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a b s t r a c t 

The proliferation of urban areas and the concurrent increase 

in vehicular mobility have escalated the urgency for ad- 

vanced traffic management solutions. This data article in- 

troduces two traffic datasets from Madrid, collected be- 

tween June 2022 and February 2024, to address the chal- 

lenges of traffic management in urban areas. The first dataset 

provides detailed traffic flow measurements (vehicles per 

hour) from urban sensors and road networks, enriched with 

weather data, calendar data and road infrastructure details 

from OpenStreetMap. This combination allows for an in- 

depth analysis of urban mobility. Through preprocessing, data 

quality is ensured by eliminating inconsistent sensor read- 

ings. The second dataset is enhanced for advanced predic- 

tive modelling. It includes time-based transformations and 

a tailored preprocessing pipeline that standardizes numeric 

data, applies one-hot encoding to categorical features, and 

uses ordinal encoding for specific features. In constructing 

the datasets, we initially employed the k-means algorithm to 

cluster data from multiple sensors, thereby highlighting the 

most representative ones. This clustering can be adapted or 

modified according to the user’s needs, ensuring flexibility 

for various analyses and applications. 
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This work underscores the importance of advanced datasets 

in urban planning and highlights the versatility of these re- 

sources for multiple practical applications. We highlight the 

relevance of the collected data for a variety of essential 

purposes, including traffic prediction, infrastructure planning, 

studies on the environmental impact of traffic, event plan- 

ning, and conducting simulations. These datasets not only 

provide a solid foundation for academic research but also for 

designing and implementing more effective and sustainable 

traffic policies. Furthermore, all related datasets, source code, 

and documentation have been made publicly available, en- 

couraging further research and practical applications in traf- 

fic management and urban planning. 

© 2024 The Authors. Published by Elsevier Inc. 

This is an open access article under the CC BY-NC license 

( http://creativecommons.org/licenses/by-nc/4.0/ ) 
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pecifications Table 

Subject Transportation Management 

Specific subject area Datasets for urban traffic analysis in Madrid, created using traffic sensor data, 

data about weather conditions, calendar data and road data. 

Type of data Analyzed 

Filtered 

Processed 

Multi-source 

Data collection We exploited data obtained through urban sensors deployed across the road 

network in the city of Madrid, complemented with meteorological data from a 

local weather station and the city’s work calendar, all accessible through 

Madrid’s Open Data Portal [ 1 ]. The information on the road infrastructure was 

extracted from OpenStreetMap [ 2 ] and processed using OSMnx [ 3 ]. To 

streamline the integration of these diverse data sources, custom Python scripts 

were developed. To ensure the integrity and quality of the data, a 

preprocessing process was implemented. This included the removal of 

anomalies, discarding incomplete data (NaNs), the cross-validation of sensor 

information, and the normalization of categorical variables using advanced 

encoding techniques. To facilitate the analysis and understanding of traffic 

patterns, the k-means [ 4 ] algorithm was employed, allowing for the effective 

grouping of data from various sensors. These datasets, product of extensive 

integration of publicly available data sources and processing work applied to 

prepare and enhance the resulting dataset, are novel and provide a unique 

perspective on urban mobility. 

Data source location Country: Spain. 

Region: Community of Madrid. 

City: Madrid 

Coordinates: 40 °24′ 59" latitude and 3 °42′ 09" longitude. 

Data accessibility Repository name: Mendeley Data 

Data identification number: 10.17632/697ht4f65b.1 

Direct URL to data: https://data.mendeley.com/datasets/697ht4f65b/1 

. Value of the Data 

• The datasets built and provided are valuable because they offer a com prehensive view of ur-

ban traffic patterns, combining real-time sensor data with weather conditions, the city’s work

schedule, and urban road data. This unique combination allows for a nuanced understanding

of traffic dynamics in relation to various external factors, essential for urban planning and

environmental studies. 

http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.17632/697ht4f65b.1
https://data.mendeley.com/datasets/697ht4f65b/1
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• Providing two distinct datasets significantly enriches the value of this collection for the sci-

entific community. It gives researchers the flexibility to tackle a wide range of research ques-

tions, from descriptive analysis to the development and validation of complex predictive

models. 

• The datasets can be useful to develop and test predictive models of traffic flow, enabling

the anticipation of congestion and the optimization of traffic management strategies. This

has implications not only for urban mobility but also for reducing environmental impacts

through more efficient vehicle flow. 

• Environmental scientists and urban planners could analyse the correlation between traffic

patterns and pollution levels, leveraging the data to propose interventions that mitigate ur-

ban air pollution. This is crucial for cities looking to improve air quality and public health. 

• The openness of the code for dataset generation, combined with its high parameterization

through its variables, grants researchers the capability to adjust or extend the code used for

the processing and integration of data according to other potential existing needs. This un-

locks a broad spectrum of possibilities for revolutionizing how data-driven approaches can

influence urban design and public policy formulation. The source code, documentation, re-

quired data, and datasets are located in a GitHub repository [ 5 ], which will be accessible to

interested parties. 

2. Background 

The datasets were compiled in the context of increasing urbanization and enhanced mobility

in metropolitan areas, with a specific focus on the city of Madrid in Spain [ 6 ]. The main mo-

tivation to build this dataset was to have an integrated and rich collection of data that can be

used to study the challenges of traffic congestion, a perennial problem in large cities that affects

economic and environmental sustainability [ 7 ], as well as the quality of life. Traditional traffic

management strategies often fall short due to their isolated handling of data sources, without

capturing the dynamic interaction between various factors influencing traffic flow. These datasets

integrate diverse data sources, including urban sensor data (see Fig. 1 ), weather conditions, and

road infrastructure information, along with calendar information to provide a comprehensive

view of traffic dynamics. This type of dataset can contribute to the development of sustainable

urban mobility solutions by facilitating detailed analysis and modelling of traffic behaviours, thus

supporting more informed decisions in policy and urban planning. 

3. Data Description 

In this study, two main datasets have been created to analyse urban traffic dynamics in

Madrid. These data cover the period from June 1, 2022, to February 29, 2024, and are published

in CSV format on Mendeley Data [ 8 ], facilitating their accessibility and manipulation for research

purposes. Besides, we also provide the code used to generate them [ 5 ], so it could be revised,

fine-tuned and extended (if needed) according to other potential existing needs. To illustrate

the depth and application of these datasets, Fig. 2 presents an interactive map displaying the

locations of all traffic sensors used, with features enabling viewers to see real-time geographic

coordinates and meteorological conditions for each sensor. As another example, Fig. 3 provides

a temporal graph showing weekly traffic patterns, highlighting daily and weekly traffic fluctu-

ations. These visual aids foster a comprehensive understanding of the data collection and the

analytical possibilities they offer. 

On the one hand, the first dataset that we provide, that we call ‘DADAS’ (Descriptive Anal-

ysis DAtaSet), constitutes an exhaustive compilation of traffic intensity in Madrid, gathering

18,012,128 rows of data and covering 300 unique sensor identifiers, collected from June 2022

to February 2024. This rich source of information comes from an advanced network of urban
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Fig. 1. Localization of traffic sensors (black dots) from the datasets — Madrid, Community of Madrid, Spain. 

Fig. 2. Interactive traffic sensor map of Madrid. 
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nd highway sensors, capturing traffic intensity in 15 min intervals, expressed in vehicles per

our. The capture devices, predominantly electromagnetic loops installed under the pavement

 9 ], offer precise measurements of the vehicles passing by. The raw base traffic sensor data are

ublished in the Open Data Portal of Madrid [ 10 ], but we have performed significant processing

ver these data and integrated them with other data sources. Through a meticulous preprocess-

ng process, traffic data were filtered to eliminate inconsistencies. The preprocessing involved

everal steps crucial for ensuring data quality and usability. Outliers, duplicates, and incom-

lete data were excluded, along with data from sensors recording fewer than 1,0 0 0 samples per

onth—well belo w the expectation of 2,880 samples per month (according to the sensor sam-
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Fig. 3. Temporal visualization of a selected sensor (Orange: Holidays, Blue: Weekends, Green: Weekdays). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

pling rate of one measurement every 15 min). The threshold for excluding sensors that record

fewer than 1,0 0 0 samples per month is configurable, enabling easy adjustments to meet differ-

ent analysis needs or data availability constraints. After applying this threshold, 976 sensors re-

main in the dataset. Additionally, the sensor data are collected in 15 min intervals and measured

as the number of vehicles per hour; however, the code is structured to allow quick adaptation

to other coarser time granularities that might be required. The data were further enriched with

climatic information and road infrastructure data through OSMnx [ 3 ], based on OpenStreetMap

[ 2 ], facilitating a multidimensional analysis of traffic flow. 

Initially, simple clustering is applied to select the most representative sensor data, making

the dataset more focused and relevant for analysis. The number of sensors included in the clus-

tering is set to 300. The clusters are based on scaled characteristics (mean, median, and standard

deviation of traffic intensity). Each sensor is assigned to one of the 300 clusters. In the end, each

sensor will have an associated cluster number. For each of the 300 clusters, a representative sen-

sor is selected. This sensor is the one with the smallest distance to the group’s mean (centroid).

This selection captures the variability and geographic diversity of the data, ensuring a statisti-

cally significant sample while maintaining manageable computational requirements. Based on

statistical calculation, 273 sensors are sufficient to ensure a statistically significant sample for

our population size, assuming a maximum variability (proportion of 0.5, which is a frequently-

used defaut value, as it provides a worst-case sample size), a 95% confidence level, and a 5%

margin of error; this calculation is for, determining a suitable sample size in a finite population,

using Cochran’s formula adapted for finite populations [ 11 ]. Moreover, the computational cost

analysis showed that clustering with 300 sensors requires approximately 30 % of the compu-

tation time needed when using all 947 sensors, making it significantly more manageable. The

choice of 300 sensors serves as an example, with this parameter being configurable within the

code. Users can adjust the number of sensors or clusters as needed, or even disable clustering

altogether. The implementation of the k-means algorithm [ 12 ] for optimizing cluster analysis

and the use of efficient search techniques such as KD trees [ 13 ] for the geographical assignment

of measurement points underscore the rigorous approach adopted to maximize data accuracy

and usefulness. The removal of outliers, duplicates, and incomplete data, along with the adapta-

tion of the measurements to hourly values, ensure a coherent and analytically viable database.

This holistic approach guarantees that the datasets are not only representative of traffic flow in

Madrid but also optimal for future research in the field of urban mobility. 

On the other hand, our second dataset, that we call ‘MLDAS’ (ML-oriented DAtaSet), is a

dataset derived from the previous dataset DADAS. It is primarily intended for predictive analysis

and pattern detection in sensor behaviour. The preprocessing of the data transforms the ‘date’
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Table 1 

Feature comparison of the two datasets provided: DADAS vs. MLDAS. 

Feature DADAS MLDAS 

Data Source Urban and highway sensors in Madrid enriched 

with weather conditions, calendar data and 

road data. 

Derived from DADAS, further processed to 

tailor for machine learning applications. 

Purpose Useful for detailed and descriptive analysis. Useful to facilitate predictive modelling 

and model validation. 

Table 2 

DADAS statistics of the traffic flow intensity attribute. 

Statistic Value 

Count 18,012,128 

Mean 566.73 

Standard Deviation 548.87 

Minimum 0.00 

25th Percentile 151.00 

Median (50%) 397.00 

75th Percentile 819.00 

90th Percentile 1,329.00 

Maximum 47,784.00 
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olumn into a datetime object (Facilitates time-based analysis), extracts the month, hour, and

ay of the week, and applies trigonometric encoding to the hour to effectively capture cyclical

atterns. A preprocessing pipeline standardizes numeric features, applies one-hot encoding to

ategorical features, and uses ordinal encoding for specific features, thus preparing the data for

dvanced machine learning models (e.g., neural networks, support vector machines, and com-

lex ensemble methods). Table 1 succinctly captures the primary differences and applications of

ach dataset, illustrating how they serve distinct but complementary purposes in urban mobility

esearch. 

Traffic intensity, measured as the number of vehicles per hour passing through a check-

oint, is the backbone of the analysis of vehicular flow in Madrid. A detailed examination of

his variable, as summarized in Table 2 , reveals a complex and multifaceted panorama of traffic

ehaviour in the city. The dataset, covering from June 2022 to February 2024, offers valuable

nsights into urban dynamics and allows the identification of congestion patterns, peak times or

eather conditions on traffic. The observed variability, from quiet streets to congested arteries,

nderscores the importance of an adaptable and well-informed approach to mobility planning

nd traffic management interventions. 

Tables 3 and 4 provide detailed descriptions of each column in the DADAS and MLDAS

atasets, including the data type, units of measurement (where applicable), and a brief descrip-

ion of the information they provide. Both tables summarize the structure and type of informa-

ion contained in each dataset, providing a clear foundation for analyzing and interpreting traffic

atterns in Madrid. By detailing the units and describing each column, these tables enable un-

erstanding of how each attribute contributes to the study of traffic and its interaction with

xternal factors such as the weather and road infrastructure. 

. Experimental Design, Materials and Methods 

Our study utilizes a comprehensive methodological framework to process and assemble traf-

c data in Madrid. The sequence of data processing steps from initial data retrieval through to

ADAS preparation is outlined in Fig. 4 . This includes integrating multiple data sources, such

s traffic intensity data, sensor locations, work calendar, weather conditions, and road informa-

ion. Fig. 5 illustrates the conversion of the Descriptive Analysis Dataset (DADAS) into the ML-
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Table 3 

Description of attributes in the DADAS dataset. 

Attribute Data Type Units Description 

id Integer Unique identifier of the sensor. 

date Date and Time Date and time of the measurement, indicating 

the moment of data collection. 

longitude Float Degrees Geographical longitude of the sensor. 

latitude Float Degrees Geographical latitude of the sensor. 

traffic_intensity Integer Vehicles/hour Traffic intensity, measured as the number of 

vehicles passing by the sensor per hour. 

day_type Category Type of day (Working day, Holiday, Sunday or 

Saturday) to characterize traffic according to 

the calendar. 

wind Float m/s Wind speed at the time of the measurement. 

temperature Float °C Ambient temperature at the time of the 

measurement. 

precipitation Float mm Accumulated precipitation during the hour 

prior to the measurement. 

original_point WKT (Well-Known 

Text) 

Geographic location of the sensor in 

geographic coordinates format. 

closest_point WKT (Well-Known 

Text) 

Closest geographic point on the road network, 

used to map the sensor onto the street 

network. 

oneway Boolean Indication of whether the street where the 

sensor is located is one-way or not (true/false). 

lanes Integer Number of lanes of the street where the sensor 

is located. 

name Text Name of the street or road where the sensor is 

located. 

highway Category Type of road according to OpenStreetMap’s 

classification (e. g., secondary, primary, 

motorway, residential). 

maxspeed Float km/h Maximum speed limit on the road 

corresponding to the sensor. 

length Float Meters Length of the street segment associated with 

the sensor. 

 

 

 

oriented Dataset (MLDAS). The transformation involves loading DADAS, refining the date column

into more specific features, and encoding these features to prepare the dataset for future ma-

chine learning applications. 

More in detail, we performed the following steps, to integrate data from the different data

sources considered: 
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Table 4 

Description of attributes in the MLDAS dataset. 

Attribute Data Type Units Description 

id Float Unique identifier for the sensor, converted to a float. 

hour_sin Float Sine transformation of time (minutes from midnight), 

capturing the cyclical nature of time within the day. A 

standard scaler was used for normalizing values. 

hour_cos Float Cosine transformation of time (minutes from 

midnight), capturing the cyclical nature of time within 

the day. A standard scaler was used for normalizing 

values. 

week_day Float Numeric representation of the weekday. A standard 

scaler was used for normalizing values. 

latitude Float Degrees Geographical latitude of the sensor. A standard scaler 

was used for normalizing values. 

longitude Float Degrees Geographical longitude of the sensor. A standard scaler 

was used for normalizing values. 

wind Float m/s Wind speed at the time of measurement. A standard 

scaler was used for normalizing values. 

precipitation Float mm Accumulated precipitation during the hour prior to the 

measurement. A standard scaler was used for 

normalizing values. 

temperature Float °C Ambient temperature at the time of measurement. A 

standard scaler was used for normalizing values. 

lanes Float Number of lanes on the street where the sensor is 

located. A standard scaler was used for normalizing 

values. 

maxspeed Float km/h Maximum speed limit on the road where the sensor is 

located. A standard scaler was used for normalizing 

values. 

length Float Meters Length of the road segment associated with the sensor. 

A standard scaler was used for normalizing values. 

day_type_Holiday Float Indication of whether the day is a holiday, derived 

from the one-hot encoding of the day type. 

day_type_Saturday Float Indication of whether the day is a Saturday, derived 

from the one-hot encoding of the day type. 

day_type_Sunday Float Indication of whether the day is a Sunday, derived 

from the one-hot encoding of the day type. 

day_type_Working 

day 

Float Indication of whether the day is a working day, 

derived from the one-hot encoding of the day type. 

month_1 to 

month_12 

Float One-hot encoded representation of the month, where 

each column corresponds to a month of the year. 

highway Float Type of road according to the OpenStreetMap 

classification, processed via ordinal encoding. 

oneway Float Indication of whether the street where the sensor is 

located is one-way, processed via ordinal encoding. 

traffic_intensity Float Vehicles/ 

hour 

Number of vehicles passing per hour. Directly from 

DADAS. 
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C  

p  

c  

M

.1. Traffic Intensity Data from Sensors 

The traffic intensity data analyzed in this study were obtained from Madrid’s Open Data Por-

al [ 10 ]. A monthly collection of the information was carried out, which was initially stored in

SV files. While these files encompass multiple columns, for the study’s objective only those

ertaining to sensor ID, date and time of the record, and traffic intensity were chosen. Other

olumns, such as the average speed ‘vmed’, which is solely measured at interurban points of the

30, were excluded to maintain the focus on traffic intensity analysis. 
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Fig. 4. Methodology for collecting and optimizing data from various sources. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2. Sensor Location Data 

The location data for each sensor used in the traffic data collection also comes from Madrid’s

Open Data Portal [ 9 ]. This dataset includes detailed information on the geographic position of

the sensors, necessary for traffic analysis focused on specific areas of the city. Each location

record includes fields such as the type of element (for example, “URB” for urban locations or

“M30” for locations along the M30 ring road in Madrid), the district, sensor ID, center code, lo-

cation name (e.g., “DR. ESQUERDO N-S(MONTANO-GAVINET)”), UTM coordinates (X and Y), and

most crucially, the longitude and latitude coordinates. When integrating the location data into

the traffic dataset, these coordinates are added in the Well-Known Text (WKT) format [ 14 ]. The

use of the WKT format is crucial, as it is a standardized text markup language for representing

vector geometry objects on a map, simplifying the integration and manipulation of geographic

data within various spatial databases and GIS (Geographic Information Systems) software. The

process of integrating traffic data with location data was carried out by removing unnecessary

columns like the type of element from the traffic dataset, and then combining both datasets

using the sensor ID as a common key. This process results in a new dataset that includes the

columns of sensor ID, date and time of the record, traffic intensity, and the longitude and lati-

tude coordinates. This combination provides a detailed perspective of traffic activity in a specific

geographic context. 

4.3. Labour Calendar Data 

The data on Madrid’s labour calendar, which includes information on workdays, holidays,

and festive Sundays, were also obtained from Madrid’s Open Data Portal [ 15 ]. This information

allows for the analysis of how traffic patterns vary depending on the different types of days.
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Fig. 5. Transformation process of DADAS to MLDAS. 
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he process of integrating labour calendar data with traffic data was carried out by combining

oth datasets based on the dates. Rows in the calendar where the column indicating whether

he day is a workday, holiday, or festive Sunday is empty are identified and filled in based on

he day of the week. Saturdays and Sundays are marked accordingly, and weekdays are clas-

ified as workdays. After completing this information, unnecessary columns from the calendar

ataset were removed. For example, the ‘Festividad’ column, which represents the name of the

oliday as designated by our country’s legislation, was excluded. The date column in the traffic

ata was converted to the datetime format to ensure proper merging with other datasets. The

esult is a dataset that includes the original traffic data and its geographic location along with a

lassification of each day in terms of its working or festive character. 

.4. Weather Data 

The integration of weather data into traffic analysis was done by acquiring climatic variables

rom Madrid’s Open Data Portal [ 16 ], which provides information on temperature, precipitation,

nd wind. The dates in the traffic dataset were adjusted to facilitate merging with the weather

ata, ensuring that the weather observations matched the days of the traffic records. 

The weather data were filtered to obtain the relevant months and years, extracting the day

f the month to accurately align with the daily traffic records. Weather magnitude codes were

apped to descriptive variables, and the columns of temperature, precipitation, and wind were

dded to the traffic dataset, filling them with daily averages based on the corresponding obser-
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vations. This transforms the traffic dataset into a matrix that includes both traffic patterns and

environmental conditions. 

4.5. Road Information Data 

The integration of road information started by transforming the traffic data into a Geo-

DataFrame [ 17 ], where each prediction point is specified by its longitude and latitude coordi-

nates. Duplicates based on coordinates were eliminated to ensure that each point is unique.

Subsequently, the coordinates of street geometries were collected from another GeoDataFrame

that houses the edges of the road network, with these coordinates recorded as nodes in the data

structure. 

With the street coordinates in hand, a KD Tree [ 13 ] was applied to index the spatial data.

This efficient data structure was used for nearest point searching in geospatial applications, en-

abling the quick identification of the nearest road network point to each traffic measurement

point in the traffic dataset. For each traffic measurement point, a query determined the shortest

distance to the nearest road node, returning the exact coordinates of that node and the distance

to it. These results were then incorporated into the original traffic GeoDataFrame, thus embed-

ding detailed road infrastructure information into each traffic record and associating each traffic

point with a specific location on the street network. This approach highlights the importance of

leveraging road network information to enhance urban transport management, as also noted by

Myrovali et al. [ 18 ]. 

4.6. Optimization of the Descriptive Analysis Dataset (DADAS) 

In the analysis of Madrid’s traffic data, advanced techniques were applied to optimize the

dataset. Essential steps were undertaken to clean the data before analysis, including the removal

of records with outlier values in the ‘intensity’ column. This was done using the 99th percentile

within rolling time windows and the 99.999th percentile for each ID as the upper limits. Only

records that exceeded both thresholds were removed, ensuring that only representative values

were retained. This method distinguishes between valid traffic peaks and non-representative

outliers, as extreme traffic peaks rarely occur without context. Therefore, the removed outliers

do not correspond to legitimate traffic peaks but to invalid data. Additionally, repeated ‘intensity’

values that persist for more than a number of consecutive records (12 by default) were identi-

fied and removed (it is strange that the sensor repeatedly measures exactly the same number

of cars, so it can be assumed that the sensor is malfunctioning), to prevent distortions in the

analysis of temporal trends, and records where the ‘intensity’ column contains NaN values were

also eliminated. 

The dataset has been configured to collect traffic data in 15 min intervals, with the results

expressed in terms of vehicles per hour. Additionally, this time period can be adjusted to dif-

ferent time granularities as needed, enhancing the versatility of the data for various analytical

purposes. The k-means algorithm was used to segment the data into a predefined number of

clusters (300 by default), based on characteristics such as the mean, median, and standard de-

viation of ‘intensity’. Each cluster was analyzed to select a representative sensor, chosen for its

proximity to the cluster’s centroid, focusing the analysis on data points that represent the char-

acteristics of their group. 

The process setup allows for the adjustment of parameters such as the number of clusters

in the clustering analysis and the minimum threshold of records required to retain a sensor

in the analysis. This facilitates the adaptation of the process to the quantity and quality of data

available, allowing for customized analyses according to the specific needs of each project. These

procedures establish a solid foundation for detailed analyses, providing useful information for

urban planning and traffic management. 
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.7. Generation of the ML-oriented Dataset (MLDAS) 

MLDAS was generated from a process that begins with loading data from DADAS. The ‘date-

ime’ column was converted into a datetime object, from which the month, hour, and day of the

eek were extracted. Trigonometric encoding (sine and cosine) was then applied to the hour to

apture the cyclical nature of time, which is crucial for analyzing patterns in time series data. 

Numeric features like ‘hour_sin’, ‘hour_cos’, and others are standardized by removing the

ean and scaling to unit variance. This method is preferred over others, such as min-max scal-

ng, because it preserves the original distribution of the data without binding it to a specific

ange. This is particularly important for machine learning algorithms like SVM and k-nearest

eighbours, which rely on distance calculations and perform better when the data maintains its

atural variance and outliers. This approach ensures no single feature with a larger range can

ominate the model’s predictions, maintaining a balanced input scale.. 

Categorical features such as ‘day_type’ and ‘month’ underwent one-hot encoding, transform-

ng these variables into a format that can be effectively used in machine learning predictions

many machine learning algorithms require numerical attributes). Ordinal features like ‘high-

ay’ and ‘oneway’ were encoded based on their inherent order, which is important for models

here the order impacts performance. Passthrough features such as ‘id’ and ‘traffic_intensity’

ere left unchanged because they serve as unique identifiers and the primary prediction target,

espectively, within the dataset. 

All configurations and transformations are adjustable in the scripts, allowing for flexibility in

ow the data are processed depending on the specific needs of the analysis or simulations. This

odularity ensures that the dataset can be tailored to meet various analytical requirements. 

imitations 

We have only collected data for the period June 1, 2022, to February 29, 2024, but the dataset

eneration code provided could be easily used to build a dataset for a longer period, if required.

esides, as explained in this data article, some assumptions are made during the data processing

nd integration (e.g., concerning the interest in hourly measurements or the conditions used to

etect a measurement as an outlier); all these assumptions are very reasonable but, if required

or a specific use case, could be easily modified or dropped through minor modifications in the

ode provided (Python scripts). Similarly, other parameters that guide some processing steps can

e easily adjusted in the code, if necessary. 
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