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Towards Adaptive Eco-Approach and Departure For
Actuated Signalized Corridors

Jean-Bernard Uwineza

Abstract—Intelligent energy efficiency is required to reduce
the greenhouse gas emissions from the transportation sector.
Consequently, it is important to take advantage of all information
available to connected vehicles, e.g. signal phase and timing
(SPaT) information at downstream intersections. One of the
most promising energy-saving intelligent applications is Eco-
approach and Departure (EAD), which takes advantage of SPaT
data and allows for the computation of the optimal strategy to
approach a signalized intersection. Recent research has assumed
that signal timing is deterministic, and hence predictable from
SPaT information. However, in real-world scenarios this is not
the case, and the signal’s actual time-of-change is unpredictable.
This work will validate the EAD algorithm on real-world SPaT
data from a signalized intersection in a signalized corridor, and
provide insights on how to handle uncertain SPaT data when
designing EAD algorithms that could adapt to multiple actuated
signals in a corridor.

I. INTRODUCTION

Increased industrialization and rapid growth of world econ-
omy is an inevitable aspect of our society, and consequently
so is the growth and demand for transportation services. In the
past several decades, this has led to unsustainable consumption
of fossil fuels, which has in turn led to increasingly detrimental
emission of greenhouse gases (GHGs) into the atmosphere,
the main drivers of air pollution in several metropolitan cities,
and global climate change. In the United States, the trans-
portation and mobility sector is the leading source of GHG
emissions—accounting for nearly a third of overall emissions
and surpassing the energy and electricity production sector
[1]. Within the transportation sector in the US, road trans-
portation accounted for about 85% of the sector’s emissions
with personal passenger cars accounting for for half of that
[1]. Global statistics on emissions breakdown by sector are
not significantly different, and the situation is worse still in
some emerging economies whose standards on environmental
regulation are lax [2]. The global CO2 emissions from the
transportation sector have doubled over the 1970–2010 period
[3], [4], [5] and are expected to double again by 2050 if current
trends are upheld [6], [2]. However, the research community
has also remarked that the transportation sector is harder to
decarbonize due to its increasing demand and reliance on non-
renewable energy sources [6]. To remain within the global
warming levels required by the International Panel on Climate
Change (IPCC), the transportation sector will have to adopt
drastic changes towards decarbonization.
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Figure 1: An illustration of a typical Eco-Approach and Departure imple-
mentation at a signalized intersection. The red vehicle can communicate to
the preceding vehicle via V2V communication and the signal controller via
V2I communication. (Source: US DOT)

There are different options to address the impact of the
transportation sector on carbon emissions, foremost among
them: (1) reducing travel demand, (2) shifting modes of
transportation from high to low carbon-intensity modes, (3)
switching to low-emission fuels such as biofuels, electric, or
hydrogen, and (4) increasing energy/fuel efficiency through in-
telligent mobility services/applications. As noted in [3], the op-
tions (1) and (2) of reduced growth and modal shift have been
tried in the past and have largely failed to make a significant
impact, and thus, one would not expect them to succeed in the
future either. This is perhaps due to the fact that these options
involve influencing the public’s mindset either through weakly
incentivized persuasion or policy changes, both of which are
not easy to implement in a free-market economy. On the other
hand, options (3) and (4) are very promising, not least because
they rely on technological innovations that have largely been
immature until recently. Additionally, the latter two options
enables the reduction (and in some cases, reversal) of carbon
emission without drastically inhibiting travel demand in the
long run [7]. For option (3), [8] suggests two scenarios for
achieving emission reduction within the 2°C requirement set
by the IPCC. The first scenario aims to be carbon neutral
and optimistically does not tax biofuels and other alternative
renewable forms of energy. This allows for a transition to
renewable energy without affecting travel demand growth. The
second scenario applies a heavy carbon tax to fossils fuels
and a proportional tax to other renewables such as biofuels,
as they are deemed to still release GHGs into the atmosphere,
albeit in small amounts. In this scenario, there’s a 10–16%
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reduction in travel demand growth in the long run. It should be
noted that these two scenarios would require implementation
mechanisms that are not immediate, i.e. the decarbonization
would not happen immediately. Indeed, it is noted in [6]
that decarbonization in the transportation sector will tend to
lag 10–30 years behind other prominent sectors. Therefore, it
would seem that energy/fuel efficient intelligent transportation
services present a clearer way to rapid decarbonization.

One of the ways to minimize road transportation’s energy
consumption is via an eco-driving, implemented by connected
vehicles (CVs) and road infrastructure cooperating with each
other. This cooperation is enabled by vehicle-to-vehicle (V2V),
vehicle-to-infrastructure (V2I), or vehicle-to-everything (V2X)
communication using Dedicated Short Range Communication
(DSRC) [9] or 5G [10], [11]. Some advanced driver assistance
systems (ADAS) such as cooperative adaptive cruise control
(CACC) take advantage of these communications to deliver
safety, mobility, and energy saving benefits [12]. One of the
most promising eco-driving application is Eco-Approach and
Departure (EAD) at signalized intersections, which promises
up to 40% in energy savings and 33% in travel time reductions
in fully automated, cooperative scenarios [13]. Figure 1 shows
an illustration of such an EAD application, in which the
interest vehicle can communicate with the other vehicles and
also the traffic control infrastructure.

There has been significant interest in EAD application
development and testing using on various approaches [14],
[15], [16], [17], [18]. The scenario of vehicles queued at the
intersection has been studied by [19], [20]. In this work, aim
to validate the work of [19], [20] via real-world data from
the innovation corridor on University Avenue in Riverside,
CA (depicted in Figure 3). We also attempt to provide new
insights towards the development of adaptive EAD (AEAD)
for actuated signalized corridors. Section III details the prob-
lem statement. Section III provides a theoretical approach,
first for a single fixed-timing signal, then for an actuated
signal, and finally some insights for a corridor of actuated
signals. Section IV illustrates the working dataset and gives
preliminary results on EAD using this dataset. Section V
provides some concluding remarks, as well some insights into
potential future work.

II. PROBLEM STATEMENT

Suppose a vehicle is traveling on a route equipped with
controllable and actuated traffic signals. The vehicle can
perform V2I or V2X communication using DSRC or 5G to
retrieve information about the signals. The vehicle operating
in an EAD system communicates with the signal controller
via V2I methods when it reaches within communication range,
C. The vehicle receives Signal Phase and Timing (SPaT) data
about the current state of the traffic signal. This information
includes signal phase status (red, yellow, or green), starting
time of current phase, S0, current time in phase, St, and the
minimum and maximum time to change for the current phase,
Smin and Smax, respectively. Figure 4 shows a typical data
SPaT message. From the V2I communication, the vehicle is
also able to determine its distance to signal, D, the distance

from the current location of the vehicle to the the stop line
at the signal. We note that the vehicle begins operating in
EAD when it is within communication range of the signal, i.e.
D ≤ C. With this information, along with the known speed,
V , and the current timestamp, t, the vehicle can utilize the
pre-computed energy graph of the intersection to compute the
optimal speed to pass the intersection with minimum energy
consumption. The problem is stated in [20] as follows:

Problem 1. Given an initial state (t,D, V ), find the valid
action that minimizes the expected total cost (energy) to the
target state (T, 0, V ′).

Then, the goal is:
1) To find the minimum energy trajectory to reach the

traffic signal, and
2) To take into consideration the uncertainty that arises

from actuated signals whose phases depend on the real-
time traffic conditions.

There are assumptions we have made in the above problem,
namely:

• No other vehicles are present on the road. This allows
for the optimization to determine the unimpeded vehicle
trajectory. Realistically, there are likely queues when the
traffic signal is red, and other works have taken this into
consideration [20].

• The vehicle has a generic powertrain model. For works
with specific powertrain models, see [21].

III. APPROACH

To address the first goal, [19] develops a graph-based
approach. The nodes of the weighted and directed graph
are 3-dimensional coordinates (t,D, V ) corresponding to the
dynamic state of the vehicle. The edges of the graph cor-
respond to state transitions of the vehicle, i.e. moving from
one time-step to the next: (ti, Di, Vi) → (tj , Dj , Vj), where
ti ̸= tj . The weights of the edges are the energy consumption
associated with each state transition, and it should be noted
that these weights are real and non-negative. This approach
first divides the time domain into discrete ∆t time-steps,
and the distance domain into discrete units of ∆d each,
and consequently the speed domain into ∆d/∆t discrete
units. The energy consumption minimization in Problem 1 is
thus converted into a single-source shortest path minimization
problem, restated below:

Problem 2. Given a weighted digraph G, whose vertices are
discretized vehicle states (t,D, V ), find the shortest path from
(t,D, V ) to (T, 0, V ′).

The parameter T is the target passage time at the stop line.
In the scenario in which the signal is red and the vehicle
has to arrive at the stop line at the beginning of the green
signal, T can be set to the start of the next green plus some
additional buffer time, τ , i.e. T = Tg + τ , where Tg is
time to next green determined from SPaT message. For a
single, fixed-timing signal, Problem 2 is efficiently solved by
Dijkstra’s algorithm [21], using linear programming. The next
subsections will detail how to formulate and approach Problem
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2 for a deterministic signal, an actuated signal, and a signalized
corridor.

A. Dynamic Programming for a Deterministic Signal

There are constraints imposed on the motion of vehicles
due to various factors such as the powertrain model [21],
speed limit of the roadway, etc. Hence, there are constraints
imposed to the validity of the a state transition. Specifically,
a state transition from parent state (ti, Di, Vi) to child state
(tj , Dj , Vj) is valid if:

1) The state times are consecutive, i.e tj = ti +∆t;
2) Distance and speed are consistent, i.e. Dj = Di−V∆t;
3) The speed is consistent with acceleration, and the speed

is within the specified constraints, i.e. Vj = Vi + ai∆t
and Vmin ≤ Vj ≤ Vmax, where Vmin and Vmax are
specified minimum and maximum speed, respectively,
and ai is the “acceleration” at parent state, positive
when the vehicle is accelerating and negative when
decelerating;

4) The acceleration is within specified constraints, i.e.
amin ≤ ai ≤ amax, where amin and amax are the min-
imum and maximum acceleration, respectively.

Each valid state transition incurs an energy consumption
cost that can be quantified by a powertrain specific function
H(∆t, V, a) that represents a variation of speed from V to
V + a∆t in ∆t time. The accumulated minimum energy cost
at the final state is M(t,D, V ), which represents the total cost
incurred by finding the shortest path from initial to final state.
The cost is zero (M(t, d, v) = 0) if the vehicle arrives at the
signal (d = 0) at the correct time (t = T ) with the target
speed (v = V ′). The cost is very large (M(t, d, v) = +∞) if
the vehicle exceeds the stop line (t = T, d < 0), or it arrives
at the stop line at a different time (d = 0, t ̸= T ) or with a
different speed (d = 0, v ̸= V ′) than specified.

The problem is thus formulated as follows

M(t,D, V ) = min
a

(
M(t+∆t, D−V∆t, V +a∆t)

+H(∆t, V, a)
)
. (1)

s.t. amin ≤ a ≤ amax

Vmin ≤ V +a∆t ≤ Vmax

Though Problem 2 can be solved using linear programming,
the addition of constraints requires dynamic programming. The
problem is thus solved in “reverse” as a multiple source, single
destination shortest-path problem, and the solution can be
found by modified Dijkstra’s algorithm, shown in Algorithm
1.

B. Probabilistic Modeling on an Actuated Signal

Algorithm 1 considers that the SPaT information is deter-
ministic, i.e. the time of change for the signal can be deter-
mined without uncertainty. However, as already discussed, the
signal’s time-of-change is not known, but can be characterized
stochastically by their predicted minimum and maximum time-
to-change. Some approaches in literature assume that the
actual time-of-change can be determined from the minimum
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Figure 2: A simplified probabilistic graphical model of the SPaT states. The
states represented by nodes {a, . . . , h} correspond to red phases of the signal,
each with different minimum and/or maximum time-to-change.

or maximum time-to-change [19]. This time-of-change can
thus be used in Algorithm 1 to determine the efficient motion
profile of the vehicle. However, as can be shown in Figure
4, sometimes neither of the two parameters is guaranteed to
converge to the actual time-of-change. In some cases, these
parameters provide little to no information to when an actuated
signal will change, as will be discussed in Section IV-A.

Instead, [22] proposes a method in which both minimum
and maximum time-to-change information from the SPaT
messages are merely used to construct a probabilistic graphical
model representing the conditional dependence between SPaT
states. A SPaT state S is defined as S = (St, Smin, Smax),
where St is the elapsed time in current phase, Smin is the
current minimum time-to-change, and Smax is the current
maximum time-to-change. SPaT states form the vertices of the
weighted directed acyclic graph (DAG) whose edges represent
a state transition. The weights of each edge represent the
frequency of the state transition, which can be determined
from historical data. (In fact, the weights in this paper are
determined from month-long data, as will be discussed later.)
It should be noted that the stochastic nature of the graph comes
from the fact that both Smin and Smax are random variables.
Figure 2 shows

The problem in 1 can be reformulated to take into consider-
ation the graphical model. With a vehicle state (t,D, V ) and
a SPaT state S = (St, Smin, Smax), we have

M(t,D, V, S) = min
a

(
H(∆t, V, a) + µS→S′M ′

S′

)
, (2)

s.t. amin ≤ a ≤ amax

Vmin ≤ V +a∆t ≤ Vmax

where µS→S′ is the probability that the SPaT state S transi-
tions to S′, such that

∑
µS→S′ = 1 for all valid children of

S[???], S′ is the candidate SPaT state in the next time step (a
valid child of S), and M ′

S′ = M(t+∆t,D−V∆t, V +x∆t, S′)
is the residual cost if the next SPaT state is S′.

C. Signalized Corridors

The scenarios discussed thus far in this paper consider a
solitary signal independent of other signals present on the
same roadway. In a signalized corridor, the vehicle has SPaT
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Function find-shortest-path(G,T,D, V ′)
Input : (T,D, V ′), target time to pass signal, distance to signal, target speed when passing signal.
Input : G

Set M(T, 0, V ′) = 0
for t = T :−∆t :Tmin+∆t do

for each (t,D, V ) do
Find all valid parent states of (t,D, V ), i.e. (t−∆t,D+V∆t−a∆t, V −a) for all a
for each valid state transition do

if M(t,D, V ) +H(∆t, V−a, a) < M(τ−∆t, )D+V∆t−a∆t, V −a) then
Update M(t−∆t, )D+V∆t−a∆t, V −a) = M(t,D, V ) +H(∆t, V−a, a)
Update A(t−∆t, )D+V∆t−a∆t, V −a) = a

end
end

end
end
return M(t,D, V ) and A(t,D, V )

end

Algorithm 1: Compute the minimum energy cost and optimal acceleration.

Figure 3: Three signalized intersections in the Innovation Corridor on University Ave. East to West direction corresponds to right-hand-side to left-hand-side.

information from at least more than one signal on the roadway
which it travels. The goal then is to consider all the signals
together and find an efficient trajectory. A trivial solution to
this would be to approach each intersection independently. The
work of Wu et al. [21] provides an innovative algorithm for
solving this problem by dividing it into three separate parts:
reachable region construction, target cycle determination, and
vehicle trajectory planning. However, it is assumed that all
signals considered have deterministic timing, which is not true
for real-world actuated signals, as will be shown in Section
IV-A.

IV. PRELIMINARY RESULTS

To validate the algorithm for a single actuated intersection,
we collected SPaT data from the innovation corridor on
University Avenue in Riverside, Calif., depicted in Figure
3. The corridor runs East–West, and has three intersections
with streets running North–South. Two of these intersections
(University & Chicago and University & Iowa) are with major
arterial roads serving both the I-215 and SR-91 freeways.

Hence this a very busy corridor, especially in the morning
and late afternoon hours.

A. SPaT Data Visualization

The SPaT data collected had information about all phases of
each intersection (up to 16 phases), but only the West to East
“thru” phase was used for all intersections, since it contained
all the relevant information with respect to a vehicle traveling
through the corridor. We used data collected in the month of
March 2021 (March 1–March 31), with a nominal sampling
rate of 10 Hz. For each day of the month, we recorded SPaT
data for 3 hours, from 09:00 to 12:00. Figure 4 shows 20
minutes of SPaT data from March 2, 2021 at 09:00, and Figure
5 shows the corresponding first 5 minutes.

We note how unreliable the Smin and Smax parameters
are with respect to predicting the signal’s time-to-change. For
the University & Chicago intersection in Figure 4a, the two
parameters converge prior to the signal changing from red to
yellow (not shown). This is not the case for the green-to-red
change, since the two parameters remain virtually the same
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(c) University & Iowa

Figure 4: 20 minutes SPaT for both green and red phases from all three intersections. The dashed lines represent Smax and solid lines Smin.
Note the prolonged green lights on the less busy intersection of University & Cranford.

“distance” apart as they decrease when plotted. The situation is
even worse for other intersections. For the University & Iowa
intersection, the Smax time can jump to larger values before
continuing to decrease. This is undesirable if one has assumed
that these values will decrease uniformly as time passes. For
the University & Cranford intersection, the green Smax time
is more likely to remain constant than to decrease. Hence, this
renders useless the assumption in literature that both Smain

and Smax can be used to predict the actual time-to-change.

Signal actuation triggered by uncertain traffic conditions is a
challenge to determining the exact time-to-change of a signal.
This is evident on the University & Cranford intersection
in Figure 4b, where there is prolonged green lights that are
subject to abrupt changes if sensors on one of the other phases
are triggered. (This can also be seen clearer in Figure 5, which
corresponds to the first 300 seconds of Figure 4.)

Also notable clearly in Figure 4 is that timing frequency is
different and irregular, causing cycles of varying lengths for a
single signal—a situation that should be expected for actuated
signals. For example, the signal at University & Cranford has
long green intervals often interrupted by red short red intervals.
At other intersections, it was observed that red intervals tend
to last longer than green intervals in this particular phase. Yet,
these intervals (green or red) are still not expected to be equal
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Figure 5: Signal timing for all three intersections for a duration of 5 minutes.

from one cycle to another. This is contrary to assumptions
made in recent research such as [21]. Therein, it is assumed
all cycles are of equal length, and red or green interval length
does not change from cycle to cycle.

B. EAD on Real-World Data

The algorithm in Section III was implemented and used
on SPaT data from the University & Chicago intersection,
described in Section IV-A. We consider 2 scenarios: (1) with
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different approach times, same distance from intersection, but
not necessarily the same speed and (2) with different approach
speeds, same distance from intersection, and same approach
time. Figure 6 Figure 7 show the trajectory on a time-distance
diagram and the speed profile, respectively, for scenario (1).
A vehicle that enters the communication range early in the
red light interval might be forced to stop at the red light, as
shown in the leftmost curve of Figure 6. Similarly, the same
vehicle might have to approach the range with excess speed in
order to arrive at the stop line in time for the light change, as
shown in Figure 7. It should be noted that most of the energy
savings of EAD comes from cruising to the stop line, while
avoiding unnecessary accelerations.

Figures 8 and 9 show the vehicle approaching the intersec-
tion with various speeds as in Scenario (2). . The leftmost
curve of Figure 8 correspond to the fastest speed of 15 m/s
(54 km/h), and it is noted that this will result in the vehicle
temporarily stopping at the intersection since it cannot shed
all the speed in time. The speed profiles in Figure 9 show
that the slower a car approaches the intersection, the more
time it will spend cruising. Slow approach might not be the
most energy-efficient way, however approaching with excess
speed might result in spending time stopped at the intersection.
Hence, there are trade-offs, and which strategy to use (fast or
slow) often depends on the objective of the driver (saving
energy or time).

Figure 6: Trajectory for when vehicles enter the communication range at the
same speed, but at different SPaT time-to-change. When the vehicle enters
early, it risks stopping at the intersection before the light changes.

Figure 7: Speed profile for a vehicle entering communication range at
different signal time-to-change, but not necessarily at same speeds.

Figure 8: Trajectory for when vehicles enter the communication range at
the different speeds speed, but at the same SPaT time-to-change. When the
vehicle enters at a slower speed, it risks stopping at the intersection before
the light changes.

Figure 9: Speed profile for different approach speeds. When approaching
with a lower speed, the vehicle will cruise to the near the stop line before
accelerating near the end of the red phase. When approaching with higher
speed, the vehicle will spend most of the time decelerating uniformly.

V. CONCLUSION

In this study, we explored EAD for an actuated signalized
intersection. We began with the formulation of the problem
for a deterministic (fixed-timing) signal as a shortest-path
problem that could be solved by Dijkstra’s algorithm, among
others. Then, the problem was extended to an actuated signal
without assuming convergence of SPaT parameters as means
of determining when the signal will change. The signal’s
time-to-change was modeled by building a directed acyclic
probabilistic graph of the conditional dependence of the SPaT
states to represent the uncertainty of signal’s timing. The
new problem could then be solved by a modified Dijkstra’s
algorithm. Additionally, we explored real-world SPaT data
from a signalized corridor, which could provide insights into
designing algorithms for signalized corridors. Finally, we
verified the EAD algorithm to a real-world dataset of SPaT
data from one intersection in the innovation corridor.

A natural extension of this work is to consider all inter-
sections in the corridor at once, instead of one intersection in
isolation as discussed in Section IV-B.
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