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In this paper, we present results regarding the experimental validation of connected automated
vehicle design. In order for a connected automated vehicle to integrate well with humandominated traﬃc, we propose a class of connected cruise control algorithms with feedback
structure originated from human driving behavior. We test the connected cruise controllers using
real vehicles under several driving scenarios while utilizing beyond-line-of-sight motion information obtained from neighboring human-driven vehicles via vehicle-to-everything (V2X)
communication. We experimentally show that the design is robust against variations in human
behavior as well as changes in the topology of the communication network. We demonstrate that
both safety and energy eﬃciency can be signiﬁcantly improved for the connected automated
vehicle as well as for the neighboring human-driven vehicles and that the connected automated
vehicle may bring additional societal beneﬁts by mitigating traﬃc waves.

1. Introduction
The advances in automotive and infrastructure technologies have revolutionized the safety and eﬃciency of road transportation
in the past few decades. While traﬃc accidents and congestion problems continue to exist on our roadways (NTSHA, 2016; Schrank
et al., 2015), advancements in automated driving technologies promise a much safer and highly eﬃcient future of transportation
(Stern et al., 2018; Aeberhard et al., 2015; Mersky and Samaras, 2016). However, many automated vehicles today only use on-board
sensors to perceive the environment, which may not be robust to various driving conditions. In particular, as on-board sensors are
only able to obtain current information about the immediate neighborhood (Harding et al., 2014), these automated vehicles often
have diﬃculties anticipating the motion of surrounding vehicles reliably. Therefore, many disengagement incidents happen when an
automated vehicle has to interact with nearby human-driven vehicles (California DMV, 2016).
In order to facilitate the implementation of automated vehicles in real traﬃc, it is desirable to introduce beyond-line-of-sight
information through vehicle-to-vehicle (V2V) or vehicle-to-infrastructure (V2I) communication (Montemerlo et al., 2015; Urmson
et al., 2017). These are often grouped as vehicle-to-everything (V2X) where X may also incorporate other traﬃc participants like
pedestrians or bicyclists. Previous studies have found that V2X communication may further amplify the beneﬁts of driving automation (Vander Werf et al., 2002; Shladover et al., 2015; Talebpour and Mahmassani, 2016). A prominent application of V2X
communication is cooperative adaptive cruise control (CACC) where a group of automated vehicles follow each other while
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coordinating their motion via V2X communication (van Arem et al., 2006; Shladover, 2007; Milanes et al., 2011; Shladover et al.,
2012; Wang et al., 2014a,b; Ploeg et al., 2014b; Zheng et al., 2017; Li et al., 2017). In particular, CACC has the potential to improve
fuel economy and traﬃc throughput (di Bernardo et al., 2015; Milanes and Shladover, 2014; Zhou et al., 2017; Lioris et al., 2017).
However, as the penetration rate of automated vehicles is low, it is rare to ﬁnd several of them driving consecutively on road, which
may severely limit the implementation of CACC in real traﬃc (Shladover et al., 2015).
Thus, it is desirable to consider connected automated vehicle design in partially automated traﬃc environments (Jiang et al.,
2017; Luo et al., 2016). In particular, we proposed connected cruise control (CCC) that is able to utilize motion information from
multiple human-driven vehicles ahead (Orosz, 2016; Ge et al., 2017). Despite being categorized as an advanced form of CACC
(Shladover et al., 2015), CCC exhibits diﬀerent challenges from most CACC implementations. For example, CACC implementations
often assume a priori knowledge about the parameters of each vehicle in the platoon (van Nunen et al., 2012; Englund et al., 2016),
while CCC needs to be robust against variations is human parameters (Ge and Orosz, 2016). Furthermore, while most CACC research
assume ﬁxed communication topology among vehicles (Ploeg et al., 2014a; Turri et al., 2017), CCC allows the connected automated
vehicle to select which motion signals are incorporated into its controller based on ad hoc V2X communication (Zhang and Orosz,
2016; Ge and Orosz, 2014; Qin and Orosz, 2017). Such ﬂexibility allows ad hoc connected vehicle systems to form consisting of
connected automated vehicles and surrounding human-driven vehicles equipped with V2X devices. When designed appropriately, the
connected automated vehicle may reduce velocity ﬂuctuations signiﬁcantly and thus improve the safety, fuel economy and lead to
smooth traﬃc ﬂow of human-dominated traﬃc systems (He and Orosz, 2017; Avedisov and Orosz, 2017; He et al., 2018).
However, in order to harvest the aforementioned theoretical beneﬁts, connected cruise control needs to be validated in real-world
scenarios. Experimental and simulation studies on CACC have brought into life the beneﬁts of exchanging motion information among
automated vehicles (van Nunen et al., 2012; Mersky and Samaras, 2016; Sepulcre et al., 2013). Yet it remains a question whether
motion information from real human-driven vehicles can indeed beneﬁt a connected automated vehicle. As human car-following
behaviors are much more volatile than automated driving systems, such experimental validations are indispensable for connected
cruise control (Orosz et al., 2017). Therefore, in this paper, we conduct experiments both on a closed track and on public roads to
examine the beneﬁts of utilizing motion information from human-driven vehicles ahead for a connected automated vehicle.
By using real vehicles we experimentally validate that the connected cruise control design can be robust against changes in the
car-following behaviors of preceding vehicles and the topology of the V2X communication network. That is, a connected cruise
controller can handle the rich behavior of real human drivers ahead; and it can still be used when some of the surrounding humandriven vehicles are not broadcasting. We also demonstrate through experiments on public roads that appropriately designed CCC
algorithms can mitigate traﬃc waves traveling along chains of human-driven vehicles, and thus, improve the safety and energy
eﬃciency of the connected automated vehicle as well as the neighboring human-driven vehicles. That is, for the ﬁrst time, we
demonstrate that a single connected automated vehicle, which utilizes beyond-line-of-sight information appropriately, may improve
human-dominated traﬃc ﬂow while being integral part of the ﬂow. These results validate the feasibility of CCC implementation in
real-world scenarios and the experiments also suggest future research directions in connected automated vehicle design.
The rest of this paper is organized as follows: in Section 2 we describe the human car-following behavior that can be used as a base
for the design of the longitudinal control of connected automated vehicles; in Section 3 we design a class of longitudinal controllers
for the connected automated vehicle used in the experiments; in Section 4 we describe the experimental setup and the functionalities;
in Section 5 we present a set of experiments that demonstrate how a connected automated vehicle can improve safety using motion
information from multiple preceding vehicles; in Section 6 we present a set of experiments demonstrating traﬃc wave mitigation and
improvements of energy eﬃciency; ﬁnally in Section 7 we conclude our results and discuss future directions.

2. Human car-following model
In this section, we model the car-following behavior of human drivers, which will later be serve as a base for the control design of
the connected automated vehicle. For simplicity, we consider two vehicles driving consecutively in a single lane; see Fig. 1(a).
Based on (Orosz, 2016; Ge et al., 2017), we describe the dynamics of the human-driven vehicle i as

Fig. 1. (a) Single-lane car-following of human-driven vehicles showing the positions si , si + 1, the velocities vi,vi + 1, and the distance headway
hi = si + 1−si−li . (b) The range policy (3) where vmax is the speed limit, h st,i is the smallest distance headway before the vehicle intends to stop, and hgo,i
is the largest headway after which the vehicle intends to maintain vmax . The gradient κi is also highlighted in the ﬁgure. (c) The function (4) used for
avoiding car-following when the predecessor is speeding.
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si̇ (t ) = vi (t ),
vi̇ (t ) = αh,i (Vi (hi (t −τi ))−vi (t −τi )) + βh,i (W (vi + 1 (t −τi ))−vi (t −τi )).

(1)

Here the dot stands for diﬀerentiation with respect to time t , si denotes the position of the rear bumper of vehicle i while vi denotes its
speed. Moreover, hi denotes the distance headway, that is, that bumper-to-bumper distance between vehicle i and its predecessor:

hi = si + 1−si−li,

(2)

where li is the length of vehicle i, as shown in Fig. 1(a).
According to (1) the acceleration is determined by two terms: the diﬀerence between the headway-dependent desired velocity and
the actual velocity, and the velocity diﬀerence between the vehicle and its predecessor. The gains αh,i and βh,i are used to correct
velocity errors, while the delay τi represents the sum of driver reaction time and actuator delay of the vehicle. The desired velocity is
determined by the nonlinear range policy function

Vi (hi ) =

if hi ⩽ hst,i,
⎧0
⎪
κi (hi−hst,i ) if hst,i < hi < hgo,i,
⎨
⎪ vmax
if hi ⩾ hgo,i,
⎩

(3)

shown in Fig. 1(b), where κi = vmax /(hgo,i−h st,i ) . That is, the desired velocity is zero for small distances (hi ≤ hst,i ) and equal to the
speed limit vmax for large distances (hi ≥ hgo,i ). Between these, the desired velocity increases with the headway linearly, with gradient
κi , whose inverse is often called the time headway.
In (1), the saturation function

vi + 1 if vi + 1 ⩽ vmax,
W (vi + 1) = ⎧
⎨
⎩ vmax if vi + 1 > vmax,

(4)

shown in Fig. 1(c) is included to handle the situation when a human-driven vehicle refuses to go beyond the speed limit vmax while its
predecessor is speeding.
For vi (t ) < vmax , (3) deﬁnes the steady-state behavior of vehicle i and, in aggregation, the steady-state traﬃc ﬂow where vehicles
travel with the same constant velocity:

si (t ) = v∗t + si,

vi (t ) ≡ v∗,

(5)

such that

si + 1−si−li = hi∗,

v∗ = Vi (hi∗).

(6)

hi∗

v∗

can be calculated
In a vehicle string, the equilibrium velocity is determined by the head vehicle while the equilibrium distance
from the range policy (3). While the model (1, 3,4 ) does not include the limits of engine/brakes and the physical eﬀects such as
rolling resistance, air drag, and road grades, this simple model is able to capture the human car-following behavior and allow
parameter identiﬁcation using experimental data (Ge and Orosz, 2017). Similar models have been used to discuss how the longitudinal dynamics of individual vehicles may inﬂuence the traﬃc ﬂow in aggregation (Orosz et al., 2010; Wagner, 2010).
While the car-following model (1, 3,4) is widely used to study characteristics of human-dominated traﬃc ﬂow, it cannot perfectly
capture all features of volatile human car-following behaviors. As an example, Fig. 2 shows the motion of a pair of human-driven cars
during one experiment where the curves are colored according to cars shown in Fig. 1. In Fig. 2(a), the preceding vehicle (black)
performs two nearly identical braking maneuvers at around t = 400 [s] and t = 440 [s]. While the following vehicle (red) over-reacts
and slows down to 10 [m/s] responding to the ﬁrst maneuver, in the second maneuver it reacts mildly and only reaches 13.5 [m/s].
In contrast, with parameters vmax = 30 [m/s], h st,i = 5 [m], κi = 1 [1/s], αh,i = 0.1 [1/s], βh,i = 0.5 [1/s], τi = 1 [s], the car-following
model (1, 3,4) generates similar responses (dashed) when responding to both maneuvers, with minimum speed at around 10.5 [m/s].
Moreover, after t = 450 [s] the following vehicle experiences non-negligible speed variations despite little speed variations in the
preceding vehicle, which the car-following model (1, 3,4) cannot reproduce. Indeed, diﬀerences between the modelled and actual
human car-following behaviors can also be observed in the distance headway in Fig. 2(b).
To sum up, the model (1, 3,4) can capture the human car-following behavior qualitatively, and thus, it will be used as a base for
the connected cruise control design in the next section. However, such models cannot fully describe the rich human car-following
behavior seen in Fig. 2. Therefore, when incorporating motion information from multiple human-driven vehicles ahead, the connected cruise controller needs to be tested among real human-driven vehicles in order to prove its robustness against unmodeled
variations of human behaviors.
3. Longitudinal controller design for the connected automated vehicle
In this section we present the longitudinal controller for the connected automated vehicle used in the experiments. In order to be
easily implemented and readily accepted by the passengers and other road users, the longitudinal controller is designed to have
similar feedback structure as in the human car-following model (1) and (3). We consider the scenario where a connected automated
vehicle 0 (blue) receives motion information from several human-driven vehicles ahead; see Fig. 3(a). The blue arrows indicate that
the connected cruise controller contains feedback terms using the motion information of the preceding vehicles.
We write the dynamics of this connected automated vehicle as
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Fig. 2. Motion data for a pair of human-driven vehicles (solid curves) and corresponding simulated trajectories by the car-following model (1, 3,4)
(dashes curves). (a) The speed data of the preceding vehicle (solid black) and the following vehicle (solid red), and the simulated speed of the
following vehicle (dashed green). (b) The headway data (solid red) and simulated headway (dashed green) of the following vehicle. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 3. (a) The connected vehicle system setup: a string of n + 1 vehicles on a single-lane road where all vehicles are equipped with GPS and V2X
communication devices and the last vehicle is driven by a connected cruise controller. The blue arrows represent feedback terms using motion
information received from multiple vehicles ahead. (b) Saturation function used in (7). (c,d) Switching functions (9) and (10) used to switch from
connected car-following mode to cruising mode.

s0̇ (t ) = v0 (t ),
n

⎞
⎛
v0̇ (t ) = sat ⎜∑ ui (t −σi ) ⎟,
⎠
⎝ i=1

(7)

where ui denotes the acceleration command in response to the motion of preceding vehicle i. The command signal is delayed by
σi = ξi + ζ where ξi represents the delay of information from vehicle i due to sampling and communication intermittency. While ξi is
stochastic and heterogeneous between diﬀerent vehicles, we can assume 0.1 ≤ ξi ≤ 0.2 [s] when the update rate is 10 [Hz] (Qin et al.,
2017). Moreover, ζ is the actuator delay, which can be alternatively modelled by a ﬁrst-order lag (Orosz, 2016; Zheng et al., 2016). In
our experiments ζ ≈ 0.5 [s], though this value can be smaller, especially for electric vehicles. The function sat(·) is used to limit the
overall acceleration command between a min = −7 [m/s2] and amax = 3 [m/s2]; see Fig. 3(b). While the actual acceleration may be
further limited by the engine power, such limitations are not unique to the connected automated vehicle and thus are omitted as in
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(1). Similarly, we omit eﬀects such as air drag, rolling resistance and road grade in (7), since they can be compensated through lowerlevel controllers (Zhang et al., 2018).
Finally, the acceleration commands u1,…,un in (7) are

u1 = A (V0 (h 0)−v0) + B1 (W (v1)−v0),
ui = Bi (W (vi )−v0),

(8)

for i = 2,…,n . Note that the acceleration commands u2,…,un only contain velocity feedback terms but not distance feedback terms. It is
because the gains tend to be signiﬁcantly smaller in the latter case in a multi-objective optimal design (Ge and Orosz, 2017). While
headway, speed and acceleration feedback terms can appear in a general connected cruise control design (Ge and Orosz, 2014; Zhang
and Orosz, 2016), we use the simpliﬁed version (8) in the ﬁrst experimental demonstration of connected cruise control.
In (8), the feedback gains A and Bi can be varied when the distance between the connected automated vehicle and a preceding
vehicle is beyond a certain threshold, that is,

α if (s1−s0−l 0) ⩽ h sw,1,
A (s1,s0) = ⎧
⎨
⎩ α cc if (s1−s0−l 0) > h sw,1,

(9)

and

if (si−s0−l 0) ⩽ h on,i,
⎧ βi
⎪ si − s0 − l0 − hsw,i
if hon,i < (si−s0−l 0) < h sw,i,
Bi (si,s0) = βi h − h
on,i
sw,i
⎨
⎪0
if (si−s0−l 0) ⩾ h sw,i,
⎩

(10)

for i = 1,…,n ; see Fig. 3(c) and (d). Such switching mechanisms are introduced so that the connected automated vehicle does not
consider speed information from vehicles too far ahead. We found that it is beneﬁcial to align these switches with those in the range
policy V0 deﬁned by (3), in particular, to use h on,i ≈ ihgo,0 and hsw,i = hon,i + d where d describes the length of the intervals the gains
are “switched on”. Note that the longitudinal controller (7) and (8) changes from the connected car-following mode to the cruising
mode when (si−s0−l 0) > h sw,i . Similar switching strategies have been used in adaptive cruise controllers, where jerky transitions
between car-following and cruising modes can be avoided with well-tuned parameters (Labuhn et al., 2003; Barber et al., 2009). The
safety and performance guarantee of such controllers can be obtained through formal veriﬁcation as shown in (Nilsson et al., 2017).
The parameters in the longitudinal controller (7) and (8) are chosen such that the connected automated vehicle is plant stable and
head-to-tail string stable (Zhang and Orosz, 2016). Plant stability requires that when the preceding vehicles 1,…,n drive with the
equilibrium speed v∗ (5), the connected automated vehicle is able to converge to v∗ regardless of its initial conditions. Since most
human-driven vehicles are plant stable, it is not challenging for the connected automated vehicle to be plant stable (Orosz, 2016). On
the other hand, head-to-tail string stability requires the connected automated vehicle to have less speed ﬂuctuations compared with
vehicle n, the farthest vehicle ahead whose motion information is used. Most human drivers are unable to suppress speed ﬂuctuations
propagating along the vehicle chain due to their large reaction time and the fact that they only monitor the motion of the vehicle
immediately ahead (Orosz, 2016). Therefore, speed ﬂuctuations for vehicle 1 are very likely to be more severe than for vehicle n.
However, using motion information from vehicles farther ahead, the connected automated vehicle is able to regulate its speed
ﬂuctuations to be less than for vehicle n. In particular, feedback terms u2,…,un can create “additional phase lead” in the longitudinal
controller (7) compared with using u1 alone, which enables better speed regulation.
We note that making the connected cruise controller (7) and (8) head-to-tail string stable is a challenging task due to the rich
behavior of the preceding human-driven vehicles. Here, we utilize the theoretical results in (Avedisov and Orosz, 2017; Zhang and
Orosz, 2016; Qin and Orosz, 2017; Ge and Orosz, 2017; Zhang et al., 2018) to guide the parameter tuning in the controller proposed
above. Although these publications claim theoretically that the controller is able to suppress the speed ﬂuctuations under certain
assumptions on human behaviors and V2X communication, the connected automated vehicle’s performance needs to be tested
against real human-driven vehicles and V2X communication devices, as we describe in the next section.
4. Experimental setup for connected automated vehicle design and evaluation
In this section we provide some technical details about the human-driven vehicles and the connected automated vehicle used in
the experiments, and we introduce the experimental scenarios used for connected cruise control design and evaluation. All humandriven vehicles used in the experiments are production vehicles retroﬁtted with V2X devices that broadcast standard 10-Hz basic
safety messages (BSM) under the dedicated short range communication (DSRC) protocol (FCC, 2016; SAE J2735, 2016). We remark
however that the experiments may also be reproduced using diﬀerent communication protocols (Festag, 2015). Each V2X device
contains an electronic control unit (ECU) with antennae and can be powered through a 12 V auxiliary power outlet; see Fig. 4(b). In
the experiments, human-driven vehicles only need to share their GPS position and speed data, which allows most production vehicles
to be retroﬁtted in a plug-and-play style. As an example of such plug-and-play instrumentation, in Fig. 4(a) we show two humandriven vehicles (Nissan and Honda on the left and the middle) and the connected automated vehicle (Kia on the right) used in the
experiments. The connected automated vehicle is capable of accelerating/decelerating and steering control by connecting the V2X
device with a motion-control ECU and an upper-level computer for visualization.
We present three sets of experiments where the connected automated vehicle beneﬁts from V2X communication. The ﬁrst two sets
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Fig. 4. (a) Two human-driven vehicles and one connected automated vehicle used in the experiments. The two vehicles on the left are only equipped
with V2X communication devices, while the vehicle on the right is capable of automated driving as well as V2X communication. (b) The V2X
communication device: 1 upper-level computer, 2 ethernet cable, 3 electronic control unit, 4 power cable, 5 GPS and V2X antennae.

of experiments are conducted in a testing facility where GPS map data are available. These experiments are reconstructions of safetycritical scenarios and demonstrate the beneﬁts of adding V2X communication on the top of automation. The ﬁrst set of experiments
considers the scenario where the preceding vehicle is beyond the line of sight of a human driver due to road geometry and view
obstruction. In similar scenarios, sensor-based driving automation may not be able to “see” the preceding vehicle until it gets to its
vicinity requiring harsh braking to stop the vehicle. We demonstrate that V2X-based control can compensate for such perception
failures and improve performance.
The second set of experiments considers the scenario where a sequence of harsh braking develops along a string of human-driven
vehicles. In similar scenarios, an automated vehicle without V2X communication typically responds with the sudden harsh braking to
keep a safe distance. We demonstrate that motion information from vehicles farther ahead can help the connected automated vehicle
to respond with additional “phase lead” and avoid such sudden speed changes. These two sets of experiments highlight that driving
automation without V2X communication is likely to enter safety-critical situations where sudden maneuvers are needed to keep a safe
distance from the other vehicles. Such maneuvers however, apart from compromising passenger comfort, may not be possible to
execute under less than ideal road conditions (e.g., reduced road friction). V2X-based control allows the connected automated vehicle
to avoid entering such safety-critical situations.
The third set of experiments validates the beneﬁts of connected cruise control following a chain of human-driven cars on public
roads. In particular, we observe how speed ﬂuctuations propagate along a chain of human-driven vehicles in front of the connected
automated vehicle and demonstrate that, by using information from multiple preceding human-driven vehicles, the connected automated vehicle is able to mitigate these traﬃc waves. We quantify these beneﬁts by showing that CCC reduces velocity and acceleration ﬂuctuations and improves the energy eﬃciency of the connected automated vehicle and also the following human-driven
vehicles. These experiments emphasize the beneﬁts of V2X-based control for driving automation without the support of an automated
platoon. In fact, we show that beneﬁts can also be gained even in scenarios where not all human-driven vehicles are equipped with
V2X devices so the connected automated vehicle is not aware of the presence of some of these vehicles.
5. Avoiding safety–critical scenarios on a closed track
To demonstrate the capabilities of the connected cruise controller (7) and (8) we use a closed track to reconstruct two scenarios
that could push human-driven or automated vehicles without connectivity to the physical limits. We show that by using V2X information appropriately the connected automated vehicle can avoid the safety-critical states. The control parameters chosen through
these experiments will also be utilized for tests carried out on public roads described in the next section.
5.1. A connected automated vehicle stopping behind a stationary vehicle on curvy road
Here we consider a scenario where a connected automated vehicle travels on a road with a right turn, as shown by the blue dashed
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(a)

C
(b)

(c)

(d)

(e)

B

Fig. 5. Testing scenario for beyond-line-of-sight safety due to road geometry. (a) The road geometry with the red rectangle denoting a stationary
vehicle. The dark blue rectangle denotes the human-driven vehicle at the location B where it starts to respond to the stationary vehicle, while the
light blue rectangle denotes the connected automated vehicle at the location C where it starts to respond to the stationary vehicle. (b) Bird’s eye view
when the car is at position B. (c) Bird’s eye view when the car is at position C. (d) Driver’s view when the car is at position B. (e) Driver’s view when
the car is at position C. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

trajectory in Fig. 5(a). Another vehicle is stopped where the road starts to turn, as marked by the red rectangle. Due to road curvature
and elevation, a human driver or sensors would only be able to perceive the stationary vehicle shortly before entering the curve, as
indicated by the dark blue rectangle at position B. At this moment, the distance between two the vehicles (dark blue and red) is about
25 meters. The corresponding bird’s eye view is shown in Fig. 5(b) while the corresponding driver’s view is shown in Fig. 5(d). Due to
this sudden appearance of the stationary vehicle, a harsh braking must be applied to avoid collision.
Fig. 6(a) and (b) show the speed and acceleration proﬁles of a human-driven vehicle when it approaches this curve and responds
to the stationary vehicle. At the beginning the driver accelerates the vehicle until it reaches a speed close to the speed limit (35 [mph]
≈ 15.6 [m/s]) and then tries to keep the speed constant. At around 20 [s], the driver sees the stationary vehicle, and a harsh braking
follows. While the human driver is able to stop the vehicle safely, the deceleration reaches −8 [m/s2]. Such deceleration may not
always be achievable when the road surface is not ideal, and it may trigger a cascade of harsh braking among the following vehicles.
In the same way, an automated vehicle that relies solely on sensors would also enter such hazardous situations due to obstructions of
its line of sight.
To solve such a problem, we replace the human driver with the controller (7) and (8), where n = 1 since there is only one car
ahead. For the range policy function V0 (h 0) , we set the distances h st,0 = 5 [m], hgo,0 = 30 [m], and the speed limit vmax = 15 [m/s],
such that the gradient becomes κ 0 = 0.6 [1/s]. The feedback gains are α cc = 0.9 [1/s], α = 0.2 [1/s], β1 = 0.4 [1/s], with switching
distances h on,1 = hgo,0 = 30 [m] and h sw = 70 [m]. The speed and acceleration proﬁles of the connected automated vehicle are shown
in Fig. 6(c) and (d). In Fig. 6(d), the thin green curve is the commanded acceleration, while the thick blue curve is the measured
acceleration that the connected automated vehicle achieves. We note that the commanded acceleration cannot always be reached due
to the limited engine power.
We observe that the measured speed and acceleration (thick curves) in Fig. 6(c) and (d) are fairly similar to the ones in Fig. 6(a)
and (b) when t < 10 [s]. That is, the connected automated vehicle accelerates to the desired speed in a similar manner as a humandriven vehicle when the preceding vehicle is far away. However, as V2X communication informs the connected automated vehicle
about the stationary vehicle behind the curve, it starts braking earlier, at position C marked by the light blue rectangle in Fig. 5(a)
with the corresponding the bird’s eye view and driver’s view shown in Fig. 5(c) and (e). Correspondingly, the connected automated
vehicle slows down in a much milder way: its deceleration only reaches −2 [m/s2] in Fig. 6(d), which would remain safe with less than
ideal road surfaces and is unlikely to trigger a cascade of harsh braking.
In Fig. 6(e) and (f) we show the speed and acceleration of both the human-driven vehicle (dark blue curves) and the connected
automated vehicle (light blue curves) as function of position as the vehicle travels along the road. The stationary vehicle is located at
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Fig. 6. Comparison of the human-driven vehicle (dark blue curves) and connected automated vehicle (light blue curves) approaching the stationary
vehicle. (a,b) Speed and acceleration proﬁles of a human-driven vehicle as function of time. (c,d) Speed and acceleration proﬁles of a connected
automated vehicle as function of time. In panel (d), the thin green curve shows the commanded acceleration from (7) and (8). (e) Speed as function
of the position. (f) Acceleration as a function of the position. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)

s1 ≡ 260 [m], while vehicle 0 travels from s0 = 0 [m] to s0 ≈ 250 [m] in both cases, i.e., the distance headway h 0 varies between 5 [m]
and 255 [m] when l 0 = 5 [m]. In Fig. 6(e) one may observe that in both cases the vehicle travels with similar speed before braking.
Yet the human-driven vehicle only starts to brake at s0 ≈ 230 [m], i.e., when it is 25 meters from the stationary vehicle and the
stationary vehicle becomes visible to the driver (see Fig. 5(b) and (d)). On the other hand, the connected automated vehicle starts to
brake at s0 ≈ 185 [m], i.e., when it is hsw,1 = 70 meters from the stationary vehicle and the stationary vehicle is still beyond its line of
sight (see Fig. 5(c) and (e)). As a result, the connected automated vehicle is able to avoid the harsh braking and the potential safety
hazard, as shown in Fig. 6(f).
5.2. A connected automated vehicle handling a cascade of braking
Here we consider a scenario where a connected automated vehicle travels on a straight road behind three human-driven vehicles
as shown in Fig. 7. We consider the traﬃc situation where the head vehicle (Nissan) decelerates and triggers a cascade of severe
decelerations among the two following human-driven vehicles (Hondas). Such a phenomenon is quite common when human drivers
are not suﬃciently attentive to the changes in traﬃc. It is desirable that the connected automated vehicle does not only stay safe
when driving behind human-operated cars, but also mitigate disturbances propagating from those. For the sake of clarity, cars are
indicated as green, black, red, and blue in the following ﬁgures; see Fig. 8(a), and time proﬁles of speed, acceleration and distance
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Fig. 7. A connected automated vehicle responding to a cascade of braking of human-driven vehicles.

Fig. 8. A connected automated vehicle travels on a straight road behind three human-driven vehicles. (a) The connected automated vehicle only
utilizes motion information from vehicle 1 with feedback gains α = 0.4 [1/s], β1 = 0.5 [1/s]. (b,c,d) Speed, acceleration, and distance headway
proﬁles of the four vehicles during one experiment.

headway are depicted with the corresponding color as in Fig. 8(b)–(d). Notice that in Fig. 8(c), the deceleration rates of green, black,
and red cars reach −4,−8, and −10 [m/s2], respectively. That is, while the head vehicle 3 (green) brakes moderately, vehicle 1 (red)
brakes at its physical limit while trying to keep its distance to the preceding vehicle.
To establish a baseline scenario we ﬁrst consider the connected automated vehicle 0 (blue) only uses motion information from its
immediate predecessor, vehicle 1 (red); as shown by the arrow in Fig. 8(a). Thus, we have n = 1 in (7), and we may say that this
connected automated vehicle is “degraded” to an automated vehicle as it is not using beyond-line-of-sight information. For the range
policy function V0 (h 0) , we set the distances h st,0 = 5 [m], hgo,0 = 35 [m], and the speed limit vmax = 18 [m/s], so that the gradient
remains κ 0 = 0.6 [1/s]. The feedback gains are selected as α = 0.4 [1/s], β1 = 0.5 [1/s] in order to ensure small steady state error in
the distance headway when the vehicle immediately ahead is moving with constant speed as well as to ensure attenuation of
perturbations imposed by the vehicle immediately ahead at all frequencies (string stability) despite having delay σ1 ≤ 0.7 in (7); see
(Zhang and Orosz, 2016). The response of this connected automated vehicle with no beyond-line-of-sight information is plotted as
blue curves in Fig. 8(b)–(d). We note that while it brakes milder than its immediate predecessor, its deceleration reaches −6 [m/s2]
and its speed is reduced signiﬁcantly. While this vehicle might perform slightly better with more gain-tuning, without information
from cars farther ahead the improvement to its performance will be limited.
To demonstrate the beneﬁts of connected cruise control utilizing beyond-line-of-sight information, we then consider the cases
where motion information from multiple vehicles ahead is available to the connected automated vehicle through V2X communication. We start with adding motion information from vehicle 2 (black), see Fig. 9(a). The corresponding gains are α = 0.4 [1/s],
β1 = 0.2 [1/s], β2 = 0.3 [1/s], which are again selected to ensure small steady state error and attenuation of perturbations coming
from the vehicles ahead. Parameters in the range policy function are the same as in Fig. 8. In Fig. 9(b)–(d), the human-driven cars
(green, black, and red curves) have similar motion proﬁles as in Fig. 8(b)–(d). In the mean time the connected automated car (blue)
applies less severe braking with smaller speed oscillations and peak deceleration rate at −3.5 [m/s2], without signiﬁcantly reducing the
minimum headway distance during the maneuver.
While (Zhang and Orosz, 2017) proposed an algorithm to identify which vehicle ahead a certain motion signal originates from, it
can be challenging to pinpoint the exact number of cars between a transmitting vehicle and the connected automated vehicle at any
time. Thus, we consider the case where signals from vehicle 3 (green) is used instead of vehicle 2 (black); see Fig. 9(e). The
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Fig. 9. A connected automated vehicle travels on a straight road behind three human-driven vehicles. (a) The connected automated vehicle utilizes
motion information from vehicle 1 and vehicle 2 with feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s], β2 = 0.3 [1/s]. (b,c,d) Speed, acceleration, and
distance headway proﬁles of the four vehicles during one experiment. (e) The connected automated vehicle utilizes motion information from vehicle
1 and vehicle 3 with feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s], β3 = 0.3 [1/s]. (f,g,h) Speed, acceleration, and distance headway proﬁles of the
four vehicles during one experiment.

corresponding gains are α = 0.4 [1/s], β1 = 0.2 [1/s], β3 = 0.3 [1/s], that is, exactly the same controller is used as in the previous case
but with diﬀerent connectivity topology. In Fig. 9(f)–(h) the connected automated vehicle 0 (blue) maintains a similar level of
deceleration and similar distance as in Fig. 9(b)–(d), which demonstrates the robustness of connected cruise controller to changes in
connectivity topology. The two cases in Fig. 9 demonstrate that using motion information from more than one vehicle ahead enables
the connected automated vehicle to avoid severe braking maneuvers even when the vehicle immediately ahead deploys maximum
braking. Moreover such performance is robust against uncertainties in the source of V2X information.
To further explore the potential of beyond-line-of-sight information, we consider the case where motion information from all
three preceding vehicles is available; see Fig. 10(a). We use the same parameters as in Figs. 8 and 9, and the feedback gains are
α = 0.4 [1/s], β1 = 0.2 [1/s], β2 = 0.3 [1/s], β3 = 0.3 [1/s] which are selected to ensure that the connected automated vehicle attenuates perturbations compared to the head vehicle 3 (that is, head-to-tail string stability is achieved). Corresponding to this in
Fig. 10(c) the deceleration of the connected automated vehicle 0 (blue) peaks at −2.5 [m/s2], compared with −6 [m/s2] in Fig. 8(c) and
−3.5 [m/s2] in Fig. 9(c) and (g) while it actually maintains a slightly larger distance headway; cf. Fig. 10(d) with Fig. 9(d) and (h).
Observe that the peak deceleration for the head vehicle 3 (green) is about −3.5 [m/s2]. That is, the connected automated vehicle
utilizing motion information from three preceding vehicles not only stays safe, but also stops the cascading of braking events. This
illustrates how beyond-line-of-sight information can signiﬁcantly improve active safety while also mitigating traﬃc waves.
6. Mitigating traﬃc waves on a public road
Based on the design established in the previous section, here we evaluate the performance of the controller (7) and (8) in realworld scenarios where the connected automated vehicle is traveling on a straight road behind six human-driven vehicles and followed by another human-driven vehicle. The vehicle at the front leads the vehicle chain with a series of mild braking events, a proﬁle
chosen because such mild speed perturbations have been observed frequently in urban and highway traﬃc. Through a series of
experiments, we demonstrate that while motion perturbations are ampliﬁed as cascading backward along the chain of human-driven
vehicles, the connected automated vehicle is able to mitigate such perturbations by using beyond-line-of-sight information. An
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Fig. 10. A connected automated vehicle travels on a straight road behind three human-driven vehicles. (a) The connected automated vehicle utilizes
motion information from all three preceding vehicle with feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s], β2 = 0.3 [1/s], β3 = 0.3 [1/s]. (b,c,d) Speed,
acceleration, and distance headway proﬁles of the four vehicles during one experiment.

illustration of a traﬃc wave triggered by a mild braking is depicted in Fig. 11(a). The higher density in the middle corresponds to
lower speed of the vehicles. The experiments are carried out on an 8-mile long segment of single-lane public road highlighted as blue
in Fig. 11(b). The set of controllers used in this section is essentially the same as in the previous section except the speed limit is
increased to match that of the road.
6.1. Using motion information from one preceding vehicle
Again the vehicles are color coded as (brown, purple, orange, green, black, red, blue, pink) as shown in Fig. 12(a) where vehicle 0
(blue) still denotes the connected automated vehicle. Vehicle 6 (brown) maintains the average speed is about 20 [m/s] that is
intercepted by mild braking events as shown in Fig. 12(b). In Fig. 12(c), we demonstrate how an automated vehicle with no beyondline-of-sight information behaves during one mild braking event. (We remark that the responses to the other braking events look
qualitatively similar despite the variations in the behavior of the human drivers ahead.) The controller (7) and (8) is implemented on
vehicle 0 with n = 1 and feedback gains α = 0.4 [1/s], β1 = 0.5 [1/s], cf. Fig. 8(a). The range policy function has h st,0 = 5 [m],
hgo,0 = 55 [m], and the speed limit vmax = 30 [m/s], still yielding κ 0 = 0.6 [1/s].
In Fig. 12(c), vehicle 6 (brown) reaches minimum speed v6 (t ) ≈ 14 [m/s] at t ≈ 385 [s]. As the braking event cascades along the
vehicle chain, the minimum speed of vehicle 1 (red) immediately in front of the automated vehicle becomes v1 (t ) ≈ 9 [m/s] at t ≈ 391
[s]. Using only motion information from vehicle 1, the minimum speed of the automated vehicle 0 reaches v0 (t ) ≈ 10 [m/s] at t ≈ 393
[s], forcing the human-driven vehicle −1 behind (pink) to slow down to a similar speed value. As the minimum speed drops lower and
lower along the vehicle chain, a stop-and-go traﬃc jam is highly likely to emerge, which typically leads to decreased traﬃc
throughput (Orosz et al., 2010). Speed proﬁles in Fig. 12(c) demonstrate that an automated vehicle with no beyond-line-of-sight
information has limited capability to mitigate cascading braking events.
To further discuss the performance without beyond-line-of-sight information, we consider the acceleration of each vehicle
throughout the whole experiment shown in Fig. 12(b), and plot the histograms of the acceleration data in Fig. 12(d)–(k). From

Fig. 11. (a) A traﬃc wave traveling on a group of connected vehicles. (b) The segment of road used for the experiments.
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Fig. 12. (a) A connected automated vehicle (blue) traveling behind six human-driven vehicles while being followed by a human-driven vehicle
(pink). The connected automated vehicle only utilizes motion information from vehicle 1 with feedback gains α = 0.4 [1/s] and β1 = 0.5 [1/s]. (b)
The speed proﬁle of vehicle 6. (c) Speed proﬁles of the eight vehicles during one braking event. (d-k) Histograms for the acceleration of the vehicles.
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 12(d), we see that the range of the head vehicle’s acceleration is −5 ≤ a6 ≤ 2 [m/s2]. As the perturbations propagate, this range
becomes −7 ≤ a2 ≤ 3 [m/s2] for the car immediately in front of the automated vehicle, and the number of occurrences for acceleration
above 2 [m/s2] and below −4 [m/s2] increases signiﬁcantly; see Fig. 12(i). While Fig. 12(j) shows slightly fewer instances of severe
braking and accelerating in the automated vehicle, the improvements are limited. The automated vehicle is also unable to induce
signiﬁcant improvements for the vehicle behind, as Fig. 12(k) shows many braking events around −6 [m/s2] (which could have raised
safety hazards if the road conditions were less ideal).
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Fig. 13. (a) A connected automated vehicle (blue) traveling behind six human-driven vehicles while being followed by a human-driven vehicle
(pink). The connected automated vehicle utilizes motion information from vehicle 1 and vehicle 2 with feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s],
and β2 = 0.3 [1/s]. (b) The speed proﬁle of vehicle 6. (c) Speed proﬁles of the eight vehicles during one braking event. (d-k) Histograms for the
acceleration of the vehicles. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article.)

6.2. Using motion information from two preceding vehicles
Now we consider the cases where the connected automated vehicle uses motion information from two preceding vehicles. In
Fig. 13(a) the blue car uses the connected cruise controller (7) and (8) with n = 2 and feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s],
and β2 = 0.3 [1/s]; cf. Fig. 9(a). In Fig. 13(c) we still see the minimum speed decreasing from v6min ≈ 14 [m/s] to v1min ≈ 9 [m/s], while
the connected automated vehicle brings its minimum speed above 10 [m/s]. Note that min{v0 (t )}≳ min{v2 (t )} , that is, the adverse
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Fig. 14. (a) A connected automated vehicle (blue) traveling behind six human-driven vehicles while being followed by a human-driven vehicle
(pink). The connected automated vehicle utilizes motion information from vehicle 1 and vehicle 3 with feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s],
and β3 = 0.3 [1/s]. (b) The speed proﬁle of vehicle 6. (c) Speed proﬁles of the eight vehicles during one braking event. (d-k) Histograms for the
acceleration of the vehicles. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article.)

inﬂuence of the human-driven vehicle 1 is successfully mitigated by the connected automated vehicle. Similar conclusions can be
drawn from the acceleration histograms shown in Fig. 13(d)–(k). The histogram for the connected automated vehicle 0 (panel (j))
shows fewer instances of large accelerations and decelerations when compared with the preceding vehicles (panels (d)–(i)). As a
result, vehicle −1, despite being human-driven, also exhibits motion with less harsh braking and acceleration; see panel (k). This
illustrates the ability of the connected cruise controller (7) and (8) in mitigating traﬃc waves.
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Similar as in Fig. 9(d), we consider the case where motion information from vehicle 3 is used instead of vehicle 2, that is, the
feedback gains are α = 0.4 [1/s], β1 = 0.2 [1/s], and β3 = 0.3 [1/s]; see Fig. 14(a). In Fig. 14(c), the connected automated vehicle
again exhibits improvements in the speed cascading, as the minimum of v0 is 3 [m/s] higher than the minimum of v3. More importantly, when looking at the histograms in Fig. 14(d)–(k), we see fewer harsh braking/accelerating instances from the connected
automated vehicle 0 (panel (j)) and the human-driven vehicle −1 (panel (k)) when compared with the preceding vehicles (panels
(d)–(i)). This illustrates the robustness of the connected cruise controller (7) and (8) in mitigating traﬃc waves against uncertainties
in the connectivity topology.
6.3. Using motion information from three preceding vehicles
Similar to Fig. 10(a), we consider the case when motion information from three preceding vehicles is used, that is, (7) and (8) with
n = 3 and feedback gains α = 0.4 [1/s], β1 = 0.2 [1/s], β2 = 0.3 [1/s], and β3 = 0.3 [1/s]; see Fig. 15(a). In Fig. 15(c) we see larger
minimum speed in the connected automated vehicle 0 and we clearly have min{v0 (t )} > min{v3 (t )} , which is related to the fact that
the connected cruise controller is now robustly head-to-tail string stable. As a matter of fact, we have
min{v0 (t )} ≈ min{v−1 (t )} > min{v6 (t )} during the braking event shown here. In panels (d)-(i), we still see increasingly harsher acceleration/deceleration among human-driven cars. Yet panel (j) shows that the connected automated vehicle is able to maintain
a0 ≥−3 [m/s2] except a few instances. As a result, the human-driven vehicle −1 behind also has milder braking than the lead vehicle 6;
cf. panels (d) and (k). Thus, by using motion information from three preceding vehicles, the connected automated vehicle signiﬁcantly mitigates the severe maneuvers from preceding vehicles so that even the following human-driven vehicle exhibits milder
driving behavior than the lead vehicle. This indicates that we may start to see smoother traﬃc even when a low percentage of cars on
road is appropriately using motion information from beyond their line of sight.
6.4. Improving energy eﬃciency with connected automated cars
Here we demonstrate beneﬁts of using beyond-line-of-sight information on energy eﬃciency. In order to quantify this, we calculate the work per unit mass carried out by the power train of vehicle i during the time interval [t0,t ] as

wi (t ) =

∫t

t

0

g (vi̇ (θ) + fi (vi (θ))) vi (θ)dθ,

(11)

for i = −1,…,6. We refer to this as the energy consumption. Here we use g (x ) = max(0,x ) to select the cases when the engine carries
out work and the energy dissipation due to rolling resistance and air drag are speciﬁed by fi (vi ) = ai + ci vi2 . While this may vary
slightly for diﬀerent vehicles here we use ai = 9.81·10−2 [m/s2], ci = 2.74·10−4 [1/m] for all vehicles based on the characteristics of the
connected automated vehicle. More detailed discussions on energy consumption may require high-ﬁdelity powertrain model which is
omitted here for simplicity (He and Orosz, 2017; He et al., 2018).
In Fig. 16 we show the energy consumption as functions of time for all the vehicles in the four experiments discussed earlier in this
section while the numerical values at the end of the experiments are summarized in Fig. 16 (normed by the energy consumption of
the least energy eﬃcient vehicle in each experiment). Fig. 16(a) shows the energy consumption as a function of time when the
automated vehicle is only using motion information from the car immediately ahead; see Fig. 12. Here, human-driven vehicles 6,…,1
consume increasingly more energy (brown, purple, orange, green, black, red curves), indicating that ampliﬁed traﬃc perturbations
have adverse eﬀects on energy eﬃciency. The automated vehicle (blue) consumes less energy than its immediate predecessor (red),
but the diﬀerence is not signiﬁcant.
Fig. 16(b) and (c) correspond to the two cases where motion information from two vehicles ahead is used; see Figs. 13 and 14,
respectively. In both cases the connected automated vehicle (blue) consumes less energy than human-driven vehicles 1,2,3 (red, black,
green), yet it still consumes more energy than human-driven vehicle 4 (orange). Fig. 16(d) corresponds to the case where the
connected automated vehicle uses motion information from three preceding vehicles; see Fig. 15. In this case, the connected automated vehicle (blue) consumes less than vehicle 4 (orange) and only consumes 76% of the energy its immediate predecessor (red) at
the end of the experiment. As a result, the human-driven vehicle behind (pink) only consumes 80% of the energy the red car uses.
Table 1 also allows us to compare the energy consumption of vehicles in diﬀerent experiments. In particular, when utilizing motion
information from three preceding vehicles the connected automated vehicle 1 (blue) only consumes 81% of the energy compared to
the case when it only uses information from its immediate predecessor. Calculating the same metric for the vehicle behind (pink), its
energy consumption reduces to 93%. This shows that beyond-line-of-sight information may signiﬁcantly improve the energy eﬃciency
of connected automated vehicles and even human-driven vehicles following them.
7. Conclusion and discussion
In this paper, we proposed a general framework for the longitudinal control of connected automated vehicles and experimentally
tested the performance of such connected cruise controllers that utilize beyond-line-of-sight information on real vehicles. We demonstrated that by using V2X communication, a connected automated vehicle is aware of a preceding vehicle obstructed by the road
geometry, and is thus able to avoid a severe braking maneuver. We also demonstrated that by using motion information from
multiple vehicles ahead, a connected automated vehicle is able to mitigate the cascade of braking events propagating from vehicles
downstream. In both cases, the connected automated vehicle was able to keep a safe distance by applying mild braking in scenarios
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Fig. 15. (a) A connected automated vehicle (blue) traveling behind six human-driven vehicles while being followed by a human-driven vehicle
(pink). The connected automated vehicle utilizes motion information from all three preceding vehicles with feedback gains α = 0.4 [1/s], β1 = 0.2
[1/s], β2 = 0.3 [1/s], and β3 = 0.3 [1/s]. (b) The speed proﬁle of vehicle 6. (c) Speed proﬁles of the eight vehicles during one braking event. (d-k)
Histograms for the acceleration of the vehicles. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

where an automated vehicle had to apply harsh braking.
Then we evaluated our design through a set of eight-car experiments and showed that a connected automated vehicle using
motion information from more than one vehicle ahead is able to mitigate traﬃc waves traveling along the chain of human-driven
vehicles. This beneﬁted not only the connected automated vehicle itself but also the human-driven vehicles following it. These
beneﬁts were quantiﬁed through the increase in minimum speed as well as the “narrowing” of acceleration distributions of the
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Fig. 16. Energy consumption of vehicles in four experiments. Panels (a–d) correspond to Figs. 12–15, respectively.
Table 1
The energy consumption at the end of the experiments shown in Fig. 16 normed by the energy consumption of the least energy eﬃcient vehicle in
each experiment.

Car
Car
Car
Car
Car
Car
Car
Car

#6 (brown)
#5 (purple)
#4 (orange)
#3 (green)
#2 (black)
#1 (red)
#0 (blue)
#−1(pink)

Fig. 16(a)

Fig. 16(b)

Fig. 16(c)

Fig. 16(d)

63
66
72
77
79
100
93
86

81
83
87
96
100
97
88
90

73
77
81
91
94
100
84
83

65
71
77
85
84
100
76
80

connected automated vehicle and its followers while responding to traﬃc perturbations. Such improvements may positively inﬂuence
safety in real-world scenarios. We also quantiﬁed the beneﬁts in terms of energy eﬃciency, which may yield decreased fuel consumption for vehicles with internal combustion engine and increased range for electric vehicles.
The experiments presented in this paper suggest that connected cruise control can have a positive inﬂuence on traﬃc ﬂow since
by not allowing traﬃc waves to be fully formed it may prevent the formation of stop-and-go traﬃc jams that lead to decreased traﬃc
throughput. However, more diverse scenarios need to be considered to demonstrate such improvement in multi-lane carriageways. In
particular, lane changes play an important role in multi-lane traﬃc and connected automated vehicles may beneﬁt from V2X information when executing such maneuvers. Investigating such scenarios theoretically and experimentally is left for future research.
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