It is worth noting that the resulting dataset contains information about road 

accidents from May 2018 to June 2019.The specific features fed into every neural network 

of the ensemble model are explained in the following sections. 

 

Table 3-7: Resulting set of features obtained from data engineering process. 

 

Feature Description 

Epoch Date encoded as epoch 

Latitude Latitude of the traffic accident report 

Longitude Latitude of the traffic accident report 

Hour of day Hour of traffic accident 

Weekday Weekday of traffic accident 

Rain mm Quantity of rainfall in millimeters 

Position X Position relative to the spatial matrix in the X axis 

Position Y Position relative to the spatial matrix in the Y axis 

Traffic accident probability Traffic accident probability 

Source (Gutierrez-Osorio et al., 2022)





 

 
 

4. Descriptive Analysis 

4.1 Relevant patterns found in data. 

Regarding the geographical patterns found in the data from social media, it can be stated 

that the data covers all road infrastructure in Bogota city, as shown in Figure 4-1. The 

impact of this is that rural infrastructure was not considered when analyzing the data.  

 

Figure 4-1: Geographical distribution of road accident data from Waze and Twitter, Bogota 

city, 2018-2019. 

 

 

Source (Gutierrez-Osorio et al., 2022) 
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Figure 4-2 shows a heatmap of road accident reports distribution for Twitter and Waze data, 

to show the concentration of road accidents in areas of an approximate size of 1 kilometer 

by 1 kilometer, using a heatmap to show the spatial disparity of the distribution of road 

accidents. The heatmap uses a codification of four intervals, to show the number of road 

accidents, from 0 to 100, 101 to 200, 2001 to 300 and greater than 300 road accidents. The 

concentration of accidents shown in the heat map is relevant to select the data to evaluate 

the predictive model. 

Figure 4-2: Distribution of road accident data from Twitter and Waze, Bogota city, May 

2018 to June 2019. 

. 

 

Source (Gutierrez-Osorio et al., 2022) 

 

The time patterns found in social media data can be described using Figure 4-3. Figure 4-

3 (a) shows a clear pattern of traffic accidents that matches the pattern of traffic peak hours 

in Bogotá, with a peak of accidents from 6 am to 8 am, a second peak between 12 to 3 pm, 

and finally a third peak from 5 pm to 8 pm. The frequency of the peaks can be explained as 

matching the beginning and end of workdays and the peak in the middle is influenced by 
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the end of the school day. Figure 4-3 (b) shows the distribution of road accidents by day of 

the week, indicating that Wednesday and Friday are days with high numbers of road 

accidents. The small number of road accidents on weekends was expected since most 

people do not commute to work. Additionally, it is worth considering that the mobility of 

private vehicles and taxis is restricted by the "Pico y Placa" policy (Bonilla, 2019), which 

restricts the mobility of vehicles according to the date, the last figure of the vehicle plate 

and according to predefined time slots.  

Figure 4-3: Time patterns of road accidents in Bogota city found in social media data: (a) 

Distribution of road accidents by hour of the day, showing the influence of peak hours; (b) 

Distribution of road accidents by day of week. 

 

 

 

(a) (b) 

Figure 4-4 details the geographical distribution for open data, showing that road accident 

reports cover all road infrastructure in Bogota city.  

 

Figure 4-4: Geographical distribution of road accident data from open data for Bogota city, 
2018 and 2019. 
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Figure 4-5  shows the distribution of traffic accidents by hour of the day, in which appears 

three groups, according to the rush hours. Figure 4-5 (b) shows a peak of the victim’s 

frequency. The distribution of traffic accidents by hour of the day, in which appear three 

groups, according to the rush hours: from 6:00 to 8:00, from 12 m to 15:00, and from 17:00 

to 19:00. These results can cast a doubt on the affectivity of the current restriction on vehicle 

circulation, according to license plate number and hour of the day, from 6:00 to 8:30 and 

from 15:00 to 19:30.The patterns related to the day of the week shows an increase on 

Mondays and Fridays and a clear decrease in weekends. Those patterns were 

characterized and modeled using a rule model (Gutierrez-Osorio & Pedraza, 2019a). The 

time patterns found in the data are relevant to model the data as a time series and in 

defining the size of the time windows employed in the parameters of the predictive models. 
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Figure 4-5: Time patterns of road accidents in Bogota city found in Open Data, 2018-

2019. (a) Distribution by hour of day, (b) Distribution of road accidents by day of week, 

showing an increase on Friday, and a decrease in weekends. 

  

(a) (b) 

 

 



 

 
 

5. Predictive model design 

The ensemble deep learning architecture was selected to predict road accidents based on 

accident data and climatological information. This type of architecture allows for 

incorporating multiple aspects related to traffic accidents into a single model, resulting in 

improved performance and predictions. The model was designed with a combination of 

Recurrent Neural Networks (RNN) and Convolutional Neural Networks (CNN) that could 

learn feature representations from the data automatically. The ensemble deep learning 

architecture was selected because it enables learning the diverse aspects of the data by 

using different heterogeneous models and the output was the combination of the 

predictions of the models by using a staking function, allowing to minimize the objective 

function, in this case, the error of the prediction.  

 

The use of ensembled deep learning architecture in road accident analysis and prediction 

has been explored by various researchers. (Dabiri & Heaslip, 2019) introduced a model 

called CNN + LSTM that utilized both Convolutional Neural Networks (CNN) and Long 

Short-Term Memory (LSTM) for detecting traffic events, including accidents, based on a 

labeled dataset obtained from Twitter information. (Li, Abdel-Aty, & Yuan, 2020) proposed 

a real-time crash risk prediction method using LSTM and CNN networks in urban arterials. 

(C. Chen et al., 2018) suggested a Stack Denoise Convolutional Auto-Encoder (SdAE) 

consisting of 8 hidden layers with batch normalization. (Bao et al., 2019) developed a deep 

learning model named STCL-Net Model, consisting of LSTM, CNN, and hybrid LSTM-CNN 

layers. The model was tested on various spatiotemporal configurations in New York City to 

predict traffic accidents.  
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5.1 Model design 

 

The ensemble model architecture selected is known as Heterogeneous Ensemble (HEE) 

as explained by  (Ganaie, Hu, Malik, Tanveer, & Suganthan, 2022). The approach in the 

model was to feed each different individual model with selected variables of the dataset. 

The output of each model was fed into a common layer, using a concatenate function and 

then the output was processed using a neural network layer that outputs the probability of 

road accidents in the selected region(s).  

 

The ensemble model was a deep learning ensembled model designed to forecast road 

accidents risk, containing a Gated Recurrent Network (GRU) to extract patterns from road 

accident time series, a Convolutional Neural Network (CNN) to extract relations from road 

accidents related to holidays and traffic peak hours, and a Convolutional Neural Network 

designed to understand the underlying relationship between climatological conditions and 

road accidents. GRU was proposed to analyze temporal data, and the data fed into the 

GRU were the grid position (x,y) and the calculated probability of road accidents,  modeled 

as a time series. The rationale behind this selection of parameters was that there was a  

temporal pattern regarding traffic peak hours,  as published by the author in previous work 

on the subject of the characterization of road accidents in Bogotá city (Gutierrez-Osorio & 

Pedraza, 2019b). On the other hand, the data fed into the CNN was designed to analyze 

peak traffic patterns, and the features considered were grid position (x,y), day of the week, 

hour of the day and road accident probability. With this approach, our goal was to detect 

patterns not considered in the GRU network time series and was based on papers 

published regarding applications of CNN to analyze traffic flow and accident patterns. The 

output of all networks was combined by a concatenate layer and contains a dropout layer 

to avoid over-fitting as shown in Figure 5-1. The networks were processing data in parallel, 

and every network was working with separate input layers since each one of the networks 

works with its input shape and a subset of data. The optimal hyperparameters for the 

additional layers required by the ensembled model are shown in Table 5-1. The final output 

of the model was the predicted road accident probability in the (x,y) selected zone of the 

spatio-temporal matrix. The input to every model of the ensemble model is shown in Table 

5-2. 
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Table 5-1: Ensemble model optimal hyperparameters and configuration. 

 

Hyperparameter Values tested Optimal value 

Number of neurons 128, 256, 512, 1024 1024 

Number of layers 1,2,3,4 1 

Epoch number 10, 50, 100, 200, 500 100 

Batch size 10,20 200, 500, 1000 10 

Optimizer Adam, RMSProp Adam 

Source (Gutierrez-Osorio et al., 2022) 

 

Table 5-2: Ensemble model inputs description. 

 

Model Description Input Values Output 

Road incident time 

bound features 

(holidays and traffic 

peak hours) 

Convolutional 

Neural 

Network 

X position,  

Y position,  

day the of the week,  

hour of the day,  

traffic accident probability 

Traffic accident 

probability 

Climate data Convolutional 

Neural 

Network 

X position,  

Y position,  

rain in millimeters, traffic 

accident probability 

Traffic accident 

probability 

Road incident time 

series 

Gated 

Recurrent 

Unit 

X position,  

Y position,  

traffic accident probability 

Traffic accident 

probability 
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Figure 5-1: Ensemble model architecture detailing architecture, input layers,  layer 
configuration and output layers. 
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5.2 Gated Recurrent Network for analyzing traffic 
accident time series 

  

The GRU (Gated Recurrent Unit) is a type of Recurrent Neural Network (RNN) with gating 

units that regulate the flow of information within the unit, without having separate memory 

cells. Unlike LSTM networks, GRUs do not have a mechanism to control the extent to which 

their state is exposed, as they expose their entire state at each iteration (Chung, Gulcehre, 

Cho, & Bengio, 2014). GRUs are effective in learning from time-series data and performing 

sequence modeling. 

In the context of road accident analysis, GRU networks were used to handle information as 

a time-series. The input to the GRU network was a an array with the shape  (Sample, Time 

Slice, Features), with a time window of 6 hours, as 6 hours was found to be the most 

relevant temporal pattern between traffic peak hours in Bogota city, as stated in  a previous 

study by the author (Gutierrez-Osorio & Pedraza, 2019a). The input included grid position 

(x,y) and calculated road accident probability. The GRU output was the estimated road 

accident probability in the (x, y) position. The optimal GRU hyperparameters are shown in 

Table 5-3. 

 

 Table 5-3: GRU network for road accident time series optimal hyperparameters and 
configuration. 

 

Hyperparameter Values evaluated Optimal value 

GRU unit size 16, 32, 64, 128,512 512, 128 

GRU layers 1,2, 3, 4 2 

Source (Gutierrez-Osorio et al., 2022) 

5.3 Convolutional Neural network for analyzing road 
accident time-bound features 

 

The Convolutional Neural Network (CNN) is a type of artificial neural network that is 

designed specifically for image analysis and is characterized by its connectivity patterns 

between neurons in adjacent layers, the use of pool layer to reduce the number of 
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parameters, a convolution layer with a series of filters that scan the input data or image, 

and a fully connected final layer (Fan et al., 2015). CNNs come in 1D, 2D, or 3D varieties 

and are used to extract spatial features from various types of data and signals, such as 

sound, images, and video frames. 

In the proposed model a 1-dimensional Convolutional Neural Network (CONV1D) was 

employed to analyze the road accident time-bound features, such as holidays and work 

hours. The purpose of this network was to estimate the probability of road accidents in a 

given (x,y) position in the spatial matrix while considering time characteristics that affect the 

road traffic volume. The input for the CONV1D network was a 2D array with shape (Sample, 

Features), where the features included X position, Y position, day of the week, hour of the 

day, and road accident probability. The output of the network was the estimated probability 

of a road accident in the (x, y) position. The optimal hyperparameters for the CNN network 

are presented in Table 5-4. 

  Table 5-4: CNN network for additional time features optimal hyperparameters and 

configuration. 

 

Hyperparameter Values evaluated Optimal value 

CNN unit size 32, 64, 128, 256, 

512 

512, 128, 64, 32 

CNN layers 2, 3, 4, 5 4 

Kernel size 1, 2, 3 1 

Source (Gutierrez-Osorio et al., 2022) 

5.4 Convolutional Neural network for analyzing climate 
features 

 

The climate Convolutional Neural network uses historical data of rain amounts at a given 

(x,y) location in a spatiotemporal matrix and analyzes the relationship between rain and 

road accidents. It has an input shape of (Sample, Time Slice, Features) with a time window 

of 24 hours, including the  analyzed x and y position, rain in millimeters, and road accident 

probability in the specified location. The network outputs the estimated probability of a road 

accident at the given (x,y) location. The optimal architecture is shown in Table 5-5. 
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  Table 5-5: Convolutional Neural network for analyzing climate data, optimal  

hyperparameters and configuration. 

. 

Hyperparameter Values evaluated Optimal value 

CNN unit size 16, 32, 64, 128, 256 128, 128,128 

CNN layers 1, 2, 3, 4 3 

Kernel size 1, 2, 3 1 

Source (Gutierrez-Osorio et al., 2022) 



 

 
 

6. Model evaluation and validation 

6.1 Experimental setup 

 

The performance of the ensemble model was evaluated using the three commonly used 

metrics in machine learning, namely MSE, RMSE, and MAE (Powers, 2011). MSE 

measures the average of the squared differences between predicted and actual values, 

RMSE is the square root of the MSE and is used as a measure of differences between 

predicted and actual values, and MAE measures the average of the difference between the 

predicted and actual values. The lower the values of MSE, RMSE, and MAE, the better the 

model's performance.  MSE, RMSE, and MAE indexes were employed to evaluate the 

model to facilitate comparison with the results presented by other authors in related fields 

do research, such as (Zhou et al., 2020), (Yu et al., 2020),(C. Chen et al., 2018),(Bao et al., 

2019),(Albertengo & Hassan, 2018),(Çodur & Tortum, 2015).  

 

The model was validated by selecting 18 regions from the spatio-temporal matrix, as 

illustrated in Figure 6-1, that contained information about road accidents from May 2018 to 

June 2019. The criteria for choosing these regions were based on quartiles of the number 

of reported accidents, and the most representative regions from each quartile were selected 

and the dataset was divided in 60% training and 40% validation. It is noteworthy that the 

top five regions are characterized by high traffic and include intersections of major roads 

and Bus Rapid Transit (TransMilenio) corridors. According to (Bocarejo, Velasquez, Díaz, 

& Tafur, 2012), the BRT has a significant impact on road accidents, especially those 

involving pedestrians at peak times near the busiest BRT stations. 
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Figure 6-1: Geographical location of the selected regions employed to evaluate the 

ensemble model. 

. 

 

Source (Gutierrez-Osorio et al., 2022) 
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6.2 Results 

 

The ensemble model produced accurate results in predicting the probability of road 

accidents in a designated area of Bogota city. It should be noted that the same level of 

accuracy may not be achieved in other parts of the city, as they have low numbers of 

reported road accidents, making it difficult to model their behavior through time series or 

other means to identify patterns. In order to represent better the results, the authors 

employed a "Generalized Model", that  was calculated using the union of the data of all 

accidents available in a given time stamp. The "Generalized Model"  was employed as a 

benchmark to compare the prediction of  the probability of road accidents in the other 

regions. 

 

The model was executed using the resulting datasets from Bogota’s open data, social 

media data, and the union of open data and social media called the extended dataset. 

Regarding the results obtained from every data set employing the ensemble model, as 

shown in Table 6-1, Table 6-2, and Table 6-3 it can be inferred the following points: 

 

The generalized model performed better using the extended dataset. The results obtained 

with the generalized model for open data were not optimal, compared with social media 

data and the extended dataset. 

 

There was a couple of point of interest where the model performed better employing the 

open data, that point was (X=15 Y=22) and (X=11 Y=15), but the average output for the 

model results was better in the extended dataset, concerning MSE, RMSE and MAE values. 

 

Table 6-1: Results obtained from Bogota open data. 

Grid 
Coordinates 

Open Data 
MSE 

Open Data 
RMSE 

Open Data 
MAE 

Generalized 
Model 0.037 0.193 0.138 

(X=6 Y=15) 0.049 0.220 0.154 
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(X=9 Y=19) 0.049 0.222 0.155 

(X=10 Y=21) 0.046 0.214 0.142 

(X=18 Y=25) 0.054 0.233 0.153 

(X=12 Y=23) 0.059 0.242 0.165 

(X=14 Y=32) 0.035 0.187 0.134 

(X=12 Y=28) 0.069 0.263 0.176 

(X=15 Y=22) 0.019 0.140 0.119 

(X=16 Y=29) 0.072 0.269 0.180 

(X=13 Y=16) 0.042 0.206 0.139 

(X=8 Y=21) 0.051 0.225 0.155 

(X=11 Y=15) 0.018 0.136 0.108 

(X=16 Y=26) 0.051 0.227 0.162 

(X=11 Y=17) 0.028 0.167 0.138 

(X=13 Y=13) 0.032 0.178 0.128 

(X=5 Y=18) 0.023 0.152 0.120 

(X=8 Y=14) 0.037 0.193 0.157 

 Average 
results 0.0428 0.2037 0.1457 

 

 

Table 6-2: Results obtained from social media data, Waze, and Twitter, source the author. 

 

Grid 
Coordinates 

Social 
Media 
MSE 

Social 
Media 
RMSE 

Social 
Media 
MAE 

Generalized 
Model 0.036 0.190 0.136 

(X=6 Y=15) 0.045 0.212 0.146 

(X=9 Y=19) 0.027 0.163 0.128 

(X=10 Y=21) 0.032 0.178 0.134 

(X=18 Y=25) 0.034 0.183 0.138 

(X=12 Y=23) 0.032 0.179 0.131 

(X=14 Y=32) 0.036 0.191 0.140 

(X=12 Y=28) 0.04 0.200 0.143 

(X=15 Y=22) 0.042 0.205 0.15 

(X=16 Y=29) 0.043 0.208 0.145 

(X=13 Y=16) 0.023 0.152 0.117 

(X=8 Y=21) 0.037 0.192 0.135 

(X=11 Y=15) 0.036 0.189 0.138 

(X=16 Y=26) 0.03 0.172 0.122 

(X=11 Y=17) 0.024 0.154 0.124 
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(X=13 Y=13) 0.03 0.172 0.13 

(X=5 Y=18) 0.037 0.191 0.127 

(X=8 Y=14) 0.017 0.132 0.113 

Average 
results 0.0334 0.1813 0.1332 

 

 

Table 6-2: Results obtained from the extended dataset, employing Bogota open data and 

social media data. 

 

Grid 
Coordinates 

Extended 
data set 

MSE 

Extended 
data set 
RMSE 

Extended 
data set 

MAE 

Generalized 
Model 0.035 0.186 0.134 

(X=6 Y=15) 0.045 0.207 0.15 

(X=9 Y=19) 0.034 0.185 0.138 

(X=10 Y=21) 0.032 0.179 0.137 

(X=18 Y=25) 0.04 0.20 0.146 

(X=12 Y=23) 0.034 0.186 0.134 

(X=14 Y=32) 0.027 0.163 0.129 

(X=12 Y=28) 0.042 0.205 0.144 

(X=15 Y=22) 0.02 0.141 0.120 

(X=16 Y=29) 0.039 0.197 0.143 

(X=13 Y=16) 0.036 0.189 0.132 

(X=8 Y=21) 0.035 0.186 0.131 

(X=11 Y=15) 0.026 0.162 0.122 

(X=16 Y=26) 0.021 0.144 0.118 

(X=11 Y=17) 0.02 0.142 0.117 

(X=13 Y=13) 0.03 0.174 0.126 

(X=5 Y=18) 0.022 0.149 0.119 

(X=8 Y=14) 0.025 0.158 0.117 

Average 
results 0.0313 0.1752 0.1309 

 

 

Figures 6-2, 6-3, and 6-4 give a graphical representation of MSE, RMSE, and MAE results 

for the execution of the model employing every data set. According to the trendline from 

every result, computed as a linear tendency, it can be stated that the extended model 

performed better. 
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Figure 6-2: Mean Squared Error result, detailing the comparison and the trend line for all 

datasets. 
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Figure 6-3: Root Mean Squared Error result, detailing the comparison and the trend line 

for all datasets. 
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Figure 6-4: Mean Absolute Error result, detailing the comparison and the trend line for all 

datasets. 

 

 

The results of the ensemble model for forecasting the probability of road accidents in the 

selected area of Bogota city were found to be reliable and consistent. However, it's 

important to note that the same level of accuracy may not be achievable in other regions 

with lower numbers of reported accidents, making it challenging to model their behavior. 

The results were compared with other deep learning models in the literature to gauge their 

effectiveness. The data used for comparison was the result of the generalized model using 

extended data, which showed an RMSE of 0.186, an MSE of 0.035, and an MAE of 0.134. 

The comparison with other models revealed that the results of the ensemble model were 

either better or comparable with those reported in the literature, as shown in Table 6-4. It is 

crucial to keep in mind that each model was built with different input data and reflects the 

unique traffic conditions of cities with different development, population, and infrastructure. 
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Table 6-3: Model comparison using extended data results with Deep Learning methods 

using RMSE and MSE. 

 

Note: Empty cells indicate that the authors did not report the result 

 

Method RMSE MSE 

Generalized model using extended data 0.186 0.035 

Average results from ensemble model using 

extended data set 

0.175 0.031 

(C. Chen et al., 2018) SdAE 1.00 - 

(Bao et al., 2019) STCL-Net Model grid 8x3 

hourly prediction 

- 0.378 

(Bao et al., 2019) STCL-Net Model grid 15x3 

hourly prediction 

- 0.119 

(Bao et al., 2019) STCL-Net Model grid 30x10 

hourly prediction 

- 0.003 

(Yu et al., 2020) DSTGCN 0.343 - 

 

 

 

 





 

 
 

7. Final considerations and discussion 

7.1 Conclusions 

This thesis objective was to design a model to forecast the probability of traffic accidents in 

a given area of Bogota city, by integrating information coming from official entities and social 

media related to road accidents. The hypothesis was that the incorporation of variables 

related to road accident events from social networks and mobile applications improves the 

estimation of the probability of road accidents, compared with an estimate made only with 

information from the reported data by official entities. According to the results exposed in 

Chapter 5 “Model evaluation and Validation”, the use of the extended dataset enhanced, 

which is the open data from Bogota transit authority plus the data gathered from social 

media, enhanced the performance of the predictive model according to the metrics 

employed such a as MAE, RMSE and MSE, proving the hypothesis. The results of the 

model using Open Data reported an average MAE of 0.1457, an MSE value of 0.0428, and 

an RMSE of 0.2073, while the model using the extended dataset reported an average MAE 

of  0.1309, an MSE value of 0.0313 and an RMSE value of 0.1752. The additional 

improvement was that the methodology employed allowed us to overcome the problems 

mentioned in Chapter 2 “State of the Art”, such as data scarcity and unbalanced data, 

related to road accident analysis and prediction.  

 

Regarding the specific objectives, the thesis was designed as an ensemble deep learning 

model to predict road accident probability using spatio-temporal information,  employing 

open data,  social media, and meteorological information as sources. To make the raw data 

suitable for working with Machine Learning techniques, a data description and quality 

process were designed by which the data was cleaned of outlier values and noise, followed 

by a feature engineering process, which allowed us to enhance the original information, 

create the means to model the data as a spatio-temporal matrix, calculate road accident 
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probabilities and model the features as a time series. Next, the deep learning ensemble 

model was developed, which integrated the deep learning models more suitable to extract 

the features available in every data source, such as a GRU network to extract patterns from 

a road accident time series, a CNN network to extract relations from road accidents and 

holidays and traffic peak hours, and finally, a CNN network designed to understand the 

underlying relationship between climatological conditions and road accidents.  

 

The results obtained through the ensemble model were compared with other models 

reported in the literature and showed promising results, thanks to the integration of multiple 

data sources that provided a more comprehensive analysis of road accidents. However, it 

is important to note that the accuracy of the predictions is heavily dependent on the input 

data and may not be entirely representative of other cities with different traffic accident 

situations, such as distinct levels of development, road infrastructure, and driving and 

pedestrian culture. 

7.2 Recommendations 

The results provided by the model can be useful for traffic management authorities in 

designing road safety initiatives as it identifies regions with high road accident rates, 

particularly areas with heavy traffic including private vehicles, buses, and trucks and 

intersections of main roads and TransMilenio corridors and stations. However, there are 

certain regions in the city with a low number of reported road accidents, making it 

challenging to model their behavior using a time-series or deep learning model. In the 

future, the model will be improved by incorporating additional data such as traffic volume, 

land use, average traffic speed, and accident severity. 
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B. Appendix: Software and hardware tools 

All software developed for the thesis was implemented on a system using an NVIDIA 

GeForce RTX 2060 Graphic Processing Unit (GPU) and an Intel Core i7-8750H processor 

with 16.00 GB of RAM memory. Next table summarize the software tools employed. 

Table:  Specialized software tools. 

Description Name Version Repository  

Software 
development 
environment 

Anaconda 4.13.0 https://www.anacon
da.com/download 
 

Development 
runtime 

Python 3.9.13 Installed with 
Anaconda 
packages 

Geo spatial 
development 
environment 

QGIS Desktop 3.16.4 https://qgis.org/es/si
te/ 
 

Software package matplotlib 3.5.2 Installed with 
Anaconda 
packages 

Software package numpy 1.22.4 Installed with 
Anaconda 
packages 

Software package pandas 1.4.2 Installed with 
Anaconda 
packages 

Software package sklearn 1.1.1 Installed with 
Anaconda 
packages 

Software package keras 2.9.0 https://anaconda.or
g/conda-forge/keras 
 

Software package tensorflow 2.9.1 https://docs.anacon
da.com/free/anacon
da/applications/tens
orflow/ 

 

   

https://www.anaconda.com/download
https://www.anaconda.com/download
https://qgis.org/es/site/
https://qgis.org/es/site/
https://anaconda.org/conda-forge/keras
https://anaconda.org/conda-forge/keras
https://docs.anaconda.com/free/anaconda/applications/tensorflow/
https://docs.anaconda.com/free/anaconda/applications/tensorflow/
https://docs.anaconda.com/free/anaconda/applications/tensorflow/
https://docs.anaconda.com/free/anaconda/applications/tensorflow/
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