Communications in Transportation Research 5 (2025) 100190

ELSEVIER

Contents lists available at ScienceDirect

Communications in Transportation Research

journal homepage: www.journals.elsevier.com/communications-in-transportation-research

Transportation Researc

Full Length Article

Situational awareness using set-based estimation and vehicular )

Check for

communication: An occluded pedestrian-crossing scenario

Vandana Narri ®™", Amr Alanwar €, Jonas Martensson °, Henrik Pettersson?, Fredrik Nordin?,

Karl Henrik Johansson "

@ Autonomous Transport Systems, Research and Development, Scania CV AB, Sodertalje, 151 87, Sweden
Y School of Electrical Engineering and Computer Science, KTH Royal Institute of Technology, Stockholm, 114 28, Sweden
€ School of Computation, Information and Technology, Technical University of Munich, Heilbronn, 74076, Germany

ARTICLE INFO ABSTRACT

Keywords:

Set-based estimation

Safety guarantees

Vehicle-to-everything (V2X) communication
Shared situational awareness

The safety of unprotected road-users is crucial in any urban traffic. Occlusions and blind spots in the field-of-view
of a vehicle can lead to unsafe situations. In this work, a specific pedestrian-crossing scenario is considered with
an occlusion in the ego-vehicle's field-of-view. A novel framework is presented to enhance situational awareness
based on vehicle-to-everything (V2X) communication to share perception data between vehicle and roadside

units. It leverages set-based estimation utilizing a computationally efficient algorithm, for which the pedestrian is
guaranteed to be located in a constrained zonotope. The proposed method has been validated through both
simulation and real experiments. The real experiments are carried out on a test track using Scania autonomous

vehicles.

1. Introduction

The development of connected and automated vehicles (CAVs) has
progressed rapidly over the past couple of decades. This, in turn, has
increased the complexity of CAVs in terms of their number of hardware
and software components. The standard ISO 21448:2022 emphasizes
functional safety and mitigating risks due to unexpected operating
conditions for CAV systems, see ISO (2022). A system state is considered
safe if it can guarantee collision avoidance despite of various uncertain
urban scenarios. Stefan et al. (2020) highlighted that scenario-based
testing plays a key role in CAV safety validation. A scenario is defined
as a sequence of events and actions that describes the development be-
tween scenes, as stated in Simon et al. (2015) and Graebener (2024). To
ensure the safe operation of a CAV, it is necessary to show that it can
handle a series of complex scenarios.

This study considers an occluded pedestrian-crossing scenario. The
initial scene of the scenario is presented in Fig. 1, with G, and G,
highlighting the global coordinates of the scene. The ego-vehicle is
moving towards the pedestrian crossing, but the sidewalk is occluded by
a parked vehicle. This leads to an unsafe situation for the pedestrian in
the occluded region. To mitigate the risk of such potential situations, our
strategy is to leverage vehicle-to-everything (V2X) communication

between the ego-vehicle and sensor units nearby.

1.1. Contributions

The main contribution of this study is a situational awareness
framework evaluated on the occluded pedestrian-crossing scenario. In
order to provide safety guarantees, we propose to use set-based esti-
mation and fusion, which computes all possible states of the detected
pedestrian, allowing the ego-vehicle to determine if any of them inter-
sect with the ego-vehicle's planned path. The set-based algorithm com-
prises two components.

1) The set-based estimation computes a set that contains the true
location of the detected pedestrian.

2) The set-based fusion integrates multiple estimated sets for a detected
pedestrian.

Together, these components provide robust safety guarantees for the
detected pedestrian. The approach is evaluated in realistic simulations
as well as in real experiments. The influence of V2X connectivity be-
tween road and users is studied in detail. It is shown how onboard
sensors and external sensors via V2X communication effectively
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Fig. 1. Considered occluded pedestrian-crossing scenario consists of five actors: ego-vehicle, roadside unit, connected vehicle, parked vehicle, and pedestrian
(unprotected road-user). The pedestrian is in the occlusion created by the parked vehicle in the ego-vehicle's field-of-view.

compensate for uncertainties in measurements and system model.
1.2. Literature review

There are many recent research contributions on utilizing V2X
communication to improve ego-vehicle situational awareness. Hieu
et al. (2023) and Ryan et al. (2018) emphasized that one way is to create
collaborative perception is by sharing object detections and using neural
networks to fuse the data. Zhu et al. (2024) proposed an alternative
method that only requires to share object detection in the region of in-
terest. Han et al. (2023) listed a detailed survey of existing collaborative
perception methods using vehicular communication, datasets, and
challenges of incorporating collaborative perception in traffic scenarios.
They highlighted real-world issues, such as communication imperfec-
tions and delays, localization errors, model discrepancies, and security
issues, which each one can deteriorate the system's safety. The impor-
tance of security and testing is discussed by Jian et al. (2019), Monowar
et al. (2020), and Olovsson et al. (2022).

In the absence of V2X communication, van der Ploeg et al. (2024)
suggested an approach to handling occluded scenarios through
occlusion-aware planning. They proposed a planner that incorporates
seen objects and reachable sets of possible hidden objects of arbitrary
shape and size. While implementing such a planner is helpful, it remains
highly uncertain about the surroundings and requires significant
computational power. Sanchez et al. (2022) proposed a framework to
reduce the number of hidden object in occluded scenario by sequential
reasoning based on reachability analysis and pervious on-board sensor
observations. This approach is effective but has a high likelihood of
becoming too conserved. This framework is then extended by using V2X
communication in (Nyberg et al., 2024). Gilroy et al. (2021) provided a
detailed overview of occlusion handling methods. Leveraging V2X
communication to share information can help reduce uncertainty
regarding road-users in occluded regions.

Wang and Wu (2021) highlighted that uncertainty in scenarios with
limited information has a negative impact on the performance of
transportation systems. Autonomous driving requires safety guarantees.
Safety guarantees can be characterized by robust set-based estimators
(Rego et al., 2018). Alanwar et al. (2023) showcased how such estima-
tors compute the set of states consistent with the model and the set
consistent with the measurements to obtain the so-called corrected state
set. Many researchers have considered set-based estimation for
self-localization of autonomous robots (Marco et al., 2003), drones
(Merhy et al., 2020), and other vehicles (Althoff, 2010; Bento et al.,
2019). Rohou et al. (2017) have showed that the method is particularly
advantageous in dynamic and unknown environments.

Set-based estimators have also been used in fault detection (Puig,
2010), underwater robotics (Jaulin, 2009), ground vehicles (Franze and
Lucia, 2015), multi-agent systems (Garcia et al., 2020), and localization
(Bouron et al., 2001). There are various ways to mathematically repre-
sent the estimated sets, for example, ellipsoids (Merhy et al., 2020),
zonotopes (Alanwar et al., 2023), polytopes (Blesa et al., 2012), ortho-
topes (Hamdi et al., 2016), and intervals (Feng et al., 2020). Constrained
zonotopes provide a set representation that combines the flexibility of
convex polytopes with the efficiency and scalability of zonotopes, as
highlighted by Scott et al. (2016). In this study, the fused sets are rep-
resented by constrained zonotopes. Due to their computational proper-
ties, the algorithms can run onboard the ego-vehicle.

1.3. Outline

The structure of the remaining paper is briefly described. Section 2
details the problem formulation and the considered scenario. Section 3
gives preliminaries on constrained zonotopes. The proposed framework
and algorithm are described in Section 4. In Section 5, results from the
simulation test are presented and followed by the real experiments in
Section 6. Finally, we conclude the study in Section 7.

2. Problem formulation

In this section, the occluded pedestrian-crossing scenario is described
together with the problem statement.

2.1. Scenario description

The pedestrian-crossing scenario is presented in Fig. 1. It consists of
five actors: an ego-vehicle (EV), a roadside unit (RSU), a connected
vehicle (CV), a parked vehicle (PV), and a pedestrian. The EV, RSU, and
CV have the ability to communicate with each other through their V2X
units. The EV moves from left to right. The PV is creating an occlusion in
the EV's field-of-view (FOV), which is indicated by the red area. The CV
moves from right to left. The RSU is a stationary unit positioned in a way
that covers the pedestrian-crossing. An unsafe set in the scenario is a set
of states in R? that contains both the predicted state of the pedestrian
and the reachable state of the EV. The measurement of a pedestrian at
time t is assumed to be a set .#,CR2. This set is consistent with the true
location of the pedestrian in the EV coordinate frame. Depending on the
specific scenario, measurement sets are provided by the EV, RSU, and
CV, when the pedestrian is present in their FOV. If the pedestrian is not
detected, then .7, is an empty set.
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2.2. Problem statement

In the considered scenario, the pedestrian is moving towards the
crossing. The EV is approaching the crossing and is not detecting the
pedestrian because of the PV occlusion. If the EV does not detect the
pedestrian within a sufficient amount of time to plan and execute a safe
maneuver, it might lead to a collision. The problem considered in this
study is to develop an algorithm to provide safety guarantees by
improving situational awareness for the EV when it faces a scenario with
occlusion. The EV can receive measurements from the RSU and CV. It is
assumed that there are no false detections from any of the V2X units.
Each unit has the capability to provide a measurement set ./ for the
detected road-user in its FOV at time t with i = 1, ..., n, where n is the
total number of units. The aim is to estimate set of reachable states for
the pedestrian.

3. Preliminaries

To perform set-based estimation and fusion, we utilize hyperplanes,
strips, convex polytopes, and constrained zonotopes. These sets and
some operations are defined in this section.

A hyperplane /7' € R” for some y > 1 is a set which is given by

7 ={xeR|h"x=b} (€]

where h € R? is a column vector and b € R is a scalar. A halfspace is a set
of form {x € R/|hTx < b}. A hyperplane thus divides R” into two half-
spaces. This mathematical representation of a set is called H-represen-
tation, as stated by Althoff (2010). A strip is given by

= {xe R’Hhrxfy|§r} 2)

wherey € R and r > 0 are scalars. It is the intersection of two halfspaces
with parallel bounding hyperplanes. The intersection of two or more
strips can result in a convex polytope, see Fig. 2. Any bounded convex
polytope 7" can be represented as the intersection of m > y strips: 7" =
No i

A constrained zonotope #'CR’ (Scott et al., 2016) is a special type of
bounded convex polytope:

7 ={xeR|r=c+GpAB=b, Bl <1} &)
where ¢ € R” is the center and G = [g1, ..., &] € R"™*%, e > 0, is the

generator matrix of the zonotope. The matrix A € R’<*¢, y. > 0, and the
vector b € R’ define the constraints. § € R° is called the scaling factor

/.
./Sz: [hIx =yl S7“2./

/ o

Sy: |hIx —yy| =)

¥

/ /
Fig. 2. Illustration of the intersection of three strips ."1,.7», and .73, resulting
in the convex polytope 7.

Communications in Transportation Research 5 (2025) 100190

tope is ¢ =(c,G,A,b). This way of representing constrained zonotopes
using generators is called CG-representation, as stated by Scott et al.
(2016).

Given two constrained zonotopes #7 = (c1,G1,A1,b1) and %5 =
(c2,Ga2,A2,by), the Minkowski sum is

A 0] [b
C® Cr={c1+ |G GZ]’{OI Az}y{bﬂ>

The computation complexity of the Minkowski sum is @'(y) (Scott
et al., 2016). A linear mapping of a constrained zonotope is defined as

M %\ = (Mc,,MG,,A,,b,)

where M € R™". The computational complexity of the linear map is
@'(mye) (Scott et al., 2016).

4. Methodology

In this section, the shared situational awareness framework is pre-
sented, followed by a description of the estimation—fusion algorithm.

4.1. Architecture

The proposed architecture consists of three types of modules: sensor,
estimator, and fusion center, as shown in Fig. 3. There are n sensors
corresponding to the V2X units in a given scenario. Sensor i produces a
measurement set ./ at time ¢ of the pedestrian in its FOV.

The measurement sets are then inputs to their respective estimator.

Each estimator i computes an estimated set ?i for the detected pedes-
trian using the previously estimated set at time t — 1 and measurement
set.#!. The estimated sets are then fused in the fusion center. The fused
set is denoted by ¢, and is guaranteed that it contains the location of the
detected pedestrian.

4.2. Algorithm

We perform the set-based computations using constrained zonotopes
because they lead to an algorithm with low computational complexity
compared to other set representations. The set-based estimation and
fusion algorithm is illustrated in Fig. 4.

4.2.1. Set-based estimation

The estimators take as their input measurement sets obtained from
sensors. We omit the superscript i that indicates sensor i, i =1, ..., n. A
sensor measurement at time ¢ is a set .#,CR2. It is assumed to be the
intersection of strips:
.///,:{x,€R2||hfrx,—yf’\<rf f:l,Z} (€))

<r,
We denote such a measurement set as .#, = (H,,y,R,):

rIIO
0 7

t t

yl
H = [h[l h,z}a}’r = [ IZ:|-,R1—

The set-based estimator computes a set that is guaranteed to contain
the location of the pedestrian. A discrete-time linear system is consid-
ered to model the motion of the pedestrian:

X =Fx_ +z (5)

where x; € R? is the location of the pedestrian, F; € R?*2 the transition
matrix, and z, € R? the uncertainty of the pedestrian velocity and
heading. The unknown initial position of the pedestrian is denoted x(

and assumed to be bounded by an initial estimated set ZCR2. The
uncertainties in the motion model are represented by a constrained
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Fig. 3. Architecture of the proposed shared situational awareness framework. The fused set #, for the pedestrian is computed using the measurement sets .#.,i = 1,
..., n, filtered through a bank of estimators and a fusion center.
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. t
—
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Previous estimated set C;—’ 1 ! !
Mf Predicted state set Cf
- -
Measurement set M? M?n Cf) Estimated set C7
Fig. 4. Illustration of the set-based computations in the estimators and the fusion center for a setup with two sensors.
zonotope: z € Zqr =(0,Q;,0,0) with Q = diag([q}, ¢?]). Let us sensor. This is also verified experimentally in Section 6.

describe how the estimated set Z, is obtained, see Fig. 4. The predicted Algorithm 1. Set-based estimation and fusion

= 2 : —— -
state set #;CR® is computed as 1 Input: 7, 74, Ai =1,

- — 2: Output: 7,
o o2 2
Ci=F7.0 €y ) 3: for time step t = 1, 2, ... do
Based on this, the new estimated set is given by 4 for ansor = } 7 'Zdo )
= i Al oAt Zi Iz
L 5 7= (6, G,ALb) =F 7 & Ty,
¢, =, NA, 7) 6:  if Measurement set.#! := (Hi,y!, R!) exists then
_ 7 7= (d, G, AL B,

Note that the resultant estimated set # is a constrained zonotope. The 8 d=2,G=[g ol

» Gy . 0]

set-based estimation algorithm is the first half of Algorithm 1. From line
5, to compute predicted set, we perform linear map and minkowski sum. 9: A=
Since we consider y = 2, the worst-case computational complexity can

~i ~

At i :| Ei . |:bi :|
i R N i

H;Gt 7R; }’t - Htct

be written as 7(22e + 2) = (7(e), where e is the number of generators of 1(1) els; S

the constrained zonotope. If there exists a measurement set .7, lines 7-9 12 em; . T

involve some low order operations and two matrix multiplication. The 13: end for

worst-case computational complexity of these lines is bounded by 14: &= (c;,Gr,Ar, by)

@(2%e + y.e), where y. is the number of constraints of the constrained 15 «=%,G=[G, 0 .. 0,

zonotope. If a measurement set does not exist, then there is no compu- (continued on next page)

tation required. We simply use the predicted set as shown in line 11 in
Algorithm 1. Based on this, the worst-case computational complexity for
the set-based estimation is bounded by #(y.e+e) = @(y.e) for each
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(continued)
A 0 0 I
0o A 0 B
16:  Ag=]0 0 U VN S E:
G -G 0 [
G 0 -G -
17: end for

There are two cases when the measurement set is not used in the
update Eq. (7). First, when a sensor fails to provide a measurement set.
Second, when there is a false detection that can lead to an empty mea-
surement set. The convergence of set-based estimation depends on the
consistency of the measurement sets and uncertainty bounds in the
motion model of the pedestrian.

4.2.2. Set-based fusion

Given the estimated sets 71, i =1, ..., n, the output of the fusion
center 7 is their intersection:

7 =7, N7 ®)

Equation (7) constrained zonotope. The set-based fusion algorithm is
the second half of Algorithm 1. From line 14 to line 16, the computa-
tional complexity for set-based fusion can be written as @(y.,e; +
Yeo€2 + -+ + Ycqen). For the worst-case, this computational complexity
can be generalized as @(ny.e). This is also verified experimentally in
Section 6. Note that the presented algorithm assumes that measurement
sets are non-empty and consistent. If it anyhow happens that #’, be-
comes an empty set, it means that the measurement sets are not
consistent. Such a situation could be due to faults or the detection of
multiple pedestrians. This case is not considered in this study, but will be
studied in future work, see Section 7.

—u— C; - Fused set

X (m)

(c) + Pedestrian ground truth)
C? - Estimated set

Istimated set

C} - Bstimated set
—#— C¢ - Fused set

X (m)
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Both estimation and fusion steps experience increased computational
complexity as the complexity of the constrained zonotope grows. During
these steps, the number of zonotope constraints and generators can in-
crease rapidly. To manage the computational complexity of the algo-
rithm, the complexity of a constrained zonotope can be reduced
periodically by lowering y. and e. Scott et al. (2016) proposed a
three-step method to reduce complexity of a constrained zonotope:
rescale, reduce y., and e. According to Scott et al. (2016), the compu-
tational complexity to rescale is #(y.e?). The computational complexity
to reduce y. is @((e + 7.)?). Finally, the computational complexity to
reduce k generators from G € R?*®is @(2%e + 2ke).

5. Simulation results

This section presents simulation evaluations of the proposed frame-
work. The occluded pedestrian-crossing scenario is simulated using
Matlab R2020b. The map of the Scania test track is imported to Matlab
and visualized in Fig. 5. A simple point-mass vehicle model is imple-
mented for both the EV and CV, with each maintaining a constant ve-
locity within their designated lanes. The headings of the EV and CV are
determined based on the center points of their respective lanes. The EV,
CV, and RSU are equipped with range-based sensors affected by random
noise. These sensors are capable of producing measurement sets of the
pedestrian with respect to their respective FOV and local coordinate
system. These measurement sets include the uncertainty introduced by
the random noise. These sensors generate measurement sets at a rate of
10 Hz, with the assumption that there is no delay in their operation. The
CORA toolbox (Althoff, 2015) is utilized to handle constrained zono-
topes. The ground truth location of the pedestrian is represented by a +
sign.

5.1. Base scenario

For the occluded pedestrian-crossing scenario, four time instances

(b) + Podestrian ground truth
120 C? - Estimated set

Estimated set

—#— C; - Fused set

100

§ @ o
0 395

116 18

0 20 40 60 8 100 120 140 160 180
X (m)

(d) T Podestrian ground truth]
120 5 B

100 f [ C1 - Fused set

80

20k
0 20 40 60 8 100 120 140 160 180
X (m)

Fig. 5. Simulation of the occluded pedestrian-crossing scenario. Each sub-figure is a snapshot of the simulation at a specific time: (a) t = 7.34 s, (b) t=9.90s, (c) t =
14.67 s, and (d) t = 15.48 s. The + sign represents the true location of the pedestrian. The fused set #; computed by Algorithm 1 is highlighted for the four time
instances together with the estimated sets from each available sensor unit. Dashed lines represent roads.
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- —1 .
are presented in Fig. 5. ¢, denote the estimated set computed based on

. L —2
the measurement set.#; obtained from the EV. Similarly, 7, denote the
estimated set based on the measurement set ./ obtained from the RSU

and 7? are the estimated set from the CV. In Figs. 5a and 5b, the EV does
not have a measurement set for the pedestrian due to the occlusion
created by the PV. In Fig. 5a, there are measurement sets from the RSU
and CV. The estimated set computed using the measurement set from the
RSU is represented by a blue constrained zonotope, while the estimated
set computed using the measurement set from the CV is a red con-
strained zonotope. The resultant fused set Z is a magenta constrained
zonotope. Note that the pedestrian is located inside the fused set and
that the set is a more accurate representation of the location than what
the RSU and CV provided individually.

Fig. 5b presents a slighter later instance when still the pedestrian is

not seen directly from the EV. The estimated sets ?tz and 7? are smaller
compared to Fig. 5a, as is the fused set . Fig. 5c shows a later instance
when the pedestrian is detected also by the EV. Hence, in this case, there
are three estimated sets fused into #;, which contains the pedestrian
location. The fused set is tighter than any estimated set, as expected.
Finally, Fig. 5d presents a case with the FOV of the RSU obstructed by
the CV. Therefore, the RSU did not produce a measurement set. The
fused set based on the estimated sets from the EV and CV contains the
pedestrian's true location.

5.2. Influence of V2X communication

In this subsection, we analyze the occluded pedestrian-crossing
scenario with and without V2X units, as well as with and without a
pedestrian in the occluded region. The EV acts autonomously, and the
system is designed to stop when safety cannot be guaranteed due to
factors such as limited information caused by occlusion. Fig. 6 presents
snapshots of the four scenario variations.

Pedestrian ground truth

X (m)

0 5 10 15 20

60 . Time ()

-20

X (m)
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Fig. 6a presents the scenario with a pedestrian in the occluded region
but no available V2X units. The pedestrian is approximately 15 m from
the EV's front, but the EV is not able to detect the pedestrian. Therefore,
the EV stops near the occlusion because of its limited situational
awareness. The EV's velocities in x and y coordinates, respectively, are
presented in the inset at left top of Fig. 6a. The EV stops at 14.03 s. The
EV is unable to generate a feasible motion plan until it gathers more
information about its surroundings.

In Fig. 6b, sensor information from two V2X units is available. These
units are able to observe the pedestrian, and their measurement sets are
shared with the EV. The EV can compute the fused set using the pro-
posed method. The EV stops at 15.48 s to maintain a safe distance be-
tween itself and the detected pedestrian, and avoid the unsafe set. The
safety distance is approximately 5 m from the front of the EV.

In Fig. 6¢, there is no pedestrian in the occluded region and no
available V2X units. Even if there is no pedestrian in the scenario, the EV
has limited situational awareness, which leads to a stop near the
occluded region. Hence, the consequence of no V2X units is a similar
behavior for the EV as in Fig. 6a.

Fig. 6d presents the case when there is no pedestrian in the occluded
region but two V2X units. Both sensors observe the occluded region, and
implicitly communicate that the region is not occupied. As a result, the
EV does not stop near the occlusion and operates at the desired velocity.
It follows from the four cases illustrated in Fig. 6 that the overall per-
formance of the EV is improved, thanks to the proposed situational
awareness framework.

6. Experimental results

In this section, results from real experiments using Scania autono-
mous vehicles are discussed. Fig. 7 shows the picture taken from the EV's
point-of-view during an experiment of the occluded pedestrian-crossing
scenario. Fig. 7 includes a screen that displays the visualization tool used

Velocity (ll{/s)

20r

-20

X (m)

Fig. 6. Comparison of EV performance with and without V2X units, as well as with and without the pedestrian in the scenario. (a) Scenario with the pedestrian in the
occluded region and without V2X units. (b) Scenario with the pedestrian in the occluded region and with V2X units. (c) Scenario without the pedestrian in the
occluded region and without V2X units. (d) Scenario without the pedestrian in the occluded region and with V2X units.
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during the experiments. The pedestrian is standing behind the parked
vehicle and is not detected by the sensors mounted on the EV. This can
be observed on the visualization tool, where the EV and PV positions are
highlighted. A helicopter view of the experimental site is presented in
Fig. 8, compared with Fig. 1. The EV, CV, and RSU are equipped with
multiple sensors, such as, lidars and radars. The raw data from their
respective sensors are then processed locally to produce measurement
sets at a rate of 10 Hz. The processing time for each vehicle is approx-
imately 200 ms. This processing time is taken into account in the mea-
surement sets by proportionally increasing the associated uncertainty.

The V2X units communicate with EV using dedicated short-range
communications (DSRC), built on the ITS-G5 standard. Similar to Wi-
Fi, ITS-G5 is a European standard for vehicular communication based
on IEEE 802.11x. The hardware utilized for this work is Commsignia
ITS-OB4, the fourth generation of vehicular connectivity system. This
hardware provides an embedded solution implementing the ITS-G5 ac-
cess layer specification published by the European Telecommunications
Standards Institute (ETSI), see ETSI (2020). The communication fre-
quency is 5.9 GHz. The communication range varies depending on the
operating area. In the scenario illustrated in Fig. 8, the communication
range exceeds 1000 m due to the open-space setting and absence of
obstructions such as buildings or other infrastructure. To be able to share
measurement sets between the EV and V2X units, the collaborative
perception message (CPM) service standard, see ETSI (2019), was
implemented. The message frequency is 10 Hz and each message have
an average payload of 100 B.

To analyze the communication delay, we recorded logs with GPS
timestamps marking when a message was transmitted from one V2X unit
and when it was received by the EV. Fig. 9 shows a graph of the
communication delay between the EV and the V2X unit in an open-space
setting. It can be observed that the average communication delay is
about 0.02 s, which is negligible. Consequently, no compensation for
communication delay was applied in the experiments.

Fig. 10 shows the snapshots from the occluded pedestrian-crossing
scenario with connected RSU and CV sensor units. Fig. 10a the situa-
tion at t = 2.05 s. There are measurement sets from the RSU and CV. The

—2

estimated sets ¢, and 7? are computed using Algorithm 1. The fused
set ¢ is shown as well. Fig. 10b shows the corresponding situation at t
= 6.47 s is presented. It can be observed from Fig. 10 that the proposed
framework successfully computed the fused sets from the V2X units and
that the area of the fused sets is smaller than the two estimated sets.
Figs. 11a and 11b represent the computation time versus the product
of number of constraints y. and number of generators e. Fig. 11a high-
lights the computation time for performing set-based estimation, where

green, blue, and red highlights the computation time for estimating #,,

Internal visualization tool

Fig. 7. View from the EV at an experiment showing the pedestrian behind the
PV and the EV visualization tool.
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Connected
~vehicle _.__

Fig. 8. Bird's-eye view of the Scania test track.
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Fig. 9. Communication delay when communicating between EV and a V2X
units in an open space scenario using dedicated short-range communication.

?f, and 7? It can be observed that the computation time increases as
the number of constraints and generators increase, which validates the
analysis of computational complexity in Section 4. Similarly, Fig. 11b
shows the computation time for performing set-based fusion, where the
magenta highlights the computation time to obtain #’;. The computa-
tion time increases as the number of constraints and generators increase.

Fig. 12 shows experimental results with and without V2X units. In
Fig. 12a, the understanding of the scene is based only on the local sensor
information of the EV. There is an occluded region behind the parked
vehicle and the building. In Fig. 12b, the RSU detects the pedestrian, and

its measurement set is used to compute the estimated set Zf .InFig. 12¢,
there are two V2X units, both the RSU and CV, providing measurement
sets for the pedestrian. The corresponding ¢ in this case is smaller than
the previous two situations. Hence, V2X units help improve situational
awareness by reducing the area and uncertainty of the unsafe set.

7. Conclusions

This study presented a set-based estimation and fusion algorithm for
an occluded pedestrian-crossing scenario with safety guarantees. The
method was implemented and illustrated both in simulation and in real
experiments. Situational awareness of the EV with and without V2X
communication was compared. It can be concluded that having V2X
communication helps in improving the safety and performance of the
EV.

While our method demonstrates strong performance under the
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Fig. 10. Snapshots from experiments with estimated sets from the RSU and CV measurement sets at two time instance (a) t = 2.05 s and (b) t = 6.47 s.
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Fig. 11. Computation time versus product of number of constraints and number of generators for (a) set-based estimation and (b) set-based fusion. Note that in set-
based estimation, the computation time is occasionally negligible. This occurs when only the predicted set is computed, as no measurement set is available.

experimental conditions outlined, we acknowledge that it is not without
limitations. One key limitation is the system's sensitivity to false de-
tections. Another potential failure case arises in scenarios involving
multiple pedestrians in close proximity. By clarifying these aspects, we
aim to provide a balanced perspective on the capabilities and constraints
of our method, ensuring transparency and facilitating further work in
this area. Future work includes handling more complex scenarios with
multiple pedestrians and moving objects, as well as sensors and

communication outages. The test scenario also needs to be included in
an integrated framework for situational awareness.
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Fig. 12. Experiment results with pedestrian: (a) without V2X units, (b) with one V2X unit, and (c) with two V2X units.
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