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Project Summary 

Inside today's vehicles ~4000 CAN-Bus signals/sec are processed in comparison to very few signals in 
smart phones and alike. This large amount of continuously gathered vehicle data represents major big 
data business potentials, not only for the automotive industry but in particular for cross-sectorial industries 
with interdisciplinary applications. With today's proprietary approaches focusing on bringing services into 
vehicles and the applied ignorance of customer privacy concerns, this major business potential is still 
locked because the automotive industry was not yet able to establish an open service ecosystem equiva-
lent to the ones in the smart phone industry. 
 
The core intention of the AutoMat project is to innovate an open ecosystem for Vehicle Big Data, material-
izing in the form of a cross-border Vehicle Big Data Marketplace that leverages currently unused infor-
mation gathered from connected vehicles. The interface to the marketplace is derived from a Common 
Vehicle Information Model that makes mined vehicle data from various OEMs accessible to cross-secto-
rial service providers. With the huge amount of volatile data from vehicles, the AutoMat ecosystem heav-
ily builds upon current trends in Big Data. Exemplary service scenarios, driven by service providers dedi-
cated to generate concrete businesses from the AutoMat ecosystem, are developed in the context of me-
teorological data based hyper local and extended innovative enterprise service domains. 
 
By defining an open value chain, the proposed AutoMat ecosystem enables and stimulates parties from 
different sectors to focus on their core businesses and to excel collaboration with other partners. AutoMat 
therefore may serve as incubator for new business opportunities strengthening Europe's position as pro-
vider of innovative cross-sectorial and cross-border Big Data services. 
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Document Summary 

This deliverable presents a description of developed full prototypes of service provider specific Cross-
Sectorial Vehicle Data Services, which is the scope of WP500. 
The first chapter addresses the Full Prototype of Meteologix and its actions of making use of the vehicle 
data for Service development on basis of the high resolution SwissHD model and refined data quality as-
sessment.  
The second chapter describes the Full Prototype of the HERE business case in more detail, stressing the 
current status of the service development on basis of the Road Roughness scenario. It will be exposed 
how road roughness data quality can be assessed effectively and used for the desired service outcome. 
The VW business case is outlined very briefly. 
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Abbreviations 

CAN Controller Area Network 

CVIM 
Common Vehicle Information 
Model 
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1 Introduction 

In reference to the addressed overall AutoMat system solution, the WP500 is structured as presented in 
Figure 1. It covers all implementations on Service Provider side. Moreover, WP500 is providing essential 
inputs for AutoMat system specification, especially regarding CVIM and the single point of vehicle data 
access via the AutoMat Marketplace. Moreover, the targeted services to be implemented by HERE, Mete-
ologix and VW will serve as a proof of concept for the overall AutoMat approach as well as for what benefits 
such a vehicle data service may bring along the value chain (WP600). 

 

Figure 1: Topics addressed and task structure / interdependencies of WP500 

The work inside all tasks of this WP is structured according a development lifecycle, covering specification, 
development of early and implementation of full prototype solutions, with an ongoing refinement of devel-
opments based on T610 verification and validation feedback, and will be reflected in the corresponding 
deliverables D5.1, D5.2, D5.3. 
Both service providers mainly address the creation of high quality services for their business customers 
based on mined vehicle data. The analysis and drafting of these high quality business service concepts 
have clearly shown the need for reliable, high-precision data coming from vehicles. To achieve this goal, 
advanced approaches and algorithms on how to analyse/use vehicle data to generate extra value out of 
those and on how to integrate these data in existing big data infrastructures need to be developed. Such 
algorithms have to transform the available vehicle information into service provider relevant information. 
From service provider point of view this represents the transition from so called “dirty vehicle data” into 
“clean vehicle data”, which can be forwarded to the specific data models sources.  
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For this reason and to enable a targeted development and fine-tuning of respective algorithms covering the 
interpretation and combination of vehicle data with additional internal and external data sources, both ser-
vice providers decide in cooperation with OEMs to thoroughly evaluate at first the quality of gathered vehicle 
data. Such basic vehicle data quality assessment under diverse contextual situation and development of 
respective algorithms can be seen as a prerequisite for development of high quality services. 
 
This deliverable (D5.3) represents the final WP500 related deliverable and covers results of full prototype 
development of the envisaged WP500 solutions. Thus, D5.3 builds on results of Deliverables D5.2 and 
D5.1 providing detailed specification of challenging cross-sectorial services. 
 
The chapter 2, 3, and 4 of D5.3 present the development status of the various services of Meteologix, 
HERE and VW. Also the test approach and infrastructure for the quality assessment of the vehicle data for 
the services of Meteologix, HERE is outlined.  
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2 Meteologix Business Case 

Since 1st of March 2017 Meteologix is continuing MeteoGroup’s work to understand the value of in-vehicle 
data for improving meteorological customer products, especially in respect to the improvement of the local 
forecast quality. In the scope of AutoMat Meteologix has analysed the quality of vehicle-borne meteorolog-
ical observations and developed methods to be able to ingest these data into their existing weather forecast 
system “SuperHD”.  
The full chain of processing and applying the AutoMat data has been implemented. As can be seen in 
Figure 2 data uploaded to the AutoMat Marketplace is downloaded and undergoes a plausibility check in 
order to ensure a sufficient level of data quality. In the following steps it is prepared to be used during the 
initialization of  the “SuperHD” weather model forecast as well as in Meteologix’ evaluation system for 
weather model forecasts. For these purpose, the data needs to be temporally and spatially aggregated to 
the model grids and in case of use in the forecast to be incorporated into the initial fields that the forecast 
simulation starts from. 
Data of all three OEMs has been screened and analysed. However, due to the low weather data density 
caused by the limited free access to weather data to conventional weather stations in France and Italy, in 
this report, the full prototype is demonstrated based on a joint project with Volkswagen. In the region taken 
into account, a large number of conventional weather stations were available and enabled a specifically 
designed comparison of official reference meteorological observations with in-vehicle sensors. 
 

 
Figure 2: Data processing chain of how to ingest vehicle-borne meteorological measurements into a 

weather forecast system. 

2.1 Quality and Utility of the measurement data for the Business Case 

Prior to ingesting vehicle-measured data into a weather model, the data quality has to be ensured. Other-
wise systematic errors or erratic values of e.g. temperature or humidity, even if they are limited to a small 
area, might lead to wrong behavior or even instabilities during the weather model forecast. That means that 
a few outliers in the ingested data can lead to decreased forecast quality instead of an improvement. An 
automatic filter routine that removes non-plausible data points is therefore very important. Hence, much 
effort was put into the development and adequate setup of this plausibility check. Given the high temporal 
and potentially high future spatial density of vehicle-born meteorological data, the plausibility check can be 
very restrictive, and still a large number of data points will pass the test. 
 
As reference for the vehicle data quality assessment Meteologix has investigated the correlation between 
professional weather data sampling with its high-tech sensors versus the equipment built into vehicles. A 
test route between Wolfsburg and Hannover has been designed (see Figure 3). Along this route with a 
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length of ~217 km, there were 8 conventional weather stations and 20 road weather stations in operation. 
VW let cars equipped with sensors for position, air temperature, and rain drive on this route in fall 2017. 
The data sampling resolution was 1 sec, which translates into ~2000 data points per car and trip on this 
route. The collected data was used to build an automatic plausibility check in order to filter erroneous values 
in the car data. The plausibility check compares the car data with conventional weather station and road 
weather stations nearby and takes into account both horizontal and vertical displacement. Car data points 
that are labeled “not plausible” are removed. The first step of the plausibility test is to average the car data 
over 60 seconds. This is done generally to cancel out any sensor noise. A set of sensitivity tests was 
conducted with the aim to find a reliable and robust setup for the plausibility check. In this test we investi-
gated the behavior of the plausibility test for different values of the threshold deviation of a vehicle data 
point to conventional or road weather stations in order to label “not plausible” (0.5-2 °C), distance of a 
conventional or road weather station to a vehicle data point in order to be taken into account for the plau-
sibility check (1-30 km), and the methods to interpolate vertical displacement. 

 

Figure 3: Example of data delivered by one car. Outside air temperature (in °C) measured with in-vehicle 
sensors (circles, 60 sec-averages) and from conventionalweather station and road weather 
stations (squares + number) near the route at the time the car passed the station. The car 
drove on 7th December 2017 9:27-13:00 UTC. 

Figure 3 shows an example of data passing the plausibility check (aggregated to 60 sec averages of air 
temperature in °C) from one car that drove on the test route. It can be seen that the temperature in general 
varies only slightly along the track during that time. In addition, Figure 3 shows the conventional and road 
weather observations by the time the car passed the respective measurement station. During the investi-
gation, it was found that if the velocity of the vehicle is slow or the vehicle is at rest, there is a higher chance 
of values to be detected “non-plausible”. The cause is likely lack of ventilation at the sensor under slow 
velocity together with heat from the car’s engine or other car’s exhaust (e.g., in traffic jam or waiting at a 
traffic light). As a conclusion from this fact, a velocity threshold was included in the plausibility check. For 
this example, only 9 of the 192 data points of 60 sec averages of air temperature failed the plausibility 
check. In other cases, the share of data points failing the plausibility check was similar. Figure 4 shows 
data from two vehicles that drove on the test route directly behind each other (only a few seconds apart). 
Most of the time, they report the same values, but do not always agree. For all the deviating data points, 
the plausibility check filtered the datapoint from one of the two vehicles. Moreover, the high temperatures 
at the end of the time series (vehicles at rest at the VW factory) were also filtered. 
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Figure 4: Comparison of measured time series (aggregated to 60sec-averages) of air temperature from two 
vehicles driving directly behind each other on 2017/12/07.  

 
In Figure 5, the 60s-averages (not plausibility-checked) of the vehicle-borne temperature measurements 
are compared against the data from conventional and road weather stations (in total 4 drives). For the 
vehicle data, the temperature average was centered at the closest approach to a measurement station. 
Only stations that were approached by less than 5 km were taken into account for the comparison in Figure 
5. It can be seen that the vehicle-borne data compares best with the conventional weather stations.  

 

Figure 5: Comparison between air temperature measured by conventional and road weather stations 
(horizontal axis) and by vehicles (vertical axis). The dashed lines depict a deviation of +/-1°C. 
The solid line is the 1:1 line. 

However, the small number (5) of conventional stations within 5 km of the route does not allow any further 
interpretation. Larger approach distances are not reasonable due to usual local scale temperature differ-
ences (e.g., between urban areas (motorways, cities) and vegetated areas nearby (forests, fields, mead-
ows)). At the road weather stations, the vehicle-borne data slightly exceeds for low temperatures, and un-
dershoots for warmer temperatures. Nevertheless, nearly all values are within +/-1 K from both conventional 
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and road weather observations. From this analysis, given the shortcomings of the vehicle-borne measure-
ments, such as different measurement height (< 50cm for vehicles, 200cm for conventional and road 
weather stations) and low resolution of the in-vehicle temperature sensors (0.5 °C), it can be concluded 
that the quality of the in-vehicle air temperature sensors is generally good. Therefore, it is possible to use 
quality-checked vehicle-measured data for both weather model initialisation and evaluation. 

2.2 Weather services based on vehicle data 

The high time resolution of in-vehicle meteorological sensors and the vehicle itself as a mobile 
measurement platform makes it possible to fill gaps in the conventional weather measurement network with 
already a small number of vehicles. For example, a complete coverage of the test route could in theory be 
reached with only 7 vehicles driving continuously.  
Figure 6 shows the grid cells of Meteologix’ weather model “SuperHD” that can be filled with data from only 
one vehicle. From conventional and road weather stations, we only have data for 28 1x1 km2 grid cells in 
this area of ~1000 km2 (i.e., ~3 %). Taking additionally into account the data from one car, 62 grid cells 
(~6 %) can be filled directly with reasonable quality-checked values for one observation time (shown for 
12:00 UTC). Given the high time resolution, and therefore spatial density, of the vehicle-based measure-
ments, extrapolations into grid cells that have not been touched directly by the vehicle are feasible (e.g., 
within 2-5 km of a measured data point). Including extrapolation of data within 2 km from a grid cell midpoint 
results in 136 grid cells (~13 %) filled with data. This means that one car can help to provide data for ~100 
1x1 km2 grid cells at a given point in time. Seen in a larger context, the ~1300 operational weather stations 
at a time over Germany, Austria, and Switzerland provide data for only ~1 ‰ of the ~1 million grid cells of 
our “SuperHD” domain for middle Europe. With hypothetical ~100 well distributed continuously driving ve-
hicles, the fraction of grid cells covered with data could already be raised to ~1 %, i.e. 10 times higher data 
density. In particular in today’s data-sparse regions (e.g., many countries in Africa), in-vehicle sensors can 
help to provide a dense measurement network of reasonable quality. 
The vehicle-borne weather data aggregated to the “SuperHD” model grid can be used for both the initiali-
sation of the weather forecast runs and for the evaluation of the model output. During the project, the full 
chain of processing and applying the AutoMat data was developed and implemented, which makes it pos-
sible to routinely download the AutoMat-data, conduct plausibility checks, aggregate (e.g., time average, 
aggregate it to grid) it for different applications, and finally providing it for the use of forecast initialisation 
as well as evaluation. The initial fields (of e.g., temperature) of a high resolution weather forecast model 
run usually come from an earlier forecast of a coarser larger scale model (6.5 km in our case). The quality 
of this initial field can be improved by ingesting observations from the starting time of the run. This process 
is called data assimilation. The AutoMat data can be used as additional data to ingest into the initial fields 
during the data assimilation procedure. This is demonstrated in Figure 7, which shows the difference be-
tween raw initial fields and the data assimilation with conventional meteorological observations (middle) 
and with additionally taking into account data from road weather stations. The road weather stations can 
be seen as hypothetical future data coverage of AutoMat data. 
The data assimilation increments in Figure 7 (middle and right) represent the local improvement of model 
initial conditions, compared to the raw initialisation from the coarse large scale weather model. Blue shading 
indicates lowered temperature by assimilation of station data (where the coarse model was too warm), 
yellow and red shading raised temperature (where the coarse model was too cold). It can be seen that by 
adding road weather stations (Figure 7 right) significant spatial gaps of the conventional network can be 
filled. This leads to a more robust spatial adaptation of the initial temperature in this example. Similarly, this 
would be valid for quality-controlled data from a well distributed sensor-equipped vehicle fleet. 
For identifiable forecast improvement, the spatial coverage of data from the AutoMat project for the very 
limited area of the test route (compared to usual forecast domains such as Germany) and only one or two 
cars at a time is not enough. Therefore, Meteologix decided to focus on the use of the vehicle-borne mete-
orological observations generated during the AutMat project for the evaluation of the model output as a first 
direct use of vehicle-borne meteorological observations for weather services. Table 1 shows different eval-
uation measures for a particular “SuperHD” forecast that has been evaluated against both conventional 
weather data and in-vehicle weather data. Including the data from only one vehicle (since usually only one 
vehicle was available at a given point in time), the number of grid cells that can be compared to quality-
checked weather data is doubled. 
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Figure 6: Measurement data aggregated to the grid of Meteologix’ weather model “SuperHD” for 2017/12/07 
at 12 UTC for three aggregation methods. Conventional weather observations (left) and both 
conventional and in-vehicle weather data (upper right: only cells with measured data; lower 
right: including interpolation of data within 2km from grid cell center). 

 

In this particular case, we see different behavior between 10:00 UTC and 12:00 UTC. At 10:00 UTC, the 
vehicle drove at the motorway section from Wolfsburg to Hannover. At 12:00 UTC, the vehicle was north 
of Gifhorn on the countryside (see Figure 6). In comparison to 10:00 UTC, at 12:00 UTC, the root mean 
square error (RMSE) and BIAS while verifying model temperature forecasts is actually slightly reduced 
when a similar number of car data points is used compared to conventional + road weather stations (0.73°C 
vs 0.89°C). However, due to the relative homogeneity of temperatures over the sampled region in this single 
case with limited area, the error margins are quite volatile. For a different sub-region with dominating 
motorway sections (10:00 UTC in Table 1), the model agreement with car data was reduced, which may 
be explained by local disturbances in the flow. Dense, fast flowing traffic in a stably stratified lower 
atmosphere creates such disturbances in the flow along the motorway, which are usually not representative 
for the surrounding areas. In addition, motorways are often accompanied by walls for noise protection. 
Therefore, it is hypothesized that data originating from dense traffic (e.g., within cities) and from motorways 
might need extra treatment before being ingested into a weather forecast model. This is confirmed by the 
road weather stations, which are often positioned along major traffic roads (e.g., in this case many at the 
motorway section between Wolfsburg and Hannover) and tend to be slightly warmer (0.2-0.3 K) than the 
conventional weather stations (compare mean observations in Table 1). 
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Figure 7: Initial field (i.e., which the weather forecast run starts with) for air temperature (top panel) and 
dew point (bottom panel) as used for the “SuperHD” weather model. Left: without any data 
assimilation (left, spatial resolution 6.5 km), and difference between that and the input fields 
after data assimilation of conventional observations (middle) and conventional + road weather 
stations (right, considered as example for future data coverage added from AutoMat data). 
The middle and right-hand side picture have the spatial resolution of the “SuperHD” model 
(1 km). 

A minor shortcoming is the current resolution of the temperature sensor of only 0.5 °C, which limits the 
strength of implications from the evaluation procedure. Future meteorological applications will certainly 
benefit from a higher data resolution (~0.1 °C). Additional sensors for outside air humidity or dewpoint would 
lead to a more complete picture of basic atmospheric conditions. 
For the regular use of car data to feed and evaluate weather models, long-term comparison studies (differ-
ent seasons, different weather patterns) covering larger areas (e.g., Germany) are needed to better char-
acterize the data quality and to detect and confirm systematic biases for specific regions, such as cities, 
motorways, valleys, mountain ridges, or bridges. 

2.3 Conclusion 

The full chain of necessary procedures in order to make use of vehicle-borne weather data for meteorolog-
ical applications (such as evaluation and initialisation of weather models) has been developed (see Fig-
ure 2). The data delivered by the AutoMat Marketplace can be downloaded automatically, undergoes a 
plausibility check, and is aggregated and averaged to be ingestible for Meteologix’ weather forecast model 
“SuperHD”. The quality of the vehicle-borne air temperature data has been investigated and a robust plau-
sibility check procedure, which compares the vehicle-borne data against conventional weather observa-
tions, has been developed. It was found that most of the air temperature measurements from the in-vehicle 
sensors are plausible. The general applicability of the AutoMat data for both weather forecast initialisation 
as well as evaluation of the weather model performance has been demonstrated. The results show that 
already a small share of the total car fleet could deliver a huge amount of additional data and fill gaps in 
the network of conventional weather observations. In particular in regions with low data coverage today, in-
vehicle sensors can help to provide a dense measurement network. Future applications making use of 
vehicle-borne meteorological data will benefit from a higher resolution of the temperature sensors (e.g., 
0.1 °C) and additional humidity sensors. In order to regularly use car data to feed and evaluate weather 
models, long-term comparison studies (different seasons, different weather patterns) covering larger areas 
in regions with good data coverage today (e.g., Germany) are needed to better characterize the data quality 
from in-vehicle sensors and to detect and confirm systematic biases for specific regions, such as cities, 
motorways, valleys, or mountain ridges, or bridges. 
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 Mean Ob-
servations 

Mean Model BIAS RMSE 

10:00 UTC 

conventional weather stations 
(8 stations) 

4.77 °C 4.13 °C -0.64 °C 0.8 °C 

conventional + road weather 
stations (28 stations) 

5.13 °C 4.05 °C -1.08 °C 1.27 °C 

vehicle-based data (35 “sta-
tions”) 

5.42 °C 3.87 °C -1.55 °C 1.67 °C 

12:00 UTC 

conventional weather stations 
(8 stations) 

5.09 °C 4.81 °C -0.28 °C 0.54 °C 

conventional + road weather 
stations (28 stations) 

5.38 °C 4.70 °C -0.69 °C 0.89 °C 

vehicle-based data (35 “sta-
tions”) 

4.90 °C 4.28 °C -0.62 °C 0.73 °C 

Table 1: Verification diagnosis for one forecast of Meteologix’ weather model “SuperHD” for the domain 
displayed in Figure 6. 

The ingestion of regularly incoming, spatially well distributed, quality-checked vehicle-borne meteorological 
observations into initial fields for weather models will lead directly to improved general forecast quality. It 
has been shown that such data can fill gaps in today’s conventional observation networks. Moreover, it is 
an attractive way to give information of initial state in data sparse regions, which is necessary for reliable 
forecasts in these regions. 
 
In addition to the direct use for weather model forecasts, vehicle-borne meteorological observations can be 
used to improve the forecast quality indirectly. By taking into account such data during the evaluation pro-
cedures of the weather forecast, while utilizing the potential of vehicle-borne data to fill gaps in the existing 
weather station networks, a more complete picture of the forecast quality can be gained. This leads to a 
better knowledge of the strengths and shortcomings of a particular weather model, which helps to efficiently 
improve the physics of a weather model. Furthermore, the increased data coverage enables more reliable 
assessments of any kind of model enhancement. 
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3 HERE Business Case 

For providers of mobility services such as HERE Technologies, the biggest opportunities for the industry 
come from harnessing the diverse data derived from the “Internet of Things” ecosystem. At present – and 
for years to come – cars are the most promising data source within that ecosystem: representing the key 
to the creation of new services of excellent quality and benefit for consumers. Primarily, this requires a 
seamless flow of data that can be collected or acquired and shared quickly in a cost-effective, reliable and 
secure manner. Automat is all about creating an environment facilitating the above.  
 
Internal analysis showed, that the existing HERE Technologies product “Road Roughness” is an ideal ex-
ample for a given business case, that has a high potential to be dramatically enhanced by vehicle sensor 
data, sourced from production vehicles of various vehicle brands. Thus, HERE chose to focus its contribu-
tion to AUTOMAT around this business case. 
In the current process, Road Roughness is determined by driving around with a dedicated fleet of Ground 
Truth cars. In the (near) future this may be replaced by harvesting sensor data from regular production 
cars. 

3.1 Road Roughness 

Bad road conditions lead to traffic congestion, higher fuel consumption and tire costs and leads to less 
comfortable driving, higher wear and tear of tires and several other car components. 
 

 
Figure 8: Road Roughness example 

 
The International Roughness Index (IRI) is the roughness index most commonly obtained from measured 
longitudinal road profiles. Since its introduction in 1986, IRI has become the road roughness index most 
commonly used worldwide for evaluating and managing road systems.  
Government agency either cities or highway are responsible for the repair. Bad Road indications are re-
ported by regular users, road operators etc. For the mentioned reasons above, Road Roughness is im-
portant for a lot of different users. 
 

 

Figure 9: Current and potential users for Road Roughness 

For maintenance planning the road operator ideally works with a map. There are international classifications 
for Road Roughness being used which is shown in the next figure also indicating the three categories 
(good, fair and poor) we want as a beginning of the new service. 
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Figure 10: IRI Classification 

 
HERE Road Roughness is currently created from data, that’s been captured by HERE True Cars.  
 

 

Figure 11: HERE Ground Truth car 

 
The HERE Ground truth cars drive the road and while they driving in order to update the map they also 
determine the road roughness automatically. Further data records are video and Lidar for later reference. 
The HERE Road Roughness Product is a content layer that can be displayed on top of HERE maps, indi-
cating the respective road roughness at specific road segments. It is used by cities and road authorities for 
planning their maintenance. A detailed example is shown in Figure 12. 
 

 

Figure 12: Visualization example of road roughness utilizing HERE products 
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3.2 The Business Case 

The use of car sensors will offer the opportunity to increase the freshness and the coverage area. Road 
operators always want to know in spring where maintenance is needed. Therefore, they will benefit from 
actual information, which can only be generated by a large fleet of cars. For this using, the sensor infor-
mation from production vehicles is worthwhile exploring.  
 
The idea about enhancing the product for Road Roughness is pictured in Figure 13: The Sensor collection 
eco-system. 

 

Figure 13: The Sensor collection eco-system 

3.3 Car sensor data source and data pre-processing 

Historical Road Rough Road Roughness is not a standard sensor reading, and as such Road Roughness 
indications need to be derived from combining the readings from multiple sensors in combination with po-
sition and time. Historical Road Roughness indications from roads, calculated using the high precise TRUE 
CAR sensor data and existing methods and algorithms are used to calibrate the reading of the car sensors 
with the Ground Truth of that road. 
Currently, all three OEMs (Fiat, Renault and Volkswagen) are providing car sensor data of a limited set of 
vehicles to the Automat Market Place. Calculating road roughness attributes for each road requires spatially 
referenced sensor measurements. Due to the heterogeneity of the OEM sensor data and the heterogeneity 
of the cars (e.g. in terms of available sensors), the usable data will be a subset of the available data. 
 
Since the data collection and logging process has been modified during the project (bug fixing, extending, 
several improvements), not all of the data can be used for the road roughness processing. 
Several pre-processing steps are needed to filter the data, check the quality, eliminate outliers and spatial-
ize the sensor measures. The whole pre-processing workflow is shown in Figure 14: Data pre-processing, 
spatializing and labelling. 
 

 

Figure 14: Data pre-processing, spatializing and labelling 



AutoMat 26.01.2018 

AutoMat Deliverable D5.3 Page 21 of 29   

 

Pre-processing steps 

The sensor data collection is not synchronized. Hence, it needs a synchronization step where the single 
measures will be spatialized using the timestamp as matching criteria. 
The calculation of further statistical and aggregated measures will increase the feature space to get better 
descriptors for the road roughness and with this, better indicators for the following machine learning steps. 
After that, the single positions will be labelled. With a route matching API, the measures will be matched to 
the existing digital road network to label the measures with the road attributes. An example for this matching 
process is shown in Figure 15: HERE Route Match Extension. After this step, the road roughness measures 
from the existing product will be joined to the sensor measures using the ids of the single links (parts of the 
road network). 

 

Figure 15: HERE Route Match Extension 

 
The HERE Route Match Extension is showing the confidence level for the matching driven trajectory. 
 
The result will then be the input for the machine learning approach. 
Road Roughness indications are already available for many driven roads by the HERE TRUE vehicles. 
However, the available data is limited in quality and freshness. Since the vehicle sensor data is usually less 
accurate and the algorithms to calculate the road roughness from vehicle sensor data are quite different 
compared to the calculation from the HERE TRUE cars data, the available data define the starting level of 
quality (accuracy and freshness) to suffice the current conditions. 

Usable data 

The Automat Marketplace contains a variety of automotive sensor measures. Mainly two kinds of data will 
be excluded for the road roughness use case: 

a) Data, that does not have a spatial component 
b) Synthetic data or test data that has been uploaded to test hardware, interfaces and services 

This data is not usable to derive road roughness. Furthermore, it would impact the machine learning pro-
cess and the model computation in a negative way. Table 2 shows the overall usable data. The net value 
of usable data is only ~10% of the overall collected data points. 
  

Percentage Net 

Collected data points 100% 100% 

DP with location (*) 13% 13.0% 

DP with proper values 80% 10.4% 

map matched location 95% 9.9% 

Net Value 
 

9.9% 

Table 2: From Brut to Net Data 
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(*) “The low percentage of the measures with a given location is because of the matching method. Currently, 
the matching is done by the timestamp”. The data readings per sensor and for instance the geo spatial 
reference are separated and can only be clustered using the timestamp. 

Data Investigation for Machine Learning 

To find relevant measures, the first step is the investigation of the available data. A statistical analysis and 
visualization, e.g. by correlation matrix (cf. Figure 16), help to understand which sensors could become 
relevant for road roughness during the machine learning process. The intensity of the color shows the 
positive (red) or negative (blue) correlation of the single measures and labels. 
 

 

Figure 16: Correlation matrix for FIAT sensor data and road roughness 

Extended Attribute Calculation 

Automated classification methods are based on a representative feature vector space that gives a good 
representation for the classes. Hence, it needs correlations between the label (road roughness class) and 
the measures. High correlations and separate classes increase the chance of a good automated classifi-
cation. 
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Description (feature) Equation 

Speed (calculated by Route-
MatchExtension) 

Speed 

Time since beginning of the trip t  

Acceleration 
accel =  

𝑠𝑝𝑒𝑒𝑑{𝑖} −  𝑠𝑝𝑒𝑒𝑑{𝑖−1}

𝑡{𝑖} −  𝑡{𝑖−1}
 

Moving average 
(3, 5, 10 s window) 

Rectangular window 
sid_ma3s: 3 seconds window MA 
sid_ma5s: 5 seconds window MA 
sid_ma10s: 10 seconds window MA 

Table 3: Computed attributes for machine learning process 

 
 

Description (weight) Equation 

Time difference between sensor 
data and ground truth data 
(ts_roughness) as weight 

𝑡ℎ𝑟𝑒𝑠 = 30 𝑑𝑎𝑦𝑠  
timediff = timestamp-ts_roughness (days) 

 

Confidence level Confidence from RME API 

Table 4: Weights for learning and/or filtering dirty data (low weight) 

3.3.1 Data Classification: Machine Learning Process 

The available sensor data from the OEMs is quite heterogeneous. This heterogeneity will increase with the 
number of vehicles that deliver their sensor data. Due to different models and their independent evolution, 
the heterogeneity of produced sensor data will (without any standardization) continuously increase. 
 
Therefore, the computation of road roughness values from the Automat OEM sensor data will be realized 
by a supervised classification algorithm. 
 
For this purpose, the labelled data will be split in two parts: 

a) Training data – to learn a model out of the sensor readings and the derived measures 
b) Test data – to verify the trained model with the ground truth data 

 
With the training data, the model will be trained to find the correlations within the data and the thresholds 
for each class. With this model, the 2nd part of the ground truth data will be classified. The differences 
between the data labels and the predicted value will then be the accuracy of the model. 
First approaches for the learning has been made using the sensor data of the FIAT vehicles. This data is 
dense and has a lot of sensor measures. However, the correlation to road roughness is not implicitly given 
for most of the sensors. As supervised classification algorithm, the Random Forest method has been cho-
sen. This method is developed by Breiman (Breiman, L. Machine Learning (2001) 45: 5. 
https://doi.org/10.1023/A:1010933404324). Advantages of the Random Forest are the embedded quality 
measure and the transparency for the user during the whole classification process (compared to e.g. Neural 
Network approaches). The Random Forest consists of multiple decision trees, taking the characteristics of 
the data and the labels into account. An example for one tree within a computed Random Forest is shown 
in Figure 17. 
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Figure 17: Example for one decision tree within the random forest 

 
The tree provides the predictors for road roughness classifications. A further advantage of the approach is 
the out of bag error which can be used as a quality indicator that is derived during the training phase. 
 
This first approach gave promising results. However, the set of sensor measures is different for each of the 
OEMs. Therefore, the used sensor data will be reduced to a more general set which will be described in 
the following paragraphs. 
 
The first run of the machine learning process has been done with a limited number of attributes (e.g. speed, 
acceleration). To have best representing set of data and eliminate uncertainty in the ground truth, a cross 
validation approach is used, where multiple classification runs on different partitions of the labelled data 
set. An example for 5-fold cross validation is given in Table 6. This approach has mainly been used to get 
a first impression of the classification performance. The table shows, that the train score for the data set is 
~80% which has to be improved. Furthermore, the standard deviation of the random forest learning ap-
proach is quite small, which means, that the machine learning is stable. 
 

fold test_score train_score 

0 0.438006 0.78786 

1 0.424715 0.829381 

2 0.447888 0.822595 

3 0.41819 0.825501 

4 0.444794 0.82695 

mean 0.434719 0.818457 

std 0.012836 0.01728 

Table 5: 5-fold cross validation with f11 score of VW data 

In Table 6: Accuracy matrix the accuracy matrix of the machine learning approach is shown. 
 

                                                 
1  (f1) is a metric for the classification accuracy. Comparable to kappa or accuracy, but more precise. 
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To improve the model performance, the set of attributes is extended with additional attributes (cf. Table 3). 
The additional attributes increased the model performance up to a precision of 66% and recall of 58% (cf. 
Table 6). With the additional attributes, the average f1-score has been increased up to 60%. Figure 18 
shows the confusion matrix of the classification. The higher numbers from the upper left corner to the lower 
right shows, that the roughness classes can be detected. However, the distinction of category 1(good) and 
category 2(fair) is harder. Roughness category 3 (poor) is separated better. The wrong classifications for 
this category are far lower than for category 1 and 2. 
 

 precision recall f1-score support

roughness_cat_1 0.33 0.56 0.42 5157

roughness_cat_2 0.79 0.57 0.66 15905

roughness_cat_3 0.54 0.76 0.63 2097

avg/total 0.66 0.58 0.6 23159  

Table 6: Accuracy matrix  

 
The matrix in Table 6: Accuracy matrix contains the f1- score of VW data (30 rounds in WOB) with a training-
test data ratio of (80/20) 
 

 

Figure 18: Confusion matrix of the classified VW data (30 rounds in Wolfsburg) 

 

Data Quality 

Assuming the ground truth data has 100% accuracy, the scores are showing, how good the model performs 
using the derived model to classify the labelled test data. 

3.4 Current state 

The process of getting data into the CVIM directly from cars has been a interesting process a state we 
reached in October 2017. 
 
The data uploads have been continuously improved and adjusted. The direct communication between the 
OEMs and the data consumers (e.g. HERE) were beneficial for both sides. This helped to improve the 
understanding of the sensor data and the delivered measures on the one hand. On the other hand, the 
OEMs got a deeper understanding of the use case and the requirements and, in case of delivering of 
corrupted or wrong data, they got contemporary feedback and the chance to fix the errors. 
 
Now all OEM’s have provided sensor data. We also have been able to use dataloggers from VW and placed 
them in two of our HERE Ground Truth cars (Volkswagen and Skoda). An example for the collected data 
is shown in Figure 19:  Data collection using HERE TRUE using the VW data logger 
This enables us to collect a vast amount of geo referenced sensor measures. 
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In Figure 19:  Data collection using HERE TRUE using the VW data logger an impression is given about 
car sensor data collection using one of the HERE TRUE cars during a standard mapping drive campaign 
in the South of Germany using the VW data logger. 

Achievements: 

 Closed the loop from OEM sensor measures via market place to use case 

 Obtained a lot of data mainly around Turin, Naples, Paris and Wolfsburg area 

 Run machine learning algorithms with the available data sets from the CVIM 

 The machine learning indicates, that it is possible to derive road roughness from automotive sensor 
data (depending on the available data, the sensors and the preprocessing) 

3.5 Road Roughness product  

Road Roughness is an existing product of HERE Technologies.  Using the AUTOMAT marketplace the 
freshness and coverage area can be improved. The improved product would provide additional value to 
customers, who use the information to better plan and budget resources. 
 
Potential customers interested in Road Roughness can request the product from HERE Technologies. The 
product is made available by administrative area, depending on the area of interest of the customer.  For 
example, a customer may be interested in a specific city, or province within a country.  The requested 
administrative area will be provided with the road roughness information associated to that area’s road 
network.  Customer’s receive a price based upon the total size (KMs) of the road network of their desired 
administrative area. 
 
Road Roughness coverage and freshness can vary, depending on HERE’s collection strategy and availa-
bility of source data.  Customers gain the most value by having fresh readings that cover the entirety of the 
network.  Current technology limitations prohibit the constant collection of every road network. 
 
HERE Road Roughness is used to measure the roadway pavement in order to: 

 Provide a comprehensive view of the quality of pavement in a road network  

 Effectively manage and deploy resources who maintain pavement 

 Establish budgets and capital planning 

Figure 19:  Data collection using HERE TRUE using the VW data logger 
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4 VW Service Development Status 

In addition to the cross sectorial service concepts specified by Meteologix and HERE, VW has utilized the 
AutoMat concept by adaptation and integration of a cross-sectorial service developed by VW in the scope 
of FP7 Project “ProSEco”. A description of this ‘ECO Monitor service for public administration’ Service is 
presented in the following.  
Within AutoMat the vehicle-side data acquisition has been ported to utilize the AutoMat geo-histogram 
functionality. The Geo histograms are compiled inside the vehicle during data acquisition and drastically 
reduce the amount of data that needs to be transferred to OEM backend and needs to be processed in all 
steps afterwards and thus have a huge impact on all aspects of data and service cost.  
Therefore, the ECO Monitor serves as a proof for the domain of use cases, which can benefit from the 
drastic data reduction potential of histogram and geo histogram technology and can still provide high-quality 
service based on that data which has been pre-aggregated inside the vehicle. 
 

ECO Monitor for public administration bodies Scenario 

This service provides administrative bodies information about polluted areas in a city with respect to air 
quality. This information is displayed via a map, displaying hotspots as heat map overlay. 
The service provides air quality information for areas like streets, cities and regions. This scenario needs 
geo-classified histograms. The vehicles can sense information on the fine particle pollution of a geograph-
ical area. Therefore, a sensor from HVAC Climate automatic module is used for continuously monitoring 
the level of carbon monoxide (CO) and oxides of nitrogen (NOx) in the air.  
The data aggregation module in the vehicle maps the GPS data to location data for defined areas using 
the geo histogram algorithm described in D3.3. and mapping the measured values to the GPS coordinates 
of the middle point of the driven map tiles. Figure 20 shows an example of a geo histogram coming from 
the data aggregation module within a vehicle. Depending on the number of map tiles driven, the matrix will 
extend to the right. 
 

 

Figure 20: Example of a geo histogram from the aggregation module in a VW vehicle 

 
The OEM backend can then aggregate the data over the whole fleet. Thereby, it’s possible to map the air 
quality to specific locations.  
ECO Monitor for public administration bodies Scenario in a nutshell: A map where one can zoom into sev-
eral areas (e.g. Wolfsburg, Hannover, Berlin). In the zoomed map you can see heat map areas representing 
the measured pollution level. At the moment the fleet consists of 20+ vehicles. The service displays aggre-
gated historical data and the user of the application is able to select the time period he wants to see. The 
main functionality provided is as follows: 

 Sensing of air-quality while driving 

 Aggregation to geo histogram in the vehicle 

 Transfer of aggregate geo histogram to OEM backend 

 Publish to Automat Ecosystem 

 Import into ECO Monitor Data mart 

 Analysis of aggregated monitor in interactive dashboard 
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The User Interface of the application is described as follows: 

 The illustrated Boxes show geographical sectors with an extension of ~ 2.4 x 2.4 km (Zoom Level 
14). The color of the Map Tiles describes the quality of air in the explicit map tile, scaled from 0 
(very good) to 10 (bad).   

 By using the zoom slider it is possible to adapt the resolution, i.e. aggregate information to a lower 
resolution. In this case an ad hoc recalculation of the displayed map tiles takes place. 

 The Slider for Time Range allows to aggregate on a geographical higher scale 

The Figure 21 shows the air quality in the Berlin area. The tracking of the air quality was limited to one 
vehicle for clearer visualization of the air quality values. 

 

Figure 21: Field test in the Berlin area 

The following Figure 22 shows the air quality results for a single vehicle over several geographical regions. 
The MapTileID defines the geographic region, and the diagram shows the distribution of the associated air 
quality value – see D3.3 for details on the approach. The displayed air quality for a map tile is being calcu-
lated by aggregating the underlying histogram into a weighted average. 
 

 

Figure 22: Histogram showing the values for air quality collected in several map tile
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Appendix HERE Data preprocessing 

 
 
The  same picture  as Figure 14: Data pre-processing, spatializing and labelling    
(a better readable format) 
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