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Figure 5.3: Comparison of simulation results between the baseline and invariant safe
MPC in the two vehicle scenario.

con�ict), which explains why the MPC method forces the CAV to slow down while
approaching the intersection in Fig. 5.3. In comparison, we see that the baseline
solution has xN =2 S CB [ S CA at t = 3, leading to an infeasible situation at t = 5,
which makes the collision unavoidable.

For the general intersection scenario involving four vehicles, we present the
distance traveled from the individual perspective of each vehicle in Fig. 5.5. By
analyzing the trajectory of HDV 0 in the �rst plot and referring to Fig. 5.2b, we
observe that whenHDV 0 passed the �rst intersection, which con�icts with CAV1,
CAV1 yielded to HDV 0 by staying behind its blue shaded safety region. AsHDV 0

continued through its second intersection, which had a crossing con�ict withCAV2

and a merging con�ict with CAV3, CAV2 resolved the con�ict by passing before
HDV 0 and stayed in front of its orange shaded safety region, whileCAV3 maintained
safety with respect to its green shaded safety region, even after the merge. The
other plots can be interpreted in the same manner. In summary, we can conclude
that the distributed implementation (6.11) of the invariant safe MPC on each CAV
enables them to safely traverse the intersection in the presence of an aggressive
HDV. The minimum safety distance is maintained at all times as an indication
of the invariant safety property stated in Theorem 5.1. It is worth noting that,
similar to the two-vehicle scenario, all CAVs maintain their terminal state within
the maximal invariant safe set.
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Figure 5.4: Maximal invariant safe set SB and SF together with the terminal state
xN obtained by the baseline and the invariant safe MPC. Here the red diamond is xN

for the baseline and the green square is xN for the invariant safe MPC.

5.2.2 Comparison between the invariant safe MPC and CMPC

To clearly demonstrate the performance difference between invariant safe MPC and
CMPC, we use a simple crossing intersection with one HDV and one CAV. The road
layout is the same as in Fig. 5.2a. We design two scenarios, one with a cautious
human driver and one with an aggressive human driver. Both scenarios have the
following common parameters: W = 10, N = 10, ∆t = 0.1 s, vmax = 25 m/s,
umin = −5 m/s2, umax = 3 m/s2, dsafe = 10 m, sC0,1 = sC1,0 = 200 m. In addition,
we assume both scenarios have the same initial condition s0(0) = s1(0) = 50 m,
v0(0) = v1(0) = 25 m/s.

In the aggressive driver scenario, we let the HDV continue through the intersection
at full speed. In contrast, in the cautious driver scenario, we design a speed profile
for the HDV that maintains full speed until 100 m from the intersection, after which
it gradually decelerates with full braking until it reaches a velocity of 16 m/s to
cross the intersection. This profile is created to resemble a situation in which the
human driver slows down before the intersection in order to give way for potential
crossing vehicles.
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Figure 5.5: Simulation result of the four vehicles scenario, the distance traveled sj(t)
of conflicting vehicle j is aligned in the local frame of ego vehicle i in each subplot,
The color shaded areas along ego vehicle trajectory indicate the safety region in time
and space for the corresponding conflicting vehicle j which shares the same color.

The simulation result for the aggressive human driver scenario is shown in
Fig. 5.6. As expected, the invariant CMPC is capable of anticipating the worst-case
behavior of the HDV and slows down in advance before approaching the intersection,
in a similar fashion to the invariant safe MPC. This demonstrates the fact that
the CMPC inherits the invariant safety property through the introduction of the
parallel contingency horizon. The CMPC in comparison offers a slightly improved
performance by not slowing down as much as the invariant MPC, resulting in a
lower control effort and better travel efficiency.

In contrast, in the cautious human driver scenario, the invariant safe MPC
generates an overly conservative motion profile due to its design, resulting in an
unnecessary slowdown to reserve the possibility of avoiding dangerous behavior
of the human driver in the future. Consequently, the CAV is forced to take the
option of passing the intersection after the HDV, as illustrated in Fig. 5.7. On
the other hand, the CMPC approach reserves the contingency plan in the parallel
horizon and acts optimally as long as the contingency plan is feasible. As a result,
in the closed-loop simulation, the CMPC slows down initially but then seizes the
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opportunity to accelerate and pass the intersection before the HDV. By acting less
conservatively, the CMPC offers much better performance in terms of both travel
efficiency and control effort in this particular scenario.

Since the CMPC formulation introduces an additional horizon compared to the
baseline formulation, we evaluate the computational efficiency by measuring the
execution time of both methods during the simulation. The mean execution time for
the invariant safe CMPC is 7.5 ms, while the mean execution time for the invariant
safe MPC is 5.6 ms. Therefore, both approaches are real-time implementable with
negligible differences.

5.3 Summary

In this chapter, we presented a distributed coordination framework for managing the
traffic coordination task of CAVs in a general intersection with mixed traffic. Our
approach involves the application of the invariant safe MPC and CMPC, utilizing
priority-based constraint decoupling among CAVs. We validated the effectiveness of
our framework through simulation studies that demonstrate its ability to provide
coordination in a general intersection, while also comparing its performance to a
baseline controller that lacks terminal constraints. The simulation results suggest
that our proposed framework can generate invariant safe vehicle coordination in a
mixed environment, whereas the baseline controller fails to achieve collision-free
results.

Furthermore, through additional simulation studies, we compared the perfor-
mance of the invariant MPC and CMPC and concluded that under certain scenarios,
the invariant safe CMPC (4.6) outperforms the nominal invariant safe MPC (4.5).
Notably, the invariant safe CMPC achieves superior performance while simultane-
ously preserving the invariant safety property.

Overall, our distributed coordination framework has demonstrated promising re-
sults, and our findings suggest that the integration of invariant safe MPC and CMPC
can enhance the coordination and safety of CAVs in mixed-traffic environments.

In future research, we aim to address the priority assignment problem in a
continuous traffic setting. An alternative direction is to enhance computational
efficiency by separating the passing order decision into a higher planning layer.
To further improve the performance and prevent potential deadlock caused by
human drivers, we plan to combine the proposed CMPC method with a rigorous
prediction model of the HDV. In addition, we intend to extend the application of our
framework to more general scenarios, including collision avoidance with other types
of traffic participants such as pedestrians and cyclists. We also plan to explore the
interactivity between the CAV and the HDV, aiming to generate a less conservative
contingency plan and achieve further performance improvement.
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Figure 5.6: Comparison of simulation results between the variant safe MPC and
CMPC in the aggressive human driver scenario.
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Figure 5.7: Comparison of simulation results between the variant safe MPC and
CMPC in the cautious human driver scenario.





Chapter 6

Integrated framework and experimental
evaluation

This chapter presents an integrated framework for safe intersection coordination of
connected and automated vehicles (CAVs) in mixed traffic scenarios, addressing the
issues faced during real-life implementation. We introduce an intelligent intersection
as a central node to orchestrate data sharing among connected agents and to
provide CAVs with external situational awareness about human driven vehicles
(HDVs) beyond the line of sight of their onboard sensors. We design a robust
set estimation module on the intelligent intersection to provide reliable estimation
despite measurement errors and communication defects, based on the set membership
method and forward reachability analysis.

Using the resulting set estimation as the initial condition, a distributed imple-
mentation of the invariant safe model predictive control (MPC) onboard the CAV
plans a collision-free motion profile while considering the worst-case behavior of
the human driver. As a result, the vehicle is guaranteed to be safe while driving
through the intersection. The proposed framework as an integration from estimation
to control enables the coordination strategy developed in this thesis to be applied
to real-life scenarios.

The chapter is organized as follows: In Section 6.1, we provide motivation for
the problem and give an overview of related works. In Section 6.2, we explain the
problem formulation together with the basic intersection scenario considered. In
Section 6.3, we outline the proposed system architecture and describe each module
and integration in detail. A prototype of our proposed system is implemented and
the experimental setup and results are presented in Section 6.4. Finally, Section 6.5
summarizes the chapter.

6.1 Introduction

In Chapters 4 and 5, a distributed intersection coordination strategy for CAVs in
mixed traffic was developed based on invariant safe MPC formulations. In this

59
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approach, CAVs solve individual optimal control problems for conflict resolution
through mutual information sharing. Simulation studies demonstrated the effec-
tiveness of the framework in generating collision-free motion profiles under the
assumption that the state of all vehicles can be perfectly measured and accessed
without delay. However, in real-world implementation, uncertainties from estimation
errors and information imperfections due to communication degradation need to be
addressed.

Several works have been done to validate the applicability of optimization-based
intersection coordination with CAVs in a practical setting, including experimental
validation of both distributed coordination approach [43] and bi-level approach [78],
as well as for roundabout scenarios [79]. However, relying on vehicular communica-
tion for intersection coordination heavily depends on the quality of communication.
Without proper treatment of communication delay and measurement uncertainty,
performance degradation is to be expected [80]. It is important to note that such
aspects are lacking in all studies [43, 78, 79], except for some simple constraint-
tightening procedures. Moreover, it should be noted that the majority of intersection
coordination studies work under the idealized assumption of homogeneous CAV
traffic. In a practical setting, when HDVs are involved, the lack of communication
capability means that the state of occluded HDVs is not accessible by CAVs.

In this chapter, our focus is on the problem of safely coordinating CAVs in
an unsignalized intersection with non-cooperative HDVs, which can exist in the
occluded region from the CAVs. In such a scenario, there is a need to complement
the onboard sensors of CAVs with external information on occluded targets through
vehicle-to-everything V2X communication. This concept of assisting CAVs in traffic
is often referred to as shared situational awareness [81]. While the majority of
methods for situational awareness consider point-wise state estimation [82], set-
based methods often provide better safety guarantees against model error and
measurement noise [83]. One of the most popular set-based estimation methods is
the set-membership estimator [84], which has proven to be effective in providing
situational awareness for CAVs in occluded scenarios in [81] with zonotope [85] as a
set description.

Inspired by these studies, we propose an integrated framework with a central
node denoted as the intelligent intersection responsible for communication among
connected agents. To compensate for measurement noise, we design a robust set
estimation module on the intelligent intersection to provide reliable estimation
using the set membership method. Since shared situational awareness relies on
communication over the network, there is an additional uncertainty due to the delay
caused by various internal processing and network latency. Reachability analysis
[86] is a powerful tool to provide safety for a dynamic system. As a complement
to the robust set estimation module, we propose the use of reachability analysis to
compute the set of possible states of HDV over the delayed period of time. The
final robust set estimation of the HDV is integrated with the invariant safe MPC
developed in Chapters 4 and 5 and implemented onboard the CAV to generate a
collision-free motion plan.
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Figure 6.1: Intersection scenario of occlusion with one CAV and one HDV.

6.2 Problem formulation

In this chapter, our focus is on the problem of safely coordinating CAVs with
non-cooperating HDVs in unsignalized intersections. Specifically, we consider a
single crossing conflict between one CAV (vehicle A) and one HDV (vehicle H),
as illustrated in Fig. 6.1. While our problem scope in this chapter is restricted to
this scenario for simplicity, our framework is not limited to it and can be extended
to handle general intersections with multiple vehicles. In this scenario, the HDV
is occluded from the sensing range of the CAV. To provide the CAV with state
information on the HDV, we assume the existence of an intelligent intersection with
potential sensing capability. This edge device is responsible for communication
and shared situational awareness, and is used to assist the CAV with external
information.

Within the control zone of the intersection, we assume that the sensing and
perception units on the CAV and the intelligent intersection can provide state
estimation of vehicles in a fixed global frame (x, y) that is common for all vehicles.
Additionally, we introduce a road-aligned local frame (si, di) for each vehicle i ∈
{A,H} individually along the centerline of the road it occupies. Here, si denotes
the distance traveled from the entry of the road into the control zone, and di
represents the lateral deviation from the road centerline, as illustrated in Fig. 6.1.
The transformation between the two frames is performed using a mapping function.

Mi : (x, y) → (si, di). (6.1)
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Given the intersection scenario, we make the following reasonable assumptions:

Assumption 6.1. The state of the HDV inside the control zone can be measured
in the global frame (x, y) and communicated to the intelligent intersection by the
HDV itself or by the intelligent intersection, or Both.

Assumption 6.2. All communication delays and processing time as a result of the
integrated framework are upper-bounded and can be measured and acquired by the
intelligent intersection.

6.3 Methodology

The goal of this chapter is to design an integrated framework to support the CAV
to safely pass through the intersection under the given assumptions and scenario.
In this section, we describe the proposed intelligent intersection system in detail.

6.3.1 Integrated system architecture
Given an intelligent intersection is established near the intersection, the communica-
tion architecture that connects all entities and the corresponding information flows
can be seen in Fig. 6.2. The proposed framework can be scaled to multiple vehicles
by adding them in a similar fashion.

The intelligent intersection is assigned the task as the central node to orchestrate
communication and provide situational awareness to the CAV. The overall framework
consists of 2 main modules:

• Robust Set Estimation Module: Provide reliable set estimation of HDV to the
CAV.

• Safe Vehicle Coordination Module: Provide an invariant safe motion plan for
CAV using the given set estimation.

As shown in Fig. 6.3, the robust set estimation module is located on the intelligent
intersection. Upon the HDV entering the control zone, this module collects the state
estimation of the HDV and the associated measurement uncertainty expressed as
covariance. To account for measurement uncertainty, a set membership estimator is
employed to combine state estimation from possibly multiple sources, including the
HDV and the intelligent intersection. In addition, reachability analysis is utilized
to compute a forward reachable set to capture potential state variation during the
interval of communication and processing delay. This is feasible since the intelligent
intersection, as the central node, can measure communication delay to and from
it and also measure the internal processing time for the robust estimation module
and acquire the processing time of the safe vehicle coordination module on the
CAV. The remaining uncertainty of the scenario is due to unpredictable human
behavior. For the safe vehicle coordination module, an invariant safe MPC (4.5)
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is implemented using the received set estimation as the initial condition, and an
invariant safe motion plan is generated by considering the worst-case behavior of
the human driver.

6.3.2 Robust set estimation
The robust set estimation module is designed to generate a set estimation of the state
to compensate for the uncertainty caused by measurement noise, communication,
and processing delay.

First, to handle measurement noise and model error, a set membership estimator
is designed to generate a set representation using zonotopes [85]. The true state of
the vehicle is guaranteed to belong to the set given that the state estimation and
covariance of the HDV are obtained, see Fig. 6.2.

We use a discrete-time linear time-varying system (6.2) by linearization of the
kinematic bicycle model (2.4) introduced to Chapter 2 to describe the state model
for the HDV.

zk+1 = Fkzk +Bkuk + ϵk, (6.2)
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where zk ∈ Rn is the state vector defined in the global coordinate frame (x, y) at
time k = 1, 2, . . . , N . Here N is the horizon. Fk and Bk are time-varying state and
input matrix. uk ∈ U is the input with the corresponding bounded input set U and
ϵk is the model error to the system.

An observable discrete-time linear time-varying system (6.3) is used as the
measurement model

ϕk = Hkzk + ωk, (6.3)

where ϕk ∈ Rp is state estimation in the global frame (x, y) obtained by the intelligent
intersection (see Fig. 6.3). This is assumed to be generated by the sensors of HDV
or intelligent intersection or both. Hk is the measurement matrix and ωk is the
measurement noise.

Both the model error and measurement noise in (6.2), (6.3) are assumed to be
unknown but bounded by zonotopes: ϵk ∈ ZQ,k = ⟨0, Qk⟩, and ωk ∈ ZR,k = ⟨0, Rk⟩.
Here the measurement noise zonotope is generated using the received covariance
matrix together with the state estimation.

Given state estimation and covariance, the set-membership estimator uses Defi-
nitions 6.1, 6.2 and 6.3 to compute a set of reachable states that encloses the true
state of system (6.2) in an iterative fashion.

Definition 6.1 (Predicted state set). Given system (6.2) – (6.3) with initial set
Z0 = ⟨c0, G0⟩, the predicted reachable set Ẑk is defined recursively as:

Ẑk = FkẐk−1 ⊕ ZQ,k, Ẑ0 = Z0. (6.4)

Definition 6.2 (Measurement state set). Given system (6.2) – (6.3), the
measurement state set Sk is the set of all possible solutions zk which can be reached
given the estimation ϕk and noise zonotope ZR,k where Rk = diag([r1

k, . . . , r
ms

k ]).

Sk =
{
zk

∣∣∣|Hkzk − ϕk| ≤ rk

}
. (6.5)

Definition 6.3 (Corrected state set). Given system (6.2) – (6.3) with initial set
Z0 = ⟨c0, G0⟩, the reachable corrected state set Z̄k is defined as:(

Ẑk ∩ Sk
)

⊆ Z̄k. (6.6)

In the set-membership estimator, the predicted state set Ẑk−1, which is consistent
with the model, is intersected with the measurement state set Sk, which is consistent
with the measurements, to obtain the corrected state set Z̄k. After iterating this
process, the final corrected state set is denoted as Z̄f . It is guaranteed that Z̄f
encloses the true state of the system (6.2), given that the error bounds ϵk ∈ ZQ,k
and ωk ∈ ZR,k are satisfied.

The time difference between the moment when the state estimation is generated
and when the CAV applies the control input is considered as a delay, denoted by
δsum. To ensure safety, potential state variation during the delay δsum needs to
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be accounted for. As depicted in Fig. 6.2, the intelligent intersection measures
the communication delay from the HDV to the CAV, which we denote as δcom.
Additionally, the intelligent intersection measures the internal process time for the
robust set estimation module, denoted as δset, and the safe vehicle coordination
module on the CAV will notify the intelligent intersection with the processing time
required to solve the MPC problem, denoted as δMPC. The total delay is then
obtained as:

δsum = δcom + δset + δMPC. (6.7)
To capture potential state variation during the delayed time interval [0, δsum],

we introduce the definition of a forward reachable set as follows:

Definition 6.4 (Forward reachable set). Given the initial set of vehicle state
X0 at t0, a forward reachable set at time th, denoted as R(X0, th), is defined as

R(X0, th) =
{
χ(th, x0, u([t0, th]))

∣∣∣x0 ∈ X0, u([t0, th]) ∈ U
}
, (6.8)

where χ(th, x0, u([t0, th])) denote the solution of (6.2) given the initial state x0 and
a input trajectory u([t0, th]) between time t0 and th.

The forward reachable set R(X0, th) represents the set of all possible states that
the system can reach at time th starting from any initial state in X0 at time t0,
while respecting the control input constraints in U .

The reachability analysis based on CORA toolbox [87] is used to compute the
set of states that the HDV can reach during the delay interval [0, δsum], which is
denoted as R([0, δsum]).

To obtain this set, we first discretize the time interval [0, δsum] into N time
instances with a fixed time step δt. We then compute the reachable set at each time
instance using the set Z̄f obtained from the set-membership estimator as the initial
set. Finally, we take the union of all reachable sets computed at each time instance
to obtain the final reachable set R([0, δsum]) as:

R([0, δsum]) =
N−1⋃
k=0

R(Z̄f , kδt), (6.9)

where (N − 1)δt = δsum. Notice here we use Z̄f from the set membership estimator
as the initial set. As a result, R([0, δsum]) captures the potential state variation of
the HDV caused by both the measurement noise and the total delay. For simplicity,
in what follows, we denoted R([0, δsum]) as XH,0 since it will serve as the initial set
for HDV in the safe vehicle coordination module.

6.3.3 Safe vehicle coordination
When it comes to vehicle coordination, the biggest uncertainty lies in the human
behavior of HDVs. To tackle this challenge, we adopted the same procedure outlined
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in Chapter 5 by implementing the invariant safe MPC method (5.16). However,
since this formulation is based on longitudinal dynamics, we need to map the initial
set XH,0 of the HDV from the global frame (x, y) to the road-aligned frame (sH , dH)
of the HDV. This is done by applying the mapping function (6.1), and we denote
the set after mapping as X M

H,0 e.g., M : XH,0 → X M
H,0.

It’s important to note that our coordination problem formulation is currently
restricted to the longitudinal direction. However, in practical settings, there is a
potential for the HDV to deviate from its road-aligned path due to the uncertainty
of human control. Therefore, we need to take into account lateral deviations from
the road center line when forming the safety constraints. To address this issue, we
propose the following safety constraint:

D(sA(t), sH(t)) ≥ min
(
dH(t) + dsafe, d

max + dsafe
)
. (6.10)

In this equation, dH(t) represents the lateral deviation of the HDV, and dmax

represents the maximal lateral deviation due to the road layout that is bounded by
the distance between the road center line and the road boundary.

At any planning time instance t0, given the initial set X M
H,0 of HDV, we formulate

the MPC problem for CAV as follows:

min gN (zA,N ) +
N−1∑
k=0

gk(uA,k, zA,k) (6.11a)

s. t. zA,k+1 = AzA,k +BuA,k, k = 0, ..., N − 1, (6.11b)
zA,0 = z0

A, (6.11c)
uA,k ∈ [umin

A , umax
A ], k = 0, ..., N − 1, (6.11d)

zA,k ∈ Fk(Rk(X M
H,0)), k = 1, ..., N, (6.11e)

zA,N ∈ SN (X M
H,0). (6.11f)

Here zA,k = [sA,k vA,k]T and uA,k are the state and input of CAV A at discrete
time instance k with the initial condition zA,0 = z0

A. The objective function (6.11a)
is designed to minimize control effort and maximize control progress. Constraint
(6.11e) is to ensure that zA,k satisfies the safety constraint (6.10) within the planning
horizon given the initial state set X M

H,0 of the HDV. The terminal constraint (6.11f)
ensures that the terminal state zA,N will stay in the maximal invariant safe set to
guarantee invariant safety at all times given X M

H,0 of the HDV initially.
As an integrated framework, the system is robustified against measurement

uncertainty, communication, and processing delay. It results in safe intersection
coordination regardless of the uncertain behavior of the human driver which is due
to the recursive feasibility and invariant safety property of (6.11)

Remark 6.1. The recursive feasibility property of (6.11) is true under the condition
that the error bound assumed for the measurement noise holds. In practice, a slack
variable needs to be added to (6.11) since measurement noise is unbounded and can
drift away due to bad localization.
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Figure 6.4: The small vehicles for autonomy (SVEA) platform.

6.4 Experimental results

For implementation in the experimental setup, we use Matlab and Cora Tool Box for
the robust set estimation module while the MPC (6.11) is implemented in Python
and the resulting MIQP problem is formulated using CasADi and solved with the
default Bonmin solver.

6.4.1 Experimental setup

To evaluate our proposed integrated framework, we implemented a prototype of
the system using two 1:10 scale miniature platforms called SVEA [88], as shown
in Fig. 6.4. We designated one SVEA as the HDV and implemented the proposed
safe vehicle coordination module onboard the second SVEA as the CAV. To enable
the required data sharing, both SVEAs and a laptop PC acting as the intelligent
intersection were connected through a local WiFi network using ROS and a tailored
communication protocol.

The layout of our experimental scenario is shown in Fig. 6.5. The HDV and
CAV are placed in separate corridors with complete occlusion until the vicinity of
the crossing. We initiate the scenario with a configuration that would lead to a
collision without coordination. To demonstrate the effectiveness of our proposed
framework, we choose two-speed settings: a low-speed setting at vmax = 0.5 m/s
and a high-speed setting at vmax = 0.8 m/s. For the MPC, we set the horizon to
N = 8 and the time step to ∆t = 0.5 s for both speed settings.
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Figure 6.5: Intersection layout for experiment.

6.4.2 Experimental results
For the experiment, we measured the worst-case communication delay δcom, pro-
cessing delay δset of robust set estimation, and processing delay δMPC of MPC. The
results are gathered in Table. 6.1.

Table 6.1: Worst case delay measurement

δcom δset δMPC

(s) (s) (s)
Worst Case Delay 0.2 0.2 0.6

The experimental results for both speed setting vmax = 0.5 m/s and vmax = 0.8
m/s are shown in Fig. 6.6 and Fig. 6.7. For the result in Fig. 6.6, the longitudinal
distance traveled is shown in Fig. 6.6a, the intersection is located at 18.43 m. here
the HDV measurement is shown to be within its upper and lower bound as a result
of the robust set estimation. The CAV successfully anticipates the variation caused
by both measurement uncertainty and communication delay. As a result, the CAV
slows down before the intersection to avoid a collision. More specifically, as the
upper bound of the distance traveled for the HDV reached the intersection point,
the CAVs reacts by slowing down at about 16 s in Fig. 6.6a. The same result can be
clearly seen in Fig. 6.6b, here the relative distance between CAV and HDV is shown
to be above the computed maximal safe distance at all times, this is the safety
constraint (6.10) required to be fulfilled. In Fig. 6.6c, we demonstrate the fact that
the velocity of the HDV is within its bound as a result of the set estimation, and
CAV approaches the intersection by slowing down until a full stop. In summary, the
experimental result indicates that the CAV travels through the intersection safely
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Figure 6.6: Simulation result for speed setting vmax = 0.5 m/s.
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Figure 6.7: Simulation result for speed setting vmax = 0.8 m/s.
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without collision under noisy measurements and delays. A similar result is shown in
Fig. 6.7, with the high-speed setting. The CAV avoids collision with the HDV in a
similar fashion as in the low-speed setting.

6.5 Summary

In this chapter, we presented an integrated framework designed to assist in the
safe intersection coordination of CAVs in mixed traffic with occluded HDVs. To
enable shared situational awareness of the CAVs, we have introduced an intelligent
intersection that serves as a central node to provide external robust set estimation
of occluded HDVs. A safe vehicle coordination module is designed onboard the
CAV and integrated with the intelligent intersection through communication. This
module uses the given set estimation as the initial condition and generates an
invariant safe motion plan for the CAV.

As a result, the entire coordination framework is integrated from estimation
to control. We have designed it to counteract the presence of measurement errors,
communication, and processing delays, making it more resilient against points of
failure and offering a higher degree of safety for in-vehicle implementation in a
mixed-traffic scenario with potential occlusion. With the experiment results, we
have validated the proposed framework and demonstrated the feasibility of in-vehicle
implementation.

For future work, we would like to verify and stress-test our proposed framework
in a multi-vehicle experiment. To complement the state estimation module, we
could include additional sensing-capable roadside units (RSUs) to further enrich
the experimental setup. It is valuable to investigate in detail how the network
property can affect coordination performance on a large scale. Another direction
is to integrate hardware-in-the-loop using the proposed framework with real-time
traffic data in an integrated test bed.





Chapter 7

Conclusion and future work

Traffic intersections and ramp merging areas are primary bottlenecks in the trans-
portation system. The deployment of connected and autonomous vehicles (CAVs)
provides a unique opportunity to improve safety, efficiency, and mobility in these
critical regions. While the coordination of CAVs has the potential to significantly
impact the performance of the transportation system, the complexity of interactions
between CAVs and other types of traffic participants creates unique challenges.
In this thesis, we focus on developing coordination strategies when platoons of
CAVs and human driven vehicles (HDVs) are involved. The designed strategies aim
to enable CAVs to navigate through ramp-merging roads and intersections while
ensuring safe and efficient interactions with platoons and HDVs, as highlighted
throughout this thesis.

In the final chapter, we summarize the studies presented in this thesis and
provide concluding remarks for each contribution in Section 7.1. Finally, we propose
some future research directions in Section 7.2.

7.1 Conclusion

In this thesis, we approach the intersection coordination problem of CAVs from an
optimal control point of view. The optimization-based problem formulation provides
a mathematical framework for optimizing the behavior of CAVs at intersections to
improve traffic efficiency while ensuring safety with conflicting traffic participants.
In Chapter 3, we focus on the treatment of having platoons in merging roads. In
Chapters 4, 5, and 6, we develop methods for the intersection coordination of CAVs
with HDVs.

Highway ramp coordination of CAVs and platoons of CAVs

Vehicle platooning is an emerging technology primarily designed for heavy-duty
vehicles to operate in a train formation to achieve fuel-saving benefits. However,
the presence of long platoons near merging roads can cause disturbance for merging
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traffic. In Chapter 3, we address this problem by proposing a bi-level coordination
framework that decouples traffic coordination from vehicle motion control.

At the traffic coordination level, we formulate a mixed-integer linear programming
(MILP) problem with platoon-specific constraints to ensure smooth and safe merging
maneuvers into a platoon by ramp road vehicles. Moreover, we include an artificial
platoon merging cost in the objective function to balance the trade-off between
traffic throughput and platoon formation. The solution to the optimization problem
is a coordination schedule of merging time and speed for each approaching CAV
including platoons.

At the vehicle control level, each vehicle plans its motion by solving local finite
horizon optimal control problems with the assigned schedule as terminal constraints.
The individual motion plan is then followed by the vehicle while maintaining a
minimum safety distance from its neighbor. As a result, the bi-level design ensures
both rear-end and lateral safety at the merging point. Simulation results suggest
that our approach is superior to a first-in-first-out (FIFO) baseline strategy in terms
of traffic performance. Furthermore, our formulation provides flexibility in handling
platoons near merging roads. By tuning the platoon split weight Wp, disruption of
platoon formation can be minimized while still allowing potential split on occasion.

General intersection coordination of CAVs in mixed traffic

Variation in driving styles and preferences among human drivers makes it almost
impossible to predict their behavior with complete accuracy. When coordinating
CAVs through intersections with HDVs, ensuring the absence of collisions is crucial.
In this thesis, we prioritize the safety aspect of the task and develop model predictive
control (MPC) based methods with invariant safety guarantees. We detail the
invariant safe MPC formulation in Chapter 4, which uses safety constraints based
on the worst-case behavior of human drivers. To ensure safety within the planning
horizon, we use forward reachable sets of HDVs. We design a maximal invariant
safe set to act as a terminal constraint, which enables CAVs to avoid potential
collisions beyond the planning horizon from the terminal set. Additionally, we
present an invariant safe contingency MPC (CMPC) framework as an extension
to the invariant safe MPC, which offers better performance by adopting parallel
horizons. A nominal horizon is optimized for performance, while a contingency
horizon provides an invariant safe backup plan for emergencies.

We implement the designed invariant safe MPC methods in a distributed frame-
work for general intersection coordination of CAVs in mixed traffic. By constraint
decoupling through prioritization, the distributed MPC is designed to be imple-
mented on each CAV in parallel. In Chapter 5, we detail the derivation of the
distributed framework and validate it through simulation studies. Finally, in Chapter
6, we extend the analysis to overcome practical implementation challenges. The
invariant safe MPC is integrated together with a robust set estimation module that
provides external situational awareness to the CAV. As a result, the integrated
framework can counteract measurement errors, communication, and processing
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delays, making it more resilient against points of failure and offering a higher degree
of safety for in-vehicle implementation in a mixed-traffic scenario.

7.2 Future work

The coordination methods developed in this thesis can be applied to their intended
scenarios and deployed in a practical setting to some extent. However, there are
many remaining challenges and potential improvements to be made. In this section,
we highlight some promising future research directions.

More general intersection scenarios and traffic participants

The coordination strategies developed in this thesis are tailored to specific scenarios.
The structure differs depending on whether platoons or HDVs are involved. It
is desirable to develop a unified framework that bridges the bi-level coordination
strategy proposed for platoon merging with the distributed coordination strategy for
mixed traffic. This framework should be both scalable and general enough to handle
a wider range of coordination problems. This may involve considering multi-lane
intersections or merging areas, adjacent intersections, and other traffic participants
such as pedestrians and cyclists.

Interaction between CAVs and HDVs

Human-robot interaction is a key component to consider to resolve the potential
deadlock and obtain less conservative results in coordination tasks. One approach
to incorporating this interaction is through the use of a human prediction model as
a function of the CAV in branching MPC [71] and Stochastic MPC [72]. This is
equivalent to considering human drivers as reactive agents. Mutual dependence is
only partially covered. A more natural way to tackle this problem is by treating the
driving task as a dynamic game between the HDV and the CAV [89, 90]. Game
theory-based approaches [91, 92] offer a promising direction for achieving a balance
between maintaining safety guarantees and introducing interactivity for reduced
conservatism.

Hybrid intersection coordination with traffic light

In this thesis, our analysis is limited to signal-free intersections. In practice, a
considerable number of intersections are regulated using traffic lights. In mixed-
traffic intersections, traffic lights are often the only feasible means of exerting
direct control over HDVs. In such scenarios, CAVs, through their connectivity and
automation, can offer indirect control over HDVs through interaction. Therefore, it
is essential to investigate how traffic lights and CAVs can be integrated to provide
a hybrid coordination mechanism to regulate and enhance traffic flow through
intersections.
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Learning-based methods for high-level coordination

In both the bi-level approach derived in Chapter 3 and the distributed approach in
Chapters 4, 5, and 6, the coordination decision in terms of passing order through
the intersection is obtained by solving a mixed integer optimization problem. These
approaches do not scale well with the number of vehicles due to the curse of dimen-
sionality. However, with the rapid development of deep learning and reinforcement
learning approaches, with off-board training and online deployment, it is possible to
incorporate a learning-based method as a high-level coordinator for the combina-
torial part of the problem. This can potentially make the coordination framework
more scalable and implementable in real-world traffic environments.

Experimental studies

The experimental studies presented in this thesis have been limited to a simple
intersection scenario involving only two vehicles. To obtain more comprehensive and
realistic results, it is necessary to extend the experimental setup to include multiple
vehicles and sensing-capable roadside units (RSUs). Furthermore, incorporating
real-time traffic data into the experimental environment can further enhance the
validity and practicality of the results obtained.
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