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Messages from project leaders

In the past few years, road accidents have been one 
of the foremost causes of death of Thai population, 
especially the economically active ones, bringing about 
substantial societal and economic losses to the country’ 
economy. Although Thailand has been investing immense 
resources in alleviating the problems, the number of road 
accidents and fatalities remained worriedly sky-high, 
surpassing those of neighboring countries and earning 
the unwanted title as Asia’s most deadly roads.

As with the government’s ambition to cut accidents 
down to 10 people for every 100,000 inhabitants, the 
Intelligent Traffic Information Center (iTIC) has initiated 
the Big Data and AI for Safer project by leveraging the 
Big Data and Artificial Intelligence capability to develop 
a proactive road accident forecasting system as well as 
a research study on leading causes of road crashes.

I am positive that this project will be a good starting 
point towards safer roads and increase public awareness 
of road safety as a pathway to sustainable approaches 
for reducing road accidents.

Mr.Ninnart Chaithirapinyo
Chairman of iTIC
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I would like to express my appreciation to the 
Intelligent Traffic Information Center (iTIC) along 
with other affiliated organizations for initiating the 
Big Data and AI for Safer Roads project, a data-
driven initiative that provides new perspectives 
on road accidents, which is one of Thailand’s 
chronic public health phenomena. Traumatizing 
over 20,000 Thai citizens yearly, road accidents 
reflect a failure of the public health to protect lives 
of road passersby. Behind every news reported, 
every data point collected and every traffic deaths 
suffered are the grief and the losses to not just 
the loved ones, but also the whole nation. While 
such issue should have been lifted as the national 
agenda, many Thais view road accidents as the 
way it is. Hence, I hope that this project will 
suggest pathways forward to reduce Thailand’s 
alarmingly and puzzlingly high rate of accidents 
and accident-related fatalities by providing the 
holistic approaches with the view of data.

Napat Jatusripitak, PhD
Founder and CEO of Siametrics Consulting
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Executive summary
Over 20,000 deaths reported yearly, road accidents are of the foremost Thailand’s national 
issues, incurring substantial losses of over 200,000 million baht to the country’s economy. 
It is also a chronic policy puzzle that have been deteriorating the living quality of Thais for 
several decades.

The Big Dada and AI for Safer Roads project was initiated by the collaboration between 
the Intelligent Traffic Information Center (iTIC) and Siametrics Consulting along with other 
affiliated organizations in both public and private sectors. By leveraging the AI and Big Data 
capability, we aimed at identifying the leading causes of traffic crashes as well as devising 
sustainable action plans to reduce traffic accidents.

Using a myriad of information—from past accident records to detailed road and surrounding 
business characteristics, we developed a holistic approach on tackling the road accidents, 
ranging from developing the AI-powered accident prediction system to thorough studies on 
accident risk factors and road-related policy assessment.  

As with the results of the studies, we suggest the following conclusions and recommendations.  

1. Focused effort is the key to reducing accidents – we found a persistency of accident 
blackspots both temporally and spatially. Over 50 percent of accidents occurred in Bangkok 
and neighboring provinces, and of those 50 percent, 90 percent occurred in only 5 percent of 
the area. Hence, it is suggested that affiliated authorities prioritize these areas to efficiently 
allocate the workforces and resources to nip the problem in its buds. Moreover, with our AI-
powered accident prediction system, the costs associated with accident prevention will be 
saved up to 88 percent compared if the workforces are assigned more accurately and in a 
timely manner. 
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2. Evidenced-based policy making- Anecdotal-based policies might lead to a wrongful and 
suboptimal solution, thereby incurring excessive costs to the society. Policy makers should 
adopt careful assessment of policies based on evidence in order toidentify the most efficient 
policies that yield the greatest results at the minimal expense. With ubiquitous information in 
our studies, we can quantify the impact of road-related policies on reducing road accidents. 
For example, the sobriety checkpoints can prevent up to 500 accidents within 1 sq.km. radius 
from where it is stationed, whereas the drinking hour policy has negligent effect on reducing 
road crashes on highways. 

3. Road experimentation- With detailed data of road characteristics, we can isolate the 
impact of such characteristics on the accident risks that will pave a way to redesign safer 
roads. The results are as follows. First, tunnels substantially aggravate accident risks. By 
installing a tunnel on a road, the accident risks will increase by up to 2.2 times compared 
with those without tunnel. Second, speed does not linearly affect the accident risks. Compared 
with roads with average speed of less than 30 KPH, roads with average speed of 31-90 KPH 
are less risky, whereas the risks increase among those with average speed higher than 91 
KPH. Third, traffic lights and traffic stop signs also cause accidents. This might indicate 
inappropriate installation of the traffic lights and disobedience of road users to comply with 
traffic signs. Fourth, bus stops are of the most risky POIs to cause accidents. Our results 
suggest that bus stops in Bangkok cause over 2,200 accidents yearly, ceteris paribus.
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4. Data collection process needs an overhaul- Good data are the key ingredients of developing 
a data-driven accident strategy. Hence, one of the foremost steps is to standardize the 
accident data and unify the accident data collection. Scattering across numerous agencies, 
Thailand’s accident data are still limited in terms of breadth and depth. While the former 
one focuses on collecting a complete dataset of traffic incidents, the latter one focuses on 
the details of the data. Therefore, as we progress to the data-driven approach, a revolution 
of data collecting process towards unified database is necessary.

We, Intelligent Traffic Information Center (iTIC) and Siametrics Consulting along with other 
affiliated organizations, are thankful to the interested readers for attaching great importance 
to such issue and hope that this project will inspire a sustainable path towards safer roads.
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01
Problem statement

01
According to the global status report on road safety released by 
World Health Organization (WHO)1, 1.35 million people died due to 
traffic accidents in 2016. That means every hour there were 155 
fatal accidents occurring all around the world. As a result, traffic 
accidents are the 8th leading cause of death outranking diseases 
like tuberculosis and HIV/AIDS. Moreover, traffic road injury is the 
first-rank cause of death for children and young adults aged 5-29, 
the age group that is crucial to economic growth. However, despite 
the increasing absolute number of traffic fatalities, traffic road 
death rate remained approximately the same at 18.2 deaths for 
every 100,000 population from 2000 to 2016.

While the global traffic fatality rate is 18.2 deaths per 100,000 
population, the rate of road traffic deaths in Thailand is 32.7 
deaths per 100,000 population indicating that the situation is 
more severe than average in Thailand. Consequently, Thailand 
has the 9th highest traffic fatality rate in the world. Among 
countries with a similar gross national income, Thailand has the 
4th highest traffic fatality rate in the world. Even more, from 2017-
2018, over 140,000 traffic accidents occurred in Thailand. Many of 
these events do not result in death but are costly in other ways. 
Minor accidents often require car repairs, the diversion of police 
resources, the lost time of the people involved, road closures, and 
a host of other problems. Major accidents can result in severe 
short-term injuries or long-term disabilities that are not counted 
in the WHO fatality statistics.

1  Global status report on road safety 2018: summary. Geneva: World Health Organization;2018 (WHO/NMH/NVI/18.20). Licence: CC BY-NC-SA  
 3.0IGO).

2

MANOPINIWES, C. (2019). ความปลอดภัยบนท้องถนน…สร้างได้ ไม่ใช่เรื่องบังเอิญ. [online] World Bank Blogs. Available at: https://blogs.world 
bank.org/th/eastasiapacific/thailand-road-safety-will-never-happen-accident [Accessed 5 Nov. 2019].

2

ที่มา: Road traffic deaths and proportion of road users by country/area ;WHO: Global status report on road safety 2018
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ที่มา: Road traffic deaths and proportion of road users by country/area ;WHO: Global status report on road safety 2018

Furthermore, traffic accidents hinder economic growth of 
the country. In a study by the World Bank Group3, they 
use the data from five low and middle-income countries 
(LMICs), including China, India, the Philippines, Tanzania, 
and Thailand. Their results show that if Thailand could 
reduce road traffic injuries by half and sustain that for 
24 years, Thailand would gain an extra flow of income 
equivalent to 22.2% of its GDP. In addition to economic 
benefits, the reduction in road traffic morbidity and 
mortality will improve social welfare of the country. The 
study estimates the welfare benefits from the reduction 
of road traffic injuries using the Value of Statistical Life 
(VSL). The results show that reducing road traffic injuries 
by half and sustain that for 24 years will yield welfare 
benefits equivalent to 8.25% of Thailand’s GDP. This study 
further demonstrates the importance of traffic accident 
preventive interventions.

We, Siametrics Consulting, collaborate with the Intelligent 
Traffic Information Center Foundation (iTIC) and gain access 
to traffic accident data. We utilize the traffic accident data 
combined with other geospatial datasets, e.g. DeepMap 
and OpenStreetMap, to gain deeper insights into traffic 
accidents and to alleviate the problem in traffic safety by 
conducting data-driven studies and leveraging machine 
learning technologies.

3
deaths resulted from

road accidents 
in Thaialnd

Every hour,

3 World Bank. 2017. The High Toll of Traffic Injuries : Unacceptable and Preventable. World Bank, Washington, DC. © World Bank. https://openknowledge.world
 bank.org/handle/10986/29129 License: CC BY 3.0 IGO.

10 Countries with the highest accident death rates in 2018

Source:: Road traffic deaths and proportion of road users by country/area ;WHO: Global status report on road safety 2018

Rank Country
Accident death rate

(per 100,000 population)
GDP per capita

(PPP)
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02
Our approach

A key to solve traffic accident problems is to understand 
causes of the problem, and in order to understand causes 
and the nature of the problem, we could use data-driven 
approaches that include exploratory data analysis (EDA), 
causal inference techniques based on econometrics, and 
machine learning.

Accident Prediction Causal Inference 
Analysis

Sharable Content

What- predict accidents   
 before  they happen –  
 dynamic risk map
Why- responsible parties   
 can prepare    
 more optimally and   
 conduct 
How- artificial intelligence   
 and big data    
 from combined sources

What- statistically isolate   
 key risk factors   
 and measure the  
 causal impact of past  
 policies 
Why- to solve this problem  
 more effectively and  
 build risk insights
How- econometrics    
 and quasi-   
 experimental    
 study design

What- publically available   
 project report   
 and sharable    
 contents
Why- raise awareness   
 among the    
 public 
How- infographics, data   
 journalism, forums.   
 And report

1 2 3

To immediately reduce 
accidents 

and minimize loss

To help craft evidence-based 
solutions in medium term

To create public awareness 
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Data

Multi-party collaboration 
allows us to gain access 
to many traffic datasets 
including the main traffic 
accident from iTIC. 

Besides iTIC’s data, we 
gain access to data 
from Highway Accident 
Information Management 
System (HAIMS) of the 
highway department and 
3-base Bangkok data of 
Urban Institute for Disease 
Prevention and Control.

1
Accident data
We have three traffic accident datasets including iTIC’s data, data from HAIMS, 
and 3-base Bangkok data. iTIC’s data has the most coverage of traffic accidents 
happening in Thailand. It gathers the data from multiple sources including 
Road Accident Victims Protection Company Limited (RVP), JS100 radio channel, 
Twitter, and so on. However, iTIC’s data are not the most granular dataset in 
a sense that it doesn’t contain information such as the conditions of roads 
or the environment where an accident takes place. HAIMS, on the other hand, 
provides a dataset with more useful features. It contains attributes such as 
whether the road is wet, the injury level of victims involved in an accident, 
whether it rains when the accident happens to name a few. Its drawback is 
that it only consists of accidents that occur on highways. Thus its coverage of 
traffic accidents is rather limited. Lastly, 3-base dataset comprises data from 3 
sources related to fatal traffic accident cases. It has the most coverage for fatal 
cases of traffic accidents even though it contains a lot of missing values of 
some attributes such as gender, car type, or location.

Main dataset 
for accident 
prediction 
algorithm

4
Weather data
Historical and future weather 
information

1
iTIC & RVP data

accident information, speed probes, 
traffic report., etc

5
Highway data

3
BKK road data

Precise Bangkok road info from 
Here Map

2
DeepMap

Siametrics’ GIS layers: POIs, 
demographics and more 

6
Partnership data
Additional data from insurance and 
logistics partners

Some highway info from DOH for all 
of Thailand
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2
Road data
We have two sources of road shape data used for this project. One of them is provided 
by HERE Technologies. And the other one is obtained using a python package called 
“OSMnx”, which retrieves and processes Open Street Map road data for us (Boeing, 
2017). As a result, we have 2 separate datasets to train our machine learning models. 
However, HERE provides us more informative features of the road segments.

3
Geospatial data
We also utilize geospatial data from our DeepMap’s project. The dataset includes 
various types of places of interest, e.g. restaurants, seven-elevens, bars, and so 
on. As we don’t have access to traffic congestion data of each road segment, 
these data could be used as proxy variables to indicate densely populated areas.

4
Weather data
We fetch weather features, including precipitation, visibility, and wind speed, from 
weather forecast API of World Weather Online (https://www.worldweatheronline.
com/developer/). Weather data can be quite crucial because it’s one of a few 
dynamic attributes that we obtain.

5
Event data
iTIC’s data also contain other types of events apart from accidents including 
construction, fire incident, and natural disaster. The coverage of these events 
may not be exhaustive, but we still utilize them as features that could indicate 
the likelihood of accidents in each road segment.

6
Miscellaneous
Moreover, we receive collaboration from police department and gain access to 
locations and time of sobriety checkpoints and locations of speed cameras. 
These data enable us to evaluate the effectiveness of sobriety checkpoints and 
speed cameras in reducing traffic accidents using econometric techniques such 
as difference-in-differences and multiple regression. Lastly, we also received bus 
route dataset in Bangkok. From our exploratory analyses, we found that bus stops 
have strong association with traffic accidents. Hence, we further investigate its 
effect and incorporate bus routes to test the robustness of the effect.

Big Data and AI for Safer Roads
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03 
Focused effort is key to reducing accidents

Traffic safety is a tremendous issue in Thailand 
that requires collaboration from multiple parties 
to address. However, due to limited both human 
and financial resources, it’s impossible to tackle 
every aspect of the issue simultaneously. Hence, 
we should allocate them to interventions that 
would create the most impact by using data-
driven approaches to evaluate potential impacts.

This section is dedicated to laying out findings about 
patterns and nature of traffic accidents in several 
aspects including spatio-temporal dimension, 
severity of accidents, and environmental factors. 
These findings will deliver insights to officers and 
organizations that have responsibility to handle 
traffic accidents in order to inform them and 
encourage evidence-based decision-making and 
more effective policy.
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From iTIC data, we mainly analyze accidents that happen in Bangkok. 

Most accidents occur most frequently on Mondays - Fridays during 7 

- 10 AM and 3 - 7 PM.

We found no clear patterns in which days of months that accidents 

most regularly. But accidents happen most often in March with 10.2% 

of all accidents following by July and February with 8.74% and 8.68% 

of traffic accidents respectively. Contradicting to what media portrays, 

iTIC data doesn’t show that the frequency of traffic accidents increases 

during Thai major holidays including New Year and Songkran. Instead, 

the share of accidents during Songkran only account for 1.6% and 2% 

of the total accidents in Bangkok and surrounding provinces. However, 

according to HAIMS data, we found that the frequency of accidents 

on highways peak in January and August, which coincide with those 

major holidays.

angkokB
CAPITAL CITY OF ACCIDENTS
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10.2% 
of accidents 
happen in March 

KEY FACTS

50.1% 
of accidents oocur in rush 
hours

72.3% 
of accidents are four-wheeled
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Repeating hotspots

03
Car Accidents: unlocking the black box 

According to our analysis at the grid-level, traffic accidents 
are spatially concentrated. For example, In early 2017, 
the top 5% of grids with highest number of accidents 
account for approximately 75% of accidents, but by late 
2018, the top 5% of grids account for almost 90% of all 
accidents. Further analysis shows that there is a trend 
that the majority of traffic accidents is more and more 
concentrated in only few grids of Bangkok.

chance that 5 percent 
grids with highest num-
ber of 
accidents will be in the 
top 5% next month

50%

The concentration of traffic accidents exhibits a certain 
degree of inertia. A grid in the top 1% of grids with 
highest number of accidents in the previous month is 24 
percentage points more likely to be a grid in the top 1% 
of grids with highest number in this month than a grid 
not in the top 1%. Likewise, a grid in the top 5% in a given 
month is 31 percentage points more likely to be in the top 
5% in the following month than a grid not in the top 5%. 
This suggests that high-intensity grids are consistently 
high-intensity. This indicates that the problem of traffic 
accidents in those areas have been overlooked up until 
now, and it incurs a substantial amount of costs to our 
society. 

Big Data and AI for Safer Roads
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Probability of accident persistency in Top X% grids

Moreover, the probability of accident persistency in top grids differs through types 
of vehicle and time of day. Car accidents seem to be most inert spatially with 
the probability of 44.6 percent that top 5 percent grids will retain their position in 
the next month, followed by motorcycle acidents (18.6 percent), truck accidents (13 
percent) respectively. In terms of time of occurrence, accidents at late night (23.00-
3.00) appear to be somewhat random geographically. 

The figure below depicts worsening situation in which the number of accidents in 
high accident grids (grids with more than 0 in 24 months) is on the rise, meaning 
that the accidents are getting more concentrated in those grids. 

 Number of Accidents per Month, by Grid Accident-Intensity over 2-Year Period (2017-2018) 
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Most accident hot spots in Bangkok share some similar characteristics: busy intersections 
and bridges, mainly due to speed and lane changing. The following areas are of the top 10  
most dangerous accident hot spots in Bangkok.

#1
Somdet Phrachao Taksin Rd, Bang Yi Ruea
Number of accidents: 138 

#2
Somdet Phrachao Taksin Rd, Bukkalo
Number of accidents: 135

#3
Ratchapruek Rd, Bukkalo
Number of accidents: 130

#4
Somdet Phrachao Taksin Bridge, Yannawa 
Number of accidents: 129

TOP 10 HOT SPOTS IN BANGKOK

Big Data and AI for Safer Roads

0018



#5
Phahon Yothin Rd, Chatuchak
Number of accidents: 117 

#6
Din Daeng Rd, Ruam Mitr Lane
Number of accidents: 112

#7
Vibhavadi Rd, Chutuchak
Number of accidents: 112 

#8
Somdet Phrachao Taksin Bridge 
(Sathorn Pier), Yannawa 
Number of accidents: 112

#9
Ratchadaphisek-Rama 9 Junction
Number of accidents: 111

#10
Vibhavadi Rd (Don Mueng Airport)
Number of accidents: 109
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Accident blackspots in Bangkok 

SCAN to view

Accident dynamic 
risk map

TOP 50 grid with the highest number of accidents in Bangkok from 2017-2018

Big Data and AI for Safer Roads
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04 
We pioneer the use of AI to help reduce or prevent 
accidents in Bangkok

One of our suggestions to address traffic safety issue is 
leveraging AI technologies. Black spot report of high-risk 
areas might seem sufficient to prevent the majority of 
traffic accidents at first. But our analysis shows that there 
are some dynamics in traffic accidents. For example, in a 
certain grid with high density of accidents, all the accidents 
occur during night time, while in some other high-risk 
grids, the accidents occur only during day time. The AI 
technology will capture the complexity of traffic accident 
occurrences and render more accurate predictions. The main 
task of this AI program is to predict the risk of an accident 
happening on each road segment in each hour and let the 
first responders of traffic accidents know ahead of time. As 
a result, if serious accidents occur, the intervention can be 
delivered in a timely manner reducing the mortality risk. 
The scope of the AI program is in Bangkok and adjacent 
provinces that are most complete in iTIC’s data mentioned 
in the previous section.
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AI Pipeline
Our data processing methods relied heavily on the work by Yuan et al. (2017). The 
prediction task was performed at the road segment level. Therefore, we needed to 
first match each traffic accident point to a road segment. This was done by calculating 
the nearest road of each traffic accident point and setting the radius threshold to 
50 meters. Meaning, the traffic accident points that didn’t have any road segments 
within 50-meter radius would be dropped from the dataset. We had two sources of 
road shape data used for this task. One of them was provided by HERE Technologies.
The other one was obtained using a python package called “OSMnx”, which retrieves 
and processes Open Street Map (OSM) road data for us (Boeing, 2017). As a result, we 
had 2 separate road datasets to train our model. However, HERE provided us more 
informative features of the road segments. We split train and test accidents using a 
fixed date, which was 2018-07-01. 

Then we performed informative negative sampling on the training data, as in flowchart 
below, to obtain negative-class data points with a given negative-positive ratio 
because the true distribution of accident and non-accident would produce a severe 
class imbalance and enormous amount of data. The heuristic of informative negative 
sampling was that for each accident data, we would sample an n number of data 
points by imputing one of the main accident identifiers consisting of road segment, 
date, and time. These three identifiers determined feature values of each data point. 
If the imputation resulted in duplication of data points, we would resample it. We 
generate datasets with two different negative-positive class ratios including 1:1 and 
3:1. However, for our test datasets, we used a normal random sampling approach to 
obtain test data. For each instance in the test dataset, we randomly sample a value 
of each data instance identifier, which encompasses road segment, date, and hour. 
This approach would generate a dataset that has a similar distribution to the real 
ratio between accidents and non-accidents allowing us to test the performance 
of our models in a more realistic setting. Overall data pipeline for traffic accident 
prediction is shown in figure below. 
Negative sampling flowchart

Big Data and AI for Safer Roads
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Features
We generated multiple types of features including road features, weather features, 
spatial graph features, and date-time features. Road features were different for 
HERE and OSMnx datasets because they provided different information about the 
roads. OSMnx dataset contained only types of road feature and whether the road 
is a bridge or a tunnel while HERE dataset contained road sign, number of lanes, 
traffic signals, and road divider to name a few. All other features were calculated 
for both HERE and OSMnx road datasets. Weather features included precipitation, 
visibility, and wind speed retrieved using an API of World Weather Online 
(https://www.worldweatheronline.com/). Other road-related features included road 
curvature, spatial graph features, and the number of places of interest in different 
types, such as convenience stores, shopping mall, school, and so on. In addition, 
as we found in our statistical analysis that bus stop was indicative of which grid 
had high concentration of accidents. Thus, we incorporated bus stops as one of 
our features. Lastly, our temporal features included day of weeks, month indicator, 
time of day, and so on.

AI pipeline flowchart
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Results
After training our models, we evaluated our models by predicting risk scores of data 
in the test dataset obtained by random sampling. For the models trained in the 
classification paradigm, we used predicted probabilities as risk scores. On the other 
hand, for the models trained in the regression paradigm, we used their predictions as 
risk scores. We use a method from Antonio (2019) to build the baseline model. The 
procedure was that, before matching accidents to each road segment, we performed 
a clustering algorithm on latitude and longitude of the accidents. We then filter out 
clusters that have the number of accidents lower than our threshold, which is 10 
accidents. Finally, we calculate risk scores for each road that gets matched to accidents 
with the number of accidents in those accidents’ cluster. We calculated median of 
ranks among true positive results. We also standardized the ranking results to ensure 
comparability across different data sizes. The resulting ranking percentiles range from 0 
to 100. The figure below is a box plot comparing percentiles of ranking of true positive 
results between our best-performing model and the baseline model.

Training models
We trained our models with two different paradigms, classification and regression. First, 
we trained our models to classify whether a given road segment during a specific 
hour of the day will have an accident happening. Machine learning models that we 
used included Light Gradient Boosting Machine (LGBM) and Random Forest (RF). In the 
classification paradigm, we use a binary variable marking whether there’s an accident 
on a particular road segment on a given day during a given hour as the target variable. 
On the other hand, in the regression paradigm, we used the number of accidents that 
happen as the target variable. We chose the model with the highest ROC-AUC (Area 
Under the Curve of Receiver Operating Characteristics curve) score for the classification 
paradigm and chose the model with the lowest root mean-squared error (RMSE) for the 
regression paradigm. 

Model training
Big Data and AI for Safer Roads
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The median rank shows the 50th percentile of the rank of true positive 
results. For example, if the maximum rank is 100, and there are 2 true 
positives that are ranked at 5 and 10, the median rank of this result 
will be 7.5. Thus, lower median rank indicates better ranking results. 
The figure above shows that the median rank of the predictions from 
baseline model is 1.9, whereas the median rank of the predictions 
from our best model is 1. As you can see from the box plot, our model 
outperforms the baseline that only relies on black spots, areas with high 
density of accidents historically. Another disadvantage of the baseline 
model was that it relied too heavily on the riskiest areas. Once passing 
a certain threshold, the prediction of the baseline model was basically 
random resulting in a wider box.
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05. 
Road Accidents: unboxing the black box 

One of the foremost steps to reduce accidents is identifying accident risk 
factors. Due to limited resources, the analysis is the key to decision making 
on managing workforces to nip accidents in its bud at designated areas, 
thereby saving costs incurred to society as a whole. Our analysis suggests 4 
dimensions of accident risk factors that should be given an utmost importance. 

1 2 3 4

Road factors Surrounding 
factors

Time factors Fatal accidents

An analysis to 
identify road 
features that 
most 
contribute to 
accident risks 
and 
quantitative-
ly assess the 
impact of such 
factors  

An analysis 
to assess the 
impact of road 
surroundings 
on accident 
risk factors, 
including 
distance and 
density of 
nearby POIs.

An analysis to 
uncover 
relationship 
between time 
and accident 
occurrence 

An analysis on 
factors that de-
termine accident 
severity as well as 
identifying which 
population groups 
are most prone to 
such incidents

Big Data and AI for Safer Roads
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Road factors
What constitutes deadly roads?

data source from iTIC

Number of lanes
Although the majority of traffic accidents happen on road segments with 2 lanes 
comprising 69% of all road segments, the average number of accidents that happen 
on road segments with 4 and 6 lanes is higher than the average number of accidents 
that happen on road segments with 2 lanes 

Another aspect of traffic safety issue worth focusing on is road 
characteristics. It is obvious that different road characteristics induce 
different levels of traffic accident risks. But it has not been settled which 
specific road characteristics attribute to these risks. With road features 
provided by HERE Technologies, our preliminary analyses reveal that 
certain road attributes correlate with the proportion (or probability) of 
traffic accidents. However, the differences are on average quite small. 
Therefore, we further investigate into how each road feature influence 
the likelihood of a traffic accident happening.

Percentage of acidents on different number
of lanes from 2016-2019

Average number of accidents per road segment on 
different number of lanes from 2016-2019
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data source from iTIC

data source from iTIC

data source from iTIC

Speed category of roads
One of the road attributes provided by HERE Technologies is speed category. Speed 
category is derived from the combination of legal speed limits and estimated average 
car speeds on that road segment. From our analysis, it shows that road segments 
with speed category from 91-130 km/hour have highest average number of accidents 
even though road segments with speed category from 51-90 km/hour comprise 85% 
of traffic accidents. 

Average number of accidents by lane speed 
category from 2016-2019

Proportion of accidents by lane speed categaroy
from 2016-2019

U-turn
No noticeable difference is found 
between the average number of 
accidents on road segments with and 
without U-turn.

Lane type
The average accidents per road 
segements on  three different lane 
types are approximately equal.

Average number of accidents by roads with/without 
u-turn

Average number of accidents by lane types

7
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• Tunnel
 Tunnels are another type of roads that 
we find the number of traffic accidents higher 
than average. On average, tunnels have traffic 
accidents 2.2 times higher than normal roads. 
The frequency of traffic accidents in tunnels is 
also amplified during night time. Tunnels have 
traffic accidents 4.7 times higher than normal 
roads during night time, while they have traffic 
accidents only 1.42 times higher than normal 
roads during day time.

• Speed Category
 From our analysis, the frequency of 
traffic accidents and average speed capacity are 
not linearly correlated. When considering road 
segments with speed category of 11-30 km/
hour as a reference group, road segments with 
speed capacity between 31-90 km/hour have 
fewer traffic accidents, whereas road segments 
with speed capacity more than 90 km/hour 
have more traffic accidents.

• Number of lanes
 Comparing roads with 2 lanes to roads 
with 4 and 6 lanes, the number of accidents on 
roads with 4 and 6 lanes is 1.5 and 2.8 times 
higher than roads with 2 lanes respectively.

Characteristics of roads with highest risk

It is apparent that different road characteristics have effects on traffic accidents to diffe-
rent extents. In order to tease out each individual effect of road characteristics, we run a 
multivariate regression analysis and incorporate the road characteristics. This will help us 
identify more robust effects of the road characteristics on traffic accidents conditioning 
on other road characteristics. The regression analysis results reveal road characters that 
have an effect on traffic accidents that include speed category of the roads, number of 
lanes, intersections, the presence of traffic signals, and traffic dividers.

• Intersection
 Intersections increases the number of 
traffic accidents by 1.05 times of the number 
of traffic accidents on normal roads. And 
this number increases to 1.29 during night 
time.

• Traffic signals
 The number of accidents on road 
segments with traffic signals is 93.6 percent 
higher than road segments without traffic 
signals.

• Stop signs
 Stop signs are another significant 
predictor of frequency of traffic accidents. 
Roads with a stop sign have 84.65 percent 
more accidents than roads without a stop 
sign. One possible explanation is that stop 
signs are generally located in risky spots. 
When people ignore the stop signs, there’s a 
higher risk of people facing an accident.
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Risk factor comparison by time

Accident risks by average speed compard with 11-30 KPH
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Road surroundings
Where is the most dangerous?

Places surrounding road, such as bars, convenience stores, hospitals 
and schools, are among the most prominent factors affecting accident 
risks. Not only does it indirectly increases the risks by crowding up 
more traffics, but its direct impacts are also significant. Therefore, the 
quantitative assessment of how these places contribute to the risks 
of accidents is central for the affiliated organizations in devising their 
resources allocation to reduce accidents.

With our comprehensive geospatial database, Deepmap, which covers the 
locations of various POIs in Bangkok area, we can study the relationship 
between the accident risks and the spatial proximity, measured in terms 
of density and distance, to these POIs. 

Accident risks associated with different POIs 

One striking result is that bus stop has the highest impact on accident 
risks, that is grids that contain bus stops are 16.8 percent more likely 
to have accidents and 13.3 percent more likely to be persistently high 
intensity grids than grids that do not contain bus stops. 

Bus stop

Bank

ATM

Police station

Hospital

Probability of having 
accident

Probability of having 

persistently high accident
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Bus stop: chaotic manifold

Another analysis also shows that the number of accidents is strongly correlated with the 
total number of POIs in a grid. This could be related to extra traffic congestion in areas 
with high numbers of places of interest (POIs). In fact, many other variables of interest 
are correlated with the total number of POIs in a grid, it is possible that the relationships 
uncovered are solely driven by congestion/traffic in busy areas and not by anything 
related to the specific POI in question. 

Although only 10% of grids contain a bus stop, almost half of 
all accidents occur in those grids. This is partly due to the fact 
that bus stops are located in busier areas of Bangkok. However, 
more robust analyses show that having a bus stop in a grid on 
average still increases the number of traffic accidents even when 
we account for bus routes and POI numbers. The main reason why 
bus stops increase the number of traffic accidents could be that 
when a bus makes a stop at the bus stop, it blocks the traffic flow. 
Consequently, surrounding cars start making unusual maneuvers 
to get around the bus and end up crashing other cars. Therefore, 
installing surveillance cameras is recommended to deepen our 
understanding of the phenomena.
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Number of accidents by distance from bus stop

Bus stop map in Bangkok

Bus routes in Bangkok

The closer the bus stop,
the higher chance of 
accidents
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Time factors
What time is the most risky?

Analyzing accident risks requires a consideration of both space and time. 
Therefore, it is worth studying the time pattern of accidents at a particular place. 
This will be beneficial especially for the affiliated organizations when planning 
and allocating resources to handle with road accidents.

Motorways, Samutprakarn

Area that accident frequently occurs during daytime

Sukhumvit road, Samutprakarn

Area that accident frequently occurs in the evening
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Rama 9 road

Area that accidents frequently occur all day

The number of accidents in top 10 accident blackspots by hour

Taksin road, Bang yi rue

Taksin road

Ratchapruek road

Sathorn pier

Prasertmanukit road

Din daeng, Ruam mitr lane

Ratchada-vipawadee 
road
Sathorn bridge

Ratchada-rama 9 road 

Don Muang airport 
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Contradicting to what media portrays, iTIC data don’t show that 
the frequency of traffic accidents increases during Thai major 
holidays including New Year and Songkran. Instead, the share of 
accidents during Songkran only account for 1.6% and 2% of the 
total accidents in Bangkok and surrounding provinces. However, 
according to HAIMS data, we found that the frequency of accidents 
on highways peak in January and August, which coincide with 
those major holidays. One explanation is that long holidays lead 
to major traffic outflow to other provinces. As a result, the number 
of accidents during these periods are 5.4 times higher than the 
rest of the year.

134

Average accidents per day in workdays and holidays

26

Number of accidents by date and time in Bangkok from 2017-2018

Holidays

Workdays

Are holidays more dangerous?
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Fatal accidents
Road accident: lurking grim reaper

As reported by the WHO, ninth among 
the world’s most deadly roads, Thai roads 
have been condemned for its safety issues. 
Despite growing concerns, the effectiveness 
of road-related policies seem lackluster, 
thus no significant improvement of road 
fatalities for several decades, continually 
undermining living quality of the Thais. 

As to reduce the number of road fatalities, 
the key is the focused effort. Hence, 
Priorities should be given at provinces with 
the highest traffic deaths. The statistics 
from Thai Health Promotion Foundation 
indicates provinces with the highest road 
fatalities, including Rayong (65.5 deaths per 
100,000 population), Chonburi (49.6 deaths 
per 100,000 population), Chantaburi (49 
deaths per 100,000 population), Saraburi 
(48.1 deaths per 100,000 population) and 
Chachoengsao (47.6 deaths per 100,000 
population). Although the provinces’ deaths 
figures have been on the downward trend, it 
still exceeds the target of the WHO that aims 
at halving the road fatalities to 17.9 deaths 
per 100,000 population by 2020, thereby 
calling for more focused and stringent 
policies.

Highest traffic deaths

65.5 
deaths per 100,000 
population

Road fatalities per 100,000 population in 2018

Rayong
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However, the main obstacles undermining the effectiveness of past policies, as the survey 
indicates, are authorities’ lack of resources and workforces to handle the issues as well 
as an in-depth understanding of accident risks, leading to suboptimal results. 

Hence, the following sections are to present various aspects that authorities should 
prioritize as to optimize resource management and allocation, including time aspects, 
demographic aspects, vehicle aspects and crash type aspects. 

7.8

8.6

8
6.3

7.5

7.9
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Accident prevention authorities self-assessment survey in 2018

Source: Thai Health Promotion Foundation (Thai Health) The Work of the Support for Road Traffic Injury 
Prevention at Provincial level

Resouce and workforce 
allocation

Provincial governor 
awareness

Satisfaction from provincial 
accident prevention secretary  

Integrity of inter-provincial 
accident alliances

Accident risks 
management

Clear direction of 
accident prevention policies 
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Another facet of traffic safety analysis that’s worth discussing is not all traffic 
accidents are fatal. Hence, not all accidents incur the same amount of cost, and 
they’re worth intervening to different extents. According to iTIC Bangkok data, there 
are 99,609 accidents from 2016 - 2019, whereas 3-base Bangkok data reveals that 
there are only 4,484 fatal traffic accident cases from 2015 - 2019. Even though the 
majority of accidents take place during daytime and rush hours, serious and fatal 
accidents mostly take place at night and early morning from 3 am to 5 am according 
to 3-base Bangkok data. Moreover, 4 out of 5 victims in fatal accidents are males. 
Adolescents during age 12 - 23 comprises 43 percents of victims in fatal accidents. 

Accident rate and death rate by time of day

data source from HAIMS

Early 
morning

Morning
rush hour

Mid-day

Evening
rush hour

Nighttime

Late night

Accident rate/ Death rate

Time dimension
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Number of accident deaths in Bangkok 
by date and time

Number of deaths by gender and age

80%
of deaths are male

Male Female

KEY FACTS

    Of 100 accidents (on highways),

14 
deaths from accidents in 

daytime

Data from HAIMS

18
deaths from accidents in 
nighttime
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Data from HAIMS

Deadly vehicle

Over 70.2 percent of accident deaths, motorcycle riders are the most prone to road 
fatalities while negligence to road safety measures, especially helmet wearing, stands 
as the major causes of traffic accidents. Since motorcycles do not provide structural 
protection like cars do, motorcyclists need to take extra precautions to protect their body. 
The statistics from 3 base data points out that 80 percent motorcycle deaths do not wear 
helmet while riding.  According to the survey from Thai Health Promotion Foundation, 
despite mandatory helmet wearing policies and free helmet giving out campaigns, most 
motorcyclists consider helmets as unnesscities and usually skip wearing the protection 
as 41 percent of traffic misconducts are associated with riding without helmet, and only 
45 percent of motorcycle riders wear helmet while riding (a two percent increase from 
2017). 

While it is important to provide inclusive access to helmets for all motorcyclists, the 
prioritization should lie with educating those people about risks of riding without a 
helmet. Motorcycle helmets are viewed as unnecessary and unaffordable, especially for 
low income families, leaving these people with risks of suffering a traumatic injury 
from accidents. Moreover, although mandatory helmet regulation is officially legislated 
in Thailand Vehicle Act, the lax enforcement still remains a main undermining factor. 
Motorcyclists usually wear helmets only if they know that checkpoints are ahead and 
take off when they pass the checkpoint. Even worse, there still exist misunderstandings 
about basic instruction of helmet wearing as some motorcyclists do not fasten the lock 
while wearing. Therefore, policies to provide high quality helmets should coexist with 
policies to alter the safety mindset of among motorcyclists to ensure successful reduction 
of motorcycle fatalities.

Proportion of accident deaths by vehicle types in 2018 Proportion of traffic misconduct by types in 2018

Source: Thai Health Promotion Foundation (Thai Health) The Work of the Support for Road Traffic Injury 
Prevention at Provincial level
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Deadly crash

Another factor that plays a critical role in fatality risk when an accident happens 
is a collision type. A collision type can be decomposed into 3 main components 
including a specific area of the road that the accident happens, type of victims, 
and maneuvers of the vehicles.

Number of deaths by collision types from 2011-2018

From our summary statistics, accidents happening from cars that are going in the 
same direction and accidents happening from the cars going off their straight 
streets account for 50 percent of all fatalities in car accidents that happen on 
highway streets. 

Data source from HAIMS
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However, the collision type that has the highest fatality rate is accidents that involve 
pedestrians, especially when the cars are turning to an access or minor link. The 
accidents that a car hit pedestrians while turning to an access or minor link has 
an average death rate of 0.9, which means, for every 10 accidents of this type, 9 
individuals will die on average. The collision type with second highest fatality rate 
is head-on collisions with one overtaking vehicle, and the average fatality rate of 
such collision type is 0.8.

On the other hand, when we group collision types into their main categories, we 
found that collisions that happen to pedestrians have the highest fatality rate of 
0.6. These fatalities are more likely to take place during night time, 12 PM - 4 AM. 
This pattern also appears to accidents from opposite-direction cars and accidents 
with an overtaking car.

Number of deaths by sub-types of collision from 2011-2018

Predestrian crash at 
connector

Head on crash while 
overtaking

Crash into train

Hit pedestrian from 
far side

Head on crash

Hit pedestrian from 
near side

Vehicle from opposite 
direction

Hit on road pedestrian

Hit pedestrian on 
footpath

Hit pedestrian on 
roadside

Number of deaths by collision types and times from 2011-2018

Pedestrian crash
Intersection crash
Opposite direction 
crash
Same direction crash
Driver's negligence
Overtaking
On-path
Off-path 
(straight way)
Off-path 
(curve way)
Others

Data source from HAIMS

Data source from HAIMS
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06 
Why evidence-based policy is important

Every policy has associated costs. It is crucial 
that policymakers decide to implement the 
most effective policies that outweigh their 
associated costs. In our project, we conducted 
many statistical analyses using econometrics 
techniques to evaluate the effectiveness of 
policies related to traffic accidents including 
drinking hour policy and sobriety checkpoints.

Sobriety checkpoints

It is a consensus that alcohol can increase 
the likelihood of traffic accidents. Hence, 
sobriety checkpoints are widely adopted in 
an effort to reduce traffic accidents caused 
by drunk driving. We set out to evaluate 
the causal effect of sobriety checkpoints 
on reduction in traffic accidents using an 
econometrics technique.
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Table below shows the number of sobriety checkpoints in Bangkok from 2017-2018 during 
each day and time period. The set up of sobriety checkpoints are mostly random. 83.67% 
of all sobriety checkpoints are set up no more than 5 times in the same areas on the same 
day of week during the same hour. As a result, drivers should not be able to predict where 
or when sobriety checkpoints will be conducted. This helps maintain the effectiveness of 
sobriety checkpoints.

The result of our analysis indicates that sobriety checkpoints are effective in certain 
radius away from the checkpoints. However, their effectiveness dilutes as the distance to 
the checkpoints increases. For example, in the areas that are within 1000 meters radius 
of a sobriety checkpoint, the checkpoint reduces the number of accidents by 0.002 per 
kilometer per hour on average. In other words, a sobriety checkpoint can reduce the 
number of accidents within its 1 kilometer radius by 4.4 accidents per kilometer in 1.5 years. 
Hence, with the current implementation of sobriety checkpoints, they reduce the number 
of accidents 757 accidents in 1.5 years on average. Moreover, from our further analysis, it 
shows that adopting sobriety checkpoints near bars or alcohol-selling places increases their 
effectiveness as well.

Checkpoint installment by day and time from 2018-2019

Effectiveness of checkpoints by types of vehicle

Moreover, the effectiveness of checkpoints differs between types of vehicle. The analysis 
shows that the checkpoints are the most effectivetive on preventing car accidents, pickup 
accidents and truck accidents respectively. However, the effects on motorcycle accidents 
are inconclusive.

Effective less effective
Inconclusive

Day

Time

Mon

Sun

Tue

Wed

Thu

Fri

Sat
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Recommendation

According to our estimate, the number of prevented 
accidents by sobriety checkpoints is 757 in 1.5 years 
that can be approximated as 44.7 million baht. This 
approximation assumes that there’s at least one mildly 
injured individual in an accident. The estimated cost of 
an accident will get higher as the number of victims and 
the severity of injuries increase. 

Nevertheless, there are other associated costs of sobriety 
checkpoints. One of them is it exacerbate the traffic 
congestion issue. By taking into account all the costs 
of sobriety checkpoints and their benefits, policymakers 
can make an informed decision about how to more 
efficiently deploy sobriety checkpoints.

Number of accidents prevented by checkpoints by 
distance from bars

Number of accidents prevented by checkpoints

Over 1.5 years,

757
accidents are 
prevented by 
checkpoints

Number of accidents prevented
Percentile of accidents prevented

Bar
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No alcohol hour policy

Thailand started implementing no-alcohol hour policy in 2015. No-
alcohol selling hours are separated into 2 periods that are 11 am 
- 2 pm and 5 pm - 12 pm. The main purpose of this policy is to 
reduce the number of traffic accidents potentially caused by drunk 
driving. In our most flexible specification of a regression analysis, 
we find that during drinking hours, there are about 0.1 additional 
accidents every 15 minutes–even after controlling for the fact that 
accidents are more likely to occur during certain periods of time 
than others. This implies that during a single day, there are about 
4.5 additional accidents due to drinking hours regulation. Over two 
years, this sums to approximately 3,299 additional accidents.

Number of accidents during drinking hour from 2017-2018

When considering surrounding areas of accidents outside of no-
alcohol selling hour period, accidents are more likely to happen 
nearby bars or convenience stores. The numbers of accidents that 
are within 5-km radius of such places is higher by 0.11 in 15-minute 
time window compared to other areas. This suggests that accidents 
during alcohol selling hours may be attributable to drunk driving.

4.5
accidents happen 

during drinking hours 
daily

On average,
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However, the resulting effect we extracted from the 
flexible analysis is not sufficiently robust to say 
with certainty that the increase in the number of 
traffic accidents is caused by drinking hour policy. 
Hence, we utilized an econometric technique called 
difference-in-differences to study the effect of no-
alcohol hour policy with HAIMS data from 2008 
- 2019. This technique requires the data of both 
the period before the policy was implemented and 
after it was implemented. The no-alcohol hour 
policy became effective on January 23rd 2015.

Our analysis result shows that the policy doesn’t 
have much of an effect on traffic accidents. Our 
estimation shows that on average during no-
alcohol hours have 0.0003 lower accident than 
during normal hours. Furthermore, this estimate 
is not statistically significant. Hence, we can act 
as if this effect doesn’t exist. And it’s important 
to note that the effect we estimated here doesn’t 
reveal the overall reduction in the number of traffic  
accidents. It is merely an estimate of an effect on 
the number of accidents during different periods of 
time of the day.
 
Recommendation

The analysis result doesn’t give clear evidence 
whether the policy affects the number of traffic 
accidents. Even if the result showed that the policy 
was effective, it would only indicate that the policy 
shifts the concentration of traffic accidents from 
no-alcohol selling hours to other periods of time. 
Hence, the policy might not actually help reduce 
the number of traffic accidents.
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Traffic accidents are a major public threat that causes a lot of fatalities, 
slows down economic growth, and induce social and economic cost to the 
country. The effect is even more severe in Thailand compared to many 
other high-income countries. Traffic accidents cause 22,000 fatalities 
each year in Thailand. Hence, the issue needs to be addressed. 

With the rise of data-driven technologies, we conduct studies to evaluate 
policies related to traffic safety and create a machine learning software 
that will predict risks of accidents on each road and help first-responders 
of traffic accidents to operate more efficiently. But another key factor that 
will help us solve the traffic safety issue is the collaboration between the 
private sector, the government, and the residents of the country.

Data driven policies
Every policy has associated costs. Considering that we have 
limited resources, It is crucial that policymakers decide to adopt 
policies with high return on investment (ROI) that outweigh their 
associated costs. Thus, policymakers should start turning to data-
driven approaches to calculating costs and benefits of policies. For 
example, a study conducted by the United Nations points out that 
policies that target motorcycles and pedestrians would have high 
ROI because these populations comprise a major proportion of 
fatal traffic cases in developing countries and adopting intervening 
policies in this area doesn’t incur much cost.

07 
Conclusion
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Road design: first step to road safety

Designing streets for people (sidewalks and pedestrian crossings)

Pedestrians experience street environment most intensely compared to the 
other street occupants. They are sensitive to environmental cues on the streets. 
It’s important that continuous, safe, enjoyable, and unobstructed moving paths 
are provided for them. Intersections are critical parts of pedestrian traffic 
because they have the highest risk of fatality and injury. Global Street Design 
Guide suggests that pedestrian crossings are provided at all intersections in 
addition to mid-block points to enable continuous walking paths. Pedestrian 
countdown signals can be adopted to ensure the safety of pedestrians crossing 
an intersection. Crossings should be provided every 80–100 meter in urban 
environments. A person may decide to cross the street unsafely if he or she has 
to take more than 3 minutes to walk to a crossing. Pedestrian crossing areas 
should be made as visible as possible. Per our analysis on HAIMS data, traffic 
accidents that involve pedestrians have very high fatality rate. Hence, traffic 
calming strategies should be implemented to ensure the safety of pedestrians. 
On the other hand, as stated in Global Street Design Guide, “sidewalks play 
a vital role in city life.” Sidewalks should be safe, accessible, well-maintained 
as it could improve public health and sociality. An important component of a 
sidewalk is the pedestrian clear path defined as the primary, dedicated, and 
accessible pathway that runs parallel to the main street. Clear paths should 
have sufficient width so that two people using wheelchairs can comfortably 
pass each other. Well designed streets for pedestrian combined with good 
public transit, which will be discussed in the next section, will encourage 
people to walk and take public transportation more. As a result, this will reduce 
the overall amount of traffic and allow us to better control the traffic of the city.
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Designing for transit riders (transit facilities 
and transit stops)

Based on our analysis, bus stops could play 
an important role in inducing traffic accidents. 
Buses and other vehicles travel at different 
speeds and behave differently in the traffic. It 
is sensible to have dedicated lanes for buses. 
According to Global Street Design Guide, 
dedicated space and lanes for public transit 
are recommended. This will prevent unusual 
maneuver of the surrounding cars when a bus 
needs to make a stop to pick up transit riders. 
This will facilitate safe, reliable, and frequent 
transit service, which can also increase the 
overall efficiency of the traffic and can be very 
cost-effective.

Redesigning traffic facilities

Our study points out the importance of road features and surroundings by illustrating 
accident risks associated with different road types. Therefore, road designing should also 
be given an utmost importance along with other aspects. In designing a friendly road to 
all types of users, there require three underlying principles, starting education, engineer 
to enforcement. For example, an area where a stop sign is installed is more likely to 
have 1.7 times more accidents. This might be a case that it is not noticeable to the 
drivers. Hence, the first step should be planning best practices to make stop sign visible, 
followed by designing and installing the traffic sign accordingly. In addition, responsible 
authorities should also enforce more stringent supervision on such area to ensure that 
drivers follow this traffic sign. 
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Better data is the key

In order to revolutionize traffic accident prevention policies, complete and 
high-quality data are required. The first and most important step to reach 
this goal is better data collection procedure. The most important attribute 
that will allow analyses of traffic accidents and prevention policies is spatio-
temporal dimension, location and time. The space dimension needs to be 
coded as latitude and longitude to allow effective and automatic location 
mapping.

More granular attributes are necessary if we want to learn more about the 
true nature of accidents, including the severity of the accident, number of 
vehicles involved in the accident, and the types of those vehicles. This is one 
of the obstacles that prevents us from gaining deeper insights from iTIC’s 
data. iTIC’s data also lack completeness in the sense that traffic accidents 
in other provinces other than Bangkok and the surrounding cities are not 
actively recorded. HAIMS data, on the other hand, contains more granular 
features than iTIC data, which includes the number of injured individuals with 
different levels of severity and the number of cars involved in an accident. 
However, it doesn’t contain the number of people who are not injured at all 
and doesn’t provide the total number of passengers in each car. As a result, 
it disables us from estimating fatality rate caused by other factors.

Moreover, accidents-related data are collected by many organizations 
separately resulting in a distributed data collection system. Nevertheless, 
even if we manage to gain access to all these data, we can’t combine 
them together because they don’t share unique identifiers. And different 
organizations focus on different aspects of traffic accidents, these data from 
different organizations contain different attributes about the accidents.
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Another type of data that’s worth collecting is street 
data. Streets are constantly going through modification 
and changes, which could result in changes in traffic and 
pedestrian behaviors. These changes can directly or indirectly 
affect the nature of traffic accidents. It is suggested in Global 
Street Design Guide that changes in street structures and 
designs are recorded along with traffic data. The attributes 
that need to be recorded depend on the objectives of each 
project. Metrics used to evaluate streets can be divided into 
3 main types consisting of physical and operational changes, 
use and functional changes, and resulting impacts. Some 
basic attributes that should be collected include sidewalks 
dimensions and area, sidewalk quality, universal accessibility 
of sidewalks, pedestrian counts, pedestrian activities, road 
safety, and personal safety (crime rate) to name a few.

0053 

Big Data and AI for Safer Roads



Appendix

Geospatial study of accident patterns

To study traffic accidents in Bangkok and the relationship between places of interest 
and accidents, we divided the city into various sized grids, including 250x250 and 
1x1 km. Also, the analyses were spatio-temporal, meaning that it incorporatesd 
space and time dimensions. Hence, the resulting datasets were propagated into 
different time horizons, such as monthly, daily and hourly. For each grid, we had 
the number of accidents occurring in a given timeframe and the number of places 
of interest (e.g. bars, restaurants, bus stops, police stations, etc.). 

In our study, the analyses that were conducted on the grid level basis are accident 
persistency analysis, surrounding factor analysis, bus stop analysis, checkpoint 
effectiveness analysis and drinking hour analysis. 

1x1 km2 grids covering the area of Bangkok Bangkok can be divided 
into

1,733
1x1 km-sized grids

25,863
250x250 m-size grids
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Accident persistency analysis

Methodology
To study geographical persistency of accidents, the analysis used autoregressive 
model or AR(1) to estimate the relationship of accident rank of a grid between current 
and previous months.  In doing so, the regression equation was specified as follows.

The dependent variable is a dummy variable taking 1 if a grid is in the top 1 or 5 
percent in month m. The independent variable is a dummy variable taking value 1 if 
a grid is in the top 1 or 5 percent in month m-1 (the previous month). 

Results

 Persistence in Accident Intensity from Month-to-Month

A grid in the top 1% of grids in month m-1 is 24 percentage points more likely to 
be a grid in the top 1% of grids in month m than a grid not in the top 1%. Likewise, 
a grid in the top 5% in a given month is 31 percentage points more likely to be in 
the top 5% in the following month than a grid not in the top 5%. Finally, column 3 
shows that a grid in the top 1% in a given month is 50 percent more likely to be in 
the top 5% in the following month than a grid not in the top 1%. This suggests that 
high-intensity grids are consistently high-intensity.
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Road features analysis 
Methodology
Since most studies on the impact of road features on accident risks are often correlational, 
the accurate estimates of the impact still remain unsubstantiated. Therefore, to glean 
the causal effects, we conducted an analysis on yearly road segment level, using the 
negative binomial regression as follows.

Where accidentit is the number of accidents on a road segment in a year. The independent 
variables are intervals of average speed of each segment (31-50 KPH, 51-70 KPH, 71-90 
KPH, 91-100 KPH, 101-130 KPH) , road curvatures, number of lanes, road function classes,  
whether the road has a frontage, whether the road has a bridge, whether the road has 
a divider, whether the road has a ramp, whether the road is a tollway, whether the road 
is an urban road, whether the road has a tunnel, whether the road is a merging lane, 
whether the road is a dispersing lane, whether the road is a u-turn lane, whether the lane 
is regular,  whether the lane is accelerating, whether the lane is decelerating, whether the 
lane is auxiliary, whether the lane is turning, whether the lane is a bicycle lane, whether 
the direction is right-sided, whether the direction is left-sided, whether the u-turn is 
on the left, the u-turn is on the right, whether the road has merging direction, whether 
the road has a merging sign,  whether the road has a stop sign, whether the road has 
a traffic signal, whether the road is towards an intersection. The controlling variables 
include the POIs within 50 m of the segment and year fixed effect. 
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Results
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The coefficients are reported in incidence rate ratio (IRR), separated into times of day 
(column 2,3). We find that average speed, the number of lanes, tunnel, traffic lights and stop 
sign greatly contribute to accident risks. The road segments that have these attributes are 
more likely to have higher accidents than those without, and the impacts are more severe 
during night time. 
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POI analysis

Methodology

where HighIntensityi is equal to one if a grid has one or more accidents for atleast 
12-24 months in the data and equal to zero otherwise. POI is equal to one if the grid 
contains a POI of type h, where the types we study are: coffee shops, restaurants, ATMs, 
banks, bus stops, stores, bars, schools, fire stations, police stations, hospitals, distance 
from public transit (BTS and MRT), and a measure of the variety of POI types in the 
grid.3 We control for the total number of POI in the grid, whether the grid is in the 75th 
percentile in terms of number of POI, whether it is in the 90th percentile in terms of 
number of POI, and year-month fixed effects.

where AnyAccident is equal to one if there are any accidents in grid i in month 
m. POI is equal to one if the grid contains a POI of type h, where the types we 
study are: coffee shops, restaurants, ATMs, banks, bus stops, stores, bars, schools, 
fire stations, police stations, hospitals, distance from public transit (BTS and MRT), 
and a measure of the variety of POI types in the grid.3 We control for the total 
number of POI in the grid, whether the grid is in the 75th percentile in terms of 
number of POI, whether it is in the 90th percentile in terms of number of POI, and 
year-month fixed effects.
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Results
Relationship between POI and Whether Grid is a Persistently High-Intensity Grid

The results indicate that bus stop, police station, bank and hospital are of the 
most signifacant factors contributing to higher accident risks. The estimates are 
controlled for number of POIs and whether grid is POI-concentrated. 
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Bus stop analysis

Methodology
To isolate the effect of a bus stop on accidents, we used a fixed effects model that 
controls for whether the grid contains a bus route. Then, if we find a positive effect 
of bus stops on accidents, we can attribute it to the second mechanism discussed 
above, that bus stops increase accidents above and beyond the effect of bus routes. 
This model is also an improvement in terms of causal identification. Controlling for 
number of POI alone, it is still possible that bus routes are placed on particularly 
busy roads and thus bus stops are in particularly busy areas. In this analysis, we 
essentially compare grids with and without bus stops conditional on that grid 
containing a bus route. The necessary assumption for this regression to identify the 
causal effect of bus stops on accidents is that bus stops are placed along bus routes 
in a manner that is unrelated to the number accidents on that route. We estimate 
the following:

where BusStop is equal to one if grid i contains a bus stop and BusRoutes is equal 
to the number of bus routes in grid i. Xim is a matrix of other grid-level control 
variables that varies across specifications.
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Results

The table shows the strong relationship between bus stops and accidents 
even after controlling for the total number of POI in the grid and whether the 
grid is in the 75th or 90th percentiles in terms of number of POI. Column2 
adds a control for the total number of bus routes in the grid. We also find 
that number of bus routes is also positively related to the total number of 
accidents. Even still, grids with bus stops have more accidents than grids 
that only have bus routes and no stops. Controlling for the presence of a bus 
route is a good way to address the fact that bus stops are located in high 
traffic areas because bus routes are also located in those high traffic areas.

Accident risks resulted from bus stops
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Accident risks resulted from bus stop by time of day

Accident risks resulted from bus stops by types of vehicle

The table shows the effect of bus stops by types pf vehicle. We find that bus 
stops are most likely to cause car accidents (6.58 percent), followed by motorcycle 
accidents (5.77 percent). We also found negligent effects on other types of vehicle.

The table examines heterogeneity in the effect of bus stops by time of day. 
Columns 1 and 2 indicate that bus stops increase accidents the most during early 
morning and morning. 

However, the row “dep. var. mean” displays the average count of accidents during 
each time period. The large effect of bus stops during the early morning and 
morning is due to more accidents occurring during those time periods.
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To assess the effectiveness of the sobriety checkpoints on reducing the number of 
accidents, we pursued the spatio-temporal research design in which we captured both 
space and time dimensions by constructing a 1 sq.km. grid-hour dataset covering 
the area of Bangkok from January 2018 to June 2018 and aggregating the number 
of accidents into each grid-hour. The proximity to the checkpoints was calculated 
from the centroid of each grid and was separated into five distance bins: less than 
1000 meter, 1000-2500 meter, 2500-5000 meter, 5000-10,000 meter and more than 
10,000 meter. Alternatively, we manipulated the distance measure into censored 
bin by limiting the distance and imputing grids with no active checkpoints to the 
maximum distance of 10,000 meter (equation 2). We also controlled for the grid fixed 
effect as to capture the time-invariant factors in a particular grid. Then, we regressed 
the number of accidents on the proximity measures to the checkpoints.

Where, in equation 1,  accidentit is the number of accidents in grid i  at time t 
. D1it is equal to one if the distance from the centroid of grid i  to the nearest 
checkpoint at time t  is less than 1000 m and is equal to zero otherwise. D2it  is 
equal to one if the distance from the centroid of grid i to the nearest checkpoint 
at time t  is between 1000 m to 2500 m and is equal to zero otherwise. D3it is 
equal to one if the distance from the centroid of grid i to the nearest checkpoint 
at time t is between 2500 m to 5000 m and is equal to zero otherwise. D4it is 
equal to one if the distance from the centroid of grid i to the nearest checkpoint 
at time t is between 5000m to 10,000m and is equal to zero otherwise. We control 
for the grid fixed effects (gi), the day of month fixed effects (dt), the month fixed 
effects (mt) and the hour fixed effects (ht). Alternatively, in equation 2, we have a 
similar model specification but change the regressor to censored distance.

Checkpoint analysis

Methodology
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Moreover, we also studied the heterogeneity between the checkpoints in that how the 
location of affects the effectiveness in reducing accidents of each checkpoint by examining 
the additional effects of the proximity to bars and urban area on the effectiveness of 
checkpoints. By doing so, we incorporated distance to the nearest bar from the grid centroid 
and the total count of POIs as proxies for the proximity to bars and urban area respectively. 
Then, we estimated the additional effects by running the following regressions.

Where bari and poii are the distance from the centroid of grid  to the nearest bar and the 
total number of POIs in grid  respectively. Again, we control for the grid fixed effects (gi), the 
day of month fixed effects (dt), the month fixed effects (mt) and the hour fixed effects (ht). 
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Results
Number of prevented accidents by count of checkpoints

The results show that having a checkpoint in a grid can prevent 0.0015 accidents 
in an hour, meaning that if a checkpoint operates for 5 hours a day, 2.5 accidents 
will be prevented in a year.

Column 1 implies a reduction in the number of accidents as a result of closeness 
to checkpoint. Taking this estimate at face-value, an inverse of the estimated 
coefficients could be interpreted as the number of prevented accidents by the 
checkpoints since we omit the case with no checkpoint. Hence, the descending 
inverted values suggest that the number of prevented accidents decreases when 
the nearest checkpoint gets further. Quantitatively, as the estimated coefficients 
indicate the number of accidents prevented by a checkpoint of different distance 
bins in an hour, on average, 0.002 accident is prevented in a grid of which the 
distance to the nearest active checkpoint is less than 1,000 meters. The number 
diminished as the distance is further. In addition, after aggregating to 1.5 years 
horizon, up to 4.4 accidents were prevented in the grid with the highest number 
of nearby active checkpoints, while approximately 0.43 accident, on average, is 
prevented in a grid. Therefore, from January 2018 to June 2019, it is estimated that 
a total of 757 accidents were prevented as a result of sobriety checkpoints.

Number of prevented accidents by distance from grid centroid
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Furthermore, we examined the heterogeneity of 
checkpoints resulted from the nearby surroundings, 
namely bars and crowded area. By interacting 
the distance to the nearest checkpoint with the 
distance to the nearest bar and the number of 
nearby POIs, we could estimate the impact of time-
invariant factors on the number of accidents. Upper 
table implies that the checkpoint is more effective 
in the grid where the POIs congregate as shown by 
the ascending coefficients of the interaction terms. 
Negative signs of the interaction terms indicate 
an increase in the number of prevented accidents 
when checkpoints are located near one additional 
POI. 

In terms of proximity to bar, the number of prevented 
accidents also increases with the closeness to bar 
as shown in the lower table. The positive coefficients 
of the interaction terms suggest an increase in the 
prevented accidents by a checkpoint when locating 
near bar. 

Number of prevented accidents by distance 
from grid centroid and POI density

Number of prevented accidents by distance 
from grid centroid and distance to bars
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Moreover, taking into accounts the types of vehicle, the results show that checkpoints 
are the most effective against car accidents, followed by pickup and truck accidents. 
However, the impact on motorcycle accidents is still inconclusive, implying that 
checkpoints might be less effective or have no effect against the vehicles.

In addition, to test whether or not the 
effectiveness of checkpoints dilutes 
overtime, we included the cumulative 
operating hours into the regression 
model. The results show that the 
cumulative operating hours have 
negligible impact on the effectiveness 
of checkpoints. 

Number of prevented accidents by distance from grid centroid and types of vehicle

Number of prevented accidents by cumulative opearing hours
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Drinking hour analysis

Methodology
Identifying the causal effect of the drinking hours regulation on the number of car 
accidents is challenging because there is little variation in the policy over the time 
period of our sample and because the drinking hours coincide with some of the 
busier hours of the day. To explore the relationship between ’drinking hours’ and 
number of vehicle accidents, we aggregate the data into 15-minute bins for each 
date from January 2017-December 2018. Then, we regress the number of accidents 
in each bin on a dummy variable indicating if the bin is during ’drinking hours’ (i.e. 
from 11am-2pm or 5pm-12am). We run all regressions separately for Bangkok and all 
other provinces. Specifically, we estimate the following model.

where Accidents is the number of vehicle accidents is the total number of accidents 
that occurs in a 15-minute bin b on date t. DrinkingHours is equal to one if the bin 
b is during the 11am-2pm or 5pm-12am time periods and is equal to zero otherwise. 
D is a vector of day-of-week fixed effects for date t and M is a vector of month 
fixed effects for date t. In some specifications, we include a flexible polynomial in 
time of day (again, represented in 15-minute bins). When we do this, we interact the 
polynomial with the day-of-week fixed effects since time of day effects differ by 
day, especially on weekdays versus weekends. We test for heterogeneity in the effect 
above by running regressions separately for accidents occurring near locations that 
sell alcohol and accidents occurring far from locations that sell alcohol.

However, the results above might be prone to biasness due to time confounding 
factors since the beginning hour of drinking hours happens to be rush hours. 
Therefore, we also pursue other specification. Employing HAIMS data which contains 
accident data from 2011-2018, we use difference-in-differences approach to estimate 
the average treatment effect of such policy. 

Where accidentit is the number of accidents in an hour in a province. Postit is a 
dummy variable indicating a period after the policy is implemented. Treatit is a 
dummy variable indicating the drinking hours. We also control for hour fixed effect 
day fixed effect day of week fixed effect month fixed effect year fixed effect and 
province fixed effect.
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Results
Number of accidents resulted from drinking hour policy

Column 1 shows that more accidents occur during drinking hours than non-drinking 
hours for provinces outside of BKK. Taking this estimate at face-value implies that 
the drinking hours policy was responsible for over 20,000 accidents from 2017-
2018, almost half of all accidents. This estimate, however, is biased because drinking 
hours occur at busier times of the day. To address this, we introduce flexible 
controls for time of day. For example, controlling for a quadratic trend in time of 
day accounts for the fact that accidents are less prevalent at the beginning and end 
of the day and more prevalent mid-day. In our most flexible specification (column 
4), we find that during drinking hours, there are about 0.1 additional accidents every 
15 minutes–even after controlling for the fact that accidents are more likely to occur 
during certain periods of time that others. This implies that during a single day, 
there are about 4.5 additional accidents due to drinking hours regulation. Over two 
years, this sums to approximately 3,299 additional accidents.

Number of accidents resulted from drinking hour policy by distance from alc. store and bars (1000m)
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We re-run the model by separating the dependent variable into number of accidents 
occurring near and number of accidents occuring far from businesses that sell alcohol. 
We define “near” as accidents occurring within 1000m and 5000m of alcohol location. 
Comparing column 1 and column 2 shows that the increase in accidents during 
drinking hours is concentrated in accidents occurring near stores that sell alcohol 
and bars. Comparing columns 3 and 4 shows a negligible impacts in an area far from 
those places.

The results of difference-in-differences regression show negligible impacts of such 
policy on the number of accidents, specifically those on the highways.

Number of accidents resulted from drinking hour policy by distance from alc. store and bars (5000m)

Number of accidents on highways resulted from drinking hour policy 
(Difference-in-differences regression)
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AI model performace by percentile rank
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