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Traffic accidents significantly impact public health and economy through injuries, fatalities, and property
damage. Effective emergency response planning requires sophisticated risk prediction tools with precise spatial
and temporal resolution. While previous studies have assessed accident risk, they typically employed coarse
spatial grids that lack the street-level detail crucial for emergency operations. This research presents a novel two-
stage gradient-boosting predictive model, using tree-based learning algorithms to analyze traffic accidents
requiring firefighter intervention in Lisbon, Portugal. To address the inherently unbalanced nature of accident
data, we developed a sequential approach: first, a classification model identifies locations with non-zero accident
probability; second, a regression model quantifies accident probabilities at street level across different time
periods. The resulting risk simulator enables emergency planners to recalculate accident probabilities when
street characteristics or weather conditions change, providing actionable insights for resource allocation and
response planning. This research contributes both methodologically, through its innovative handling of spatially
imbalanced data, and practically, by delivering an operational tool that supports evidence-based emergency
service management. Validation results demonstrate the model’s effectiveness in predicting high-risk locations

and times, allowing for proactive deployment of emergency resources.

1. Introduction

Road traffic accidents constitute a major global health and economic
challenge, causing significant social and economic losses through fa-
talities, injuries, and property damage. According to the World Health
Organization (WHO, 2018), approximately 1.2 million people die
annually and 50 million suffer non-fatal injuries due to road traffic ac-
cidents, which are projected to become the 7th leading cause of death
worldwide by 2030.

To mitigate these devastating effects, emergency services must
develop effective strategies to reduce response times and provide timely
aid to injured individuals (Racioppi et al., 2004). Traffic accident pre-
diction plays a crucial role in developing these strategies, enabling au-
thorities to understand the factors influencing accident occurrence and
anticipate where and when accidents are most likely to happen
(Abdulhafedh, 2017; Verma et al., 2022).

Historically, modeling approaches for traffic accident prediction
have focused primarily on identifying relationships between accidents
and their influencing factors (Yassin & Pooja, 2020). Recent
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technological advancements in computing power and data availability
have enabled machine learning models to gain prominence in this field.
Numerous studies have employed these algorithms to both understand
traffic accident factors and predict their occurrence (Campos et al.,
2021; Fancello et al., 2020). These include decision tree classifiers and
multilayer perceptrons (Taamneh et al., 2017), association rules mining
frameworks (Ait-Mlouk and Agouti, 2019), neural networks with image
processing techniques (Tanprasert et al., 2020), deep forests (Gan et al.,
2020), and deep learning approaches (Shen et al., 2020).

Despite these advances, several critical gaps remain in current traffic
accident prediction research:

1) Many studies utilize coarse spatial units, limiting their practical
implementation by city planners and emergency services in opera-
tional and planning contexts (Ebrahimi et al., 2022; T. Huang et al.,
2020);

2) Traffic accident datasets are inherently unbalanced, with signifi-
cantly more spatial-temporal points lacking accidents than those
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with accidents, yet studies often lack methodologies to address this
imbalance, resulting in high false positive rates (Basso et al., 2018);

3) Computing limitations in processing high-volume data constrain the
spatial and temporal granularity of proposed solutions (Bao et al.,
2019);

4) AsYuetal. (2021) note, most traffic accident prediction studies focus
on non-urban contexts, with minimal attention given to urban en-
vironments where accident patterns and influencing factors differ
significantly.

To address these limitations, we propose a model that predicts traffic
accident occurrence risk using a Light Gradient Boosting Machine
(LightGBM) algorithm (Ke et al., 2017) for the city of Lisbon, Portugal.
LightGBM is a decision tree framework based on the eXtreme Gradient
Boosting (XGBoost) algorithm (T. Chen & Guestrin, 2016), offering
faster training speeds while maintaining accuracy, particularly with
sparse feature spaces (Li et al., 2022). LightGBM models have demon-
strated effectiveness in urban contexts with strong result (Jardim et al.,
2022).

Our approach tackles the unbalanced data challenge through a
hybrid classification/regression methodology that provides traffic ac-
cident risk predictions at road segment level across multiple temporal
partitions. This fine-grained spatial detail enables emergency services to
optimize vehicle allocation and supports city planners in developing
safer road infrastructure policies. Additionally, we developed a risk
simulator prototype with descriptive and predictive capabilities to
support emergency operations management and urban infrastructure
planning.

The remainder of this paper is organized as follows: Section 2 pre-
sents a comprehensive literature review covering traffic accident influ-
ence factors and prediction methods; Section 3 describes the data
sources and methodology, including our hybrid classification/regression
modeling approach; Section 4 details the results and discussion,
analyzing traffic accident risk factors and evaluating model perfor-
mance; Section 5 introduces our risk simulator prototype and demon-
strates its practical applications; and Section 6 provides conclusions,
limitations, and suggestions for future research.

2. Literature review
2.1. Traffic accidents influence factors

Numerous studies have explored the factors influencing traffic ac-
cidents. Marcillo et al. (2022) identified several common data categories
used in accident prediction research, including vehicle characteristics
(Basso et al., 2018; Kiviluoto et al., 2022), driver attributes (Effati et al.,
2014; Effati & Sadeghi-Niaraki, 2015), weather conditions (Wengqi et al.,
2017; Xu et al., 2013), and light conditions (Effati et al., 2014; Xiong
et al., 2018). Additional factors include traffic flow (Lin et al., 2015;
Wengqi et al., 2017), traffic events (Y. Chen et al., 2020; Liu et al., 2021),
road infrastructure characteristics (Bao et al., 2019; Effati & Sadeghi-
Niaraki, 2015; Umair et al., 2022), taxi trip patterns (Bao et al., 2019;
Zhu et al., 2019), points of interest (C. Huang et al., 2019; Paikari et al.,
2014), and population density (Dong et al., 2015).

Other researchers have incorporated diverse contextual variables
such as topographic maps, digital elevation models, land use patterns,
satellite imagery, census block characteristics, special calendar dates,
geographical features, trip surveys, and bicycle trip data. Given this
extensive range of variables with varying contextual relevance, a thor-
ough a priori evaluation of potential predictors is essential to determine
their appropriateness for inclusion in predictive models.

For our study, we selected variables based on their demonstrated
predictive power in urban environments and data availability for Lisbon.
Road infrastructure characteristics (number of lanes, maximum speed,
presence of radars and traffic lights), temporal factors (time of day,
weekday/weekend distinction), and weather conditions (temperature,
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precipitation) were prioritized as they have shown consistent relation-
ships with accident occurrence across multiple urban studies while
being accessible at the required spatial and temporal resolution.

2.2. Traffic accidents prediction

The prediction of traffic accidents has evolved significantly through
various methodological approaches (Vlahogianni et al., 2014). Tradi-
tional statistical methods include generalized linear models using Pois-
son and negative binomial distributions (Fancello et al., 2018). While
these models offer interpretability and statistical rigor, they struggle
with the non-linear relationships and complex interactions common in
traffic accident data, particularly at fine spatial resolutions.

Time series approaches have also been widely applied, with autor-
egressive integrated moving average (ARIMA) and autoregressive inte-
grated moving average with explanatory variables (ARIMAX) models
tested by Thueze & Onwurah (2018) and Smith et al. (2002), who found
that incorporating human, vehicle, and environmental factors improved
prediction accuracy. Seasonal autoregressive integrated moving average
(SARIMA) models have demonstrated acceptable accuracy in predicting
traffic accidents in Belgrade Deretic et al. (2022). However, time series
models are primarily designed for temporal forecasting and lack the
spatial component essential for street-level predictions in urban
environments.

Machine learning techniques have gained prominence in traffic ac-
cident prediction research. Bayesian networks have been employed for
real-time crash prediction, achieving 66 % accuracy for 250-meter road
sections (Hossain & Muromachi, 2012) and 70 % accuracy for 22.2-kilo-
meter road segments (Wu et al., 2019). While Bayesian networks
effectively capture probabilistic relationships, they can become
computationally prohibitive when scaled to city-wide street-level
analysis.

Decision trees have proven valuable for establishing relationships
between traffic accidents and various factors including road geometry,
traffic characteristics, and environmental conditions (Chang & Chen,
2005), while also serving as feature selection tools to manage input data
complexity (Lin et al., 2015). Their hierarchical structure makes them
particularly suited for capturing non-linear interactions, but individual
trees often suffer from high variance and potential overfitting.

Neural networks have been applied to forecast traffic accidents using
traffic flow and weather data (Ozbayoglu et al., 2016; Vlahogianni et al.,
2014; Wenqi et al., 2017). More recently, deep learning approaches have
shown promise in predicting traffic accident risk (Bao et al., 2019; Q.
Chen et al., 2016; T. Huang et al., 2020; Ren et al., 2018). While deep
learning offers powerful representation capabilities, it typically requires
substantial training data and computational resources, making it chal-
lenging to implement for fine-grained spatial analysis across an entire
city network.

After evaluating these methodological alternatives, we selected the
Light Gradient Boosting Machine (LightGBM) algorithm for our study
due to several key advantages: (1) it efficiently handles sparse feature
spaces common in street-level accident data; (2) its leaf-wise growth
strategy allows for more nuanced capture of rare events, critical for
addressing the class imbalance inherent in accident data; (3) it offers
faster training speeds compared to other ensemble methods while
maintaining prediction accuracy; and (4) it provides a framework
amenable to our proposed hybrid classification/regression approach.

Our hybrid modeling approach specifically addresses the severe class
imbalance challenge in accident prediction. Rather than forcing a single
model to handle both classification (accident/no accident) and proba-
bility estimation simultaneously, we decompose the problem into two
specialized models: first determining locations with non-zero accident
probability, then quantifying those probabilities. This approach signif-
icantly reduces false positives—a common limitation in previous stud-
ies—while providing the fine spatial and temporal resolution required
for operational emergency response planning.
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The main limitation of our approach is the dependency on sufficient
historical accident data for model training, particularly at street seg-
ments with varying characteristics. We address this through careful
feature engineering and our two-stage modeling process, which maxi-
mizes the utility of available data while maintaining prediction
reliability.

3. Data and methods
3.1. Traffic accidents data

We applied the proposed methodology to Lisbon, Portugal’s capital
city. Lisbon covers an area of 100 km2 with a resident population of
544,581 inhabitants (INE, 2021), which can increase by approximately
70 % due to daily commuters (INE, 2011).

The Lisbon City Council (CML) provided data on traffic accidents
requiring intervention by Lisbon professional firefighters. The dataset
spans from January 1, 2013, to December 15, 2020, comprising 6,076
traffic accident records. Each record contains information on: 1) the
timestamp of occurrence; 2) accident type code and description (e.g.,
2102 — accidents involving vehicles, 2103 — accidents with trapped
individuals); and 3) geographical coordinates (latitude and longitude).

To identify spatial concentrations of traffic accidents across the
entire temporal range, we employed Kernel Density Estimation (KDE)
(Silverman, 1998) to estimate accident counts within a grid of 50 x 50 m
cells covering Lisbon (Fig. 1). This visualization highlights accident
hotspots throughout the city, particularly along major thoroughfares
and intersections.

Fig. 1 illustrates the spatial distribution of traffic accident densities,
revealing clear patterns of concentration along major transportation
corridors, particularly at intersections of primary roads. The highest
densities appear along the city’s main east-west and north-south
arteries.

The temporal distribution of accidents exhibits distinct patterns
across different scales. Fig. 2 displays the monthly distribution of traffic
accidents, showing higher frequencies between September and January.
This seasonal pattern may relate to changing weather conditions,
reduced daylight hours, and increased traffic during these months.

Fig. 3 presents the hourly distribution of accidents, differentiated
between weekdays and weekends. The distribution reveals pronounced
peaks during morning (7-10 h) and afternoon (17-20 h) rush hours. A
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Fig. 1. KDE of traffic accidents estimated counts in a square grid of 50x50 m
cells using traffic accidents data from 2013 to 2020.
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notable difference between weekdays and weekends appears in the mid-
day period, where weekdays maintain relatively high accident rates
while weekend accidents decline significantly between morning and
afternoon peaks.

3.2. Spatial and temporal data preprocessing

For model development, we collected relevant datasets based on
contextual variables identified in previous traffic accident prediction
studies. Table 1 summarizes these datasets, which were provided by
CML and the Portuguese Institute for Sea and Atmosphere (IPMA). Some
datasets are publicly available through Lisbon’s Open Data Portal (Lis-
boa Aberta) (CML, 2018).

We aggregated traffic accidents, traffic jams (from Waze data), radar
locations, and traffic light areas to their nearest road segments. Tem-
perature and precipitation data from three weather stations were
spatially interpolated to each road segment using linear interpolation
weighted by distance—values from stations nearer to a road segment
received greater weight than those from more distant stations.

Temporal variables (traffic accidents, temperature, and precipita-
tion) were aggregated into seven time bins that provide semi-
homogeneous distribution while capturing traffic peak hours: 1 = [0
h-4h[;2=[4h-7h[;3=[7h-10h[;4=[10h-14h[;5=[14h-17h[; 6
= [17 h-20 h[; and 7 = [20 h-24 h[.

Fig. 4 displays the spatial distribution of traffic accidents after ag-
gregation to their nearest road segments for the entire study period. This
visualization presents a more detailed view than the KDE analysis,
showing the specific road segments with the highest accident fre-
quencies. Particularly high concentrations appear at major road in-
tersections and along primary arterial routes.

3.3. Hybrid classification/regression modeling

Traffic accidents are rare events in both spatial and temporal di-
mensions, resulting in highly unbalanced datasets when aggregated for
analysis. This imbalance presents significant challenges for modeling,
typically leading to excessive false positive predictions. To address these
challenges, we implemented a Light Gradient Boosting Machine (LGBM)
model with a two-phase approach.

LGBM is a gradient boosting framework that ensembles small pre-
diction models using tree-based learning algorithms. It grows trees leaf-
wise based on the highest expected decrease in loss function. To opti-
mize tree construction, LGBM implements two key techniques: Gradient-
Based One-Side Sampling (GOSS), which selectively samples data in-
stances with higher information gain potential, and Exclusive Feature
Bundling (EFB), which efficiently reduces feature dimensionality in
sparse feature spaces without sacrificing accuracy.

Our modeling strategy comprised two distinct phases. In the first
phase, we calculated the probability of traffic accident occurrence by
road segment for specific day periods, considering weather conditions
(temperature and precipitation). Table 2 describes the variables used in
this calculation.

For computing conditional probabilities, we employed Bayes’ The-
orem (Equation (1), which calculates the probability of an event based
on prior knowledge related to the event (Joyce, 2021).

P(L|C) = P(C|L;)P(L) /P(C) M

In the second modeling phase, we addressed the statistical significance
issues in our dataset. All variable permutations with occurrence counts
less than one hundred were excluded from direct probability estimation
due to their insufficient statistical significance. To estimate probabilities
for these low-frequency permutations, we implemented the LGBM al-
gorithm in two sequential steps:
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Table 1
Relevant datasets used for the modeling phase.
Dataset Description Source  Open
data
Traffic accidents Location and time recorded of traffic CML No
occurrences accidents
Weather data Data on temperature and precipitation IPMA No
were collected hourly in three weather
stations in Lisbon
Roads Road segments of the streets of Lisbon CML No
with the number of lanes, maximum
velocity allowed, and slope
Waze jams The intensity of traffic jams in Lisbon CML No
collected by Waze
Radars Location of radars for velocity controlin ~ CML Yes
Lisbon
Traffic light areas  Intersection areas with the presence of CML Yes

traffic lights

1. Classification step: We trained a classification model to identify
which permutations (among those with insufficient direct observa-
tions) had non-zero accident probabilities.

2. Regression step: For permutations identified as having non-zero
probabilities in step 1, we trained a regression model to quantify
the specific probability of traffic accident occurrence.

We divided the dataset into training (70 %) and testing (30 %)
subsets for model development and evaluation. Table 3 presents the
complete set of input variables used for predicting traffic accident
probabilities in cases where direct statistical estimation was not possible
due to insufficient observations.

To evaluate model performance, we calculated the Area Under Curve
(AUC) (J. Huang & Ling, 2005) for the classification model and the Mean
Absolute Percentage Error (MAPE) (de Myttenaere et al., 2016) for the
regression model. These metrics provide comprehensive assessments of
model accuracy for binary classification and continuous prediction
tasks, respectively.

Fig. 5 illustrates the complete pipeline of our road accident risk
calculation methodology, from data preparation through the two-phase
modeling approach to final risk estimation. This workflow addresses the
challenges of data imbalance while maintaining prediction accuracy at
fine spatial and temporal resolutions. The modeling process begins with
data preprocessing and aggregation to road segments and time periods.
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Table 2
Features used for the computation of traffic accident probability.
Feature Description Type
road_id Unique identifier of the road segment Integer
temperature Code for temperature recorded during a specific day Integer
period: 10 =Je0,10°C];20=110°C-20°C]; 30 =120°C
-30°C]; 40 =130 °C-40 °C]
precipitation  Code for precipitation recorded during a specific day Integer
period: 0.01 = [0 mm - 0,01 mm]; 2.5 = ]0,01 mm - 2,5
mm]; 5 =]2,5 mm -5 mm]; 10 = ]5 mm — oco[
period Code to identify the period ofday: 1 =[0h-4h[;2=[4h  Integer
-7h[;3=[7h-10h[;4=[10h-14h[;5=[14h-17h
[6=[17h-20h[;7=[20h-24 h[
off day Flag identifying weekends and holidays: 0 = business Integer
day; 1 = weekend or holiday
count group by the count of the combination of [road_id], Integer

[temperature], [precipitation], [period], and [off day]

The first modeling phase computes direct probabilities for variable
combinations with sufficient observations. The second phase employs
the two-step LGBM approach (classification followed by regression) for
combinations lacking sufficient observations. The outputs from both
phases are combined to produce comprehensive risk estimations for all
road segments across all time periods, which then feed into the risk
simulator tool for practical applications.

4. Results and discussion
4.1. Risk of traffic accidents analysis

The risk of traffic accidents is associated with several factors. We
analyzed the risk of traffic accidents for each road segment considering:
1) time of day; 2) temperature and precipitation; 3) maximum permitted
velocity; 4) number of lanes; and 5) presence of speed enforcement ra-
dars and traffic lights. To facilitate comprehension of the computed
probabilities, the values of traffic accident risk and standard deviations
were multiplied by 100,000.

During weekdays, the risk of traffic accidents is higher between 10 h
and 24 h, with the peak occurring between 17 h and 20 h. This peak
period also exhibits higher dispersion of risk values, as evidenced by the
elevated standard deviation. A similar pattern is observed on weekends,
albeit with generally lower risk values. The only exception occurs

Transportation Research Interdisciplinary Perspectives 32 (2025) 101495

Table 3

Input features for the prediction of the probability of traffic accident occurrences
in the observations were the combination of the features [road_id], [tempera-
ture], [precipitation], [period], and [off day] is < 100.

Feature Description Type
road_id Road segment unique identifier Integer
road_name Road Name String
is_off_day Flag identifying weekends and holidays: 0 = business Integer
day; 1 = weekend or holiday
temperature Bin for temperature recorded: 10 = Joo, 10 °C]; 20 =] Integer
10°C-20°C];30=120°C-30°C]; 40 =130 °C-40°C]
precipitation  Bin for precipitation: 0.01 = [0 mm - 0,01 mm]; 2.5 =] Integer
0,01 mm-2,5mm];5=1]2,5mm-5mm]; 10 =]5mm —
oo
day_period_.1  Boolean value identifying hour period [0 h — 4 h[ Integer
day_period 2  Boolean value hour period [4 h — 7 h[ Integer
day_period_3 Boolean value hour period [7 h — 10 h[ Integer
day_period 4  Boolean value hour period [10 h — 14 h[ Integer
day_period 5  Boolean value hour period [14 h - 17 h[ Integer
day_period_6 Boolean value hour period [17 h - 20 h[ Integer
day_period 7  Boolean value hour period [20 h - 24 h[ Integer
waze_proxy Number of congestion events Integer
lane_number Number of lanes Integer
vel_max Maximum velocity accepted Integer
comp Road Length Float
radar Boolean value to identify radars Integer
traffic light Boolean value to identify if the road segment is in a traffic ~ Integer
light area: 1 = road segment in a traffic light area
probability Probability of the occurrence of a traffic accident Float

between O h and 7 h, when the risk of traffic accidents is higher on
weekends compared to weekdays (Table 4).

The higher nighttime risk during weekends (0 h-7 h) likely reflects
increased late-night social activities and potential alcohol consumption
during weekend evenings, which are well-documented risk factors for
traffic accidents. The afternoon peak (17 h-20 h) on both weekdays and
weekends corresponds to rush hour traffic combined with reduced vis-
ibility during sunset, especially in winter months, and driver fatigue at
the end of the workday.

The risk of traffic accidents is higher at temperature ranges of 10 °C
to 20 °C and 30 °C to 40 °C, and when precipitation is between 0.01 mm
and 2.5 mm (Table 5).

Given the significantly low number of conditions with precipitation
levels above 2.5 mm, these classes were omitted from the analysis, as
they were not deemed statistically significant.

The elevated risk during light precipitation (0.01-2.5 mm) compared
to dry conditions aligns with previous research indicating that light rain
can create particularly hazardous road conditions due to oil and dust
mixing with water to create slippery surfaces. The fact that moderate
temperatures (10 °C-20 °C) and high temperatures (30 °C-40 °C) both
show increased risk suggests different mechanisms may be at play-
—reduced tire grip in colder temperatures and potential driver fatigue
or discomfort in higher temperatures.

Table 6 presents the mean risk of traffic accidents conditioned on the
maximum velocity permitted on each road segment. The mean risk is
highest for road segments with maximum velocities of 70 km/h and 80
km/h, respectively. Road segments with a maximum permitted velocity
of 40 km/h presented the lowest risk values.

These findings confirm the well-established relationship between
higher speeds and increased accident risk, as documented extensively in
road safety literature. The notable exception is the relatively low risk at
40 km/h compared to 30 km/h, which may be explained by the specific
urban context of these speed zones; 40 km/h zones in Lisbon are often
implemented in areas with better road design and clearer sight lines than
the more confined 30 km/h zones, which are typically found in older
neighborhoods with narrower streets.

Road segments with three lanes presented the highest mean risk
value, followed by similar risk levels for road segments with four, five,
and six lanes. Road segments with one lane presented the lowest mean
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Table 4

Mean risk (p) of traffic accidents in each daytime slot along with the respective
standard deviation (o). Values of risk and standard deviation were multiplied by
100,000.

[Oh- [4h [7h [10h [14h [17 h [20 h -
4 h[ - - - - - 24 h[
7 h[ 10h 14h[ 17h[ 20h[
[
weekdays  u 1,5 0,7 2,7 3,9 4,4 5,0 3,9
o 13,2 18,2 26,0 29,0 28,0 36,7 23,8
weekends u 2,1 1,1 2,3 3,2 3,7 4,6 3,6
o 245 20,1 25,8 38,1 36,5 47,9 34,5
Table 5

Mean risk (p) of traffic accidents in each temperature and precipitation bin with
the respective standard deviation (o). Values of risk and standard deviation were
multiplied by 100,000.

Temperature Precipitation
Joo —10°] ]110°C 120 °C 130 °C [0 mm - 0,01 10,01
— - - mm)] mm
20 °C] 30 °C] 40 °C] -
2,5mm]
u 2,1 3,5 2,6 3,9 2,8 3,9
o 30,7 30,1 17,8 46,4 25,0 40,7
Table 6

Mean risk (p) of traffic accidents for maximum velocity permitted on each road
segment along with standard deviation (c). Values of risk and standard deviation
were multiplied by 100,000.

20 km/h 30 km/h 40 km/h 50 km/h 70 km/h 80 km/h
u 2,0 2,7 1,8 3,0 4,7 3,8
c 24,5 26,1 18,3 29,9 39,3 33,3

risk. In road segments with the presence of speed enforcement radars,
the risk of traffic accidents is double compared to road segments without
radars (6.0 and 3.0, respectively). The presence of traffic lights is also
associated with slightly higher risk values compared to road segments
without traffic lights (3.2 and 2.8, respectively) (Table 7).

The higher risk observed on roads with speed enforcement radars

Table 7

and traffic lights does not indicate that these safety measures increase
accident risk. Rather, this correlation reflects the strategic placement of
these safety measures in locations that were already identified as high-
risk areas. This represents a classic case of reverse causality in obser-
vational studies—radars and traffic lights are installed as a response to
high accident rates, not as their cause.

Our data does not include information on when these safety features
were installed, making it impossible to conduct a proper before-and-
after analysis. Previous studies employing such methodologies have
consistently shown that both speed cameras and traffic signals reduce
accident severity, if not always frequency. The persistence of elevated
risk despite these interventions suggests that additional complementary
measures may be necessary to effectively reduce accident risk in these
particularly challenging locations.

4.2. Predicting the risk of traffic accidents

The LightGBM model provided good performance levels, with an
AUC of 0.8 for the classification model and a MAPE of 20 % for the
regression model. Fig. 6 presents a scatter plot showing the relationship
between observations ordered by magnitude and the predicted proba-
bility scores of traffic accidents.

With the prediction of traffic accident risk for each road segment,
considering the features presented in Table 3, we computed the mean
predicted risk value for each road segment (Fig. 7).

Fig. 7c and 7d display the observed risk and predicted risk, respec-
tively, at an intersection between two major roads that cross Lisbon:
Eixo Norte-Sul (Eixo N-S) (north—south direction) and 2° Circular (west-
east direction). The highest risk in this example is observed at both
entrances to 2* Circular from Eixo Norte-Sul.

We compared the observed and predicted risks using several accu-
racy measures: mean absolute error (MAE), root mean square error
(RMSE), and symmetric mean absolute percentage error (sMAPE). The
results demonstrated good prediction quality with MAE, RMSE, and
SMAPE values of 0.003, 0.009, and 13 %, respectively. Fig. 8 shows the
MAE and sMAPE for each road segment regarding the mean risk of traffic
accidents, along with the same measures for the intersection between
Eixo Norte-Sul and the 2* Circular entrance.

MAE is higher at the entrance and exit of 2* Circular as well as in the
southern segments of Eixo Norte-Sul (Fig. 8a). Regarding sMAPE, all
road segments present highly accurate forecasts except for the entrance

Mean risk (p) of traffic accidents considering the number of lanes of each road segment along with standard deviation (c). Values of risk and standard deviation were

multiplied by 100,000.

1 2 3 4 5 6 With radar Without radar With traffic lights Without traffic lights
u 2,5 3,0 4,1 3,6 37 35 6,0 3,0 3,2 2,8
4 25,7 28,6 39,5 32,4 31,0 16,6 41,4 30,0 31,3 28,8
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Fig. 6. Scatter plot between ordered observations and predicted traffic accident values.
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Fig. 7. Mean observed risk (a) and predicted risk (b) for each road segment. The intersection between Eixo Norte-Sul and 2° Circular for observed probability risk (c)
and predicted risk (d). Presented risk values were normalized using the min-max normalization method.

and exit of 2* Circular in the west-east direction (Fig. 8d).

These results suggest design deficiencies in the entrances and exits,
especially on 2* Circular, notably the insufficient length of acceleration
lanes. This finding is consistent with international road design standards
that recommend longer acceleration lanes for high-speed roadways to
allow safer merging. Such detailed spatial analysis enables urban

mobility planners to identify and prioritize specific road segments for
redesign or modification with the goal of decreasing traffic accident risk.

Potential interventions could include increasing the length of ac-
celeration and deceleration lanes, implementing variable speed limits
during peak hours, improving signage, or redesigning the geometric
characteristics of these high-risk intersections. These targeted
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Fig. 8. Normalized MAE (a) and sMAPE (b) of the risk of traffic accidents for each road segment and MAE (c) and sMAPE (d) for the intersection between Eixo Norte-
Sul and 2* Circular. The categories defined for sSMAPE were based on (Lewis, 1982).

modifications would likely yield greater safety improvements than
blanket interventions applied across all road segments.

In addition, emergency services can utilize this fine-grained spatial
risk information to optimize the allocation of emergency response ve-
hicles, potentially reducing response times to accidents on roads with
higher traffic accident risk. This application demonstrates how the
model outputs can benefit multiple stakeholders beyond urban planners,
extending to emergency management agencies.

4.3. Risk of traffic accidents simulator

We’ve developed a prototype simulator for traffic accident risk that
allows users to modify a set of road characteristics to generate new risk
projections for specific road segments. Users can select a specific road
segment and modify its initial characteristics, including the number of
lanes, maximum permitted speed, and the presence or absence of speed
enforcement radars and traffic lights. The simulator then computes and
displays both the mean probability risk and the predicted risk given the
selected conditions.

Fig. 9 presents the information for a specific road segment with two
lanes, a maximum permitted speed of 50 km/h, and no radars or traffic
lights. Under these conditions, the predicted risk of traffic accidents is

0.19, compared to the initial risk of 2.50.

Increasing the maximum permitted speed to 70 km/h causes the
predicted risk to increase to 2.57 (Fig. 10). This dramatic increase of
over 1,300 % illustrates the powerful influence of speed limits on acci-
dent risk, consistent with the exponential relationship between speed
and kinetic energy involved in collisions.

The simulator serves as a practical tool for mobility planners to
evaluate the potential impacts of changing road characteristics on traffic
accident risk. This provides decision support for planning and managing
Lisbon’s road infrastructure. By allowing planners to test multiple sce-
narios before implementing physical changes, the tool facilitates
evidence-based decision-making and potentially more efficient alloca-
tion of limited road safety resources.

5. Conclusion

This study proposed a hybrid classification/regression approach
using the LightGBM model to predict traffic accident risk in Lisbon at a
high spatial resolution. The model was designed to address the chal-
lenges of unbalanced datasets and the need for fine-grained urban traffic
predictions, which are crucial for emergency services and urban plan-
ning. The two-stage modeling process first identified road segments with
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Fig. 9. The user interface of the risk of traffic accidents simulator. The selected road segment has 2 lanes, with a maximum speed allowed of 50 km/h, and doesn’t

have radars or traffic lights.
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Fig. 10. Simulation for a specific road segment of the risk of traffic accidents, increasing the maximum velocity allowed from 50 km/h to 70 km/h.

a non-null risk of traffic accidents and then estimated the probability of
accidents for different times of the day, considering contextual features
such as weather conditions, road characteristics, and traffic signals. The
results demonstrated robust predictive performance, achieving an AUC
of 0.8 for classification and a MAPE of 20 % for regression.

The findings of this research reveal significant spatial and temporal
patterns in traffic accident risk. Notably, accident risk was observed to
be higher during the afternoon and evening on weekdays, and during
early morning hours on weekends. Furthermore, road segments with
speed radars and traffic lights surprisingly exhibited elevated accident
risks. This counterintuitive outcome suggests that the mere presence of
these traffic control measures may not suffice to reduce risk and that

complementary strategies might be necessary, such as optimizing radar
placement or improving driver awareness programs.

To bridge the gap between predictive modeling and urban safety
planning, a simulation tool was developed, enabling urban planners and
emergency services to evaluate how modifications to road character-
istics—such as speed limits, lane configurations, and the presence of
traffic lights—could impact accident risk. This simulator provides a
practical application for policymakers, offering a data-driven mecha-
nism to prioritize safety interventions in high-risk areas and optimize
emergency response allocation.

While the proposed model demonstrated strong predictive capabil-
ities, some limitations should be acknowledged. First, the dataset used
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only includes traffic accidents that required intervention from Lisbon’s
professional firefighters, which may omit minor accidents or those
managed by other emergency services. Additionally, the model does not
differentiate accident severity, which could be valuable for prioritizing
high-risk segments. The lack of real-time traffic data, pedestrian flow
information, and detailed temporal road usage patterns also constrains
the model’s ability to capture dynamic traffic behaviors. Moreover, the
model assumes static traffic configurations, disregarding temporary
changes such as road works, events, or seasonal variations.

Future research could address these limitations by integrating richer
data sources, including real-time traffic monitoring, pedestrian move-
ment data, and multi-agency accident reports. Extending the model to
predict not only the occurrence but also the severity of accidents would
provide even greater value to emergency services. Further development
of the simulator could enable real-time risk assessment, enhancing its
utility for live traffic management and emergency response optimiza-
tion. Finally, the approach could be replicated in other urban environ-
ments, allowing for comparative analysis and broader validation of the
proposed methodology.
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