On-board Traffic Prediction Via V2X Connectivity
Tamás G. Molnára Devesh Upadhyayb Michael Hopkab
molnart@umich.edu

a

dupadhya@ford.com

mhopka@ford.com

Michiel Van Nieuwstadtb
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1. Introduction
Vehicles and the traffic infrastructure become increasingly connected by the help of emerging vehicle-toeverything (V2X) communication technologies. This facilitates the development of connected automated
vehicles (CAVs), which are expected to significantly impact road transportation [1, 2, 3, 4, 5, 6, 7, 8].
CAVs rely on sensory information as well as on communicated messages that contain information
about the motion of other vehicles, such as position and speed data, which implicitly characterizes even
the traffic flow itself [9, 10, 11]. Although the penetration of connectivity is expected to increase in the
near term, there will exist a considerable time period with mixed traffic consisting of both connected and
non-connected vehicles. If the penetration of connectivity is low, the information received by the CAV
may be transmitted from a vehicle that is farther away; see the illustration in Fig. 1(a). In this work we
consider how to utilize such information.
In particular, we investigate how the CAV can make on-board prediction about the downstream traffic
based on trajectory information communicated from a vehicle far ahead. Such connectivity-based traffic
prediction allows the CAV to estimate the motion of preceding non-connected vehicles, as well as its
own anticipated future behavior in traffic. As opposed to commonly available traffic provider data,
connectivity-based on-board predictions can be made real time and can be tailored to the needs of the
CAV. Thus, they can potentially be used in the control design of the CAV to optimize its operation. This
also facilitates smooth driving, which is beneficial for both the CAV and the surrounding traffic.
2. Methodology
We use traffic models to make predictions about the future motion of a selected ego vehicle based on the
trajectory data communicated from a lead vehicle upstream; see Fig. 1(a). In order to directly take into
account the trajectory data, the model must be formulated in the vehicle-based (Lagrangian) framework
via the position X(n, t) of the vehicles in traffic. For example, one may consider car-following models
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Figure 1. Illustration of (a) the scenario assumed for connectivity-based traffic prediction,
(b) the car-following model, and (c) its range policy.
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such as [12]
∂t X(n, t) = V (X(n + 1, t − τ ) − X(n, t − τ )) ,
(1)
which states that vehicle n controls its speed according to the distance d(n, t) = X(n + 1, t) − X(n, t) from
its predecessor n + 1; see Fig. 1(b). A key ingredient of this model is the time delay τ that accounts for
driver reaction time or actuation, communication and feedback delays. The speed-distance relationship
(range policy) can be given for example by the function shown in Fig. 1(c).
Alternatively, continuum traffic flow models can also be used. The most well-known one is the LighthillWhitham-Richards (LWR) model [13, 14], which can be written in the vehicle-fixed frame as [15]
∂t X(n, t) = V (∂n X(n, t)) .

(2)

Note that (2) does not involve the effect of time delay, although it significantly affects traffic dynamics [16].
The introduction of delays into continuum models is nontrivial [17, 18, 19, 20]. One possible approach is
to build an approximate continuum counterpart of (1), which is given by [21, 22]
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where MX and Mv indicate the order of the model. Note that MX = 1, Mv = 0 reduces to (2) when
τ = 0, and the higher order terms (MX ≥ 1, Mv ≥ 1) are required to introduce the delay τ > 0.
When a CAV receives trajectory data from another connected vehicle downstream, it can use the data
as boundary condition to simulate model (3) forward in time. The simulated trajectories represent a
prediction of the traffic flow, including the anticipated future motion of the CAV and its predecessors.
3. Results
Figure 2 illustrates the process of connectivity-based traffic prediction. Here, we used experimental data
of two connected vehicles that was recorded in a traffic jam on public roads in the scenario of Fig. 2(a).
The details of the prediction is explained in Fig. 2(b). We consider that measured trajectory data from
a downstream lead vehicle (red solid) is transmitted via V2X connectivity to an ego vehicle (black solid),
who makes a prediction (blue solid) about its future motion (black dashed). To make a prediction,
the lead vehicle’s trajectory is utilized as boundary condition and model (3) is simulated to estimate
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Figure 2. Connectivity-based on-board traffic prediction via model (3) for the scenario
shown in panel (a). Red: trajectory of the lead vehicle that is communicated by V2X,
black: trajectory of the ego vehicle, gray: simulated trajectories, blue: predicted trajectory
of the ego vehicle; including (b) the positions and (c) the speeds. The relevant prediction
horizon is shaded with gray.
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trajectories between the lead and ego vehicles (gray lines). Then, the closest simulated trajectory to the
ego vehicle’s trajectory is selected as a prediction about the ego vehicle’s future motion. Figure 2(c) shows
the corresponding speed prediction. The model parameters used in Fig. 2 are MX = Mv = 2, dst = 10 m,
vmax = 30 m/s, 1/κ = 1.5 s and τ = 1 s.
Note that trajectory prediction is possible over a certain prediction horizon; see the gray shading in
Fig. 2(b). The horizon decreases with the speeds of the traffic flow and the congestion waves. Furthermore,
the farther the ego vehicle is from the lead vehicle at the time of prediction, the larger the prediction
horizon. Thus, in order to reach a large enough horizon, V2X connectivity must provide information from
large enough distance downstream the ego vehicle. This prescribes technological requirements regarding
the range of V2X connectivity. Beyond the horizon, the lead vehicle’s future trajectory (red dashed) must
also be assumed (thin red) in order to further predict the ego vehicle’s trajectory (thin blue), but this
assumption does not influence the prediction within the prediction horizon.
4. Conclusion
The method described above allows V2X connectivity-based traffic prediction for CAVs. Since the predictions can be tailored to the needs of the CAV and can be made on board, the CAV may exploit them
to plan and control its motion or to optimize its operation. The prediction horizon depends on the state
of traffic (distance and speed of vehicles, speed of congestion waves), while the prediction accuracy is
determined by the utilized traffic model. As a future work, we intend to accommodate this method to
more sophisticated traffic models, which are formulated at the acceleration level. These models directly
take into account the acceleration limits of vehicles and are more suitable for the control design of CAVs.
We also plan to investigate how predictions are affected when the model parameters (such as the delay τ )
are varying in time t or over the vehicle index n. These account for the uncertainties in (human) driving
behavior over time and for the heterogeneity of traffic involving different kinds of vehicles and drivers.
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