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Abstract

Urban autonomous driving is both complex and dangerous. A multitude of road types, road users, and potential traffic rule violations
all make it challenging for an autonomous vehicle to safely navigate an urban environment. To tackle this issue, in this paper, we
propose a risk assessment framework capable of reliably predicting and assessing the possibility of collision in urban environments
involving the concurrent occurrence of various road types, road users, and traffic rule violations. The proposed framework reliably
predicts and assesses the possibility of collision by means of long-term motion prediction–based risk identification, unified risk mea-
sures, and probabilistic risk reasoning under a distributed reasoning architecture. The framework is tested and evaluated through
real-world testing conducted not only on private urban test roads under a great variety of driving scenarios but also on public urban
roads under real traffic conditions. Experimental results show the performance of the framework to be sufficiently reliable for urban
autonomous driving in terms of risk assessment.
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1 Introduction
Urban environments pose a significant challenge to autonomous
vehicles (AVs) (Urmson et al., 2009). Typical traffic scenarios for
such environments comprise various road types (i.e., multilane
road, crosswalk, and intersection) and road users (i.e., vehicles and
pedestrians) (Li et al., 2015; Zhan et al., 2016). Moreover, there is
the potential for traffic rule violations (i.e., red-light violation) to
occur (Zhang et al., 2013). Such characteristics make it challenging
for an AV to safely navigate an urban environment. Therefore, if
an AV is to guarantee its own safety in an urban environment,
the AV must be capable of reliably predicting and assessing the
possibility of collision in any given traffic situation. For an AV to
achieve this, it must possess a reliable, robust, and comprehensive
approach to risk assessment.

During the last decade, numerous studies on risk assessment
have been conducted to improve the safety of AVs in urban en-

vironments. Such studies have tended to focus on the follow-
ing three areas: risk identification, risk measure, and risk rea-
soning. Of the above studies, those related to risk identification
can be classified into two categories: physics-based approach
(Brännström et al., 2010; de Campos et al., 2014) and maneuver-
based approach (Atev et al., 2010; Lefèvre et al., 2011, 2014; Petrich
et al., 2013; Wiest et al., 2013; Streubel & Hoffmann, 2014; Chai et al.,
2018; Chen et al., 2018a; Guo et al., 2018; Hubmann et al., 2018; Yi
et al., 2018; Noh, 2019; Meghjani et al., 2019; Wang et al., 2019). Un-
der a physics-based approach, the future motion of a road user
is derived based on an interpretation of the laws of physics, and
the identification of a “potential risk” is derived using a motion
model. A physics-based approach is commonly used for trajec-
tory prediction and risk identification. However, it is limited to
short-term motion prediction because it considers only low-level
motion properties and not the execution of a maneuver such as
left or right turns. For this reason, various maneuver-based ap-
proaches to risk identification have been introduced, e.g., proto-
type trajectory-based approach (Atev et al., 2010; Wiest et al., 2013;
Chai et al., 2018; Guo et al., 2018), maneuver intention estimation-
based approach (Lefèvre et al., 2014; Chen et al., 2018a; Hubmann
et al., 2018; Yi et al., 2018), and precise, detailed road map-based
approach (Lefèvre et al., 2011; Petrich et al., 2013; Streubel & Hoff-
mann, 2014; Noh, 2019; Meghjani et al., 2019; Wang et al., 2019).
Such maneuver-based approaches predict the future motion of a
road user on the basis of a maneuver that the road user intends to
perform and identify “potential risks” through the long-term mo-
tion prediction derived from the maneuver. Therefore, such ap-
proaches provide more reliable risk identification.
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Of the above studies, those related to risk measure have tended
to focus on selecting a suitable risk measure for assessing a “po-
tential risk” in an urban environment. Time-to-collision (TTC) is
commonly used in collision mitigation systems (e.g., smart cruise
control on single-lane or multilane roads) because it is time-based
and because it incorporates both speed difference and spatial
proximity (Kim & Kum, 2017; Xu et al., 2019). However, it is in-
adequate for assessing a “potential risk” occurring in certain ur-
ban traffic situations; in particular, a “potential risk” adjacent to
and at a similar speed as the AV when the AV intends to conduct
a lane-change maneuver, a “potential risk” occurring at an inter-
section, or a “potential risk” occurring at a crosswalk. In the case
of a “potential risk” adjacent to and at a similar speed as the AV
when the AV intends to conduct a lane-change maneuver, the TTC
value pertaining to the “potential risk” is likely to be very large. As
such, researchers have additionally begun to use new risk mea-
sures (e.g., minimum headway and minimum safety gap) to re-
liably assess a “potential risk” by securing a “minimum safe dis-
tance” around the AV in the case of a lane-change maneuver on a
multilane road (Chandru et al., 2017; Hang et al., 2020). In the cases
of intersections and crosswalks, TTC does not consider a potential
conflict area – i.e., an area where the future motions of two road
users are set to intersect. Therefore, researchers have introduced
new risk measures (e.g., time-to-conflict area and time-to-zebra)
for use with intersections and crosswalks (Schneemann & Gohl,
2016; Zhao et al., 2019; Shu et al., 2020). The new risk measures are
related to potential conflict areas. In summary, it is necessary to
use TTC in combination with the new risk measures to reliably
assess a “potential risk” in an urban environment.

Of the above studies, those related to risk reasoning can be clas-
sified into two categories: deterministic approach (Vanholme et al.,
2009; Glaser et al., 2010; Ha et al., 2021) and probabilistic approach
(Naranjo et al., 2008; Schneider et al., 2008; Schubert et al., 2010;
Schubert & Wanielik, 2011; Bai et al., 2015; Kim et al., 2015; Bou-
ton et al., 2017; Chen et al., 2018b; Claussmann et al., 2018; Iber-
raken et al., 2018; Hubmann et al., 2019; Chai et al., 2020; Ibne Hos-
sain et al., 2020). Under a deterministic approach, the possibility
of collision with “potential risks” is computed in the form of a bi-
nary prediction by means of simplified motion prediction models
and various risk measures such as TTC, time-to-headway, time-to-
brake, and time-to-steer (Hillenbrand et al., 2006; Dahl et al., 2018).
Deterministic approaches are widely used in collision mitigation
systems owing to their low computational complexity and ease of
implementation. However, such approaches do not consider the
uncertainty of input data. By contrast, probabilistic approaches
use a probabilistic model to describe spatial and temporal rela-
tionships between the AV and road users and to incorporate any
uncertainties of the input data. Such approaches mainly utilize
fuzzy logic (Naranjo et al., 2008; Schneider et al., 2008; Claussmann
et al., 2018; Chai et al., 2020), Markov processes (Bai et al., 2015;
Bouton et al., 2017; Hubmann et al., 2019), and Bayesian networks
(Schubert et al., 2010; Schubert & Wanielik, 2011; Kim et al., 2015;
Chen et al., 2018b; Iberraken et al., 2018; Ibne Hossain et al., 2020)
in their consideration of any uncertainties of the input data. Al-
though such approaches can handle any uncertainties of the in-
put data, they cannot properly describe any uncertainties in mo-
tion for real-world traffic conditions without considering road ge-
ometry. Therefore, a probabilistic approach that considers road ge-
ometry at the lane and crosswalk levels is needed to reliably pre-
dict and assess the possibility of collision in urban environments.

Recently, several studies utilizing a learning-based approach
to urban autonomous driving have been conducted. These stud-
ies mainly utilize artificial neural networks (Codevilla et al., 2018,

2019; Ly & Akhloufi, 2020) and reinforcement learning (Qiao et al.,
2018; Bouton et al., 2019; Chen et al., 2019; Tampuu et al., 2020)
to determine a safe driving policy. Artificial neural networks can
model both a personal driving style (by means of human driving
data pertaining to an individual) and a general driving style (by
means of human driving data pertaining to multiple individuals).
However, it is difficult to obtain a safe driving policy by means of
artificial neural networks owing to the large amount of human
driving data required to do so. In addition, this approach has gen-
eralization issues owing to dataset bias and overfitting. For these
reasons, researchers have begun to apply reinforcement learning
– a learning-based approach to learning a driving policy model by
interacting with surrounding traffic through trial and error in the
direction of maximizing rewards to – obtain a safe driving pol-
icy. A safe driving policy can be learned and generalized by means
of reinforcement learning, without hand-engineered involvement,
and the learned policy can be continuously optimized in driving,
which leads to the potential to achieve superhuman performance.
To do so, however, a well-defined reward function is needed.

An examination of the existing literature reveals that the
aforementioned approaches are capable of handling specific driv-
ing scenarios (e.g., lane changing, entering an intersection, or
performing an emergency stop procedure), specific road users
(e.g., vehicles or pedestrians), and specific traffic rule violations
(e.g., red-light violations), but not necessary all of such elements
should they happen to occur concurrently in an urban environ-
ment. Therefore, these approaches fall short of the requirement
for a reliable, robust, and comprehensive approach to risk assess-
ment in that they fail to consider traffic situations involving var-
ious road types, road users, and traffic rule violations occurring
concurrently in an urban environment. In summary, in order to
realize AVs in urban environments, it is necessary to address the
problem of how an AV is to avoid collision in traffic situations
involving the concurrent occurrence of various road types (i.e.,
multilane road, crosswalk, and intersection), road users (i.e., ve-
hicles and pedestrians), and traffic rule violations (i.e., red-light
violation).

To this end, in this paper, we propose a risk assessment frame-
work capable of reliably predicting and assessing the possibility
of collision in an urban environment involving the concurrent oc-
currence of various road types, road users, and traffic rule viola-
tions. The proposed framework reliably predicts and assesses the
possibility of collision by means of long-term motion prediction-
based risk identification, unified risk measures, and probabilistic
risk reasoning under a distributed reasoning architecture. To ver-
ify its feasibility, the framework was extensively tested on private
urban test roads under a great variety of driving scenarios. After
it was successfully verified on such roads, it was tested and eval-
uated on public urban roads under real traffic conditions. Real-
world testing results show the performance of the framework to
be sufficiently reliable for autonomous driving in urban environ-
ments including various road types, road users, and traffic rule
violations, with regard to risk assessment.

The main contributions of the proposed framework lie in the
fact that it provides a reliable, robust, and comprehensive ap-
proach to risk assessment. These attributes are as follows:

(i) Reliability: The proposed framework projects the AV and
perceived road users (PRUs) onto a precise and detailed
road map and then uses the information of road geom-
etry and topology from the map to improve reliability by
reducing the perception uncertainty, identifying upcoming
road types in advance, and predicting long-term motions
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of PRUs along the road curvature at the lane or crosswalk
level. Reliability is further strengthened by the fact that
the framework uses a form of probabilistic risk reasoning,
which in turn uses Bayesian networks and filters to reliably
and robustly infer risk levels for “potential risks” at the lane
or crosswalk level. Therefore, reliable real-world testing re-
sults are obtained even under incomplete and uncertain
noise data.

(ii) Comprehensiveness: The proposed framework identifies
“potential risks” through long-term motion prediction, re-
gardless of whether PRUs are obeying traffic rules; assesses
“potential risks” arising from diverse road types by means
of unified risk measures; and assesses urban traffic situa-
tions independently and systematically under a distributed
reasoning architecture. Therefore, it can be used with any
urban road type of single-lane or multilane road, crosswalk,
or intersection, or any combination thereof, regardless of
whether PRUs are obeying traffic rules.

(iii) Robustness: The proposed framework was extensively
tested on private urban test roads under a great variety of
driving scenarios. After a successful demonstration on pri-
vate urban test roads, it was tested and verified on public
urban roads under real traffic conditions. Through exten-
sive real-world testing on private urban test roads under
various driving scenarios, robust and collision-free results
were obtained from real urban traffic situations on public
urban roads.

The rest of this paper is organized as follows. Section 2 details
the proposed risk assessment framework for urban autonomous
driving. Section 3 evaluates the feasibility of the proposed frame-
work qualitatively and quantitatively through real-world testing,
mainly on public urban roads under real traffic conditions. Fi-
nally, Section 4 summarizes the contributions of this study and
discusses future work.

2 Risk Assessment Framework
This section describes the proposed risk assessment framework
for use with AVs in urban environments. The framework helps an
AV to safely avoid collision within an urban environment by reli-
ably predicting and assessing the possibility of collision with “po-
tential risks” under a variety of road types and driving scenarios,
by means of long-term motion prediction-based risk identifica-
tion, unified risk measures, and probabilistic risk reasoning under
a distributed reasoning architecture, even under uncertain noise
data and when PRUs violate traffic rules.

2.1 Long-term motion prediction-based risk
identification

Because a road network is invariably a structured environment, it
can be assumed that the motion patterns of a PRU can be identi-
fied in advance. A road map is often used to identify such patterns
(Lefèvre et al., 2011; Petrich et al., 2013; Streubel & Hoffmann, 2014;
Noh, 2019). In addition, its utilization can allow an AV to identify
the upcoming road types and driving scenarios in advance. Fur-
thermore, its utilization can reduce the perception uncertainty by
integrating PRU data with the information of road geometry and
topology. Therefore, the proposed framework uses such map infor-
mation to reduce the perception uncertainty, to identify upcoming
road types, and to predict future motions of PRUs at the lane or
crosswalk level, which leads to a reliable identification of “poten-
tial risks”. Here, the framework uses a precise, detailed road map

Figure 1: Road type identification and long-term motion prediction.
Through the projection of the AV and PRUs onto the road map, the
proposed framework identifies upcoming road types for the AV and
predicts long-term future motions of PRUs at the lane or crosswalk level.

of centimeter-level precision, which in turn is equivalent to local-
ization precision. The map is built by means of a NovAtel virtual
reference station-aided GPS combined with an IMar IMU that pro-
vides enhanced real-time kinematic performance (see Appendix A
for more details).

2.1.1 Road type identification
An AV must be capable of avoiding collision with “potential risks”
regardless of where these “potential risks” are located on urban
roads. For an AV to achieve this, the proposed framework simulta-
neously and independently identifies road types “multilane road”,
“crosswalk”, and “intersection” by means of the precise, detailed
road map (see Fig. A1 of Appendix A) and the global path of the
AV (see Fig. A2 of Appendix A), for most urban roads comprise a
combination of these road types. To this end, the proposed frame-
work first extracts a fraction of the entire global path of the AV
on the basis of the speed limit of the road on which the AV is lo-
cated, because potential collisions are only relevant to near-future
traffic situations. Through the projection of the extracted frac-
tional path onto the road map, it then identifies all instances of
the road types “crosswalk” and “intersection” that exist along the
extracted fractional path. Next, it classifies the nearest instances
of identified road types as considered road types (CRTs) and classi-
fies any remaining identified road types as “non-CRTs” (see Fig. 1),
for potential collisions are only related to the nearest instances of
identified road types; thus, it can be considered as a computation-
ally efficient approach. Here, in contrast to road types “crosswalk”
and “intersection”, the framework identifies road type “multilane
road” continuously because the AV is at all times located on either
a single-lane or multilane road. Regarding road type, “crosswalk”
denotes any type of crosswalk, “intersection” denotes any type of
intersection, and “multilane road” denotes any type of single-lane
or multilane road.

2.1.2 Long-term motion prediction
The proposed framework determines a finite set of future motions
for each PRU at the lane or crosswalk level by projecting all PRUs
onto the road map (see Fig. 1). For a vehicle (PRU) located within an
intersection, it considers the vehicle’s heading when determining
a finite set of future motions of the vehicle because of the charac-
teristics of intersections; i.e., motion paths can join, separate, or
cross within an intersection. On the other hand, for a pedestrian
(PRU) located within a crosswalk, it restricts a finite set of future
motions of the pedestrian to two bi-directional future motions be-
cause of the bi-directionality of crosswalks and the possibility of
a sudden change in direction by the pedestrian.
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Figure 2: Potential risk identification. The proposed framework
simultaneously identifies “potential risks” and PCAs within traffic
situations associated with “multilane road”, “crosswalk”, and
“intersection”.

An example of road type identification and long-term motion
prediction is shown in Fig. 1. In Fig. 1, the yellow car represents an
AV; gray cars, perceived vehicles; black figures, perceived pedestri-
ans; green line, the entire global path of the AV; dark green line, ex-
tracted fractional path; red arrows, predicted future motion paths
of PRUs; red rectangles, CRTs; and black dotted rectangle, non-
CRT.

2.1.3 Potential risk identification
Because it is continuously aware of all possible future motions of
all PRUs at the lane or crosswalk level, the proposed framework
can identify “potential risks” within traffic situations associated
with CRTs, regardless of whether PRUs are obeying traffic rules.
For the AV to follow and change lanes on a “multilane road”, it ad-
ditionally considers not only the current lane, but also those lanes
adjacent to the current lane using virtual AVs situated in a curvi-
linear position identical to that of the real AV (see Fig. 2). Upon
identifying “potential risks”, it instantaneously identifies poten-
tial collision areas (PCAs; i.e., those areas where predicted future
motion paths of PRUs intersect with the global path of the AV)
and minimum safety areas [i.e., those areas where the minimum
safety margin (MSM) defined as the required distance for two road
users to maintain minimum safety, is required for real and vir-
tual AVs]. Next, it classifies any remaining PRUs as “non-risks” and
does not consider them to pose a risk to the AV. Consequently, it
does not assess the possibility of collision with “non-risks,” and
can thus be said to be computationally efficient as a result of not
doing so.

An example of potential risk identification is described in Fig. 2.
In Fig. 2, orange cars and figures represent identified potential
risks (IPRs; vehicles and pedestrians, respectively); blue cars and
black figures, “non-risks” (vehicles and pedestrians, respectively);
white cars, virtual AVs; red areas, PCAs; red diagonal stripe areas,
minimum safety areas; black arrows, distances along the road
curvature from real or virtual AVs or PCAs to associated IPRs;
and numbers below each IPR, CRTs—“1” corresponds to “multi-
lane road”, “2” corresponds to “crosswalk”, and “3” corresponds to
“intersection”. Here, we note that an IPR can be assigned to one or
more CRTs.

2.2 Unified risk measures
A risk measure is required to be selected appropriately as a cri-
terion to assess “potential risks” in a given traffic situation. Al-
though TTC has been successfully used to assess the possibility
of collision between an AV and a perceived vehicle as a common
risk measure in many collision mitigation systems (Hillenbrand

et al., 2006; Dahl et al., 2018), TTC alone is insufficient for handling
diverse traffic situations in urban environments. Consequently,
the proposed framework utilizes three risk measures – TTC, MSM,
and time-to-potential collision area (TTP). TTC unified with MSM
(hereafter referred to as TTC-M) is used to ensure that the AV
avoids collision when driving on a single-lane or multilane road
by reliably measuring a “potential risk” when the AV not only
keeps the current lane but also changes a lane. TTP, defined as
the time it takes an IPR to reach its associated PCA from its cur-
rent position at its current speed, is used to ensure that the AV
avoids collision when entering a crosswalk or intersection by reli-
ably measuring a “potential risk” when the AV approaches PCAs.
TTC-M and TTP are applied to the proposed framework as follows:
x ∈ X = {TTC-M, TTP}, where x is an element of risk measure set
X . The formulas for TTC-M and TTP are defined, respectively, as
follows:

TTC-M =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

do
t (e)

ve
t − vo

t
, for

do
t (e)

ve
t − vo

t
> 0, do

t (e) > MSM

0, for do
t (e) ≤ MSM

+∞, otherwise

(1)

TTP =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

do
t (p)
vo

t
, for vo

t > 0, do
t (p) > 0

0, for do
t (p) ≤ 0

+∞, otherwise

(2)

where do
t (e) is a longitudinal distance of IPR o from a real AV for the

current lane, or from a virtual AV for the left or right lane, along
the road curvature at time t. The velocities of the AV and IPR o, at
time t, are denoted by ve

t and vo
t , respectively. The distance from

PCA p to the current position of IPR o along the road curvature at
time t is denoted by do

t (p).

2.3 Distributed reasoning architecture
The proposed framework assigns sets of independent reasoning
agents (RAs) to traffic situations associated with CRTs to analyze
and assess the likelihood of collision systematically and indepen-
dently across road types. The primary role of the RAs is to analyze
temporal and spatial relationships between the AV and any IPRs
within associated traffic situations and to assess the likelihood of
collision with IPRs. In the case of each set of RAs, the framework
infers risk levels for IPRs by the two unified risk measures (TTC-
M and TTP), Bayesian networks (Schubert et al., 2010; Schubert &
Wanielik, 2011; Kim et al., 2015), and filters (Chen et al., 2018a).

2.3.1 Multilane road
The proposed framework divides the surroundings of the AV into
the following “local areas” at the lane level regarding the current
lane and adjacent lanes: “current lane front”, “current lane rear”,
“left lane front”, “left lane rear”, “right lane front”, and “right lane
rear”. It then assigns an RA to each local area to estimate the like-
lihood of collision with any type of IPRs located within the area.
Each RA determines the most imminent risk from among the rele-
vant IPRs within its assigned area and uses it to infer the risk level
for the corresponding lane (see Appendix B for more details).

2.3.2 Crosswalk
The proposed framework divides the nearest upcoming crosswalk
into the following three areas: “left”, “center”, and “right”, where
“center” is defined as the area of the crosswalk that intersects
with the current lane; i.e., “center” is a PCA. It then assigns an
RA to each area to estimate the likelihood of collision with IPRs
(i.e., pedestrians) located within the area. Each RA determines the
most imminent risk from among the relevant IPRs within its as-
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signed area and uses it to infer the risk level for the corresponding
crosswalk (see Appendix C for more details).

2.3.3 Intersection
The proposed framework groups IPRs (i.e., vehicles) according to
PCA (i.e., those that have a common PCA form a group) and as-
signs an RA to each group. Note here that PCAs are arranged in
order of distance to the AV. Each RA estimates the likelihood of
collision with each IPR pertaining to its group. Each RA then de-
termines the most imminent risk from among the relevant IPRs
within its assigned group and uses it to infer the risk level for
the current traffic situation related to its PCA (see Appendix D for
more details).

2.4 Probabilistic risk reasoning
The primary challenge to risk assessment is to reliably estimate
the likelihood of collision, even under uncertain noise data. To
this end, the proposed framework utilizes not only Bayesian net-
works with regard to uncertainty but also filters with regard
to incompleteness, in assessing the likelihood of collision with
IPRs. For an IPR, we define three risk levels in relation to each
of the two risk measures (TTC-M and TTP), as follows: z ∈ Z =
{Dangerous, Attentive, Safe} = {D, A, S}, each of which represents
a degree of an overall level of risk regarding the likelihood of colli-
sion. Note here that, because it is designed to support both driver-
assisted driving and fully autonomous driving, the framework has
three risk levels as above, not two ones such as “dangerous” and
“safe.” For driver-assisted driving, the framework provides a colli-
sion warning to a driver at the “attentive” risk level and controls a
vehicle’s brake pressure at the “dangerous” risk level. For fully au-
tonomous driving, it controls the vehicle’s brakes with different
pressures at the “attentive” and “dangerous” risk levels, respec-
tively.

For deterministic reasoning, in the calculation of P(z|x), the like-
lihood function p(x|z) can be formulated as follows:

p(x | z = D) ∝
{

0, for x > xD

1, otherwise
(3)

where x represents a risk measure and xD is the threshold of such
a measure for the “dangerous” risk level. If the risk measure ex-
ceeds the threshold, the risk level of a PRU is considered “danger-
ous.” However, uncertainties of the input data are not explicitly
modeled in deterministic reasoning (Vanholme et al., 2009; Glaser
et al., 2010; Ha et al., 2021). Note here that the risk measure itself
is only an estimated value and is never exactly known; thus, such
a likelihood function needs to take any uncertainties of its inputs
into account.

For probabilistic reasoning, in the calculation of P(zo
t | xo

t ), the
likelihood function p(xo

t | z) can be defined as follows:

p(xo
t |z = D) ∝

⎧⎪⎨
⎪⎩

exp

(
− (xo

t − xD)2

2σxo
t
2

)
, for xo

t > xD

1, otherwise

(4)

p(xo
t |z = A) ∝

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

exp

(
− (xo

t − xA)2

2σxo
t
2

)
, for xo

t > xA

exp

(
− (xo

t − xD)2

2σxo
t
2

)
, for xo

t < xD

1, otherwise

(5)

p(xo
t |z = S) ∝

⎧⎪⎨
⎪⎩

exp

(
− (xo

t − xA)2

2σxo
t
2

)
, for xo

t < xA

1, otherwise

(6)

Figure 3: Time window filtering for robust risk reasoning.

where, for the sake of simplicity, P(z) is assumed to be a uniform
distribution such that the probability of an IPR having any one of
the three risk levels “safe,” “attentive,” or “dangerous” is identical
in each case. xD and xA represent the thresholds of the unified risk
measure for the “dangerous” and “attentive” risk levels, respec-
tively, and have relationship xD

< xA. These are determined based
on both the environmental perception capability of the AV and
the international standards for safety (ISO, 2015, 2018), and can
be used to parameterize the risk assessment. The uncertainty of
the risk measure for IPR o at time t is given by the environmental
perception and is denoted by σ o

xt
. In practice, the uncertainty can

be obtained by covariance values for each tracked object given
by a system’s object tracking module, since the covariance values
represent confidence levels for the tracked objects.

2.5 Systematic risk reasoning
To assess the likelihood of collision with all IPRs systematically
across all possible CRTs, we introduce a mathematical set A that
comprises all possible CRTs: α ∈ A = {multilane road, crosswalk,
intersection}. The relevant pseudo code for systematic probabilis-
tic risk reasoning is shown in Algorithm 1. In Algorithm 1, the risk
level of an IPR or traffic situation associated with an RA at the
lane or crosswalk level is denoted by the random variable z. The
probability distribution of the risk level for IPR ok

i assigned to RA k

of road type α for the given risk measure x
ok

i
t at time t is denoted by

P(z
ok

i
t | x

ok
i

t ). The most imminent risk among all IPRs assigned to RA
k is denoted by ok

m, and the probability distribution of the risk level
for RA k of road type α at time t is denoted by P(zk

t ). The numbers
of RAs of road type α, the number of IPRs assigned to RA k, and
the number of risk levels in set Z are denoted by NRAα

, NIPRk , and
NZ , respectively. The jth element of set Z is denoted by Z ( j), and a
“time window filter” is denoted by TWF (Ferreira et al., 2017). TWF
is used to obtain robust reasoning results from uncertain and in-
complete noise data pertaining to environmental perception. TWF
uses a time window to filter out incompletely estimated reasoning
results for each RA within the time window, where such results are
caused by uncertain noise data pertaining to object tracking such
as false alarms, missed detections, and measurement noise. TWF
for robust risk reasoning is illustrated in Fig. 3. In Fig. 3, a time
window serves as a ‘region of trust,’ and its length is denoted by
δz, where z ∈ Z = {Dangerous, Attentive, Safe} = {D, A, S}; for rea-
sons of safety, δz is constrained by the relation δD ≤ δA ≤ δS. The
values of δD, δA, and δS can be carefully fine-tuned on the basis of
object tracking performance in order to obtain robust reasoning
results. Note that these values can vary in a system on the basis of
the system’s environmental perception performance. TWF filters
out incompletely estimated reasoning results for each RA within
a time window by means of the following procedure:
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(i) TWF determines the length of a time window by means of
one of three predefined values (δD, δA, and δS) associated
with the current input data (zk

t ).
(ii) TWF groups prior input data associated with the consecu-

tive time frames that constitute the time window (zk
t−1, zk

t−2,
···, zk

t−δzt
).

(iii) TWF compares the current input data (zk
t ) to the prior input

data contained within the time window (zk
t−1, zk

t−2, ···, zk
t−δzt

).
If the current input data are identical to the prior input data
in all instances (i.e., if zk

t = zk
t−1, zk

t = zk
t−2, ···, zk

t = zk
t−δzt

), then
TWF outputs the current input data as a ‘filtered reasoning
result’ (i.e., it outputs ẑk

t ). If the current input data are not
identical to the prior input data in all instances, then TWF
outputs the prior ‘filtered reasoning result’ (i.e., it outputs
ẑk

t = ẑk
t−1).

Algorithm 1 Systematic probabilistic risk reasoning

Input: IPRs.
Output: Risk levels inferred by RAs in A.
1: for all α ∈ A do
2: for k ← 1 to NRAα

do
3: for i ← 1 to NIPRk do

4: P(z
ok

i
t | x

ok
i

t ) ← p(x
ok
i

t |z)
NZ∑
j=1

p(x
ok
i

t |Z ( j))

5: z
ok

i
t ← arg max

z
ok
i

t

P(z
ok

i
t | x

ok
i

t ) ∈ Z

6: end for

7: P(zk
t ) ← P(zok

m
t | xok

m
t )

8: ẑk
t ← TWF(arg maxzk

t
P(zk

t ) ∈ Z )

9: end for
10: end for
11: return ẑk

t , ∀α

For each IPR assigned to RA k of road type α, a risk level is esti-
mated by unified risk measures and Bayesian networks while con-
sidering uncertainties (Algorithm 1, lines 1–5). For each RA, a risk
level corresponding to the traffic situation to which the RA is as-
sociated is estimated by the IPR representing the most imminent
risk (i.e., the IPR having the highest probability value correspond-
ing to the “dangerous” risk level), where the associated incom-
pletely estimated reasoning results caused by incomplete noise
data are filtered out (lines 6–7). Details of probabilistic risk rea-
soning for each road type are available in the Appendix. During
urban autonomous driving, reliably estimated reasoning results
obtained by unified probabilistic risk reasoning are used in con-
junction with traffic signal and light information associated with
the AV to determine collision-free behaviors in decision-making.

3 Experimental Results
To validate the feasibility of the proposed framework with respect
to reliability, robustness, and comprehensiveness, we extensively
tested and evaluated the framework by way of real-world test-
ing on private urban test roads across a wide variety of driving
scenarios involving the concurrent occurrence of various road
types, road users, and traffic rule violations. A detailed video of
our autonomous driving experiments conducted on private ur-
ban test roads based on the reasoning results of the framework
is available.1 The video includes various driving scenarios such
as a single lane, multiple lanes, signalized and unsignalized in-

Figure 4: Test sites. (a) A private urban test road under various driving
scenarios. (b) A public urban road under real traffic conditions.

Table 1. A summary of achieved situation coverage on two road
environments (private and public urban roads).

Environment Achieved situation coverage

Private urban road A single lane
Multiple lanes
Signalized intersections with crosswalks
Unsignalized intersections with crosswalks
Unsignalized crosswalks
Unsignalized T-junctions
U-turn areas
Speed limit areas
Speed bumps
Red-light violation vehicles
Red-light violation pedestrians
Stop-sign violation vehicles

Public urban road Multiple lanes
Signalized intersections with crosswalks
Unsignalized crosswalks
Red-light violation pedestrians

tersections with crosswalks, unsignalized crosswalks, unsignal-
ized T-junctions, U-turn areas, speed limit areas, speed bumps,
and red-light violations. After the feasibility of the framework was
successfully verified on private urban test roads, real-world test-
ing was conducted on public urban roads under real traffic con-
ditions. A detailed video of our autonomous driving experiments
conducted on public urban roads based on the reasoning results
of the framework is available.2 Test sites for testing and validat-
ing the framework are illustrated in Fig. 4. A summary of achieved
situation coverage on two road environments (private and public
urban roads) is illustrated in Table 1.

This section focuses on the following four real-world cases
that occurred during the experiments conducted on public ur-
ban roads under real traffic conditions: (i) avoiding collision when
changing lanes on a multilane road (“retreat and re-entry”), (ii)
avoiding collision with pedestrians at an unsignalized crosswalk
(“progress after deceleration”), (iii) avoiding collision with vehicles
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Table 2. A summary of our experiment details on two road environments (private and public urban roads).

Environment # of hours # of kilometers Mean speed Speed limit # of times # of times
of driving covered of AV on road of human operator of traffic violations

interventions occurred

Private urban road 448 h 2500 km 12 km/h 30 km/h Multiple occasions Many
Public urban road 56 h 500 km 22 km/h 50 km/h Once

Figure 5: Detailed descriptions of system view.

at a signalized intersection with crosswalks, and (iv) avoiding colli-
sion with pedestrians at a signalized intersection with crosswalks.
Such cases are considered the most challenging yet for urban
autonomous driving, as is evident in several accident cases from
Google (Favarò et al., 2017), Uber (Lin, 2018), and Tesla (Tesla, 2022).
In addition, a real-world case, avoiding collision with violation ve-
hicles at an unsignalized intersection with crosswalks, that oc-
curred during the experiments conducted on private urban roads
is described in Appendix E.

3.1 System details
For the purposes of providing system reproducibility, we describe
details of the entire system for urban autonomous driving, espe-
cially with regard to system architecture (see Appendix F) and ex-
perimental (ego) vehicle configuration (see Appendix G).

3.2 Experiment details
In this section, we describe details of real-world testing regarding
number of hours of driving, number of kilometers covered, mean

speed of AV, and number of times where a human operator had
to intervene to avoid an incident. A summary of our experiment
details on two road environments (private and public urban roads)
is illustrated in Table 2.

3.2.1 Number of hours of driving
Over a period of a year, we conducted approximately 448 and 56 h
of real-world testing on private urban roads and public urban
roads, respectively.

3.2.2 Number of kilometers covered
The total numbers of kilometers covered in real-world testing on
private urban roads and public urban roads are approximately
2500 and 500 km, respectively.

3.2.3 Mean speed of AV
The mean speeds of the AV on private urban roads and public ur-
ban roads were approximately 12 and 22 km/h, respectively. Here,
the speed limits of the roads are 30 and 50 km/h, respectively. The
major reason why the mean speed of the AV is lower than the
speed limits of the roads is traffic lights at intersections. The AV
can only proceed to the intersections when the traffic lights show
green.

3.2.4 Number of times where a human operator needed to
intervene to avoid an incident

In the case of real-world testing on private urban roads, there were
multiple occasions where a human operator needed to intervene
to avoid an incident; in the case of real-world testing on public
urban roads, there were no occasions where a human operator
needed to intervene to avoid an incident. The latter is due to the
fact that we carried out many verifications of the entire system
and each module regarding safety and functionality across a wide
variety of scenarios (even scenarios inclusive of traffic violations)
on private urban roads before conducting tests on public urban
roads. Additionally, a traffic violation occurred only once during
real-world testing on public urban roads; hence, this contributed
to the fact that there were no occasions where a human operator
needed to avoid an incident during real-world testing on public
urban roads.

3.3 Qualitative analysis
Illustrative results of the proposed framework for the four real-
world cases considered are shown in Figs 6, 7, 8, and 9. Each pic-
ture of Figs 6, 7, 8, and 9 consists of several view frames such as
system view, front view of the ego vehicle, front view of the rear
vehicle, and in-vehicle view including steering, throttle, and brake.
To clarify reasoning results of the proposed framework in Figs 6, 7,
8, and 9, detailed descriptions of system view are separately illus-
trated in Fig. 5. In Fig. 5, the gray lines represent map data from the
precise, detailed road map; the white and green rectangles repre-
sent crosswalks – white rectangles indicate the portion of a cross-
walk that is on the road and green rectangles indicate the portion
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Figure 6: Avoiding collision when changing lanes on a multilane road (“retreat and re-entry”). (a) Track ID 39, whose inferred risk level reads
“attentive,” approaches from the rear in the left lane. (b) Track ID 39 is missed and Track ID 23, whose inferred risk level reads “safe,” is detected. (c)
Track ID 23 is missed and Track ID 103, whose inferred risk level reads “dangerous,” is detected. Track ID 103, located very close to the ego vehicle,
spans half the left lane and half the current lane of the ego vehicle. (d) Track ID 103 is missed and Track ID 90, whose inferred risk level reads
“dangerous,” is detected. Track ID 90 is traveling in the lane next to that of the global path of the ego vehicle.

Figure 7: Avoiding collision with pedestrians at an unsignalized crosswalk (“progress after deceleration”). (a) No pedestrian is detected at an
unsignalized crosswalk. (b) Track ID 182, whose inferred risk level reads “dangerous,” crosses the street at the crosswalk. (c) Track ID 182, whose
inferred risk level reads “dangerous,” still crosses the street and is now located in the current lane of the ego vehicle (i.e., it is currently within its
associated PCA). (d) Track ID 182, whose inferred risk level reads “safe,” has reached the other side of the street.
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Figure 8: Avoiding collision with vehicles at a signalized intersection with crosswalks. (a) Track IDs 180 and 196, whose inferred risk levels read
“dangerous,” are crossing a signalized intersection. (b) Track ID 180, which is considered as “non-risks,” has completely passed through its associated
PCA, whereas Track ID 196, whose inferred risk level reads “dangerous,” is still crossing the intersection and is now located in the global path of the ego
vehicle.

Figure 9: Avoiding collision with pedestrians at a signalized intersection with crosswalks. (a) Track IDs 49 and 23, whose inferred risk levels read
“dangerous,” cross the street at the crosswalk. (b) Track ID 49, whose inferred risk level reads “safe,” has completely passed through its associated PCA,
whereas Track ID 23, whose inferred risk level reads “dangerous,” is now located in the current lane of the ego vehicle (i.e., it is within its associated
PCA).

of a crosswalk that is on a sidewalk; the brown car represents the
ego vehicle; the green line represents the global path of the ego
vehicle; the blue rectangles represent the trajectory of the ego ve-
hicle; and the red, yellow, green, and black convex polygons on
the road represent PRUs (vehicles, pedestrians, and “unknowns”).
Among the PRUs, the red, yellow, and green colored convex poly-
gons represent IPRs. The black-colored convex polygons represent
“non-risks.” An IPR’s color corresponds to the inferred risk level for
the IPR regarding the possibility of collision – “red” corresponds to
“dangerous,” “yellow” corresponds to “attentive,” and “green” cor-
responds to “safe.” The colored bars above an IPR represent prob-
abilities corresponding to the three predefined risk levels – once
again, “red” corresponds to “dangerous,” “yellow” corresponds to
“attentive,” and “green” corresponds to “safe.” An arrow on each
PRU represents both a heading and a classification – a white ar-
row indicates that the PRU concerned has been classified as “un-
known,” and a blue arrow indicates that the PRU concerned has
been classified as either “vehicle” or “pedestrian.” The white mes-
sages below each PRU represent the unique track IDs, track types,
and speeds of the PRUs concerned.

3.3.1 Real-world case 1: avoiding collision when changing
lanes on a multilane road (retreat and re-entry)

In Fig. 6a, the ego vehicle is not able to follow its global path and
to change lanes to the left because a vehicle, Track ID 39 whose
inferred risk level reads “attentive,” is approaching quickly from

the rear in the left lane. In Fig. 6b, the ego vehicle attempts a lane
change to the left to follow its global path because Track ID 23
is inferred as “safe.” Note here that Track ID 39 has been totally
missed and Track ID 23 has been newly detected as “unknown”
with speed zero. This often occurs due to the uncertainty of sen-
sor data and the resulting inaccurate environmental perception.
In Fig. 6c, the ego vehicle returns to its former lane quickly to
avoid collision with Track ID 103, whose inferred risk level reads
“dangerous.” Track ID 103, located very close to the ego vehicle,
currently spans half the left lane and half the current lane. Here,
Track ID 23 has been missed and Track ID 103 has been newly de-
tected as “unknown.” In Fig. 6d, the ego vehicle attempts a lane
change to the left to follow its global path because Track ID 90
is now located in the lane next to that of the global path, even
though Track ID 90 is inferred as “dangerous.” The ego vehicle cur-
rently spans one-third the global path and two-thirds the current
lane. Here, Track ID 103 has been missed and Track ID 90 has been
newly detected as “vehicle.” Now, the ego vehicle can follow the
global path and pass through the upcoming intersection.

3.3.2 Real-world case 2: avoiding collision with pedestri-
ans at an unsignalized crosswalk (progress after
deceleration)

In Fig. 7a, the ego vehicle approaches an unsignalized crosswalk
and no pedestrian is detected at the crosswalk. In Fig. 7b, the ego
vehicle approaching the crosswalk starts to decelerate because

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/9/5/1680/6657807 by guest on 21 Septem

ber 2022



Journal of Computational Design and Engineering | 1689

a pedestrian, Track ID 182 whose risk level reads “dangerous,”
crosses the street at the crosswalk. Here, Track ID 182 is identified
as a risk because its predicted future motion intersects with the
current lane of the ego vehicle and it approaches the current lane
(i.e., it is approaching its associated PCA). In Fig. 7c, the ego ve-
hicle keeps decelerating to the crosswalk because the pedestrian,
Track ID 182 whose risk level reads “dangerous,” is still crossing
the street and is now located in the current lane of the ego vehi-
cle (i.e., it is currently within its associated PCA). In Fig. 7d, the ego
vehicle can now accelerate because the pedestrian, Track ID 182
whose inferred risk level reads “safe,” has reached the other side
of the street.

3.3.3 Real-world case 3: avoiding collision with vehicles at
a signalized intersection with crosswalks

In Fig. 8a, two vehicles, Track IDs 180 and 196 whose inferred
risk levels read “dangerous,” are crossing a signalized intersection.
Here, the predicted future motion paths of the two vehicles inter-
sect with the global path of the ego vehicle, and the two vehicles
have a common PCA, where Track ID 196 is approaching to the
PCA and Track 180 is currently within the PCA. In Fig. 8b, the vehi-
cle, Track ID 180, is now considered as “non-risks” because it does
not pose a risk to the ego vehicle. The vehicle, Track ID 196 whose
inferred risk level reads “dangerous,” is still crossing the intersec-
tion and is now located in the global path of the ego vehicle (i.e., it
is currently within the PCA). Note here that, even when assuming
that the two vehicles are currently violating a red light, the ego ve-
hicle can avoid collision with such vehicles because the proposed
framework infers the risk levels for the vehicles as “dangerous”
regardless of whether the vehicles are obeying traffic rules.

3.3.4 Real-world case 4: avoiding collision with pedestrians
at a signalized intersection with crosswalks

In Fig. 9a, two pedestrians, Track IDs 23 and 49 whose inferred
risk levels read “dangerous,” are crossing the street at a signalized
crosswalk. Here, the predicted future motions of the two pedes-
trians intersect with the global path of the ego vehicle. In Fig. 9b,
the pedestrian, Track ID 49, is inferred as “safe” because it is still
crossing the street at the crosswalk but has completely passed
through its associated PCA. The pedestrian, Track ID 23 whose in-
ferred risk level reads “dangerous,” is crossing the street at the
crosswalk and is now located in the current lane of the ego vehi-
cle (i.e., it is currently within its associated PCA). Note here that,
even when assuming that the two pedestrians are currently vi-
olating a red light, the ego vehicle can avoid collision with such
pedestrians because the proposed framework infers the risk lev-
els for the pedestrians as “dangerous” regardless of whether the
pedestrians are obeying traffic rules.

3.4 Quantitative analysis
We evaluate the effectiveness of our approach by means of ab-
lation studies with two instances of quantitative results for real-
world cases on public urban roads.

3.4.1 Effect of probabilistic reasoning
Most existing approaches to risk reasoning are deterministic ap-
proaches that compute the possibility of collision with “potential
risks” in the form of a binary prediction, not considering uncer-
tainties of input data. However, the input data (risk measure) is
only an estimated value and is never exactly known; thus, risk
reasoning needs to take any uncertainties of its inputs into ac-
count in a probabilistic manner. In Fig. 10, the effectiveness of our

Figure 10: Ablation studies. (a) Traffic situations including incomplete
and uncertain noise data. (b) Reasoning results of the deterministic
approach that does not consider uncertainties of its input data. (c)
Reasoning results of our approach that explicitly model the input data
uncertainties in its reasoning model.

approach is presented by comparing it to deterministic reasoning
with no consideration of the uncertainty of input data (Vanholme
et al., 2009; Glaser et al., 2010), especially with regard to the real-
world Case I shown in Fig. 6. The plots described in Fig. 10a il-
lustrate traffic situations in the left rear area for lane changes.
Of these plots, the first represents track IDs of the most immi-
nent risks, the second represents distances to the most immi-
nent risks, and the last represents speeds of the most imminent
risks. Figure 10b illustrates the risk levels by means of determin-
istic reasoning (Equation 3) for the RA assigned in the left rear
area. The plots described in Fig. 10c illustrate the reasoning re-
sults of our approach for the RA assigned in the left rear area. Of
these plots, the first represents the probabilities associated with
the three predefined risk levels and the second represents the reli-
ably inferred risk levels by means of our approach (Equations 4–6).
During the real-world experiments, uncertain noise data often oc-
curred, as shown in Fig. 10a. Such noise data, such as false alarms,
missed detections, or measurement noise, largely affect the rea-
soning results of the deterministic approach that does not explic-
itly model uncertainties in its input data, as shown in Fig. 10b.
This is caused by the fact that the deterministic approach does not
consider covariance values (confidence levels) for each perceived
object in its reasoning model. However, our approach provides re-
liable reasoning results to such noise data by explicitly modeling
the uncertainties of input data in its reasoning model, as shown in
Fig. 10c.
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