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A B S T R A C T   

Illegal parking represents a costly problem for most cities as it leads to an increase in traffic congestion and 
emission of air pollutants, and decreases pedestrian, biking, and driving safety, making cities less clean, secure, 
and attractive to citizens and tourists. Most decision-support systems employed to deal with parking illegalities 
rely on cameras and video-processing algorithms to capture infractions in real-time. Despite being effective, their 
implementation is costly and challenging due to road environment conditions. On the other hand, studies that 
relay on spatiotemporal features to predict infractions can present a more efficient alternative, one that is less 
costly to implement and free of environment and spatial conditioning. In this work, we propose the Illegal 
Parking Score (IPS), a score of the conditional probability of illegal parking occurring in a road segment, based 
on spatiotemporal conditions, and able to distinguish between illegality types. The IPS is calculated for the 
Lisbon Municipality, in Portugal, and it is supported by a Light Gradient Boosting Machine model that allows for 
IPS prediction for unseen conditions. Likewise, we propose the IPS Simulator, a simulation tool that allows for 
users to infer the IPS by defining spatiotemporal conditions. This system will be deployed in the Lisbon City 
Council and provides responsible authorities with a tool to support their daily operations and promote sus-
tainable transport and demand planning, by identifying and monitoring critical zones and by aiding in the design 
and gauge of parking regulation.   

1. Introduction 

Urban population has been increasing worldwide and is expected 
that by 2050, 68 % of the world population will live in urban areas 
(United Nations, 2018). This growth in urban population will submit 
cities’ transportation systems to huge challenges to cope with mobility 
problems linked with the excess of private vehicles (Clark, 2009), which 
continue to rise at a global scale (Nieuwenhuijsen & Khreis, 2016). 
Hence, without a proper policy and public system for transportation, 
space and resource management, the increase in private vehicles will 
result in the drastic reduction of road resources, in the form of road 
width and capacity (Du et al., 2019), as well as the decrease of parking 
availability (Olus Inan et al., 2019; Shaaban & Pande, 2016; Xu et al., 
2021; Yang & Qian, 2017). An increasing number of private vehicles 
together with less parking spaces, motivate higher cruising times, that 
result in congestion, pollution, and driver frustration (Weinberger et al., 
2020), and can lead to the increase of illegal parking (Basri Said & 
Syafey, 2021; Olus Inan et al., 2019). 

In its turn, illegal parking also produces negative externalities 
(Shoup, 2005), as it represents bottle necks on traffic flow, increasing 
traffic congestion (Bahrami et al., 2021) and negatively impacting the 
accessibility of nearby areas (Zoika et al., 2021). High levels of traffic 
congestion lead to an increase in travel times (Fulman et al., 2020) and 
slower delivery of goods and services to companies and citizens (Tsa-
kalidis & Tsoleridis, 2015), disrupting the economic fabric of these areas 
(Inci, 2015). Additionally, traffic congestion decreases the everyday 
quality of life, as it increases fuel consumption and therefore the emis-
sion of air pollutants (Ward et al., 2019), as well as city noise levels 
(Kumar et al., 2014), derived from the slow and continual circulation of 
vehicles. Moreover, illegally parked vehicles obstruct drivers’ percep-
tion and condition pedestrian and biking behaviour and safety (Biswas 
et al., 2017; Gore et al., 2021). All these effects contribute to a degra-
dation of the accessibility and appearance of urban areas, making them 
less attractive to tourists and citizens alike, and leading to alternative 
choices of route and mode of traveling (Hensher & King, 2001). Thus, it 
is crucial to develop and implement proper parking strategies and 
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regulations to mitigate the referred problems (Young & Miles, 2015). In 
this regard, information and communication technologies, big data and 
data science emerge as necessary tools to answer public services and 
infrastructural challenges (de Castro Neto and de Melo Cartaxo, 2021). 
These technologies can be the basis for the quantification and moni-
toring of different urban phenomena, such as transportation and envi-
ronment (Jardim et al., 2022), as well as provide the necessary means to 
employ decision support systems, which can effectively support policy 
design and implementation (Ashqar et al., 2019; Kuo & Lord, 2019). 

Hence, various studies addressed illegal parking, developing de-
cisions support systems to track or predict illegalities and, thus, face the 
related issues by providing authorities with tools for illegal parking 
management. Most of these studies rely on cameras and image tracking 
devices to capture real-time vehicles committing infractions (recent 
examples are the works by Chen & Yeo (2019), Tang et al. (2020) and 
Lim & Park (2021)). Although proven effective, their implementation is 
challenging due to road environment conditions, such as weather, oc-
clusion, and lack of illumination, as well as being expensive due to 
hardware requirements (Yang & Qian, 2017) and being only able to 
cover limited spatial ranges (He et al., 2018). More recently, a few 
studies proposed data-driven frameworks that rely on factors that 
impact illegal parking, such as temporal and weather features, street 
characteristics and proximity to points of interests, using them as 
explanatory variables for predictive models (Gao & Ozbay, 2017; Gao 
et al., 2019; He et al., 2018; Jiang et al., 2020). These approaches are 
cheaper and free of environment conditioning and can present a more 
efficient alternative to video-based systems. Despite this, data-driven 
frameworks found in the literature do not distinguish between types of 
parking illegalities - for example if a car is parked on a crosswalk or on a 
reserved space, - and, with one exception, are applied only to New York 
City. 

To face the identified gaps, we propose the Illegal Parking Score 
(IPS), an indicator of the risk of illegal parking. The IPS is calculated 
based on the conditional probability of a parking infraction occurring 
given a set of conditions, namely the road segment, period of the day, 
type of day, temperature, and precipitation. According to the literature 
review conducted, this work is the first to differentiate the illegality risk 
for different parking types, namely we consider conditions access, 
reserved, sidewalk, crosswalk and disabled. This was accomplished by 
applying a text processing model to classify parking ticket’s textual 
description. Moreover, we consider other variables regarding traffic 
jams, road characteristics and proximity of services and resort to a Light 
Gradient Boosting Machine (LGBM) model to predict the IPS for unseen 
conditions. The model’s predictions are used to develop an IPS simulator 
dashboard, a decision support tool that infers the risk of illegal parking 
based on user-defined spatiotemporal and weather conditions. 

The IPS is calculated in the Lisbon municipality, in Portugal. Results 
indicate that the downtown and surrounding areas are more prone to 
illegalities, namely of access conditioning, which is the illegality type 
with a higher probability of occurring, followed by parking on reserved 
lots and parking in spaces for the disabled. Moreover, we show that 
weekdays have a higher IPS than weekends or holidays and that the 
period of 10 am to 1 pm leads to more infractions. As well, we analyse 
the weather impact and conclude that higher temperatures and low 
precipitation result in a higher risk of a parking illegality being regis-
tered. The IPS simulator will be deployed in the Lisbon City Council, 
under the framework of the Urban Co-Creation Data Lab project, to 
support local authorities and Lisbon Municipal Police in their daily op-
erations to optimize police dispatch in real-time for street patrolling. 
Likewise, it will promote transport and parking demand planning, by 
helping to identify areas that can profit from interventions, monitor 
those areas, and assist in the design and gauge of parking regulations. As 
well, the IPS is in accordance with the European Comission (2018) 
guidelines, which make clear the importance of urban indicators for 
monitoring transformations on public infrastructures, services, and cit-
izen behaviour. 

The remainder of this paper proceeds as follows. In section 2, we 
review the recent relevant literature regarding illegal parking predic-
tion. In section 3 we present, and describe the data collected and 
employed. Section 4 describes the methodology followed to develop the 
text classification model for illegality type assessment, as well as to 
calculate the IPS and implement the predictive model. In section 5 we 
present and analyse the results of this study. We conclude the work in 
Section 6. 

2. Literature review 

This section analyses the literature related to illegal parking detec-
tion and prediction, tasks which have been addressed following two 
main approaches – video-based systems and data-driven systems. 

2.1. Video-based systems 

Most illegal parking decision-support applications rely on video- 
surveillance cameras and image-processing algorithms to track ille-
gally parked vehicles with the aim of warning authorities in real-time. 
To the best of our knowledge, Boragno et al. (2007), Venetianer et al. 
(2007), Guler et al. (2007) and Porikli (2007) were one of the first to 
explore this approach following the release of the Imagery Library for 
Intelligent Detection Systems (i-LIDS) (Home Office OF UK, 2010) 
dataset for parking infractions. Their research extrapolated works 
regarding camera surveillance applications and object detection tech-
niques, combining background and foreground estimation techniques, 
like Gaussian Mixture Models (GMM) (Stauffer & Grimson, 1999) and 
texture-base methods (Heikkila and Pietikainen, 2006), with object 
classification methods like motion-type classification (Javed & Shah, 
2002). After, other studies were released following similar methods, 
with examples such as Wang & Chen (2012) and Akhawaji et al. (2018) 
that proposed an algorithm based on vehicle tracking theory combining 
GMM with Kalmar Filters (Guler et al., 2007). Most recently, some works 
have focused on the use of deep neural networks to identify illegal 
parking. To this regard, Kit Ng et al. (2018) proposed the use of Con-
volutional neural networks (Fukushima, 1980) that receive input from a 
video-based parking detection system and classify if a vehicle is parked 
illegally, allowing to automatize the detection of infractions. Similarly, 
other advanced video-processing techniques have been employed to 
illegal parking, such as the You Only Look Once algorithm (YOLO) 
(Chen & Yeo, 2019) or the Single Shot MultiBox Detector (SSD) (Tang 
et al., 2020). Recent works have also used video-processing methods for 
license plate recognition (Lim & Park, 2021; Pratama et al., 2020; Yin 
et al., 2019). Besides providing real-time notification to authorities 
about illegally parked vehicles, these methods also allow for immediate 
identification of the vehicles and owners through the license plate 
number. 

Even though these methods have a clear utility and have been proved 
effective, their implementation is challenging due to road environment 
conditions, such as weather, occlusion, and illumination changing. Also, 
it is not the case that most local authorities have the conditions and 
availability to implement vehicle tracking systems and all the necessary 
computation methods to retrieve and process the data. As well, these 
methods are only able to cover limited spatial ranges. Moreover, since 
these studies focus on real-time tracking, responsible authorities may 
not be able to know the number of illegalities or the risk associated with 
each street, until they receive the camera’s data and video-processing 
model’s outputs. 

2.2. Data-driven systems 

To face the drawbacks of video-based systems, methods that use 
spatiotemporal features have been developed and applied to predict the 
occurrence of illegal parking infractions or to calculate risk indicators of 
parking infraction. In this respect, Gao & Ozbay (2017) were one of the 
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first to propose a data-driven framework to understand the factors 
impacting double parking infractions. They collected data regarding 
parking tickets for Midtown Manhattan, in New York city, in the period 
between 8 am to 9 am, along with data regarding street features, services 
and with twitter data related to parking. The authors develop a “Double 
Parking Index” calculated using the total number of vehicles, multiplied 
by the average duration of double parking for each street block, 
resorting to a Random Forest to classify the “Double Parking Index” into 
light, moderate or severe. 

With a different approach, He et al. (2018) resorted to shared bike 
trajectories data from Mobike (Weiwei & Wang, 2015), to design an 
illegal parking detection system for Beijing, based on the hypothesis that 
most illegal parking events happen at curb sides and have significant 
impact on bike users’ trajectories. The authors started by modelling the 
normal trajectory of bicycles and then extract features from all the tra-
jectories, namely the shifts compared to the normal trajectory distri-
bution, using this in a Kolmogorov-Smirnov test (Massey, 1951) based 
method and threshold selection criteria to discover the illegal parking 
events. 

Furthermore, S. Gao et al. (2019) resorted to 10,8 million parking 
violation tickets from New York, to predict the number of infractions at 
different spatial levels. Considering point, street, Census track and 1 km 
grid levels they collected temporal features (time of the day and day of 
week), features related to the characteristics of the location (street 
width, length, type, and if it is a two-way street) points of interest in the 
area (employment centre, retail stores, health-care services, shopping 
centres) and features of human mobility from the SafeGraph (Hoffman, 
2016) database user’s smartphone GPS history. Resorting to different 
machine learning methods, the authors first performed a binary classi-
fication, predicting if a given time and location has any infraction and 
then predict the ticket counts for each location that has at least one 
infraction. 

Finally, Jiang et al. (2020) proposed a deep learning framework for 
forecasting the number of illegal-parking events in city grids of 0,5 km X 
0,5 km. The authors collected 685,426 records of illegal parking be-
tween 2015 and 2019, for New York, and resorted to informative fea-
tures for parking decisions, namely road network characteristics, like 
direction, type (if motorway, primary, etc.), length, number of lanes, 
lane slope and number of traffic lights; the Points of interest in a grid, 
such as transportation sites, entertainment and companies; and hourly 
data regarding weather (temperature, humidity, if it is raining, fog or 
snow) and traffic. 

These data-driven methods either consider only one type of infrac-
tion – double parking in the case of Gao & Ozbay (2017) or do not 
differentiate the infraction type, in the case of He et al. (2018), S. Gao 
et al. (2019) and Jiang et al. (2020). Also, all works except for He et al. 
(2018) are applied to New York city, leaving a gap in the literature 
regarding the application of illegal parking prediction methods in other 
regions. This way, we believe there is an opportunity to enrich the 
current literature by resorting to the features used in previous works to 
develop a decision-support system that assesses the risk of illegal park-
ing for different illegality types. Our goal is to provide authorities with a 
tool to support decision making regarding parking surveillance, as well 
as support the implementation of parking regulation and gauge its im-
pacts. Additionally, our system is applied to the Lisbon Municipality, in 

Portugal, a city where, according to the literature, data driven systems 
for parking prediction have never been employed. 

3. Data 

In this Section, we present the datasets used to calculate the Illegal 
Parking Score. We explain the collection and aggregation process, the 
definition of the illegality classes as well as describe the extra features 
used for the predictive model. 

3.1. Illegalities dataset 

The proposed methodology was applied and tested in the city of 
Lisbon. Lisbon is the capital of Portugal, with 544,581 inhabitants 
accordingly to the preliminary results of the Portuguese census of 2021 
(INE, 2021). Lisbon occupies an area of 100 km2, in the north margin of 
Tagus River presenting a Mediterranean climate with short and mild 
winters and warm summers. The city has a Gross Domestic Product that 
amounts to 58 billion euros (considering the entire Metropolitan Area). 
In 2019, Lisbon ranked 63 in the Euromonitor rank of cities with the 
most international visitors, with a total of 3,539,400 visitors (Interna-
tional, 2019). 

The dataset on illegal parking occurrences was provided by the Lis-
bon Municipal Police, and considers illegalities from 02/01/2017 to 31/ 
12/2020, making up for a total of 89,126 illegalities. The illegalities are 
characterized by date and time, details, geographic coordinates, and 
address. These features are described in Table 1. 

A preliminary analysis shows that the number of Illegal parking oc-
currences in Lisbon displays a worrying increase in the last years, having 
grown 21 %, from 2017 (23,303 illegalities) to 2019 (28,101 illegal-
ities). Naturally, in 2020, due to the COVID-19 pandemic, illegal parking 
values dropped acutely to 9,271 illegalities. Overall, the months of 
February, March and October present the most illegalities, while Sat-
urday is the day with more illegal parking. On the 7th of December 
2019, Lisbon registered the highest number of illegalities in the last 
three year, with a total of 159 occurrences across the city. 

The road segments of the Lisbon Municipality were provided by the 
Lisbon City Council (CML). Fig. 1 displays a map with the road network 
in the area under study. Resorting to ArcGIS,1 we mapped each illegal 
parking occurrence based on its coordinates to the closest road segment 
in the Lisbon Municipality, ending up with a total of 9,298 road seg-
ments from 3,098 roads. 

To differentiate between types of illegal parking we resort to the 
Description feature. The details of each infraction are written directly by 
the officer who managed it, resulting in non-standardized text that 
varies across the entire dataset, even for similar parking illegalities. 
Hence, to ensure a higher level of homogeneity in our dataset and enable 
illegality type distinction, we developed a text classification model to 
classify each infraction into an illegality type based on the description, 
in one of seven classes - on crosswalk, on sidewalk, conditions access, 
disabled, reserved, others and unknown. These classes were based on the 
parking illegalities included in articles 48 to 52, 70 and 71 of the Por-
tuguese traffic regulations code (Ministério da Administração Interna, 
2013), regarding illegalities that take place within built-up areas. The 
illegality classes and their description are compiled in Table 2. 

Moreover, to consider explanatory temporal features, as seen in S. 
Gao et al. (2019) and Jiang et al. (2020), we resort to the Datetime 
column of the illegality’s dataset. Since most specific time periods do not 
have any occurrences of illegal parking, we aggregated the events in 
periods of hours. Likewise, we also used the Datetime feature to produce 
a day type flag, identifying whether a given day is a working day or a 
weekend and/or holiday. Additionally, we collected hourly data 
regarding weather variables, as done by Jiang et al. (2020). Namely we 

Table 1 
Descriptive features of illegal parking occurrences in Lisbon.  

Feature Description 

Datetime Date and time of illegal parking occurrence 
Description Details and explanation of the illegality as written by the responsible 

officer 
Latitude Latitude of illegal parking occurrence 
Longitude Longitude illegal parking occurrence 
Address Address of illegal parking occurrence  

1 https://www.arcgis.com/. 
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retrieved the temperature and precipitation from the Portuguese Insti-
tute for Sea and Atmosphere (IPMA) (Instituto Português Do Mar e Da 
Atmosfera, 2021), recorded at three weather stations in Lisbon. Both 
datasets were aggregated by the hour periods defined previously, and 
the variable’s values were reformulated as classes. Then, we assign to 
each road segment, the temperature and precipitation values of the 
closest weather station. Table 3 compiles the features of the aggregated 
dataset. 

Fig. 1. Lisbon road network map. A total of 9,298 road segments from 3,098 roads were collected from CML.  

Table 2 
Parking Illegality types retrieved from the Portuguese traffic regulations code 
and their description.  

Illegality 
class 

Description 

conditions 
access 

Vehicles parked in places where people or vehicles have access to 
properties, parks, garages, or parking spaces. 

crosswalk Vehicles parked or stopped less than 5 m before a signposted 
pedestrian crossing. 

sidewalk Vehicles parked or stopped on the sidewalk preventing pedestrian 
passage. 

disabled Vehicles parked in places identified as parking reserved for people 
with mobility-impairing disabilities. 

reserved Vehicles parked in places reserved for certain types of vehicles, 
upon signage. 

others When the illegality description does not fit any of the other classes. 
unknown When there are no details.  

Table 3 
Final dataset used for the calculation of the Illegal Parking Indicator and 
description of the values for each feature.  

Feature Description 

Road 
segment 

Unique identifier of the road segment. 

Period Hour period of the day: [12 pm; 3am], [4am; 6am], [7am; 9am], 
[10am; 1 pm], [2 pm; 4 pm], [5 pm; 8 pm], [9 pm; 11 pm] 

Day type Flag identifying weekends and holidays. 
Temperature Average of period in degrees Celsius: [-∞; 10], [11; 20], [21; 30], 

[31; 40] 
Precipitation Sum of precipitation by period in millilitres: [0; 0,01], [0,02; 2,5], 

[2,6; 5], [6; +∞] 
Illegality 

class 
Type of illegal parking event.  

Table 4 
Additional features used as explanatory variables for IPS prediction model, their 
description and source. Acronyms: Lisbon City Council (CML), Lisbon Open Data 
Portal (LA), Companhia Carris de Ferro de Lisboa (CARRIS).  

Extra feature Description Source 

Waze jams Total number of traffic jams in a road segment during 
the period considered (02/01/2017 to 31/12/2020). 

CML 

Lanes Number of lanes in a road segment. CML 
Max velocity Maximum velocity allowed in a road segment. LA 
Length Road segment length in meters. LA 
Traffic Lights Flag identifying if the road segment is in a traffic light 

area. 
LA 

Health 
Facilities 

Count of hospitals and health centres in the area close 
to the road segment. 

LA 

Schools Count of schools in the area close to the road segment. LA 
Universities Count of universities in the area close to the road 

segment. 
LA 

Train stations Count of train stations in the area close to the road 
segment. 

LA 

Subway 
stations 

Count of metro stations in the area close to the road 
segment. 

LA 

Bus stops Count of bus stations in the area close to the road 
segment. 

CARRIS1 

1https://www.carris.pt/. 
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3.2. Features for prediction model 

With the purpose of enriching the data available for the IPS predic-
tion model, we collected a set of additional features that can be infor-
mative regarding parking choices. These features are compiled in 
Table 4 and, except for Waze jams, Lanes and Bus stops, are publicly 
available from the Lisbon Open Data Portal2 (LA). Again, we resort to 
ArcGIS to map and aggregate each feature per road segment. 

The feature Waze jams informs whether a road segment is prone to 
traffic congestions, which is a dimension also considered by Gao & 
Ozbay (2017) and Jiang et al. (2020); The features number of lanes, 
length, maximum velocity, and traffic lights describe the road segment’s 

characteristics. The features health facilities, schools, universities, train 
stations, subway stations, and bus stops characterize a road segment 
based on its surrounding services and points of interest and inform 
regarding the level of citizen attraction for the zone where the road 
segment is situated. A similar characterization for the roads and their 
surroundings is done in the related literature (Gao & Ozbay, 2017; Gao 
et al., 2019; Jiang et al., 2020). 

4. Methodology 

In this section, we present and explain the methods applied for the 
calculation of the Illegal Parking Score. We start by describing the text 
classification model used to classify the illegality types. Then, we 
explain how the IPS is calculated, as well as describe the model used to 
compute the IPS for unseen conditions. 

4.1. Text classification model 

The text classification model is composed of two modules – a sen-
tence encoder and a classifier. Fig. 2 illustrates this architecture. To feed 
the details’ text into machine-readable input for the classifier, it is 
required to transform it into a vectorial representation (embeddings). 
Since we intended to develop a generalizable model to guarantee 
reproducibility in other locations, we resorted to a language agnostic 
text encoder. Likewise, we wanted to ensure that the text encoder model 

fits standard computation capacity. This way, to derive cross-lingual 
embeddings we used DistilBERT (Sanh et al., 2019), a small Trans-
former (Vaswani et al., 2017) model based on Bidirectional Encoder 
Representations from Transformers (BERT) (Devlin et al., 2019) archi-
tecture, that compresses BERT through a distillation process (Hinton 
et al., 2015) – the process of transferring knowledge from a large model 
to a smaller one – making use of only 66 million parameters, instead of 
the 110 million used in BERT. 

The sentence encoder receives the illegality’s descriptions d = [d1,d2,

⋯,dn], returning an embedding en for each description, which is then fed 
to the classification module – a multinomial logistic regression (Bohn-
ing, 1992). The logistic regression outputs the probability for each class 
and the class with the highest probability is assigned to the input record. 

The model was trained in a supervised fashion, resorting to 412 
human-classified illegality details. These were divided based on a 70 

Fig. 2. Text classification model based on DistilBERT and Multinomial Logis-
tica Regression. It is composed of two modules: 1) a sentence encoder that 
receives each description and generates dense vectorial representations; and 2) 
a classifier that receives the vectors for each description and classifies it into an 
illegality type. 

Fig. 3. Illegal Parking Score Pipeline. First, the conditional probability for each illegality type is calculated based on historical conditions. For unseen conditions, 
extra features are employed and a LGBM model is used to predict the illegal parking score value. 

2 https://lisboaaberta.cm-lisboa.pt. 
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%-30 % train-test split. The logistic regression weights are adjusted 
inversely proportional to class frequencies, with the cross-entropy loss 
function (Cox, 1959) and the Limited-memory Broyden–-
Fletcher–Goldfarb–Shanno (lbfgs) solver with an L2 regularization pen-
alty. The model achieved an overall F1-Score of 0.88, being disabled the 
class with the highest performance with a F1-Score of 1.00, followed by 
conditions access with 0.90 and reserved with 0.89. For all other classes, 
the model achieved a F1-Score above 0.83, except for others, which had 
an F1-Score of 0.59. 

4.2. Score calculation 

To calculate the risk score of illegal parking we applied the Bayes’ 
theorem, which describes the probability of an event based on the prior 
knowledge of the conditions that might be related to the event (Joyce, 
2003). The Bayes theorem formulated to our tasks is stated mathemat-
ically in the following equation: 

P(Ii|C) =
P(C|Ii)P(Ii)

P(C)
(1) 

Where P(Ii|C) is the conditional probability of an illegality I of class i 
occurring given that a condition C is true, where C = [road, period,
daytype, temperature, precipitation]. P(C|Ii) is also a conditional probabil-
ity, in this case, the probability of a condition being observed, given 
there was an illegality of a certain class. Finally, P(Ii) and P(C) are the 
probability of observing an illegality I of class i and the probability of 
observing a condition C, respectively. By applying this equation to our 
data, we achieve the conditional probability of observing a parking 
infraction of each class given a condition, i.e., the risk of infraction 
associated with each combination of road segment, period, day type, 
temperature, and precipitation. To allow a better comprehension of the 
probability of illegal parking, the calculated values are multiplied by 
100,000. These final values represent the Illegal Parking Score (IPS). 

4.3. Prediction model 

It is not always the case that all the conditions, i.e., combination of 
road, period, day type, temperature, and precipitation, are observed in 
the period considered, making it impossible to calculate the risk asso-
ciated. Thus, to calculate the IPS for unseen conditions, we resort to a 

Fig. 4. Heat maps of the illegal parking score for each illegality class in Lisbon.  
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Light Gradient Boosting Machine (LGBM) (Ke et al., 2017). The LGBM is 
a gradient boosting framework - a prediction model in the form of an 
ensemble of weak prediction models -, that uses tree-based learning 
algorithms and grows a tree leaf-wise based on highest expected 
decrease in loss. To find the best split, LGBM uses two techniques: 
Gradient-Based One-Side Sampling (GOSS), which chooses between 
data instances with higher information gain; and Exclusive Feature 
Bundling (EFB) a feature reduction method, particularly effective in 
sparce features spaces, that allows to improve efficiency without loss of 
accuracy. 

The LGBM model implementation task was twofold – first a classi-
fication algorithm was used to identify the observations where the 
probability of infraction was higher than zero; in the second stage, from 
the identified observations in the previous step, LGBM was used as a 
regressor to assign an IPS value for each observation. The model was 
trained with a dataset split based on a 70 %-30 % train-test split, using 
the known IPS values as the dependent variable. The model used for 
classification has an Area Under Curve (AUC) of 0.88. The model used 
for regression was assessed through the Mean Absolute Percentage Error 
(MAPE) having an error on validation data of 53 %. 

Combining the initial IPS with the LGBM prediction model results, 
we developed the Illegal Parking Score Simulator, a tool developed in 

Power BI,3 that allows to simulate the IPS in a road segment based on 
filtered conditions – road, period, day type, temperature, and precipi-
tation. Fig. 3 displays the complete systems implemented for the IPS 
calculation and prediction, as well as simulation. 

5. Results and discussion 

In this section, we present the results regarding the Illegal Parking 
Score at various levels, display the IPS Simulator and demonstrate some 
of its capabilities. 

5.1. Illegal parking score (IPS) 

We start by analysing the IPS’s spatial distribution. Fig. 4 displays 
four heatmaps of the IPS regarding each illegality class in Lisbon. In 
Fig. 4 (a), conditions access exhibits relatively high IPS values across the 
municipality, but higher values are concentrated in more central areas 
and areas surrounding downtown, namely the parishes of “Estrela”, 
“Misericórdia”, “Santo António”, “Santa Maria Maior”, “Arroios” and 
“São Vicente”, as well as in the area around the airport, on the northeast 
of Lisbon. The heatmap for reserved, displayed in Fig. 4 (b), shows higher 
values of IPS in the parish of “Arroios” and in “Praça de Espanha”, but, 
overall, the risk of illegality is less spread around the city. As for disabled 
(Fig. 4 (c)), the risk of this type of infraction seems to also be spread 
across Lisbon, with higher values appearing close to “Estádio da Luz”, in 
the northwest of the city. For crosswalk Fig. 4 (d)) and sidewalk (Fig. 4 
(e)), the heatmaps reveal that these classes are less spread around Lis-
bon, having only specific locations with high IPS, close to “Feira da 
Ladra”, in the case of sidewalk, and, in the case of crosswalk, in “Areeiro”. 

Looking at the road level, “Avenida da Liberdade”, has the highest 
overall IPS value, with a score of 339.00, followed by “Campo de Santa 
Clara” with an IPS of 204.08, and “Avenida José Malhoa” with an IPS of 
197.98. Since longer roads may contain many segments, this can result 
in a high intra road IPS variation. Taking as an example “Avenida da 
Liberdade”, the road with the highest IPS and one of the busiest roads in 
Lisbon, the spatial drill down shown in Fig. 5 allows to identify which 
segments contribute the most to the risk of infraction. In this road, the 
IPS ranges from 4.61, in the middle segment in green, to 339.00, in the 
red segment next to the former. 

Next, in Fig. 6, we compare the number of infractions by illegality 

Fig. 5. Segment-level illegal parking score in Avenida da Liberdade. Overall risk of illegality is higher on the west and central lane of the avenue.  

Fig. 6. Illegal parking score by illegality type in all roads and in Avenida 
da Liberdade. 

3 https://powerbi.microsoft.com/. 
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class between all roads and “Avenida da Liberdade”. The class with the 
higher IPS for all roads is conditions access, with a score of 34.05, fol-
lowed by reserved, with a 21.77 score. Inversely, sidewalk and disabled 
present lower values with a 5.54 and 5.42 scores, respectively, whereas 
the infraction class with a lower IPS is crosswalk, with an IPS of 0.02. 
With a slightly different pattern, “Avenida da Liberdade” shows higher 
IPS values for all classes, except crosswalk. Moreover, for this road, 
reserved is the class with the highest probability of illegality, with and 
IPS of 274.49, a value substantially higher than conditions access, that 
comes in second place with 52.39. 

Regarding the temporal dimension, the highest infraction risk can be 
found in the period between 10 am and 1 pm, the second highest IPS is 
on the period immediately after, between 2 pm and 4 pm, with values 
decreasing until the end of the day. The period with the lowest risk 
associated is the one between 4 am and 6 am. As for the day type, 
conditions access and reserved, show a higher IPS on working days, while 
disabled, sidewalk and crosswalk, have a similar risk for working days and 
weekends/holidays. Overall, working days have a higher IPS when 
compared to weekends and holidays. 

Furthermore, we analyse the IPS concerning temperature and pre-
cipitation dimensions. Fig. 7 compiles the distribution of the IPS be-
tween classes and by temperature levels. Temperatures over 21C◦ seem 
to increase the risk of illegal parking for all classes, while low temper-
atures, until 10 ◦C, have a lower score associated. As for precipitation, 
the data shows that low or no precipitation increases the probability of 
parking infraction for all classes except for reserved, where the IPS is 
constant across precipitation levels, and for disabled, which presents a 
higher probability of illegality when precipitation levels are above 5.1 
mm. 

5.2. IPS simulator 

The developed simulator allows for users to define the conditions, i. 
e., the road segment, period, type of day, temperature, and precipitation 
levels, and compare the resulting IPS against the overall IPS for the 
defined road segment. Fig. 8 displays two snapshots of the IPS Simulator. 

The tool is publicly available at Lisbon open data portal.4 

In Fig. 5 (a), we selected the road segment from “Avenida da Lib-
erdade” with the highest IPS and filtered for working days, 0 mm to 0.01 
mm of precipitation, 11◦ C to 20◦ C and the period from 4 am to 6 am. 
This resulted in a IPS decrease from 339.00 to 32.87, also observable at 
the level of the illegality class. Alternatively, Fig. 5 (b) displays a sce-
nario where the inferred score increased from the original value of 
339.00 to 568.18. In this case, we filtered for weekends/holidays, pre-
cipitation and temperature were kept as in Fig. 5 (a), and we set the hour 
period from 8 pm to 11 pm. 

Has shown, the simulator allows for dynamic calculation of the IPS 
for every illegality class in a road segment. Hence, if filtered for the 
current temporal and weather conditions, the simulator can infer the 
risk of illegality for the present time, i.e., the IPS score can be calculated 
for real-time conditions. 

Hence, in Fig. 9 it is displayed a dashboard for real-time IPS calcu-
lation by illegality type. Also, in this dashboard, it is shown the last il-
legalities that occurred. We note that the last update shown is for the 
31st of December 2020, since this is the last date available in the ille-
galities dataset. Nevertheless, this dashboard is set to receive values for 
the current date and be updated for current conditions. 

6. Conclusions, limitations and future work 

We proposed the Illegal Parking Score, a novel score for measuring 
the risk of parking illegalities that computes the conditional probability 
of different illegality types based on spatiotemporal conditions, namely 
road segment, period of the day, day type, temperature, and precipita-
tion. The illegality classes were obtained based on a classification model 
that processes the description of each parking ticket. A LGBM model was 
implemented to aid in the score calculation for unseen conditions, also 
employing extra explanatory variables regarding traffic jams, road 
characteristics and road surrounding services. Lastly, we developed a 

Fig. 7. Distribution of the illegal parking score by illegality type and temperature.  

4 https://lisboaaberta.cm-lisboa.pt/index.php/pt/apps-e-analitica/ucd-lab. 
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IPS simulation tool that allows to filter the spatiotemporal conditions 
and infer the associated IPS. 

The results show that areas close to downtown have higher risk of 
infraction and conditions access is the most prominent class of illegality. 
The period between 10 am to 1 pm is the time of the day where it is likely 
for an infraction to occur, while higher temperatures (above 21 ◦C) and 
no rain or low values of rain (below 0.01 mm) are associated with more 
parking illegalities. 

We believe this tool can empower the responsible authorities as it 
considers different illegal parking categories and spatial detail, allowing 
for more targeted, efficient, and effective parking management policies. 
By analysing the infraction patterns, predicting, and simulating current 

and future scenarios, authorities can allocate human resources more 
efficiently and respond to unexpected situations more quickly. As well, 
this research offers the possibility for the definition of critical areas that 
would profit from the delineation of parking regulation and provides a 
tool to measure and simulate the impact of these regulations at a 
detailed spatial level. Besides this, the IPS simulation tool can provide 
useful information for the optimized dispatch of police officers for 
controlling for parking illegalities. 

Our work is limited by the fact that the number of parking illegalities 
is conditioned by officer patrolling, which means that areas with less 
presence of authorities will have a lower illegal parking score. Also, the 
current format of the simulator does not allow to filter for the extra 

Fig. 8. IPS Simulator where a) filtered conditions lead to a lower inferred IPS, and b) where filtered conditions lead to a higher inferred IPS.  
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features considered in the LGBM model. Hence, as future work, we 
would like to include these extra features in the IPS simulator and study 
the inclusion of other relevant features for the risk score calculation and 
prediction, which would allow for a more dynamic computation of the 
IPS and could result in more reliable predictions. Additionally, the 
proposed methodology can be applied to other cities, providing a 
framework for the development of parking control services, that can be 
used for parking management and operational purposes. 

Finally, we note that the simulator, along with the IPS calculation 
method and LGBM model, will be deployed in the Lisbon City Council. 
As such, this is an ongoing work, that requires the continual collection of 
data and communication with authorities. 
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