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From Prediction to Planning: Comprehensive
Uncertainty Management in Autonomous Driving
Wenbo Shao , Jiahui Xu, Zhong Cao , Member, IEEE, Hong Wang , Senior Member, IEEE, and Jun Li

Abstract— Autonomous driving systems face significant chal-
lenges in navigating complex, dynamic environments rife with
uncertainty. This study proposes a comprehensive uncertainty
management framework for prediction-planning systems, which
simultaneously models three key uncertainties: short-term
aleatoric uncertainty (SAU), long-term aleatoric uncertainty
(LAU), and epistemic uncertainty (EU). Leveraging Gaussian
mixture models (GMMs) to capture SAU and LAU and deep
ensemble techniques to estimate EU, the framework enables
concurrent quantification of all uncertainty types. Then, a Com-
prehensive Uncertainty-Aware Planning (CUAP) approach is
developed, integrating customized risk models and a two-stage
training strategy to enhance predictive reliability. By establish-
ing a unified foundation for decision-making, the framework
addresses the limitations of traditional methods that handle
uncertainties in isolation. The contributions include a thor-
ough investigation of uncertainty estimation techniques, risk
modeling, and planning strategies, validated through rigorous
evaluations using the CommonRoad benchmark and perception-
limited scenarios. Results demonstrate substantial improvements
over current approaches, particularly in diverse traffic condi-
tions, with the framework enhancing planning accuracy and
reliability by integrating multiple uncertainties. This study offers
detailed insights into applying uncertainty management from
prediction to planning, highlighting its potential to significantly
improve autonomous driving performance, especially in accident
prevention, through comprehensive uncertainty integration.

Index Terms— Autonomous vehicle, artificial intelligence, tra-
jectory prediction, planning, uncertainty.

I. INTRODUCTION

THE rapid evolution of autonomous driving technology has
significantly impacted the automotive industry. The key

to autonomous driving is the ability to predict nearby traffic
movements, making safe and efficient decisions. The predic-
tion module, fed by input from perception and localization
systems, is crucial for forecasting the movements of objects
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around an autonomous vehicle and provides vital data to nav-
igate complex scenarios [1]. Recent advances in data-driven
technologies, particularly deep neural networks (DNNs), have
significantly improved the prediction and planning capabilities
of autonomous driving systems [2]. These advancements are
pivotal for enhancing driving safety and efficiency.

However, accurately predicting movements and associated
risks remains challenging due to various types of uncer-
tainty [3]. In artificial intelligence (AI), uncertainty is broadly
categorized into aleatoric uncertainty (AU) and epistemic
uncertainty (EU) [4]. For prediction tasks in autonomous
driving, these uncertainties are further subdivided as follows:
1) Short-term AU (SAU), arising from the stochastic nature
of traffic participant motion and data noise, represents a
short-term and concentrated form of uncertainty. For instance,
a vehicle’s control command may exhibit limited randomness
at a given moment due to disturbances from driver-operated
signals or environmental factors. Additionally, noise intro-
duced during data acquisition or annotation processes may
contribute to SAU. 2) Long-term AU (LAU), resulting
from the diversified behavioral patterns of traffic participants,
presents a multimodal form of uncertainty. For example,
a vehicle may choose from various actions at an intersection,
such as turning left, proceeding straight, or employing dif-
ferent route strategies for a left turn. 3) EU, stemming from
inadequate training, manifests as an inherent uncertainty in the
model that relies on training data. For instance, the prediction
model may exhibit cognitive bias when faced with rare or
absent scenarios in the training data, leading to high EU.
These uncertainties directly affect the prediction results and
subsequently influence the effectiveness of risk quantification
and planning.

Previous research has often focused on a single type
of uncertainty using approaches such as unimodal Gaus-
sian distributions for SAU and multimodal predictions for
LAU [5], [6], with increasing attention on EU extraction.
However, the integrated modeling of these uncertainties has
been less explored. In motion planning, methods addressing
AU or EU exist. However, there is a lack of comprehen-
sive frameworks that integrate these uncertainties [7] and
systematic comparative discussions. Moreover, it is difficult
to discern the strengths and limitations of various uncertain-
ties. Therefore, a comprehensive framework that addresses
all forms of uncertainty in prediction-planning systems is
required. This study aims to fill this gap by proposing a
holistic approach, as illustrated in Fig. 1, introducing meth-
ods that model SAU, LAU, and EU concurrently, establish
an uncertainty-sensitive planning framework, and compare
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Fig. 1. The proposed framework, which considers various uncertainties and
risk models.

various uncertainty modeling and risk quantification methods.
This comprehensive uncertainty management enhances the
safety and reliability of autonomous driving systems, which
is crucial for preventing accidents and improving overall road
safety. The main contributions include:

1) Comprehensive Uncertainty Management Frame-
work in Prediction-Planning System: It defines and
models three types of uncertainties in the prediction-
planning system: SAU, LAU, and EU. By integrating
and managing these uncertainties in a unified frame-
work, the proposed method enhances the robustness and
reliability of autonomous driving.

2) Multiple Uncertainties Modeling Based on a Unified
Prediction Model: Utilizing Gaussian Mixture Models
(GMM) and deep ensemble methods, this study models
multiple types of uncertainties in a prediction model.
The proposed two-stage training method ensures high
trajectory prediction accuracy and reliable uncertainty
estimation, facilitating more informed and adaptive
decision-making processes.

3) Comprehensive Uncertainty-Aware Planning
(CUAP): The approach is proposed to integrate
various uncertainties into the decision-making process.
The method includes designed risk models for different
uncertainties, ensuring the prediction-planning system
operates effectively in dynamic and uncertain real-world
driving scenarios.

4) Comparative Analysis of Various Uncertainties and
Methods: Based on the proposed CUAP, comprehensive
experiments are designed to analyze the characteristics
of various uncertainties, risk models, and planning meth-
ods. It provides a clear and systematic perspective and
inspiration.

The remainder of this paper is structured as follows:
Section II reviews related work. Section III defines the
prediction-planning problem. Section IV introduces the pro-
posed prediction model with multiple types of uncertainty
estimates, followed by the CUAP approach in Section V. The
experimental setup and analysis are presented in Sections VI
and VII, respectively. Finally, Section VIII concludes this
paper.

II. RELATED WORK

A. Prediction for Autonomous Driving

Prediction is essential for autonomous driving, enabling
proactive strategy formulation during planning. Early research
focused on simple kinematic models like constant velocity or
Kalman filters. While these models offered interpretability,
their applicability is constrained in complex scenarios [8].
Machine learning methods later improved medium-to-long-
term predictions yet struggled with highly dynamic environ-
ments [1]. The advent of DNNs, especially recurrent neural
networks (RNNs), long short-term memory (LSTM) networks,
and gated recurrent units (GRUs), revolutionized trajectory
prediction by effectively capturing temporal dependencies
in traffic data [1], [9]. Transformers utilize self-attention
mechanisms and further enhance the modeling of temporal fea-
tures [10], [11]. Graph-based models and convolutional social
pooling have emerged to understand spatial interactions better,
significantly improving the accuracy in urban scenarios [12],
[13]. Additionally, incorporating map information, such as
vector maps and bird’s-eye views, is vital for comprehensively
understanding various scenarios, aiding more informed predic-
tions [14].

Although existing models have made strides in predict-
ing traffic behavior, they neglect comprehensive modeling of
uncertainties. In contrast, this study introduces a prediction
model that integrates both temporal-spatial dynamics and
a holistic uncertainty framework, leading to more reliable
predictions and an improvement over previous methods.

B. Modeling of Prediction Uncertainty

In autonomous driving, uncertainty in predictions is a signif-
icant challenge that affects the reliability of planning decisions.
The three primary types of uncertainty—SAU, LAU, and
EU—each plays distinct roles in trajectory prediction and must
be carefully modeled to enhance overall system performance.

SAU, characterized by its transient nature and centralized
distribution, is typically modeled using multivariate unimodal
Gaussian distributions to enhance the robustness of trajectory
predictions [15]. LAU, which reflects a multimodal distribution
of potential trajectories owing to varied traffic behaviors [16],
has been addressed using diverse methods. Generative models,
such as generative adversarial networks (GANs) [17] and
conditional variational autoencoders (CVAEs) [18] effectively
capture behavior variability. Techniques such as TNT [19]
and denseTNT [20] use target-guided strategies for LAU
modeling. GMMs [21] offer a direct and practical approach for
representing this uncertainty by capturing multiple outcomes
over an extended timeframe.

Data-driven prediction models that rely on training data
often struggle with rare or unseen scenarios and spatiotemporal
shifts, leading to potential performance inadequacies [22].
EU reflects the model’s comprehension of input and addresses
these limitations. Various methods for EU estimation have
evolved, from early Gaussian processes and Markov chain
Monte Carlo [23] to modern DNN-based techniques, such as
Monte Carlo dropout [24], deep evidential regression [25],
and deep ensemble [26]. In particular, deep ensemble and its
variants [27] have proven effective in assessing EU.
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While previous research has made strides in modeling
individual types of uncertainty, it often focuses on one or
two uncertainties, which may lead to an incomplete under-
standing of prediction uncertainty and overlook the interplay
between different kinds of uncertainty. The novelty of the
proposed approach lies in its unified treatment of SAU, LAU,
and EU within a single prediction and planning framework.
Modeling these uncertainties simultaneously provides a more
comprehensive assessment of potential risks and enhances the
reliability of the autonomous driving system.

C. Uncertainty-Aware Planning

Uncertainty-aware planning is vital for the safety and
reliability of autonomous driving systems. To attain optimal
decision-making, it is indispensable to closely integrate the
prediction and planning modules to handle various types of
uncertainties effectively [28], [29].

Dealing with SAU in planning has garnered attention. One
approach involves integrating probabilistic forecasts [30], [31],
[32], [33], [34], which account for the inherent unpredictability
of immediate future trajectories.

LAU presents a substantial challenge owing to its variety of
potential future maneuvers. Addressing LAU requires evaluat-
ing multiple futures over an extended timeframe [35], [36].
Furthermore, certain studies have not clearly distinguished
between SAU and LAU in their modeling, instead opting to
model behavioral uncertainties directly and implement strate-
gic planning [37], [38], [39], [40]. This study recommends
implementing GMM strategies for explicitly modeling both
SAU and LAU. The study concurrently refines the predicted
outcomes and weights for all modes during the training process
while providing detailed insights into the predicted results and
likelihood of different modes within the planning framework.

In recent years, the role of EU in mitigating potential model
shortcomings or long-tail scenarios has been explored and
discussed [41], [42], [43]. Metrics such as the failure risk and
tail exponent have been introduced to quantify EU risks. There
are two primary approaches to managing this uncertainty in
planning. One involves modeling it as a multivariate unimodal
Gaussian distribution, subsequently establishing safety con-
straints or modeling safety risks [44]. Some study leverages
methods such as conditional value at risk (CVaR) to achieve
risk-sensitive planning [45]. However, there is a tendency to
overlook the combined impact of SAU and LAU in current
EU management strategies.

Fig. 2 summarizes existing representative planning methods
in modeling and applying different uncertainties. There is
a noticeable lack of simultaneous modeling and address-
ing diverse uncertainties in the existing research. Moreover,
systematic study and comparison within a unified prediction-
planning framework are absent. This deficiency hinders
the objective assessment of various uncertainties and risk-
modeling approaches. To address these gaps, this study
aimed to amalgamate, integrate, and compare these classes of
uncertainty within a uniform prediction-planning framework.
By thoroughly evaluating the impacts of SAU, LAU, EU and
their combinations on planning, this study provides an in-
depth understanding of their influence. This proposed approach
aims to enhance the safety and dependability of autonomous

Fig. 2. Overview of current uncertainty-aware planning approaches: a
classification based on the type of modeled uncertainty. (*) indicates the
absence of DNN-based models, whereas (*) denotes a lack of distinction
among the various types of uncertainties modeled or their effects.

systems and foster the development of more robust and adapt-
able planning strategies.

III. PROBLEM FORMULATION

In this study, the ego vehicle Ae dynamically plans its
trajectory by predicting the future states of surrounding traffic
participants Ai (i 2 f1; : : : ; N g). The objective is to ensure
safe navigation to a target state, leveraging information from
traffic participants and environmental factors, such as road
configurations. This process is modeled in a continuous-
space, discrete-time framework, where the states of traffic
participants, including their positions, velocities, orientations,
and shapes, are updated at each time step.

The navigation process begins with the prediction of future
motions, denoted as Y D fY1VNg, of traffic participants A1VN
based on the context Ipr . These predictions are treated as prob-
abilistic distributions to encapsulate uncertainties, expressed
asV

Y � P.S; Ipr /; (1)

where S D fS1VNg represents the historical states of Ai , includ-
ing their positions, velocities, accelerations, and the local map
context. The goal is to estimate the future trajectories Yi D
fy1Vt f

i g over a time horizon t f , with the predicted trajectories
represented as OYi D fOy

1Vt f
i g.

The planner then integrates these prediction results and their
associated uncertainties to optimize the planned trajectoryV

Topt D arg min
T

C
�
T ; P; Ipl

�
;

H1.T ; P; Ipl/ D 0;
H2.T ; P; Ipl/ � 0; (2)

where Ipl is the context used by the planner, such as road
layouts and global paths. T D fs1Vt f

e g denotes the planned
trajectory, and the optimized trajectory is represented as Topt.

Fig. 3 depicts the proposed CUAP, integrating various uncer-
tainties and risk models. A central aspect of this optimization
process is the formulation of the cost function C , with partic-
ular emphasis on the risk cost component Cr . This component
is meticulously designed to account for the comprehensive
uncertainty P present in predictions, ensuring that the planner
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Fig. 3. Overview of the proposed CUAP, integrating various uncertainties.

can make robust decisions against the various uncertainties
encountered in real-world scenarios. The optimization process
is further guided by dynamic feasibility constraints (H1) and
safety constraints (H2), both of which play crucial roles in
eliminating trajectories that do not meet the necessary criteria
for safe and feasible navigation. The proposed CUAP frame-
work ensures that reliable and safe trajectories are selected by
constructing these constraints to be sensitive to the integrated
uncertainties.

IV. PREDICTION INCORPORATING MULTIPLE
UNCERTAINTIES

A. Prediction Model Backbone
Accurate prediction is critical for safe and informed vehicle

maneuvering, necessitating advanced modeling techniques.
The prediction model used in this study, adapted from a
proven model [13], is designed to capture complex dynamic
interactions in traffic scenarios (Fig. 3). This model inte-
grates multiple specialized components to address specific
tasks. GRU-based encoders process historical state features
of traffic entities, while convolutional social pooling layers
model interactions among different objects. Map features are
extracted using CNN layers followed by max-pooling, and
these encoded features are then combined, with a GRU-based
decoder generating the final predictions. Additionally, activa-
tion functions such as Leaky ReLU are incorporated. This
network is a sophisticated trajectory prediction model capable
of handling the complexities of real-world traffic through
its combination of specialized layers and activation func-
tions. It provides a robust foundation for accurate predictions.
Initially, the model operates under deterministic conditions,
serving as a baseline without considering uncertainties. The
following sections elaborate on integrating various types of
uncertainties into the prediction process.

B. Aleatoric Uncertainty Estimation
This section addresses the modeling of two types of AUs

for trajectory prediction: SAU and LAU. Both are unifiedly
modeled within the proposed prediction network.

1) Short-Term Aleatoric Uncertainty (SAU): SAU cap-
tures immediate stochastic variations in the motion of
traffic participants, including noise from perception and
annotation processes. This uncertainty is modeled as a uni-
modal Gaussian distribution, with the position at each time
step following a bivariate Gaussian distribution PS AU VD
N .�t ;6t /. The mean position �t D .�t

x ; �t
y/ and covari-

ance matrix 6t are predicted simultaneously in the network’s
output.

2) Long-Term Aleatoric Uncertainty (LAU): LAU arises
from the multimodal nature of traffic participants’ poten-
tial movements, such as acceleration, turns, and lane
changes. This study refrains from explicitly modeling or
constraining specific behavior patterns to enhance its appli-
cability across diverse scenarios. Instead, it adopts the
form of a GMM to capture this multimodality, allow-
ing it to adaptively learn optimal modal features and
their distributions based on real-world data. At each time
stepV

y � PAU VD
KX

kD1

wk �N .�k;6k/: (3)

The decoder first infers the weights for different modes, and
each mode is then encoded as a one-hot vector. This vector is
combined with the encoded features to estimate the Gaussian
distribution for each mode.

3) Training Process for Aleatoric Uncertainty: A cus-
tomized process, consisting of two phases, is designed
to ensure the model accurately forecasts trajectories while
accounting for uncertainties. Initially, a weighted mean
squared error (wMSE) loss function is used to guide the model
in generating precise trajectory predictionsV

Lmse D
KX

kD1

wkkY� OYkk22: (4)

In the second phase, the model is refined using a
weighted negative log-likelihood (wNLL) loss to ensure
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rational uncertainty estimatesV

Lnll D � log.P.YjS// D �
KX

kD1

wk

TX

tD1

log.N t
k .y

t jS//: (5)

Notably, in existing multimodal trajectory prediction algo-
rithms, the winner-takes-all (WTA) training strategy is
frequently adopted [46]. However, focusing solely on the best
trajectory is considered inadequate. For example, insufficient
prior knowledge to guide the decision model in selecting
the optimal predicted trajectory can lead to suboptimal out-
comes. Conversely, neglecting other potentially less favorable
predicted trajectories may significantly compromise plan-
ning performance. Therefore, this study employs a weighted
approach to compute a comprehensive loss by emphasizing
the predicted trajectories of different modes. This weighted
approach ensures that the model considers a broader range
of potential outcomes, leading to more robust and reliable
planning decisions.

By incorporating both SAU and LAU, the model achieves a
comprehensive approach to trajectory prediction. GMM allows
it to effectively capture multimodal behavior patterns, and the
two-stage training process ensures a balance between accuracy
and uncertainty estimation, thereby improving the model’s
predictive capabilities.

C. Epistemic Uncertainty Estimation

Effective prediction models should exhibit high EU when
encountering unfamiliar or rare scenarios. This capability is
crucial for reliable planning, as it helps prevent potential risks
in situations that deviate from the model’s training data.

In this study, EU is estimated by leveraging multiple
model variations, each trained on different subsets of data.
This approach involves creating several structurally identi-
cal submodels, each initialized with random parameters and
trained on bootstrapped versions of the original training set.
For a given training set D, M is generated distinct subsets
fD1; : : : ; DM g through random sampling with replacement.
Each subset is used to train a corresponding submodel, result-
ing in M different models that share the same architecture but
differ in their learned parameters.

The input is passed through all submodels during inference,
producing M distinct predictions. The variation among these
predictions reflects the EU, capturing the model’s uncertainty
about the correct output in scenarios not well-represented in
the training data. The metrics such as variance or entropy
of the predictions [47] may be considered to quantify this
uncertainty. However, the focus is on how this uncertainty
estimation integrates with the planning process. The decision-
making module gains a broader perspective on potential
trajectories by maintaining multiple sets of predictions, thus
enhancing the model’s adaptability and safety in real-world
traffic scenarios.

In conclusion, the proposed approach allows for modeling
different types of uncertainty within a unified framework.
By aggregating the uncertainties from all submodels, a com-
prehensive prediction P is obtained, thereby providing a
more robust foundation for decision-making in autonomous
driving.

V. CUAP APPROACH

A. Cost Function

Motion planning in autonomous driving is inherently a
multi-objective optimization problem, requiring a carefully
constructed cost function to balance competing priorities. The
cost function in Eq. (2) is composed of several componentsV

C D kr Cr C kbCb C kt Ct C kgCg; (6)

where Cr , Cb, Ct , and Cg represent the costs associated
with risk from other traffic participants, boundary violations,
target deviations, and global path deviations, respectively. The
coefficients kr , kb, kt , and kg are manually assigned weightings
that balance the influence of each cost component.
� Cr (Risk Cost): This term is crucial for ensuring safety,

as it quantifies the risk arising from interactions between
the ego vehicle’s planned trajectory and the predicted
motions of other traffic participants A1VN . The calculation
of Cr involves assessing the likelihood of potential colli-
sions or unsafe maneuvers, factoring in the uncertainties
in the predictions. Detailed modeling of this cost is
discussed in the following sections.

� Cb (Boundary Cost): This cost penalizes the ego vehicle
for drifting out of road boundaries.

� Ct (Target Deviation Cost): Ct addresses the accuracy
of the vehicle’s trajectory in reaching its intended target
state. This cost is determined by comparing the expected
and planned velocities, following similar methods in [30].

� Cg (Global Path Deviation Cost): This component penal-
izes deviations from the global path that the ego vehicle
is intended to follow. The cost is calculated based on the
average lateral offset of the planned trajectory from the
global path over the prediction horizon.

By integrating these cost components, CUAP effectively
addresses the multiple objectives inherent in autonomous
driving. Each element plays a crucial role in ensuring that
the planned trajectory is safe, efficient, and aligned with
navigation goals.

B. Uncertainty-Aware Risk Model

To ensure safety, the planned trajectories Ae should avoid
potential conflicts with the predicted future motions of sur-
rounding traffic participants Ai . This requirement forms the
basis for constructing the risk cost term, Cr . Given the
predicted states fs1Vt f

i g of Ai , combined with their shapes, their
occupied space over the next t f time steps can be determined.
Similarly, the occupied space of the ego vehicle Ae over the
same period is computed based on its planned trajectory T and
shape. The goal of the risk cost is to maintain a safe distance
between the future occupied spaces of Ae and A1VN .

In practice, predicting the exact future trajectories of A1VN is
challenging due to environmental complexity, limited data, and
inherent model constraints. By incorporating the uncertainty
estimations from Section IV, the planner can adaptively adjust
the risk model Cr D �.T ; P/ to generate more reliable
trajectories. Fig. 4 illustrates the different uncertainties, their
combinations, and the corresponding risk models.
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Fig. 4. The modeled uncertainties and their combinations, as well as various
uncertainty-aware risk models.

1) SAU-Aware Risk Model: Risk is typically defined as the
product of collision probability and potential harm. When
considering only SAU, the collision risk between the ego
vehicle Ae and a traffic participant Ai can be expressed asV

Cr D
NX

iD0

max
1Vt f

.P t
ci
� H t

i /; (7)

where H t
i represents the harm from a collision between Ae

and Ai at t , influenced by factors such as mass, relative
velocity, and collision angle. This study adopts the harm
model from [30], using the peak of the unimodal Gaussian
distribution at each time step as the state of Ai . P t

ci
is

the predicted collision probability between Ae and Ai at t ,
calculated based on the predicted probability distribution of
Ai , the planned trajectory of Ae, and their respective shapes.

SAU is modeled as a continuous distribution at each times-
tamp. Thus, the probability density function (PDF) f .x t

i ; yt
i j

�t
i ;6

t
i / of the predicted trajectory at t is used to calculate the

collision probability P t
ci

. Assuming the distribution consider-
ing the shape of Ai is fs.x t

i ; yt
i j �

t
i ;6

t
i /, P t

ci
is obtained by

integrating fs over the space relevant to the ego vehicleV

P t
ci
D

x

St
e

fs.x t
i ; yt

i j �
t
i ;6

t
i /d St

e; (8)

where St
e represents the space occupied by Ae at t , which is

determined by the planned trajectory and shape of Ae. For
computational efficiency, an approximate model is employed
to replace the formula above to obtain the probability dis-
tribution fs considering the shape of Ai . The midpoints of
the front, middle, and rear ends are selected as the centers of
the three bivariate Gaussian distributions. The estimated 6t

i
is simultaneously used as the covariance of the three distri-
butions. The integrals of the three distributions over St

e are
averaged to obtain the final collision probability. Additionally,
ego vehicle Ae is divided into three small rectangles along
its long side. Thereafter, they are replaced by equally sized
rectangles along the x-axis, thus approximating St

e. The risk
cost, which is sensitive to SAU, can be obtained based on the
estimated collision probability and harm results. Furthermore,
the above risk model will serve as a basic element for further
LAU and EU modeling exploration.

2) AU-Aware Risk Model: When incorporating LAU, the
uncertainty is modeled as a multimodal probability distribu-
tion with corresponding weights, which introduces additional

complexity beyond the unimodal approach used for SAU.
The combined AU, represented by a multipeaked Gaussian
distribution, requires a specialized approach for risk modeling.
The risk cost Cr is formulated as followsV

Cr D fr .T ;
KX

kD1

wk �N .�k;6k//

D gale.Cr1 : : :CrK ; w1 : : : wK /; (9)

where Cri denotes the risk associated with the i-th mode,
calculated using the method outlined in Eq. (7). By treating
the multipeaked Gaussian distribution as a set of unimodal
distributions, the existing risk model can be extended to
accommodate LAU. The function gale./ defines how these
multimodal risks are aggregated and can be approached in
three distinct principles:
� Weighted Risk (wR): This principle considers the risk

contributions from all modes, weighted by their respective
probabilities, to produce a composite risk value.

Cr D
KX

kD1

wkCrk : (10)

� Most Likely Mode Risk (mlR): This principle focuses
on the risk from the most probable mode, simplifying the
risk assessment to the most likely scenario.

Cr D Crk0 ; k0 D arg max
k2f1;:::;K g

wk : (11)

� Maximum Risk (maxR): This conservative principle
considers only the highest risk across all modes, reflecting
a worst-case scenario to ensure maximum safety.

Cr D max
k2f1;:::;K g

Crk : (12)

These three risk principles represent different perspectives
on handling the uncertainties introduced by LAU. The fol-
lowing sections will explore the application of these models
in planning scenarios, with detailed comparative analysis pro-
vided in the experimental section.

3) EU-Aware Risk Model: EU is estimated by integrating
forward-propagated results from M submodels. The corre-
sponding risk model is defined asV

Cr D fr .T ; fP�1 ; : : : ; P�M g/; (13)

where P�m represents the prediction result of the m-th sub-
model. To simplify the representation, assume P�m represents
a Gaussian distribution of an object predicted at a specific
moment. This section primarily focuses on the case in which
P�m only models SAU. To model the influence of EU, two
distinct modeling approaches are designed: risk modeling
based on the integration of M unimodal distributions and risk
modeling based on a multimodal mechanism.

Risk Modeling Based on Calibrated Unimodal Distri-
bution: This approach integrates both SAU and EU into
a calibrated unimodal Gaussian distribution P.x; yj�;6/,
which can then be used to compute the calibrated risk using
Eq. (7). Assuming that the parameters of P�m include the mean
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�m and covariance 6m, the calibrated mean, incorporating the
outputs from all submodels, is computed asV

� D
1
M

MX

mD1

�m: (14)

The total uncertainty, reflected in the covariance matrix,
is calculated asV

6 D E��T � ��T ; (15)

where the second moment E��T is given byV

E��T D
1
M

MX

mD1

6m C �m�T
m : (16)

For comparison, two covariance matrix estimation methods
are designed to consider only the calibrated AU or EU. The
calibrated SAU is calculated as

N6 D
1
M

MX

mD1

6m: (17)

To estimate the distribution attributed solely to EU, the
means �1VM of the M submodel distributions are used to fit a
new Gaussian distribution. The correlation coefficient of this
distribution is assumed to be 0, indicating the independence
between the x and y directions. This facilitates the computa-
tion of the means and variances for the M points, thus enabling
the estimation of distributions solely arising from EU.

Risk Modeling Based on Multimodal Mechanism: The
outputs from all submodels are combined into GMM, with
each mode assigned an equal weight of 1=M . The composite
risk Cr is then computed from the risks associated with each
mode (i.e., each submodel) using one of two risk principles:
� Average Risk (avgR): This principle averages the risks

across all modes, providing robustness against the failure
of individual models, which may occur due to insufficient
training or when encountering unfamiliar scenarios.

� Maximum Risk (maxR): This principle focuses on the
worst-case scenario, ensuring that the planner takes a con-
servative approach to trajectory generation, particularly
when one or more models might underestimate the risk.

These approaches offer flexible ways to incorporate EU into
the risk modeling process, thereby enhancing the safety and
reliability of planning.

4) Comprehensive Risk Model: While the preceding risk
models quantify up to two types of uncertainty, a more
holistic approach is needed to simultaneously address all three.
A comprehensive hierarchical risk model to achieve thisV

Cr D gepi .gale.Cr1;1VK ; w1;1VK /; : : : ; gale.CrM;1VK ;wM;1VK //:
(18)

This model operates across three levels:
� First Level: Crm;k quantifies the risk under SAU for the

k-th mode of the m-th submodel.
� Second Level: The gale operation aggregates risks across

all modes from a single submodel, thereby accounting for
LAU, as discussed in Section V-B.2.

� Third Level: The gepi operation integrates the results
from multiple submodels, following the multimodal risk
modeling approach in Section V-B.3.

Fig. 5. The detailed process of CUAP.

Algorithm 1 provides a detailed outline of the construction
process for this comprehensive risk model. The resulting com-
prehensive risk is crucial for informing the planner, ensuring
that the trajectory generation process takes into account the
full spectrum of uncertainties.

Algorithm 1 Calculation of Comprehensive Risk
Input: Training dataset D, candidate planning

trajectories T , historical states S of traffic
participants, and context.

Output: Estimated comprehensive risk Cr , considering
SAU, LAU, and EU.

1 Training Phase:
2 Sample M training subsets from D using bootstrapping;
3 Randomly initialize M prediction networks (modeling

GMM for both SAU and LAU);
4 Train M models with these subsets and networks;
5 Inference Phase:
6 Given states of traffic participants and context, predict

M sets of distributions P�1 ; : : : ; P�M in parallel;
7 for P�m in the predicted distributions do
8 for P�m;k in all modes of P�m do
9 Calculate risk for P�m;k using Eq. (8) and (9);

10 Calculate risk gale.Crm;1VK ; wm;1VK / for P�m using
Eq. (10) to (12);

11 foreach key traffic participant Ai do
12 Calculate comprehensive risk Cri using Eq. (18);

13 Aggregate the risks from all key traffic participants to
compute the scene-level risk: Cr D

PN
iD1 Cri .

C. Uncertainty-Aware Planning
CUAP is an integral aspect of the proposed methodology

and seamlessly complements preceding uncertainty-based risk
modeling. It plays a pivotal role in enabling vehicles to make
informed decisions in complex and dynamic environments.
This process encompasses two steps: candidate trajectory
generation and optimal trajectory selection.

1) Candidate Trajectory Generation: At each time step, the
planner constructs a candidate trajectory set T D fT1; : : : ; TP g,
where each trajectory Ti defines a sequence of future states,
including position, velocity, acceleration, and orientation.

A global reference path is first generated based on the
vehicle’s current state, the target location, and environmental
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constraints. An improved A* search algorithm is employed
for global path planning to ensure a smooth and feasible
trajectory. The vehicle state is then transformed into the
Frenet coordinate system, where the longitudinal coordinate
s represents the accumulated distance along the reference
path, and the lateral coordinate d denotes the perpendicular
deviation. This transformation simplifies trajectory generation
by decoupling longitudinal and lateral motion.

Candidate trajectories are synthesized by parameterizing
the vehicle’s motion along the reference path using polyno-
mial functions. A quartic polynomial models the longitudinal
motionV

s.t/ D a0 C a1t C a2t2 C a3t3 C a4t4; (19)

where coefficients fa0; : : : ; a4g are determined by the initial
state .s0; Ps0; Rs0/ and sampled target states .Ps1; Rs1/, enabling
diverse longitudinal velocity profiles.

Similarly, lateral motion is described by a quintic
polynomialV

d.t/ D b0 C b1t C b2t2 C b3t3 C b4t4 C b5t5; (20)

where coefficients fb0; : : : ; b5g are determined based on initial
conditions .d0; Pd0; Rd0/ and sampled target lateral positions d1.
A rich set of candidate trajectories is obtained by system-
atically sampling different target longitudinal velocities and
lateral offsets, ensuring diverse motion possibilities.

2) Optimal Trajectory Selection: The selection of the opti-
mal trajectory Topt from the candidate trajectory set is
framed as a constrained optimization problem. The process
incorporates uncertainty-aware safety constraints that filter
the candidate trajectories to ensure only the safest and most
feasible options are considered. Initially, dynamic feasibility
constraints are applied, checking velocity v, acceleration a,
and curvature � to ensure that the candidate trajectories adhere
to the vehicle’s dynamic limits. Subsequently, uncertainty-
aware collision checks are performed to assess the risk of
collisions with other traffic participants and to ensure the ego
vehicle remains within road boundaries.

Preliminary collision checks with other traffic participants
involved extracting the representative trajectories from the
predicted probability distribution. In cases where only SAU
is considered, the peak of the predicted distribution at each
time step is extracted to form the checked trajectory, which
is referred to as the mean trajectory. When both SAU and
LAU are considered, the mean trajectories from K modes are
evaluated, with the weighted collision rates compared against
a predefined threshold CCth1 to determine the check result.

For distributions considering both EU and SAU, mean
trajectories from the output distributions of M submodels are
extracted. Two approaches are proposed: collision check based
on an integrated trajectory (ic.) or check based on multimodal
trajectories (mc.). The former aggregates all the mean trajec-
tories by averaging to obtain an integrated trajectory used for
a collision check. The latter obtains the check results from all
mean trajectories before calculating the average collision rate.
This is compared with the threshold CCth2 to obtain the final
check result.

When all three uncertainties (SAU, LAU, and EU) are con-
sidered simultaneously, a layered collision check is performed,
aggregating the outcomes of multimodal distributions from

each submodel. Following dynamic assessments, preliminary
collision checks, and out-of-road checks, the candidate tra-
jectories were classified into distinct tiers. Thereafter, they
were integrated with a cost evaluation to derive the optimal
trajectory. Algorithm 2 delineates CUAP in which all three
uncertainties are considered. Here, CCi;m;k denotes the colli-
sion check result based on the predicted mean trajectory from
the m-th submodel for the k-th mode of Ai .

Algorithm 2 CUAP Process

1 while not meeting termination condition do
2 Generate candidate trajectories based on updated

scene;
3 foreach candidate trajectory T do
4 Perform dynamic feasibility check;
5 foreach traffic participant Ai do
6 Retrieve prediction outcomes for Ai ;
7 foreach prediction of each submodel do
8 foreach mean trajectory of each mode

do
9 CCi;m;k  Collision check;

10 CCi;m  
PK

kD1wkCi;m;k > CCth1 ;

11 CCi  
PM

mD1 Ci;m > CCth2 ;

12 if there exists Ci > 0 for i 2 f1; : : : ; N g then
13 Possible collision detected, check failed;

14 Perform out-of-road check;

15 Evaluate the cost by Algorithm 1;
16 Prioritize selection of the lowest-cost trajectory

among those that pass the checks;
17 Execute the first step of the optimal trajectory

Topt.

Following these checks, the candidate trajectories that pass
the uncertainty-aware safety constraints are evaluated using
the cost function C detailed in Section V-A. The trajectory
with the lowest cost among those that have passed all checks
is selected as the optimal trajectory. The autonomous vehi-
cle executes the selected optimal trajectory using a rolling
optimization strategy, continually replanning based on updated
context information and prediction results. This iterative pro-
cess allows the vehicle to dynamically adapt to evolving
traffic conditions and uncertainties, ensuring safe and efficient
navigation through complex scenarios.

VI. EXPERIMENTAL SETUP

A. Experimental Platform and Data
The CommonRoad platform and various traffic scenar-

ios [48] were employed to evaluate the proposed method under
multiple uncertainties. These scenarios include real-world and
simulated environments, providing a comprehensive assess-
ment, as shown in 6. The data from nearly 2000 scenarios
were divided into training, validation, and test sets to evaluate
the model’s performance unbiasedly. Each proposed prediction
model underwent 30 training epochs, comprising 20 epochs
in the initial stage and 10 in the subsequent stage. When
historical trajectory lengths were insufficient, missing values
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Fig. 6. The execution process of the experiment.

in the training data were imputed. A masking technique was
applied to consider losses solely from valid trajectories for
real future trajectories with inadequate lengths. In the GMM
modeling process, K was set to 4. For the deep ensemble
implementation, M was set to 5, with seeds for random
initialization set to 10, 20, 30, 60, and 90. A comparative
analysis evaluated the impact of bootstrapping and varying M
on performance.

To evaluate planning performance, 355 test scenarios were
constructed based on the CommonRoad benchmark, augment-
ing scenarios with planning challenges and vehicle dynamics.
Planning problems were characterized by specific goals, such
as position regions, velocity intervals, orientation intervals,
and time of arrival intervals, providing a rich and challenging
test for the proposed methods. The evaluation under limited
conditions was introduced to further examine the robustness
of the proposed method, especially after incorporating EU
estimates. By simulating occlusions or noise to replicate the
effects of informational gaps and distributional shifts inherent
in real-world perception, the model’s efficacy in enhancing
system robustness was meticulously evaluated.

B. Evaluation Metrics

The experiments involved assessing both the prediction
module and the prediction-planning system. For the for-
mer, fundamental metrics, including the average displacement
error (ADE), final displacement error (FDE), and negative
log-likelihood (NLL), were employed to evaluate unimodal
predictions. Weighted error metrics (including wADE, wFDE,
and wNLL) were employed for LAU-based multimodal pre-
diction. Additionally, the Best-of-N (BoN) metric (including
minADE, minFDE, and minNLL) was adopted to assess
the multimodal prediction, providing a more comprehensive
assessment of the model’s performance in diverse scenarios.

The integrated prediction-planning system is evaluated as
follows:
� Success Rate (SR): Proportion of scenarios where the

ego vehicle reaches the target state successfully.
� Collision Rate (CR): Proportion of scenarios with colli-

sions.
� Average Speed (AS): Average speed of the ego vehicle.

Collectively, they provide insights into the method’s effi-
cacy, safety, and efficiency.

C. Compared Methods
This section introduces and implements several approaches

to risk modeling and planning within the autonomous driving
domain as a comparative exploration.
� Distance-Based Risk-Aware Planning (DRAP). DRAP

serves as a representative method to replace SAU-based
risk modeling. Recent research has adopted this strategy
by leveraging the computation of distances between the
ego vehicle and obstacles to aid in planning [36], [37].
This study implemented two variants of this method
for comparison: DRAP (single traj.) and DRAP (multi
traj.), distinguished by the modal number of the predicted
trajectories.

� Long-Tail Prediction Uncertainty-Aware Trajectory
Planning (LTPUAP). LTPUAP distinguishes itself by
utilizing collision checks based on predicted trajecto-
ries [7], assigning high costs to candidate trajectories that
are likely to result in collisions. With the incorporation of
EU estimates, this method addresses worst-case scenarios,
ensuring a cautious motion-planning strategy.

� Uncertainty-Aware Constraints based Planning
(UACP). Using EU estimates, UACP calculates
uncertainty-aware shapes for ellipses representing
obstacles, offering novel collision avoidance constraints
considering EU that improve the reliability of decision-
making [44]. This study implemented a planning method
based on these constraints for comparative purposes.

� Uncertainty-Aware Potential Fields based Planning
(UAPFP). UAPFP emerges as an uncertainty-aware
decision-making method, particularly designed for high-
way scenarios [43]. By developing an uncertainty-aware
artificial potential field, this method balances the SAU
and EU considerations by applying the potential field
in cost computation to facilitate motion planning. This
method was extended to general scenarios for comparison
purposes in this study.

� Trajectron++-based CUAP (TCUAP). As a repre-
sentative prediction algorithm, Trajectron++ [49] was
implemented and utilized within the proposed CUAP
framework. It predicts trajectories and models uncertainty
through a CVAE, where SAU and LAU are estimated
and employed in the proposed AU-aware risk models for
planning.

In addition, this study compared different uncertainty esti-
mation methods.
� For SAU estimation, a comparison was made with a

single-stage training (SST) based on wNLL [21].
� For LAU estimation, WTA strategy [46] was evaluated.
� For EU estimation, the bootstrap method was compared

with existing data shuffling techniques [26], [47].

VII. EXPERIMENTAL RESULTS AND DISCUSSION

A. Comparison of Different Methods
Table I presents a comparative analysis of various meth-

ods, including those introduced in Section VI-C, along with
different variants of the proposed CUAP approach (as shown
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TABLE I
COMPARISON OF DIFFERENT METHODS

in the last four rows). Specifically, SAU represents planning
based solely on SAU, SAU&LAU denotes planning based on
the AU-aware risk model, SAU&EU refers to planning that
incorporates both SAU and EU, and SAU&LAU&EU signifies
planning that concurrently considers SAU, LAU, and EU, with
all proposed variants employing the maxR risk principle.

The results demonstrate the superior performance of the
proposed methods compared to the others. As more types
of uncertainties are integrated, the planner’s effectiveness
improves substantially. Specifically, the integration of SAU,
LAU, and EU not only increased the SR by 8.2% but also led
to a 45.6% reduction in the CR when compared to planning
that only considers SAU. This highlights the significance of
comprehensive uncertainty modeling. LAU effectively cap-
tures the varied motion patterns of traffic participants, while
EU addresses the limitations of individual prediction models,
ensuring robust planning in dynamic, real-world scenarios.

In contrast, the DRAP methods, particularly the single-
trajectory variant, show inferior performance due to inadequate
consideration of uncertainty-related risks and constraints. The
multi-trajectory variant of DRAP shows improved results,
emphasizing the need to consider multiple potential trajecto-
ries in complex scenarios. This further validates the advantages
of LAU modeling in risk assessment and planning.

By incorporating EU modeling, LTPUAP and UACP
enhance planning robustness, particularly in addressing long-
tail scenarios and instances of prediction failure. However,
exclusive emphasis on the EU may prove insufficient. More-
over, it is imperative to employ suitable uncertainty-aware risk
or constraint models to accommodate diverse scenarios and
planners effectively. The UAPFP improves planning robustness
by concurrently considering the SAU and EU within the
potential field-based risk-modeling process. In comparison, the
proposed CUAP in this study achieved superior results by
incorporating reasonable considerations of safety factors into
the constraint design and risk-cost formulations.

Furthermore, TCUAP, leveraging the TrajectronCC model
and the proposed CUAP framework in this study, achieved
results second only to the method proposed in this study. This
highlights the proposed framework’s adaptability to various
predictive algorithms.

Overall, the proposed CUAP framework, particularly the
SAUCLAUCEU (maxR) variant, showcases the full potential
of comprehensive uncertainty modeling, achieving the highest
success rate and lowest collision rate across all tested methods.
This solidifies its effectiveness in providing a robust and

reliable planning mechanism in complex and uncertain driving
scenarios.

B. Prediction Module Evaluation
This section presents the evaluation of the prediction mod-

ule, as detailed in Table II. Here, CV refers to constant
velocity-based prediction. SAU uses a unimodal distribution,
while SAU&LAU applies GMM for multimodal distributions.
For SAU&EU, which combines unimodal distribution with
deep ensemble techniques, two evaluation approaches are
employed: the first averages trajectories based on multiple
outputs to assess ADE, FDE, and NLL metrics; the second
considers the ensemble as a multimodal distribution, evaluat-
ing it through weighted error and BoN metrics.

The proposed prediction model performs better than the
baseline models, particularly regarding ADE and FDE. While
TrajectronCC excels in generating diverse trajectories, leading
to strong BoN performance, the proposed model surpasses it
in ensuring the overall coherence of multimodal trajectories.
Specifically, it reduces the frequency of high-probability yet
high-error predictions, as shown by the wADE and wFDE
metrics.

Despite TrajectronCC performing better on NLL-related
metrics, this advantage does not translate into significant
improvements in the planner’s evaluation results. This finding
underscores that merely assessing the probability fit of pre-
dicted distributions is insufficient to fully capture the practical
value of prediction models.

Incorporating LAU significantly enhances the diversity
and alignment of predicted trajectories with ground truth,
as reflected in the favorable BoN performance. Moreover,
integrating EU through deep ensemble techniques directly
improves average trajectory accuracy. Additionally, modeling
the ensemble as a multimodal distribution further enriches the
diversity of predictions. Unlike random data shuffling, boot-
strapping enhances diversity among submodels, contributing
to better BoN performance.

C. Analysis of Different Risk Models
This section compares various uncertainty models to evalu-

ate their impact on CUAP. The examined methods model SAU,
LAU, and EU individually and in combination to understand
how different strategies influence the overall effectiveness. It is
crucial to note that focusing on specific uncertainties modeling
does not negate the presence of others. For instance, while
modeling only SAU, the resulting uncertainty might still be
affected by LAU and EU due to inherent limitations in the
modeling process.

1) Planning Under Aleatoric Uncertainty: Table III
presents the planning results under different AU and risk
principles, where non-UAP refers to planning based on deter-
ministic trajectories with an added covariance specification
to model risk. The data demonstrate that incorporating AU
estimation into prediction and planning significantly enhances
decision-making. Compared to non-UAP, modeling SAU or
LAU individually results in 5.7% and 6.8% increase in SR,
respectively.

Furthermore, jointly modeling SAU and LAU leads to even
greater improvements than when these uncertainties are con-
sidered separately. Specifically, compared to modeling SAU
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TABLE II
EVALUATION OF DIFFERENT PREDICTION METHODS. w/o boot. INDICATES THAT DATA IS NOT BOOTSTRAPPED BUT RATHER RANDOMLY SHUFFLED

TABLE III
COMPARISON OF CUAP UNDER DIFFERENT AU AND RISK PRINCIPLE

TABLE IV
EVALUATION OF CUAP UNDER VARIOUS AU MODELING METHODS

alone, joint modeling aligns more closely with the ground truth
distributions and identifies trajectory modes more conducive
to successful planning, resulting in a 4.5% increase in SR.
The MaxR risk principle, designed for worst-case scenarios,
achieved the highest performance levels.

Table IV lists the results from alternative AU estimation
methods. Compared with Table III, rows 2 and 3 show that the
proposed two-stage training strategy significantly outperforms
SST, underscoring the importance of guiding the model to
accurately predict the mean trajectory to build a reasonable
final distribution. Rows 4–6 reveal that losses based on the
WTA strategy do not adequately model LAU, particularly
in improving planning performance. The primary issue is
that while WTA improves the minimum trajectory prediction
error among multimodal outputs, it lacks constraints on other
trajectories, providing insufficient information for the planner
to select the optimal prediction. As a result, planners may
suffer from poor prediction quality.

Moreover, compared to TCUAP (refer to rows 7–9), the
proposed CUAP approach demonstrates superior planning
performance (refer to rows 5–7 in Table III), highlighting the
advantages of the multimodal prediction network proposed in
this study. Additionally, the results across rows 4–9 further
confirm the superiority of the MaxR risk principle.

2) Planning With Consideration of EU: This section
focuses on the planning considerations for EU. Given its
potential to reflect underlying model limitations or poten-
tial failures, the practical performance gains when applying

TABLE V
EVALUATION OF DIFFERENT CUAP STRATEGIES CONSIDERING EU

Fig. 7. Comparison of different data processing strategies in modeling EU.

EU-aware methods to the prediction-planning system are
explored. Table V lists the performance of different EU-
aware strategies. Here, SAU (calib.) represents calibrated AU
through a deep ensemble, EU (calib.) indicates calibrated EU,
and SAU&EU (calib.) denotes the total calibrated uncertainty,
encompassing both aleatoric and epistemic uncertainties.

The results highlight that solely modeling EU while ignor-
ing SAU is insufficient, as evident from comparing rows 2 and
3 in Table V. This underscores the importance of a founda-
tional SAU estimation to effectively harness the benefits of
EU. Moreover, as an uncertainty calibration method, the deep
ensemble demonstrated performance gains, as shown in rows
5 and 6, further confirming the advantages of incorporating EU
in planning. Rows 6–9 reveal that constructing the risk model
by treating the results based on SAU&EU as a multimodal
distribution leads to superior outcomes. This is especially
prominent when multimodal trajectories are employed in pre-
liminary collision checks (mc.). The subsequent discussion
assumes the adoption of the (mc.) approach.

Risk modeling based on maxR shows excellent perfor-
mance, yielding a 5.7% improvement in SR compared to
modeling with only SAU. This aligns with earlier conclusions
regarding SAU&LAU modeling, reinforcing the idea that
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Fig. 8. Evaluation of SAU&EU (maxR) based CUAP with various M .

TABLE VI
EVALUATION OF PLANNING UNDER DIFFERENT PERCEPTUAL LIMITATIONS

planning for worst-case situations can enhance driving safety
while maintaining efficiency.

As illustrated in Fig. 7, introducing bootstrapping benefits
the effectiveness of EU-based planning. Bootstrapping may
reduce the richness of data acquired by individual submodels
during the training phase. Hence, it may not be the optimal
approach for training a single model. However, this differen-
tiated treatment of the training set enhances diversity among
the submodels. This diversity inclines the model towards opti-
mizing more dispersed local optima, allowing the integrated
model to exhibit robust adaptability to unfamiliar scenarios,
thereby improving CUAP performance.

Parallel computations and model pruning are effective
strategies for mitigating the increased computational cost
of multiple inferences. However, EU should still be esti-
mated using as few submodels as possible. Fig. 8 provides
a comparison of CUAP performance under different val-
ues of M . Constructing only two submodels can yield
superior performance to CUAP, which only models SAU.
Setting M D 5 results in a well-balanced and optimal
choice.

D. Evaluation Under Limited Perception

This section assesses the impact of limited perception on
CUAP performance, emphasizing the system’s robustness in
scenarios with substantial distributional shifts.

Several common perceptual limitations were introduced
into the CUAP process to simulate the challenges of limited
perception. Occlusion, caused by the limited perception range
of vehicles, obscures certain traffic participants, particularly
from road boundaries or obstacles. Additionally, Gaussian
noise (� D 0:01 and � D 0:1) was introduced to simulate
perceptual inaccuracies in capturing the motion states of traffic
participants. An extreme test case combined occlusion with
higher noise levels (� D 0:2) to assess the performance under
severe perceptual limitations.

Fig. 9. Visualization of the prediction results with AU.

Fig. 10. Visualization of the prediction results with EU.

As shown in Table VI, CUAP models that incorporate
multiple uncertainties consistently outperform those that only
account for SAU or completely ignore uncertainties, especially
under heightened perceptual constraints. The integration of EU
notably enhances planning robustness by effectively estimating
model inadequacies and addressing unreliability caused by
unfamiliar or anomalous inputs. This underscores the pivotal
role of EU in improving the adaptability of prediction-planning
systems in complex scenarios with limited perception.

E. Analysis of Typical Cases
In this subsection, an in-depth analysis of typical cases is

provided. Fig. 9 and 10 illustrate the results of trajectory
prediction and uncertainty estimation. From Fig. 9, it can
be observed that AU effectively captures the behavioral
uncertainty of traffic participants in the given scenarios. The
proposed method demonstrates the capability to estimate both
SAU and LAU reasonably. This ensures that the required AU
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Fig. 11. Results from various planning methods in typical autonomous driving scenarios. The first row shows the typical scenarios, where the ego vehicle is
depicted as a white car, and blue rectangles represent other traffic participants. The second to fourth rows illustrate the outcomes from the various planning
methods for these scenarios. At the endpoint of each curve, H marks a successful passage, while � indicates a collision. The x-axis represents time, and the
y-axis denotes the specific metrics being analyzed. The second row depicts the harm of planning encountered by the ego vehicle during travel. The third row
shows the variation in predicted risk, and the fourth row presents the speed profile.

is captured while avoiding the adverse effects on the planning
stage caused by overly dispersed modes. Fig. 10 presents
the EU estimation results. Each submodel’s output displays
only one trajectory to provide a clearer visualization. The
system exhibits higher EU when encountering noise or out-
of-distribution scenarios that are absent in the training data.
This elevated EU guides the decision-making system toward
more cautious and robust planning in uncertain environments.

Fig. 11 presents the results for complex interactions, such
as intersections and T-junctions, where the ego vehicle must
navigate safely while avoiding collisions. The harm (reference)
is defined to understand planning safety intuitively. It is
estimated through the distribution P t

gti � N .�t
i ; 6

t
i /, where

�t
i represents the real position of participant Ai at t , and
6t

i is a constant used to model risk. Effective predictors are
expected to assist the ego vehicle in navigating test scenarios
with minimal harm (reference). The risk (prediction) reflects
the ego vehicle’s perceived risk derived from its predictions,
uncertainty estimations, and the risk model. This metric
assesses whether the vehicle’s risk awareness during operation
is reasonable. The following is a case-by-case analysis:

Case (a) considers an intersection scenario where the ego
vehicle performs a left-turn maneuver while interacting with
multiple traffic participants. As shown in Fig. 11-(a), CUAP
considering only SAU produces an unreliable initial risk
estimation, resulting in delayed decision-making and, ulti-
mately, a collision. In contrast, CUAPs incorporating LAU

or EU successfully navigate the scenario, demonstrating the
advantages of multi-uncertainty modeling in improving safety
and efficiency.

Case (b) presents a right-turn maneuver at an intersection,
illustrated in Fig. 11-(b). The CUAP model relying solely on
SAU fails to achieve effective risk perception. Even with addi-
tional EU modeling, the risk remains underestimated due to
the lack of multimodal behavior representation for surrounding
agents. As a result, the system fails to mitigate the risk, leading
to a collision at 3.2 s. By integrating LAU into both prediction
and planning, the model significantly reduces actual risk and
ensures successful maneuver execution.

Case (c) examines a left-turn scenario at a T-junction, where
the ego vehicle is surrounded by traffic participants both ahead
and behind. In this case, EU modeling and refined risk
estimation play a critical role. A standalone prediction model
proves unreliable, leading to elevated risk levels, excessive
deceleration, and eventual collision. Conversely, incorporating
EU-based modeling enhances risk awareness in response to
prediction failures, enabling safer and more efficient decision-
making.

Case (d) highlights the benefits of jointly modeling all three
types of uncertainty in CUAP. The scenario involves the ego
vehicle executing a right turn at an intersection. CUAP models
that do not incorporate SAU, LAU, and EU simultaneously
exhibit fluctuating risk assessments and an increased likeli-
hood of collisions. In contrast, the CUAP model integrating
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