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Abstract

Prediction based optimal energy management systems 
are a topic of high interest in the automotive industry 
as an effective, low-cost option for improving vehicle 

fuel efficiency. With the continuing development of connected 
and autonomous vehicle (CAV) technology there are many 
data streams which may be leveraged by transportation stake-
holders. The Suite of CAVs-derived data streams includes 
advanced driver-assistance (ADAS) derived information about 
surrounding vehicles, vehicle-to-vehicle (V2V) communica-
tions for real time and historical data, and vehicle-to-infra-
structure (V2I) communications. The suite of CAVs-derived 
data streams have been demonstrated to enable improvements 
in system-level safety, emissions and fuel economy. Practical 
concerns, lack of standardization, and current low levels of 
technology penetration dictate that the acquisition of 

real-world data for use in the development of optimal energy 
management systems is challenging and expensive, presenting 
a bottleneck for research in the subject area. This paper 
describes the gathering, processing, and use of on-road data 
collected from probe vehicles in Fort Collins, Colorado. 
General guidelines are provided for the definition of data 
streams, and the gathering, and processing of said data. 
Specific discussion is provided for the several synchronous 
datasets which were gathered using a test vehicle equipped 
with sensors to measure ego vehicle position, velocity, and 
driver and engine data, ADAS-derived near-neighbor relative 
position and velocity, and infrastructure-level transit time 
and signal phase and timing information. The processed 
dataset is made available to the research community. The 
utility of these data streams are briefly demonstrated by using 
them in the applications of vehicle velocity prediction.

Introduction

Transportation sector emissions are responsible for 27% 
of all greenhouse gas emissions and over 50% or 
nitrogen oxide emissions [1]. Greenhouse gas emissions 

have been shown to be a significant contributor to global 
climate change [2] and premature death [3]. Greenhouse gas 
emission levels are tied to volume of fuel consumed. With a 
reduction in miles driven being a difficult-to-implement and 
politically controversial goal, methods to improve vehicle fuel 
economy (FE) are widely researched [4].

Much research into improving FE revolves around the 
physical design of the vehicle and its propulsion system. 
However, the progress in this area is, necessarily, slow and 
expensive. In recent years, the pace of CAV technology devel-
opment has rapidly increased. Research revolving around 
CAV enabled FE improvement strategies, thus, carries the 
promise of relatively quick and inexpensive progress [5].

Many strategies currently exist for the optimization of 
individual vehicle fuel economy [6, 21]. Individual vehicle FE 
improvement research and development are predominantly 
focused on Eco-driving and optimal energy management 
strategies (Optimal EMS). Eco-driving strategies attempt to 
reduce the energy required for a given drive cycle by limiting 
the amount of times the vehicle undergoes substantial longi-
tudinal acceleration events while Optimal EMS attempts to 
maximize the efficiency of a vehicle for a given drive cycle. 
Because Eco-driving requires that a vehicle achieve some 
degree of longitudinal and/or lateral autonomy, Connected-
and-Autonomous-Vehicle (CAV) technology is required for 
its practical implementation. Optimal EMS can be imple-
mented on a vehicle with or without the implementation of 
CAV features. The direction of FE research for individual 
vehicles is focused towards the combination of Eco-driving 
and Optimal EMS [7].
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Vehicle FE is also considered from an infrastructure 
system point of view. Traffic system engineering is most often 
optimized around the system level goals of mobility, efficiency, 
and productivity (MEP) [8]. As traffic system optimization is 
the responsibility, most often, of municipalities and local 
governments, the particular balance of the optimization is a 
function of local public opinion and circumstances and may 
vary substantially from locality to locality [9]. Congestion is 
a major cause of reduction in vehicle FE and the complications 
of urban driving also negatively affect the life cycle efficiency 
of vehicles. Intelligent transportation system technology has 
seen increased penetration in recent years [9] and this tech-
nology allows for transportation controllers to more effectively 
monitor and optimize their systems to their particular goals.

In order to most effectively optimize the MEP of a trans-
portation system a combined method is sought wherein 
communications between individual vehicles and between 
vehicles and infrastructure, allied with intelligent sensing and 
control systems for the individual vehicles and the infrastruc-
ture allow for total system optimization.

The first requirement for enabling the development of 
algorithms and physical technology which can leverage the 
information provided from ADAS, V2I, V2V, and ego vehicle 
data (EGO), is the knowledge of how to attain said data with 
current and freely available technology. In order to further 
support the development efforts of independent, and often, 
resource constrained groups, an openly available dataset 
which can be used for development is desired.

The aim of this paper, and that of the data collection 
which it describes, is to be both general and practical. In accor-
dance with these goals, several limitations were placed on the 
scope of the effort.

Vehicle autonomy research, most prominently, falls into 
the categories of central computing and edge computing [11]. 
Central computing allows for the fuller realization of the goals 
for system level optimization but requires nearly complete adap-
tation of SAE Level 5 [12] CAV technology and significant 
investment in infrastructure communications, thus making it 
a far future goal. Edge computing limits the ability of system 
controllers to optimize fully but may be implemented with 
current technology and does not require any level of penetration 
to succeed in improving individual and system level vehicle FE.

In the spirit of practicality, the data collection was focused 
towards an edge computing model with data presented from 
a vehicle perspective. The collection of detailed infrastructure 
system level traffic data, and discussion of the manner in 
which data collected or knowledge derived from said data are 
specifically not within the scope of this research. Additionally, 
while specific practical concerns relating to data collection 
and processing are discussed, great care is taken to not discuss 
the differences between similar produces from different 
companies. Any specific mention of technologies or products 
in this paper are incidental.

In the spirit of generality, in the processing and presenta-
tion of data, every effort was made to divorce the end product 
form the system on which it was collected. For this reason 
several categories of data are defined and several options are 
presented for obtaining data in the categories. Also, where 
previous work has been done on using CAV data streams to 
optimize the FE of a specific vehicle [13], this paper attempts 

to provide the basis for a general solution, thus results in this 
paper wil l be  presented with respect to vehicle 
velocity prediction.

A further note is that while other public driving datasets 
exist, these are aimed at the development of perceptions 
systems using sensor data. Recently public datasets have been 
released by Waymo [19] and Lyft [20] which include, primarily 
LiDAR and camera raw frames. Perception is only one element 
of CAV systems:

Development of the prediction and planning and optimal 
control elements of CAV logic does not require the simulta-
neous development of a perception system, as all perception 
systems will, ultimately, produce similar outputs. Because the 
development of a perception system is expensive and the 
processing of raw perception system data is complex, the 
processed data which is necessary for the development of the 
remaining elements of CAV logic is accessible to a limited 
number of groups. Thus, in the interest of open and reproduc-
ible science, a public dataset of processed data is provided. 
Additionally, in order to increase the comparability of the 
outputs of various perception systems, a taxonomy for said 
processed data is proposed.

Novel contributions in this paper include 1) a general 
categorization of CAV data treatments 2) An open access real-
world dataset is provided which includes ADAS and V2X data.

Methods

Data Categorization
Much confusion can be generated in the categorization of the 
elements of a CAV system. A distinction must be  made 
between the manner in which data is acquired and the manner 
in which it is used. It is felt practical to define two separate 
categorizations; these being data acquisition categories, and 
data treatment categories. As will be  shown, data from 
multiple sources will be used in the various data treatment 
categories. For the remainder of this paper, data acquisition 
categories will be referred to as data streams, while processed 
data categories will be referred to as data treatments.
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Data-Streams A CAV receives information from its 
on-board ADAS system and its external communications 
system, as shown in schematic form in Figure 1:

The ADAS system on a vehicle controllers over a dedi-
cated high-speed object Controller-Area-Network (CAN) bus 
[ref]. Similarly, the Communications system will generally 
consist of an external communications transceiver unit which 
communicates to vehicle controllers via CAN. This setup is 
depicted in schematic in Figure 2:

The specifics of vehicle CAV systems vary by manufac-
turer and model with the general trend that the higher the 
capabilities of the CAV system, the more reliant the system 
becomes on a central controller.

There are three main Data-Streams that any CAV 
system uses:

 1. ADAS: Information gathered from sensors about the 
immediate surroundings of the vehicle. ADAs sensors, 
most commonly, cameras, radars, LiDARs, and 
ultrasonic sensors are line-of-sight sensors meaning 
that their range is limited to, at most, what can be seen 
from the vehicle. ADAS sensors have a practical range 
which depends on the environmental and traffic 
conditions in the vehicle’s surroundings. Because 
ADAS sensors do not require communication with 
other vehicles to function they are generally used for 
safety critical applications such as collision avoidance, 
maintaining follow distance, and lane keeping assist.

 2. Communications (COMM): Information gathered 
from Local-Infrastructure-Broadcasts (LIB), or from 
other nodes on a Vehicular-ad-Hoc-Network 
(VaNET). LIB will often be of the form of Signal-
Phase-and-Timing (SPaT) data which relates the 
current statuses of traffic signals in the ego vehicle’s 
immediate path, as well as information relating the 
speeds of other vehicles at locations along the ego 
vehicle path. Vehicle positional information is also 
obtained via the Communications system.

 3. Ego Vehicle CAN (VEH): Information about the 
vehicle’s performance and driver inputs can 
be gathered from the Ego vehicle CAN bus, which are 
specifically not ADAS derived. These signals include 
vehicle velocities and accelerations, engine and 
transmission state, driver inputs such as throttle, 
brake, and steering, etc.

Data-Treatments There is further lack of standardization 
where Data-Treatments are concerned. As Data-Treatments 
are, by nature, software based rather than hardware based, a 
further layer of ambiguity exists in their classification in that 
entirely separate hierarchies could exist in, otherwise, similar 
CAV systems. A categorization system is presented below with 
accompanying rationale.

The first division of Data-Treatments will be  by 
relevance area:

 1. Ego Vehicle Data (EGO): Data which concerns the 
position, motion and internal workings of the ego 
vehicle itself.

 2. Vehicle-Immediate-Surroundings (VIS): Data which 
concerns the areas of the vehicle’s instantaneous 
environment which can be directly seen from the 
vehicle. This relevance area can be further broken 
down into Field-of View (FOV) sub-areas as seen in 
the figure 3.

 3. Information gathered by the CAV system about 
objects in the side areas can be treated differently 
than information about objects in the forward or 
rearward areas.

 4. Forward-Path-Information (FPI): Information about 
the status of the environment at points which the 
vehicle will reach along its planned route. FPI 
information is not-necessarily beyond the line of sight 
but may be well beyond it.

 FIGURE 1  Distinguishing between ADAC and COMM 
Data Streams
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 FIGURE 2  ADAS and COMM Data Stream interaction with 
CAV controller via CAN bus
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 FIGURE 3  Schematic Illustration of vehicle FOV areas color 
coded and labeled
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Among the three areas of relevance common treatments 
are defined in table 1:

An important point is that the Data-Treatment classification 
is application focused. For example, the LV Data-Treatment 
may, ad often will, be generated from the Object Tracks-Data 
treatment but the two are used for different purposes.

CAV System Design
The data collection setup was designed form a systems 
perspective based on the categorizations established above 
and under the following assumptions:

 1. Accurate velocity prediction in an N second window 
(where Nis between 5 and 15 seconds) enables 
enhanced vehicle FE.

 2. In order to achieve accurate velocity prediction in an 
N second window, one need only gather EGO and 
FPI data.

 3. A high quality GNSS receiver with Untethered-Dead-
Reckoning (UDR) capability will provide accurate 

enough positional information in order to enable 
accurate velocity prediction in an N second window

Having started with the desired data in mind, it was 
decided that the probe vehicle should be equipped with both 
an ADAS and a COMM system, while VEH data would 
be collected via the Probe Vehicle OBD2 port.

ADAS Design In order to achieve the best possible 
accuracy in detecting a lead vehicle it was decided to employ 
a two-sensor system and fuse the detections from said sensors. 
For this task, cameras, radars, and LiDARs were considered. 
Three practical considerations informed the decision:

 1. The sensors should be “smart” meaning that the 
sensors should process raw data into detections and 
then output information about said detections.

 2. The sensors should be of two different types such that 
they will not be subject to performance drops caused 
from the same environmental conditions.

 3. The sensors should use CAN communications.

Finally an assumption was made that the range for which 
the lead vehicle would have an impact on the ego driver would 
be no greater than 100 meters.

With these considerations in mind a Mid-Range-Radar 
(MRR) and smart camera setup was selected. These sensors 
both were capable of being powered by the vehicle 12V circuit 
and both outputted CAN messages. In order to read the CAN 
messages sent by the sensors a Vector VN 1630 physical CAN 

TABLE 1 Descriptions of data treatments, their relevance 
areas, and data streams from which they can be acquired

Relevance 
Area

Data 
Treatment Description

Data 
Stream

EGO Driver Inputs Steering, accelerator and 
brake pedal traces, drive 
mode selection, turn 
signal, etc.

VEH

Vehicle 
Performance

Vehicle speed, engine load 
and speed, transmission 
gear, accelerations, etc.

VEH

Vehicle 
Position and 
Motion

GNSS position and motion 
information

COMM

VIS Object Tracks Relative locations and 
classifications of detected 
and tracked objects

ADAS, 
COMM

Lane 
Information

Information about vehicle 
position and trajectory 
relative to the vehicle’s 
current lane

ADAS, 
COMM

Condition 
Information

Lighting and weather 
conditions in the vehicle’s 
environment

ADAS, 
COMM

FPI SPaT Phase and timing 
information for traffic 
signals

COMM

Segment 
Speeds (SS)

Average vehicle speeds for 
segments of road

COMM

Lead Vehicle 
(LV)

relative position and 
motion of the vehicle most 
immediately in front of the 
ego vehicle

ADAS, 
COMM

Historical 
Speeds (HS)

Speeds which vehicles 
have historically traveled at 
specific locations

VEH, 
COMM
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l.  FIGURE 4  Physical locations of sensors on probe vehicle A) 
Radar mounted on front and center of vehicle grille B) Camera 
mounted on windshield slightly offset to the left C) GNSS 
Receiver mounted on center console, near-as-possible to 
vehicle center of mass D) All CAN data fed into vector physical 
CAN interface mounted on center console
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interface was used to receive the messages and Vector 
CANalyzer was used to process the messages based on.dbc 
files provided by the radar and camera suppliers [13]. Vector 
CANalyzer, specifically, was selected as it was deemed to be a 
convenient platform for generating and sending the Cyclic-
Redundancy-Check (CRC) bits which the sensors required 
to function.

COMM Design In designing the COMM system a practical 
difficulty was that, while the technology which would enable 
FPI data to be broadcast by a municipality to a vehicle COMM 
system exists, the technology is in extremely rare use in real 
world environments. Rather than create an artificial environ-
ment, FPI data such as SPaT and SS was acquired from the 
City of Fort Collins after data collection in a time-
stamped format.

The City of Fort Collins uses a TraffiCast [14] system to 
monitor a sample of vehicles as they pass from intersection to 
intersection, this is a fairly commonly used tool for traffic 
management at a local level. The city also logs the phases and 
timing of its traffic signals.

GNSS positioning and motion data was acquired using, 
ultimately, a dedicated GNSS receiver with UDR capability. 
Many attempts were made to design a cheaper solution, these 
mostly involving various cell-phone GPS based solutions, and 
all were found insufficiently accurate or reliable.

A final note is that initial test runs were conducted with 
several instrumented vehicles accompanying the ego vehicle 
along the same path with the goal of proving extra historical 
velocity traces. These vehicles were, necessarily, the personal 
vehicles of student participants and could only be  lightly 
instrumented. The difficulty of building an instrumentation 
system which could reliably accommodate the range of 
vehicles required proved impassible. Furthermore, scheduling 
limitations necessitated that data collection could only occur 
for short periods at a time where multiple people had overlap-
ping free time. Ultimately it was determined that the loss of 
the extra historical traces generated by the extra vehicles 
would be compensated for by conducting much longer single 
vehicle runs.

VEH Design Multiple options were used for acquiring VEH 
data. Initially data was acquired using a cell-phone application 

 FIGURE 5  Locations, relative to probe vehicle of A) Camera 
(blue) and B) Radar (red) detections for a data 
collection session
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 FIGURE 6  Locations of data availability in Fort Collins. Blue 
lines indicate segment speed monitoring while red targets 
indicate traffic signals
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 FIGURE 7  GNSS position trace vs time elapsed for the 
probe vehicle a data collection session, colored by speed
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 FIGURE 8  CANalyzer Setup for collecting radar and 
camera data
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with an ELM 327 adapter plugged in to the Ego vehicle OBD2 
port. This system was sufficient for tracking important CAN 
signals but, ultimately, .dbc files for the ego vehicle were 
attained and the VEH data was also logged using the Vector 
VN 1630 and CANalyzer, this being significantly 
more convenient.

Data Collection
Data collection was performed in the City of Fort Collins 
along the following route:

This route was selected for the data collection’s initial 
phase for the following reasons:

 1. The route was short enough to perform multiple times 
per hour allowing for more laps to be recorded.

 2. The route was completely covered by the traffic 
monitoring system.

 3. The route was in a high-traffic urban area and 
encountered 20 traffic signals.

Data Processing
All data was processed using MATLAB using the 
following process:

 1. Resampling: As all Data Streams were time-stamped 
interpolation was used to put all data on a common 
time scale.

 2. Assigning SS and SPaT: Using Arc-gis road map data 
from the OpenStreetMaps database (planet.osm) [15]. 
Ego vehicle GNSS position was used to localize the 
vehicle to positions on the roads which made up the 
test route. The test route was then broken into 
segments based on the known GNSS positions of the 
traffic signals and the ego vehicle was assigned to 
these segments using a k-nearest-neighbors 
(KNN) algorithm.

 3. Assigning HS: As the GNSS position traces did not 
precisely line up from lap to lap, a KNN search 
algorithm was used to match the points on the ego 
vehicle trace to the closest point on the historical 
traces. In order to save computational time, before 
applying the KNN search, a ±10 meters distance filter 
was applied such that only points very close to the ego 
vehicle were considered.

 4. Assigning LV: The detections from the radar and 
camera were fused in MATLAB using a 3D Extended 
Kalman Filter and the lead vehicle was selected as the 
closest vehicle within a ±15° cone emanating from the 
front/center of the ego vehicle.

Data and Information 
Availability
All processed data and processing code are available, along 
with further information on the Probe Vehicle setup and the 
testing methodology is freely available at:

https://gitlab.com/airabino/opendata
Where possible, raw data is provided as well, in some 

cases raw data has been modified or not provided due to 
confidentiality agreements.

Applications and Discussion
The availability of this dataset has value as a resource for the 
development of modeling and control algorithms for 
connected and autonomous vehicles. In this section, 
we propose, demonstrate, and discuss two applications for 

 FIGURE 9  Route for data collection
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 FIGURE 10  Mean average error comparison for velocity 
prediction in 10 second window for various combinations of 
Data Treatments
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this data in vehicle velocity prediction using real-world 
derived CAV data as the inputs.

Vehicle velocity prediction Previous research has 
shown that vehicles can use machine learning algorithms to 
predict future vehicle velocity, as the vehicle drives over a 
driving trace [16]. Much of this research uses datasets that are 
from controlled environment, including closed courses, 
synthetic (perfect) data, controlled drive cycles and more [17, 
18]. The dataset that is the product of this research includes a 
number of complicating factors that test the efficacy of the 
reinforcement learning techniques in ways that are not avail-
able when using more controlled datasets.

To exemplify the value of having this type of dataset, this 
study now presents the use of Artificial Neural Networks 
(ANN) to perform accurate velocity prediction. In this case, 
we  can study the information and learning content of  
each of the CAV signals, and measure their relative effect of 
vehicle velocity mean squared error prediction over a 
10 second window.

Using MATLAB’s Machine Learning toolbox, a prelimi-
nary investigation of the relative values of the various Data 
Treatments was conducted using a deep neural network 
composed of 2 long-short-term-memory (LSTM) layers of 
75 neurons followed by 3 fully connected layers of 75, 50, and 
25 neurons to predict velocity in a 10 second window. Using 
Mean Average Error as a metric of comparison networks were 
trained on combinations of the following data:

The training was done using the EGO Data Treatments 
and combinations of the FPI Data Treatments. The output 
trajectories of the ANN were compared to the actual trajec-
tories from real world data by calculating the MAE. The 
results, in terms of MAE are shown in figure 11, where the 
column labels denote which data streams were used 
in training:

Initial results show that FPI Data Treatments can improve 
prediction accuracy over the baseline of EGO Data Treatments 
alone, with LV and SPaT being the most impactful. The 
predicted and actual velocity traces for the ANN trained with 
EGO and SPaT datasets is shown in figure 11.

Vehicle FE Improvement Using previously developed 
dynamic programming based Optimal EMS simulations with 
an Autonomie model for a 2010 Toyota Prius in combination 
with vehicle velocity trajectory prediction, it is shown that 
improvements can be made to vehicle FE on order with those 
gained using an exact prediction of the vehicle’s velocity 
trajectory. Inputs to the Optimal EMS simulations are char-
acterized as follows:

 1. Baseline: FE achieved by a vehicle model without 
utilizing any form of predictive Optimal EMS.

 2. ANN Horizon Prediction: FE achieved by applying 
Optimal EMS over 10-second time horizons predicted 
using previously described ANNs

 3. Exact Horizon Prediction: FE achieved by applying 
Optimal EMS over 10-second time horizons with 
perfect prediction accuracy.

TABLE 2 List data treatments and specific signals used 
in fitting

Data Treatment Signal Comment
EGO Accelerator Position

Brake Pedal Position

Transmission Gear

Engine Speed

Engine Torque

Turn Signal

Longitudinal Acceleration (X Direction)

Lateral Acceleration (Y Direction)

Yaw Rate

Altitude

Steer Angle

Vehicle Speed

FPI SPaT Provided for next 
5 traffic signals

LV

HS

SS©
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 FIGURE 11  Velocity traces by distance for predicted and 
actual velocity
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 FIGURE 12  FE improvement over baseline for various 
combinations of Data Treatments
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Results for FE improvement over baseline are shown for exact 
and ANN horizon predictions, calculated for laps 11-13 of the 
publicly available dataset.

Summary
In this paper a framework was provided for classifying the 
collection and processing of various Data Streams, a specific 
discussion was provided for the collection of real-world vehicle 
and traffic dataset which is freely available for the research 
community, and initial results attained using said dataset 
were presented.

Data and information provided to the research commu-
nity can lead to opportunities for more groups to participate 
in CAV enabled Eco-Driving and Optimal EMS research

Initial results obtained suggest that FPI Data Treatments 
are valuable for vehicle velocity prediction and velocity-
prediction enabled Optimal EMS. Velocity prediction based 
Optimal EMS and V2I communications are both currently 
achievable technologies with limited market proliferation, 
and could enable significant system level FE improvements in 
municipalities which implement the technology in the 
near future.
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Definitions/Abbreviations
EMS - Energy Management Strategy
FE - Fuel Economy
CAV - Connected Autonomous Vehicle
ADAS - Advanced Driver Assistance System
COMM - Communications System
VEH - Vehicle CAN data stream
EGO - Ego vehicle relevance area

VIS - Vehicle Immediate Surroundings relevance area
FPI - Forward Path Information relevance area
FOV - Field of View
GNSS - Global Navigation Satellite System
UDR - Untethered Dead Reckoning
SPaT - Signal Phase and Timing
SS - Segment Speeds
HS - Historical Speeds
LV - Lead Vehicle
CAN - Controller Area Network
MSE - Mean Squared Error
KNN - K-nearest Neighbor
ANN - Artificial Neural Network
LSTM - Long Short Term Memory type neuron
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