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Abstract— Accurate trajectory prediction is essential for safe
and efficient autonomous driving in complex traffic environments.
While artificial intelligence has shown great promise in improving
prediction accuracy, its inherent uncertainty and lack of explain-
ability may lead to unpredictable failures, creating challenges for
safety-critical decision-making. This study aims to address these
challenges by exploring the impact of traffic environment on
prediction algorithms. The study proposes a trajectory predic-
tion framework with epistemic uncertainty estimation ability to
output high uncertainty when facing unforeseeable or unknown
scenarios. The framework analyzes the environmental effect on
the trajectory prediction by considering scenario features and
shifts. Features are divided into kinematic features of a target
agent, features of surrounding traffic participants, and other
scenario features. Feature correlation and importance analyses
are performed to study their influence on prediction error and
epistemic uncertainty. The impact of unavoidable distributional
shifts in the real world on trajectory predictions is investigated
using multiple intersection datasets. The results indicate that
deep ensemble-based methods have advantages in improving
robustness while estimating epistemic uncertainty. Consistent
conclusions were obtained from the correlation and importance
analyses, indicating that kinematic features of the target agent
have relatively strong effects on both prediction error and
epistemic uncertainty. Finally, the study analyzes the accuracy
deterioration caused by distributional shifts and the potential
of the deep ensemble-based method. Through deep ensemble,
the errors of the prediction methods based on GRIP++ and
Trajectron++ have been improved by 6.4% and 10.8% in the
same-dataset test, and 6.3% and 10.8% in the cross-dataset test.

Index Terms— Artificial intelligence, autonomous driving, dis-
tributional shift, epistemic uncertainty, traffic environment, tra-
jectory prediction.
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I. INTRODUCTION

A. Motivation

RAJECTORY prediction is a crucial component of

the autonomous driving pipeline [1]. To ensure safe
and efficient navigation in complex traffic environments,
autonomous vehicles (AVs) must accurately and reliably pre-
dict the future motion of surrounding traffic participants (TPs),
such as pedestrians and vehicles. In recent years, artificial
intelligence (AI) has been rapidly developed and widely
applied in AV trajectory prediction [2], [3]. This is achieved
through the accumulation of large-scale driving data and
the development of complex advanced algorithms, resulting
in promising results. Although Al-based prediction shows
great promise, it also faces several significant challenges.
Al models are highly complex and difficult to interpret,
which can lead to unexpected and unexplainable failures,
significantly reducing the reliability of prediction models.
Despite some attempts to improve trajectory prediction algo-
rithms considering multiple factors simultaneously [4], [5], [6],
performance degradation may still occur in complex traffic
environments.

Al-based trajectory prediction algorithms are essentially
data-driven and designed to learn the most efficient prediction
model possible from the given data. The model predicts the
future trajectory of target agents (TAs) in a scenario, and their
performance is mainly dependent on the availability of training
data, training processes, and model design. Consequently,
in scenarios where training data is insufficient or where
environmental factors are not effectively considered during the
modeling process, the prediction model may exhibit severe
epistemic deficiencies, leading to high levels of uncertainty
or poor prediction accuracy. Thus, the performance of the
prediction model is highly dependent on environmental factors.
Specifically, various traffic environment features may have
different impacts on trajectory prediction. Additionally, sig-
nificant changes in the environment may cause distributional
shifts of the test data relative to the training data, leading
to performance degradation of prediction models based on
the independent and identically distributed (IID) assumption
between training and test data [7]. Unfortunately, there has
been no systematic research investigating the impact of traffic
environment on trajectory prediction errors and epistemic
uncertainty. However, such research is critical in identifying
the main limitations of prediction models, extracting common
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Fig. 1.

Tllustration of the traffic environment’s effect on the trajectory prediction. Traffic environmental data include various TA states, their surrounding TP

states, and other contextual information, which may affect the prediction differently. In addition, variations in time and place may lead to distributional shifts,
which may further degrade the prediction performance. This study focuses on extracting these factors and analyzing their influence on prediction performance.

influencing factors, and improving and monitoring these pre-
diction models.

B. Contribution

The focus of this work (as shown in Fig. 1) is on exploring
the effects of both specific scenario features and distributional
shifts on the prediction algorithm. Previous studies have
commonly employed prediction error as a kind of evaluation
metric for trajectory prediction. This study proposes to expand
on this metric by incorporating epistemic uncertainty [8],
[9] as a means of quantifying the level of cognition of the
prediction algorithm regarding the current environment. When
a prediction algorithm is unfamiliar with a certain scenario
or lacks sufficient confidence in its understanding, it tends
to output higher levels of epistemic uncertainty. These two
types of metrics collectively constitute the evaluation system
for trajectory prediction in this study. Representative features
for traffic environments are defined and quantified, and two
quantitative analysis methods are proposed for a compre-
hensive analysis. Furthermore, cross-dataset experiments are
conducted to investigate changes in prediction performance
under environmental shifts. The main contributions of this
work can be summarized as follows:

1) A trajectory prediction framework that integrates
epistemic uncertainty estimation is proposed. This
framework enables simultaneous prediction of the TA’s
future state and estimation of epistemic uncertainty. It is
implemented and evaluated based on various represen-
tative trajectory prediction methods;

The potential of the proposed deep ensemble
(DE)-based trajectory prediction framework for
improving the prediction accuracy and estimating

2)

epistemic uncertainty is demonstrated. The errors
of synthetic trajectories from DE-based methods are
improved by 3.7% - 17.1% compared to single-model-
based prediction errors, and are more robust;

A general analysis framework is proposed to study
the impact of scenario features on the prediction
error and epistemic uncertainty. Key scenario features
are extracted to cover different environmental elements,
and methods including feature correlation analysis and
feature importance analysis are designed for analysis;
The comprehensive experiments and systematic anal-
ysis are set up to investigate the distributional
shifts between various intersection datasets and their
impact on prediction performance.The shifts of fea-
ture distribution among the 6 datasets and the generaliza-
tion challenge to the prediction algorithm are analyzed.
In addition, the experimental results demonstrate that DE
helps to improve the robustness of trajectory prediction
against distributional shifts.

3)

4)

This paper is structured as follows. Section II reviews the
existing literature related to this topic. Section III introduces
the proposed method. Section IV provides details on the
datasets, evaluation metrics, and implementation used in this
work. Section V analyzes and discusses the experimental
results. Section VI concludes the paper.

II. RELATED WORK
A. Trajectory Prediction

Numerous studies have focused on improving trajectory
prediction algorithms, which can be divided into physics-
based, maneuver-based, and interaction-aware methods [10].
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Physics-based and maneuver-based methods have shown poor
performance in long-term prediction tasks due to the lack of
modeling of interactions between TAs and the environment,
and recent works have seen a shift towards interaction-aware
methods. For example, social pooling (S-pooling) [11] and
convolutional social pooling [12] are used to model inter-agent
interactions within a certain spatial distance. Graph-based
models, such as graph convolutional networks and graph
attention networks [2], [13], have shown promising results
in modeling interaction while also handling the heterogeneity
of agents. In addition, time series processing has been a
crucial requirement for trajectory prediction. In addition, time
series processing has been a crucial requirement for trajectory
prediction. Recurrent neural networks (RNNs), such as long-
short-term memory (LSTM) and gated recurrent unit (GRU)
models, have been widely used as submodules in trajectory
prediction algorithms [6]. These recent advances in interaction
modeling and time-series processing have shown significant
improvements in the trajectory prediction accuracy.

Neural networks have shown high efficiency in predicting
trajectories for different types of TP. Research on modeling
pedestrian intentions and predicting their movement has been
conducted for decades. Social-LSTM [11] is a successful
example in early research, which combines S-pooling and
LSTM to predict the future trajectory of pedestrians in
crowded scenarios. Social-GAN [14] uses generative adver-
sarial networks (GANSs), sequence-to-sequence models, and
pooling mechanisms to predict pedestrians’ socially feasible
future and employs corresponding generators and recursive
discriminators. However, training the GAN model is chal-
lenging and may not converge, leading to mode collapsing
and dropping. Therefore, the Social-Ways uses the Info-GAN,
which adds another item to consider mutual information
instead of applying the mean square error loss (L2 loss)
to force generated samples to be close to real data, thus
mitigating the above-mentioned issues.

Since vehicles have higher velocity and need to obey
more road constraints than pedestrians, predicting their future
movements is a prerequisite for realizing safe and efficient
autonomous driving. Several studies have designed specialized
networks for vehicle trajectory prediction [15]. For example,
vehicle trajectory prediction in highway scenarios, which are
relatively simple and where the motion pattern of a vehicle
is relatively fixed, has received early attention [12], [16],
[17]. With the collection of large-scale datasets [18], [19]
and the development of autonomous driving in urban scenes,
much research has focused on motion prediction in complex
urban environments [4], [20], [21], [22]. TrafficPredict [23]
adopts a four-dimensional graph to model the interaction in the
instance and category layers, thus predicting the trajectories of
heterogeneous traffic agents. GRIP++ achieves joint trajectory
prediction of all observed objects while considering multiple
classes of TPs, thus greatly improving real-time prediction
performance. Trajectron++ [6] achieves an effective prediction
of TPs by encoding agent interactions, incorporating hetero-
geneous data and modeling dynamically feasible trajectories,
while using a Conditional Variational Autoencoder (CVAE)
to model multimodality. However, previous work focus on
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improving the accuracy at the data set level while ignoring
the sensitivity of the prediction algorithm to environmental
factors, which is the focus of this work.

B. Epistemic Uncertainty Estimation

The original neural network cannot provide an estimate of
its epistemic uncertainty. To address this limitation, several
studies have quantified the epistemic uncertainty of neural
networks [8], [24], [25], which indicates the confidence level
of the network in its prediction results. The prominent methods
include Bayesian neural networks (BNN), single-pass uncer-
tainty estimation, and DE-based methods.

BNN quantifies the epistemic uncertainty of a neural net-
work by introducing uncertainty into its parameters. The key
challenge of these methods is to solve the posterior distribution
of network parameters. Variational inference (VI) [26], which
uses a prespecified family of distributions [27], [28], was
widely used in early research due to its strong theoretical
basis. However, VI has faced challenges in solving difficulty
and computational complexity with the rapid growth in neural
network structure complexity. To address these limitations,
Monte Carlo dropout (MCD) [29], [30] was proposed to
approximate the results obtained by sampling, assuming that
the network weights are in accordance with a Bernoulli
distribution. Theoretical demonstrations have shown that MCD
has the ability to approximate epistemic uncertainty.

In single-pass uncertainty estimation, the uncertainty is
obtained through one forward propagation, which has clear
advantages in computational complexity. The deep evidence
theory is a representative method and has been widely used
in classification [31] and regression [32] tasks. However,
these methods require that the original network output has a
specific form, which limits their scalability. In addition, these
methods do not consider the uncertainty of network weights.
Some studies [33] position the uncertainty they extract as a
distributional uncertainty, different from epistemic uncertainty.

In DE-based methods, the training process is adjusted to
obtain multiple different models, and epistemic uncertainty is
estimated by synthesizing the prediction results of the models.
DE [34] is a simple, parallelizable and scalable uncertainty
estimation method that has received extensive attention due
to its excellent performance in estimating epistemic uncer-
tainty [35]. Currently, this method has become a mainstream
paradigm. To reduce the storage and computational costs
of DE’s practical application, many improved methods have
been proposed [36], [37]. For example, Batch-Ensemble [36]
reduces training and testing costs by defining each weight
matrix as the Hadamard product of the shared weights of all
ensemble members and the rank-one matrix of each member,
but the uncertainty estimation performance is slightly reduced.

In summary, the VI-based method suffers from significant
computational complexity, and both it and the single-pass
uncertainty estimation method require substantial modifica-
tions to the original prediction network, which may result in
decreased model performance and lack of scalability. In con-
trast, the MCD-based and DE-based methods exhibit stronger
advantages in terms of versatility and scalability. In particu-
lar, DE-based methods have demonstrated good performance
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in previous studies. Therefore, this work proposes a trajec-
tory prediction method with epistemic uncertainty estimation,
where DE and MCD are used separately to estimate epistemic
uncertainty and are compared on a real intersection dataset.

C. Relationship Between Prediction Performance and
Traffic Environment

Previous studies focused on improving trajectory prediction
accuracy at the dataset level, but traffic environment can
significantly affect prediction performance. It is crucial to
establish a correlation between the environment and the pre-
diction model to enhance the interpretability of the prediction
algorithms and identify their limitations. In fact, the prediction
model relies directly on information from perception and V2X
modules. With the advancement of connected and autonomous
vehicles, there is an opportunity to enhance the quality of
this information. such as object detection for edge assisted
autonomous mobile vision [38] and high energy-efficient vir-
tual machine placement [39]. Therefore, this work assumes
that the prediction model can directly access environmental
information and analyze its impact on the prediction model.

Several works focused on modeling and complexity cal-
culation of a traffic environment using different methods,
such as five- and six-layer scene models [40], [41], where
layer elements can have a strong correlation with the pre-
diction algorithm. Wang et al. [42] proposed a method to
quantify scenario complexity in traffic but did not explore
its relationship with the autonomous driving algorithm per-
formance. The Shapley value is a feature attribution method
that helps to measure the contribution of input variables to
model performance. Makansi et al. [43] proposed a variant of
Shapley value and analyzed the problems that some of the
existing trajectory prediction models consider only the past
trajectory of a TA and are difficult to reason about interactions.
In addition, recent studies have gradually paid attention to the
cross-dataset performance of Al algorithms in object detection
and prediction applications [44], [45]. Gesnouin et al. [46]
evaluated the impact of differences in pedestrian poses and
detection box heights in different datasets on the prediction of
pedestrian crossings. Gilles et al. [7] compared the accuracy
of vehicle trajectory prediction algorithms on several datasets
that contain mixed scenarios. However, there has still been a
lack of comprehensive analysis of traffic environmental factors
and their changes and quantitative research on their impact on
prediction algorithms.

In this work, the research scenario is the intersection, which
is a typical and challenging urban scenario. Distributional
shifts between different intersection datasets and their effect
on trajectory prediction performance are analyzed, considering
both error and epistemic uncertainty.

III. PROPOSED METHOD

A. Trajectory Prediction With Epistemic
Uncertainty Estimation

1) Trajectory Prediction: Trajectory prediction is a task that
estimates a TA’s future position based on its historical state X
and context C in a scenario. In particular, at time ¢ = 0, the
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TABLE I
NOTATION TABLE

Symbol Description
s 5®) The real and estimated state at time ¢
X TA’s Historical state
C Scene context for trajectory prediction
Y, Y Ground truth and estimates of future trajectories
0, 0 The optimal and estimated parameters of predictor
Training dataset
P(e | D) Posterior distribution
q(0) Approximate distribution of P(e | D)
f(e) Model prediction
H [o] Entropy calculation
[®),y®], [£(), ()] The real and estimated positions of TAs at time ¢
o’ (e) Variance calculation
14 Loss function
P Correlation coefficient
R(z) The ranking of x in a group of data
R(zx) The mean of the ranking of the groups of data

historical input state of TA X over previous f; time steps is
X = [sC0+D g0t . 5O which contains information
such as TA position. In addition, the states of TPs’ around the
TA and other environmental information are modeled as the
scene context C.

A trajectory prediction model is trained on the dataset D.
Based on input [X, C], the trained prediction model produces
an estimate Y of the real future trajectory Y of the TA as
follows:

Y=/7X0) =/fXCD = f(XC,b), (1)

where Y = [f(l), §@ ...

and 6) represents the trained model parameters.

To demonstrate the generalizability of the proposed
approach, this study employs two representative prediction
algorithms, GRIP++ and Trajectron++-, as the base mod-
els. Among these, GRIP4++4 is an enhanced graph-based
interaction-aware trajectory prediction method that utilizes
both fixed and dynamic undirected graphs to model the
relationships between TPs, taking into account the impact of
inter-agent interactions on a TA’s motion. Moreover, GRIP++
employs a submodule with a GRU-based encoder-decoder
architecture to facilitate joint trajectory predictions for mul-
tiple agents, achieving superior performance in terms of pre-
diction accuracy and speed.

Trajectron++ employs a spatio-temporal graph representa-
tion by using a directed graph to model scenes, which allows
for a wider range of interaction types and simultaneous mod-
eling of agents with different perception ranges. To enhance
prediction accuracy, Trajectron++ adopts a simplified model
of single integrators for pedestrians and dynamically-extended
unicycles for wheeled vehicles. The model represents neigh-
boring agents’ influence using an LSTM and additive atten-
tion, resulting in an “influence” representation vector that is
concatenated with node history to form a single node repre-
sentation vector. Unlike GRIP++-, which models the output
for a single deterministic trajectory, Trajectron++ utilizes a
CVAE with a discrete latent variable to handle multimodality
and a bidirectional LSTM to encode a node’s ground-truth

sy )], t7 is the predicted horizon,
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Fig. 2. The trajectory prediction framework with epistemic uncertainty
estimation (DE-based method).

future trajectory during training. This study adopts two types
of output forms for analysis: the first outputs only the most
likely trajectories (ml), while the second generates multiple
trajectories through a sampling method (mul).

2) Epistemic Uncertainty Estimation: The original predic-
tion network can only output the predicted trajectories and
lacks the estimation of epistemic uncertainty. Teal-world traffic
scenarios are complex and variable, and it is not possible
to construct a training set that will effectively cover all
scenarios, so the predictions of an Al-based model may not
be reliable enough when confronted with unknown scenarios.
In this work, an epistemic uncertainty estimation framework
for trajectory prediction networks is proposed to represent the
model’s cognitive level for a given scenario. In this regard, the
BNN models and learns the posterior distribution of network
weights 6 ~ P(@ | D), which can be used to estimate epistemic
uncertainty as follows:

Y= fx.C,D) = / FYIX.C.OPO D)., ()

where the primary challenge is to effectively estimate the
posterior distribution of parameters.

The Bayesian approximate inference is a typical solution,
which learns an approximate distribution g (8) of P(6 | D).
MCD has been shown to be an effective sample-based method
for approximate inference, where the network weights are
assumed to follow the Bernoulli distribution. After adding
appropriate regularization during training and turning on
dropout during testing, K different predictions can be obtained
by sampling multiple times. In addition, DE has shown
excellent uncertainty estimation ability. Specifically, random
initialization of neural network parameters and random shuffle
of dataset are performed because they have been proven to
have enough good performance in practice. After training, K
models of isomorphism and different parameters are obtained.

The algorithm 1 demonstrates the training and testing pro-
cess of the DE-framework. For the MCD-based framework,
only one model is trained in the training phase, but in the
test phase the same number of results are obtained by turning
on dropout and propagating forward K times. The predic-
tive entropy is calculated to quantify the epistemic uncer-
tainty, where entropy increases with uncertainty. To realize
a prediction-task-wise uncertainty estimation, the predictive
entropy at multiple moments is integrated to obtain the average
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Algorithm 1 Epistemic Uncertainty Estimation Based
on Deep Ensemble

Input: Training data D, number of ensemble models
K, number of iterations 7', Loss function £,
base learning rate n, learning rate decay rate y,
mini-batch size B, and other hyperparameters

Training Phase: for k <— 1 to K do

2 Initialize parameter 6 of the kth neural network

randomly and shuffle training data randomly;

3 fort < 1to T do

—

4 Sample a mini-batch of size B from D;,4ip;

5 Compute gradient V@k% Z,B: 1 £ using
backpropagation;

6 Update the parameters using stochastic gradient
descent with momentum and weight decay;

7 Decay the learning rate according to y;

8 Obtain the K models with the lowest validation error;

9 Testing Phase: for k <— 1 to K do
10 Obtain the prediction results of the kth trained
model for the given input;

11 Compute APE, FPE, and synthetic trajectory based all
prediction results for the given input.
12 return K trained models, APE, FPE and the predicted
trajectories during testing phase

predictive entropy (APE) as follows:

APE = — ZH[ (’) Z / (’) lnp (’)) ds;.
i=1 l_l
(3)

Assuming that §) = [£(), $©] obeys the two-dimensional
Gaussian distribution, £ and )7(’) are independent of each
other, and the APE can be expressed as follows:

]

= %é |:(ln27r + 1)+ %lno2 ()?(’)) o? (5)(,))] .4

Similarly, the final predictive entropy (FPE) is defined as:

1y
1 1.
APE = — > |:(1n27r D)+ E111‘2”)
s

FPE = H[5(1)] = (ln 2+ 1) + %m 0|
=(n27 +1)+ = lna ()?(’f)) o? (ﬁ(tf)) .

o2 (e) in Eq. 4 and 5 are calculated from all the pre-
dicted trajectories. For GRIP++ and Trajectron++ (ml),

the proposed framework outputs K trajectories Y; =
[§(1> O A(’f)
k Sk o

®)

] for a given input, each of which contains

the predicted posmon at multiple future moments. The corre-
sponding APE and FPE represent the degree of dispersion of
all models. Trajectron4+ (mul)-based framework outputs K x
nsam trajectories simultaneously, where a single model output

Authorized licensed use limited to: Tsinghua University. Downloaded on November 27,2025 at 13:59:12 UTC from IEEE Xplore. Restrictions apply.



SHAO et al.: HOW DOES TRAFFIC ENVIRONMENT QUANTITATIVELY AFFECT

ngam trajectories. The Trajectron++ (mul)-based framework
generates K X ng,;, trajectories concurrently, where a single
model produces ngg, trajectories. The prediction entropy
associated with these trajectories represents the combined
uncertainty of both the model and TA motion.

Furthermore, for GRIP++ and Trajectron++4- (ml), the syn-
thetic trajectory is obtained by integrating all the predictions:

?:K—lif(mx,c,ék), (6)
k=1

where 6 denotes the parameter of the kth model from
DE-based or the kth sampling from MCD.

B. Scenario Features Extraction

In prediction scenarios, a TA’s movement is influenced by
its past state, interactions with neighboring TPs, and other
factors. While current prediction algorithms have taken into
account various factors either explicitly or implicitly, their
performances may still be hindered by the aforementioned
features due to algorithmic limitations. This work considers
three types of features: 1) kinematic features of a TA, related to
its historical or future motion states; 2) features of surrounding
TPs, which refer to their states and interactions with the TA;
3) other scenario features, which include the type, behavior
pattern, compliance with traffic rules, and location of the TA.

1) Kinematic Features of TA: Historical motion state of
TA is crucial for predicting its future behavior and directly
affects the output of a prediction model. Additionally, the
future motion state of a TA is a key reference for evaluating the
model’s prediction accuracy. Therefore, the kinematic features
of TA are extracted to analyze their impact on the prediction
algorithm performance.

Velocity is one of the primary kinematic features, which
directly affects the discrete degree of a continuous trajectory.
Considering the trajectory prediction model characteristics,
three velocity sub-features are extracted: 1) average velocity of
the historical trajectory (AVHT), which indicates the aggres-
siveness of the model’s input trajectory; 2) current velocity
(CV), which directly represents a TA’s current state and has
a key impact on the trajectory prediction output; 3) average
velocity of the future trajectory (AVFT), which reflects the
spatial span of the future trajectory points.

In addition, the velocity variations indicate trajectory sta-
tionarity, which may have a significant influence on prediction
results. For instance, a sudden start of a parked vehicle may
be difficult for the model to predict timely and accurately.
Therefore, the acceleration value at each moment is calculated
to obtain the following sub-features: 1) average acceleration
of the historical trajectory (AAHT), which represents the
speed mutation degree of the input trajectory; 2) average
acceleration of the future trajectory (AAFT), which reflects the
overall situation of a TA’s future speed mutation; 3) maximum
acceleration of the future trajectory (MAFT), considering that
a sudden speed change at any moment can lead to severe
deformation of the overall trajectory, it is necessary to extract
the fastest speed change in the future as a feature for analysis.

11243

Similarly, changes in the TA moving direction denote a
potentially influential factor of prediction performance. For
instance, a vehicle going straight may suddenly swerve or
make a U-turn, thus posing a serious challenge to the predic-
tion algorithm. Therefore, the heading change speed (HCS)
is extracted for analysis. In detail, the absolute value of
the change speed of the heading angle at each moment is
calculated and used as a basic feature, and then the analysis of
the following parameters is performed: 1) average HCS of the
historical trajectory (AHCSHT); 2) average HCS of the future
trajectory (AHCSFT), which reflects the overall curvature or
volatility of the future trajectory; 3) maximum HCS of the
future trajectory (MHCSFT), which increases when there is a
sudden large change in direction at any point in the future.

2) Features of Surrounding TPs: Convoluted interactions
with other agents increase the difficulty in trajectory predic-
tion, and although many of the existing prediction methods can
explicitly or implicitly model interactions, it has not been fully
discussed whether the performance of these black-box models
is sensitive to actual interactions. To examine this situation,
a set of hierarchical prediction scenario complexity metrics
is proposed to analyze the effect of a TA’s interactions with
surrounding agents on the prediction algorithm performance.

First, with a TA as a center, the prediction scenario com-
plexity has a positive correlation with the number of its
surrounding TPs, and a basic feature, the number of TPs within
x meters from the TA (NTP,), is defined.

In addition, the distance between the TA and its surround-
ing TPs directly affects the prediction scenario complexity.
Assuming that a set of TPs within x meters of a TA i is
denoted by N, (i), then for any j € N,(i), its distance from
i is dj = dist(s;,s;). The density of TPs within x meters
around TA (DTP,) is given by:

N (D)
DTP, = > e, (7)
j=1

where A is a scaling factor.

Furthermore, the potential conflicts due to the movement of
surrounding TPs are analyzed. As shown in Fig. 3, for a TP
Jj € Ny (i) within x meters around a TA i, its current state
;0)’ v(.o)]; then, its position after t seconds is

J
expressed as s;t) + vy)t, and the degree of conflict from TPs

within x meters around TA (DCTP,) is defined as follows:

is given by [s

Nx (i)
3 200 (4® g0
DCTP, = > ¢ "™ (a2 ), (8)
j=1

where dj(.t) is the distance between TA i and TP j, T is the
time horizon used for evaluation; a is the scaling factor
for the distance at time ¢, and in this study, it is set to grow
faster over time to reinforce the focus on the short-term risk.
agg(e) represents the aggregation operation, which is used to
synthesize the conflicts at T times, The two basic modes used
in this study include the mean value (DCTP, mean) and the
maximum value (DCTPx,maX).
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3) Other Scenario Features: In addition to the above two
categories of features, several other representative features are
also studied, as shown in Fig. 4, including:

o« TA type: Each type of agent has its movement pat-
tern, which may cause different prediction performances.
Referring to the research presented in [23], TAs can be
divided into four types: small vehicles, vehicles, pedes-
trians, motorcyclists, and bicyclists;

o TA behavior pattern: This study mainly focused on three
basic behavior patterns of vehicles at intersections: going
straight, turning left, and turning right. Moreover, U-turn,
as a certain corner case, iS extracted;

o TA’s compliance with traffic rules: Traffic rules partially
constrain the behaviors of participants, but in real-world
scenarios, some of TAs may violate the rules, thus affect-
ing the trajectory prediction. For instance, in a signalized
intersection, the behaviors of TAs can be classified based
on their compliance with the traffic signal into obeying
the rules, yellow-light running, and red-light running;

o TA location: The whole process of a vehicle passing
through the intersection is divided according to the
time sequence into six stages: stage l: ex-entering an
intersection; stage 2: in the gap; stage 3: in the first

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 24, NO. 10, OCTOBER 2023

crosswalk; stage 4: inside an intersection; stage 5: in the
last crosswalk; stage 6: exiting an intersection.

C. Scenario Features Analysis

To analyze the above-mentioned features systematically, the
qualitative and quantitative analysis methods are adopted. The
main methods include feature correlation analysis and feature
importance analysis based on random forest regression.

1) Feature Correlation Analysis: Correlation analysis is
to calculate the degree of correlation between two or more
feature variables using correlation coefficients as quantitative
indicators. Typical correlation coefficients include the Pearson
correlation coefficient and Spearman rank correlation coeffi-
cient. The Pearson correlation coefficient requires evaluated
variables to conform to the normal distribution, but this is a
strong assumption that experimental results can hardly satisfy.
In contrast, the Spearman rank correlation coefficient does
not have such strict requirements on data as the Pearson
correlation. Namely, it requires only that observed values of
the two variables are paired rank data or rank data transformed
from continuous variable observation data. The Spearman rank
coefficient can be mainly used in the monotonic relationship
evaluation. Specifically, it is assumed that the original data
(xi, yi) are arranged in ascending order, and R (x;) and R (y;)
are defined as the ranking of x; and y; in their corresponding
data, respectively; R(x) and R(y) denote the mean of the
ranking of the two groups of data, and n is the number of
data pairs. Then, the Spearman rank correlation coefficient p
can be defined as follows:

>y (R@ - R@) (Ron - RO))

N2
i (R0 —F®) 3 (Roo - RD))'
63" | (R(xi) — R (y))?
n (n2 — 1) ’

2) Feature Importance Analysis Based on Random Forest
Regression: Feature correlation analysis can be used to assess
linear and ordinal consistent correlations, but cannot identify
other types of correlations. To address this limitation, a feature
importance analysis method is proposed as a supplement.

Random forest regression is a powerful technique that
combines the decision tree framework with ensemble learning.
This involves generating multiple decision trees from data
and averaging multiple outputs to obtain the final result. The
decision tree is a key component of this algorithm, consisting
of a hierarchical tree structure with root, internal, and leaf
nodes. In addition, ensemble learning techniques, such as
bootstrapping, are used to improve prediction accuracy.

Feature importance analysis is performed by random forest
regression. As shown in Algorithm 2, in this study, the
extracted scenario features are regarded as input variables,
while the prediction error or uncertainty of the prediction
model are regarded as the label. Then the random forest
regression models are constructed, and the contribution of each
feature to the trees in the random forest is analyzed, which is
denoted as the feature importance score (FIS). It is assumed

10=

=1- ©))
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Algorithm 2 Feature Importance Analysis Based on
Random Forest Regression

Data: Training dataset (x;, yi)?zl, where x; is the ith

feature vector and y; is the corresponding label.
Grid search parameter settings H

1 Initialize empty dictionary FIS;;;

2 for each combination of hyperparameters H in H do

3 Train a random forest regression model fg on the

training dataset with hyperparameters H;

4 for jin1t J do

5 for i in11to I do

6 Compute the importance score FIS;') of

feature j in tree i in fy according to the

difference of Gini indices of nodes before

and after branching;

7 Calculate FIS; according to Eq. 10 in fg;
8 | Update FIS with FIS; in fy

9 | Update FIS,;; with FIS in fy;

10 Compute the mean and variance of FIS; in FIS,y;
11 return Feature importance scores for each feature.

that there are J features and I decision trees. Then, FIS;
denotes the average change in node split impurity of the jth
feature in all decision trees, and it is calculated by:

I Q)
> FIS]
J I (O
Jo1 2oy FISY

FIS; = (10)

where FIS? represents the importance of the jth feature in
the ith decision tree, and it can be obtained by calculating the
difference of Gini indices of nodes before and after branching.
To mitigate the impact of hyperparameter settings, the
grid-search approach is adopted to traverse different hyper-
parameter configurations. According to the number of trees in
the forest, the maximum depth of the tree, and the number of
features to consider when looking for the best split, multiple
sets of hyperparameters were set in this study. A model
is trained for each combination of hyperparameters H, and
finally FIS,;; from all models are obtains for statistics.

D. Prediction Across Different Intersection Datasets

The cross-dataset analysis aims to analyze differences in
scenarios between multiple datasets and the corresponding
prediction algorithm performance disparity. In this study, the
scenario type is limited to the intersection, and multiple
intersection datasets involving various countries are studied.
First, the scenario features are extracted to analyze distri-
butional shifts between different intersection datasets. Next,
comprehensive cross-validation experiments are performed to
investigate the prediction algorithm performance in terms of
distributional shifts fully. Particularly, N intersection datasets
are selected, and each of them is divided into training and test
subsets. Then, for each of the training subsets, a trajectory
prediction model is developed and trained using the training
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subset first and then evaluated on the corresponding test subset.
Finally, N2 sets of results are obtained.

The main concerns of the experimental analysis are as
follows: 1) distribution shifts among different intersection
datasets and its influence on trajectory prediction perfor-
mance; 2) the effect of the DE-based framework on improving
prediction robustness and estimating epistemic uncertainty;
3) the effect of different intersection datasets as training sets
for trajectory prediction and the prediction challenges when
they are used as test sets.

IV. EXPERIMENTAL SETUP
A. Intersection Datasets

Focusing on the urban intersection scenario, multiple trajec-
tory datasets are used for evaluation and analysis, involving
various periods, weather, countries and regions, and TP types.

1) SinD [47]: To focus on the prediction for the intersection
scenario, the SinD dataset was collected from a signalized
intersection in Tianjin, China and labeled. The data were
recorded by a drone at a sampling frequency of 10 Hz.
It comprises approximately 420 minutes of traffic recordings
and includes over 13,000 TPs of 7 types, such as cars,
trucks, buses, pedestrians, tricycles, bikes, and motorcycles.
The original SinD dataset contained some data from vehicles
parked for long periods of time that might interfere with the
analysis, so it was filtered out for this work.

2) INTERACTION [19]: INTERACTION contains 12
subsets, of which five intersection subsets are used in this
study: USA_Intersection_EP1 (EP1), USA_Intersection_EP2
(EP2), USA_Intersection. MA (MA), USA_Intersection_GL
(GL) and TC_Intersection_VA (VA). They contain about
493 minutes of recordings in total. The first four were from
unsignalized intersections in the US, mainly involving trajecto-
ries of vehicles, pedestrians, and bicycles recorded by drones.
VA was collected from a signalized intersection in Bulgaria,
which involves trajectories of cars, buses, trucks, motorcycles,
and bicycles recorded by traffic cameras.

Each dataset is divided into a training set and a test set,
with the latter being not visible during the training process.

B. Prediction Error Metrics

For different trajectory prediction output forms, different
prediction error metrics [2], [11], [14] are used to quantify
the prediction performance. In GRIP++ and Trajectron++
(ml), each prediction model only outputs a single trajectory,
so the following metrics are adopted: 1) Average Displacement
Error (ADE), which is the mean square error of all predicted
points of a trajectory compared to the ground truth; 2) Final
Displacement Error (FDE), which is the distance between the
predicted final destination and the true final destination at
ty. Trajectron++ (mul) is a typical multiple output model,
thus the minimum ADE (minADE) and the minimum FDE
(minFDE) over all predictions of a single model are adopted.

C. Joint Analysis of Prediction Error and
Epistemic Uncertainty

Although prediction error and epistemic uncertainty are dis-
tinct metrics, as previously mentioned, epistemic uncertainty
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indicates a model’s confidence in its output and provides
insight into how the model will perform in the given sce-
nario. Thus, an accurate estimation of epistemic uncertainty
should exhibit a strong correlation with prediction error and
enhance the original predictive model. Therefore, for the
prediction model that outputs only a single trajectory, this
study evaluate the prediction error of the synthesized trajectory
from the prediction framework with epistemic uncertainty
estimation.

In addition, referring to [48] and [49], the error-retention
curves are used to evaluate the estimated epistemic uncertainty.
The curves depict the error over a dataset as a model’s
predictions are replaced by ground-truth labels in order of
decreasing uncertainty. The abscissa value of a point represents
the proportion of the retained true error (i.e., retention frac-
tion), while the ordinate value represents the comprehensive
error under this proportion. Similarly, the optimal and random
curves are obtained by replacing the predictions in order of
decreasing error and random order, respectively. The area
under the retention curves (R-AUC) is an evaluation metric
of both the robustness of prediction models and the quality of
uncertainty estimation, and an efficient uncertainty estimation
is considered to achieve a low R-AUC.

D. Implementation Details

Refer to the configuration in [5] and [6], the datasets are
resampled to 2 Hz. In the experiment, the prediction model
uniformly uses the historical data of 6 frames to predict the
future trajectory of 6 frames. Moreover, the original dataset
was further processed to obtain the labels for the subsequent
analysis. The TAs’ locations are classified by combining their
raw coordinate data with the map in the Lanelet2 format [50].

The implementation of GRIP4+4 and Trajectron++,
including the input preprocessing, model architecture and
design parameters, and the basic loss function during training
follow their original details. For Trajectron++ (the mul),
Ngam 18 set to 10. In the implementation of MCD and DE, the
value of K was set to 5, which was the result of a trade-off
between uncertainty estimation quality and computational
cost [35]. In addition, during the training process of the
MCD-model, a regularization term was added to the loss to
improve its ability of uncertainty estimation [29], where the
regularization coefficient was set to 0.0001, and the dropout
rate was set to 0.5

To ensure professionalism and comparability of experi-
ments, this study employed standardized experimental equip-
ment to test the required models. The tests for all models were
executed using an NVIDIA GeForce RTX 2080 SUPER GPU
and an Intel i7-9700 CPU, resulting in consistent test results.
Additionally, all models were implemented using Python Pro-
gramming Language and PyTorch library.

V. RESULTS AND DISCUSSION

A. Evaluation of Trajectory Prediction and Epistemic
Uncertainty Estimation

The training and test performances of the proposed model
obtained by following the train-test process in the same
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intersection dataset are presented in TABLE II. Although
the MCD can be used to estimate epistemic uncertainty,
it increases the prediction error, which is due to the modifica-
tions in the original loss function. In contrast, the DE-based
method not only does not affect the error of individual predic-
tion models while estimating epistemic uncertainty, but also
significantly reduces the prediction error of the synthetic tra-
jectory based on DE. In the GRIP++-based method, ADEpg
was reduced by 3.7% to 8.8% compared to ADE, and FDEpg
was reduced by 3.7% to 8.7% compared to FDE. For the
Trajectron+-+ (ml)-based method, ADEpg was reduced by
4.2% to 17.1% compared to ADE, and FDEpg was reduced
by 4.4% to 18.9% compared to FDE. Thus, by integrating
the results of multiple models, DE could effectively avoid the
prediction performance degradation caused by the deviation of
a single model, which is conducive to improving the prediction
algorithm robustness.

The evaluation results of the estimated epistemic uncertainty
are shown in Fig. 5. By observing the R-AUC for differ-
ent prediction networks and error metrics, it can be found
that the estimated epistemic uncertainty in this study has
a positive effect on reflecting the magnitude of prediction
errors, and is much better than the random method with-
out prior. Compared with the MCD, the DE had obvious
advantages in improving the model prediction accuracy and
uncertainty estimation. Therefore, in the subsequent analysis,
the epistemic uncertainty estimation framework based on the
DE was adopted. In addition, as shown in Fig. 5, APE and
FPE showed a high degree of consistency in the retention
curve evaluation. Moreover, both the retention curve and the
retention score exhibit a consistent pattern, where the retention
score decreases as the fraction increases. This implies that
cases with extremely high prediction errors do not necessar-
ily correspond to high levels of epistemic uncertainty, and
vice versa.

B. Scenario Features Analysis Results

1) Feature Correlation Comparison: Based on the scenarios
from the test dataset, the TA’s kinematic features and the fea-
tures of the TA’s surrounding TPs, then the correlation between
the model performance and these two types of features was
calculated to analyze the influence of scenario feature on
trajectory prediction, where the prediction performance was
represented by prediction error and epistemic uncertainty. For
the features of the TA’s surrounding TPs, four groups of dis-
tances of x = 10, 20, 30, 50 were studied. Different prediction
models and performance metrics were tested separately to
analyze the consistency of the conclusions. The analysis results
are presented in Fig. 6, and the following conclusions can be
drawn:

o By comparing the results for various prediction mod-
els (i.e., different rows in Fig. 6), it is evident that
the distribution of feature correlation is similar. This
similarity enables us to draw common conclusions that
are applicable to the different prediction algorithms
employed.
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TABLE I
COMPARISON OF TRAJECTORY PREDICTION ERRORS!

GRIP++ | Trajectron++ (ml) | Trajectron++ (mul)
Dataset ADE/FDE ADEncn/FDEncp ADEpg/FDEpg ADE/FDE ADEpg/FDEpg; minADE/minFDE
SinD  0.404+0.002 / 0.865+0.005  0.477 / 1.021 038970832  0.567+0.012/ 1.177+0.025 0543/ 1.125  0.319£0.002 / 0.599+0.006
VA 0.652+0.006 / 1.406£0.020  0.651 / 1.385 0.615/1.327  0.619+0.026 / 1.382£0.051 0557/ 1.261  0.2810.003 / 0.577+0.010
EP0  0.812+0.007 / 1.828£0.018  1.053 / 2.393 0745/ 1.678  0.964+0.147 / 217320315  0.866 / 1.959  0.3470.004 / 0.672:£0.007
EP1  0.850+0.024 / 1.909£0.057  1.173 / 2.640 0775/ 1743 0.939+0.074/2.101£0.147  0.834/ 1.866  0.392+0.010 / 0.776:0.019

MA  0.867+0.007 / 2.002+0.017 1.083 / 2.546 0.811 / 1.879
GL  0.624+0.004 / 1.458+0.008 0.709 / 1.646 0.591 / 1.386

0.984+0.128 / 2.379+0.397 0.816 / 1.930 0.424+0.018 / 0.840+0.034
0.791£0.036 / 1.863+0.076 0.693 / 1.655 0.362+0.006 / 0.760£0.014
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Fig. 5. The (min)ADE/(min)FDE-retention curves (top) and retention scores curves (bottom) on the training and test sets of the SinD dataset. The optimal
curve (solid green line) was obtained by replacing the model’s predictions with the ground-truth labels in order of decreasing error. Similarly, the random curve
(blue dotted line) was obtained by replacing the model’s predictions with the ground-truth labels in random order. The red and yellow solid lines correspond
to the results captured in order of decreasing APE and decreasing FPE, respectively. The retention scores corresponding to each retention fraction can be

calculated by: (errorrandom — €ITOIyncertainty)/(€ITOIrandom — €ITOToptimal)-
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Fig. 6. Comparison of the correlation between prediction model performance and scenario features.

« By comparing the feature correlation distributions for
different error metrics (ADE/FDE), a high degree
of consistency is observed between them. Besides,
similar distribution trends are found from feature
correlation analysis for different uncertainty metrics
(APE/FPE).

e The comparison of a TA’s kinematic features with the
features of its surrounding TPs shows that the former
had a significant positive correlation with the error and
epistemic uncertainty, while the latter shows only weak
correlations with such metrics (-0.2<p<0.2).

o The comparison of the correlation between different kine-
matic features and the prediction error shows that:

— The correlation-based ranking was as follows:
acceleration-related features > velocity-related fea-
tures > heading change speed-related features. This
suggests that changes in a TA’s speed or position

! ADE/FDE/minADE/minFDE represents the error of a single prediction
model, obtained from all submodels in the DE-based framework, and the
values on the left and right of 1 represent the mean and standard deviation,
respectively. ADEpcp/pe represents the error of the synthetic trajectory
obtained by MCD or DE.
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Fig. 7. Comparison of FIS based on the random forest regression.

had a more significant impact on prediction error
compared to changes in the TA’s movement direction.

— In terms of correlation, features related to future tra-
jectories have a greater impact than features related
to historical trajectories. This implies that the predic-
tion model studied in this work had limited adapt-
ability to speed and position mutations occurring at
certain points in the future.

o The correlation between different kinematic sub-features
of a TA and the epistemic uncertainty showed that the
epistemic uncertainty was highly sensitive to the velocity
and acceleration features, namely, when a TA was driving
at high speed or had a speed mutation, the model tended
to show lower confidence in the predictions.

2) Feature Importance Comparison: As mentioned above,
the feature correlation analysis only shows whether the rela-
tionship between two variables conforms to the order consis-
tency. Therefore, the feature importance analysis experiment
was performed based on the random forest regression to
explore whether there were other types of correlation between
the above scenario features and the prediction model. The
datasets and training settings used for the prediction algo-
rithm were the same as in the feature correlation analysis.
The grid-based search was employed to obtain multiple ran-
dom forest regression model, then the comprehensive feature
importance analysis was performed. The results are presented
in Fig. 7.

As shown in Fig. 7, the distribution trend of FIS remains
largely consistent across various hyperparameter settings, and
is similar to the results obtained from feature correlation
analysis. For instance, the features obtained from the sur-
rounding TPs had little effect on the prediction error and
epistemic uncertainty uniformly. In contrast, the kinematic
features of a TA had a stronger influence, where velocity- and
acceleration-related features had higher importance. In random
forest regression for the ADE, the AAFT had the highest
importance, while in the random forest regression for the APE,
the CV had the strongest influence.

3) Other Scenario Features Analysis: Apart from the afore-
mentioned features, the impacts of several other scenario fea-
tures on the prediction performance were explored, including
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Fig. 9. The results of the trajectory prediction error and epistemic uncertainty
under different behavioral patterns.

the type, behavior patterns, compliance with traffic rules, and
location of a TA. Without loss of generality, the ADE was
adopted as an error metric, and the APE was used for epistemic
uncertainty quantification. The prediction model was trained
on the SinD training set and analyzed on the SinD test set

Fig. 8 presents the clear distinctions in the distribution of
prediction errors among various TAs. Despite the high degree
of freedom and randomness in pedestrian movement, their
speed and acceleration were typically low, resulting in small
prediction errors. Moreover, the epistemic uncertainty distribu-
tion for different TA types exhibited a significant resemblance
to the prediction error distribution. However, the APE based on
Trajectron++ (mul) is higher than the results from GRIP++
and Trajectron++ (ml) primarily due to its derivation from a
combination of DE and multimodal predictions.

Fig. 9 illustrates the prediction error and epistemic uncer-
tainty for various TA behavior patterns. The results indicate
that the prediction model tends to exhibit larger errors when
the TA is turning left or right, compared to the going-straight
behavior. Notably, the error in the right-turn scenario was
relatively large, possibly due to the large curvature of the
right-turn trajectory and the higher driving speed resulting
from less impact from traffic lights and other TPs when
turning right, compared to turning left or going straight.
Although U-turns represent a typical corner case, the overall
error in this pattern was small, which may be attributed
to the generally low speed during the U-turning process.
Additionally, the epistemic uncertainty distributions under
different behavioral patterns were consistent with the error
distributions.
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Fig. 10. The results of the trajectory prediction error and epistemic
uncertainty under different traffic rule compliance.
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Fig. 11. The results of the trajectory prediction error and epistemic
uncertainty at different locations; 1: ex-entering the intersection; 2: in the gap;
3: in the first crosswalk; 4: inside the intersection; 5: in the last crosswalk;
and 6: exiting the intersection.

The relationship between the vehicles’ compliance with traf-
fic lights and the trajectory prediction performance is presented
in Fig. 10, where it can be seen that the prediction error was
larger when the vehicle ran red or yellow light than when
there was no violation of traffic lights, and simultaneously the
proposed model could output higher epistemic uncertainty.

Fig. 11 shows the impact of TA’s location on prediction
performance. When the vehicle was in the gap area or first
crosswalk before entering the intersection, there were multiple
strategic options, such as whether to enter the intersection and
how to pass through it, which increased prediction complexity
and resulted in higher prediction error and epistemic uncer-
tainty. When the vehicle was inside the intersection, the pre-
diction model exhibited considerable error and uncertainty due
to numerous interactions with other TPs and higher freedom
of movement. In contrast, before entering and after leaving
the intersection, vehicles mainly followed the lane, result-
ing in lower prediction complexity and behavioral diversity,
and thus lower prediction error and uncertainty during these
stages.

C. Cross-Scenario Prediction Evaluation

Different intersection datasets were collected at different
times and locations, and the corresponding environmental
conditions might be relatively different, resulting in shifts in
data distribution. The distributions of velocity, acceleration,
heading, and HCS of objects in six intersection datasets
are presented in Fig. 12, where it can be seen that there
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were obvious differences in the trajectory features between
the datasets. For instance, the velocity and acceleration of a
portion of trajectories in the SinD dataset were concentrated
around zero. One of the main reasons was the stopping of
vehicles and pedestrians while waiting for the green light.
Furthermore, the velocity in the SinD dataset exhibited a
distinct multimodal distribution, which could be related to
the multiple movement patterns caused by various TPs in
the dataset. In contrast, the velocity and acceleration in the
GL, MA, and VA datasets tended to be higher, reflecting
more aggressive motions in these datasets. In addition, dis-
tributional shifts could also be observed by comparing the
distribution of heading and its speed of change in different
datasets.

The aforementioned differences in data distribution between
datasets may pose application challenges of the trajectory
prediction algorithms in real-world environments. Therefore,
the cross-scenario experiments were performed. The approach
involved training DE-based prediction models on each of the
six training datasets mentioned previously and evaluating them
on all six test datasets. As shown in Fig. 13, distributional
shifts in the real-traffic environments had a strong impact on
trajectory prediction performance. As shown in Fig. 13, even
for the same type of scenario, models trained on one intersec-
tion dataset struggle to generalize to other datasets of the same
type. For instance, for the results for the SinD test dataset,
the models based on GRIP/Trajectron++ (ml)/Trajectron+-+
(mul) that achieved the best accuracy was trained on the
SinD training dataset, while their prediction error on non-SinD
datasets increased by 116.9%/97.7%/85.4% on average and
258.8%/147.0%/133.8% in the worst case. In addition, the
experimental results can also provide some reference for
quantifying the allocation offset between different datasets.
For example, the cross-scenario test between EPO and EP1
showed a small deterioration in accuracy, which was related
to the similar behavior pattern and base map caused by the
adjacency of the two intersections.

Fig. 13 demonstrates the promising performance of
DE-based synthesis trajectory in improving the robustness of
the prediction model. Compared to the single-model-based
ADE, ADEpg based on GRIP++/Trajectron++ (ml) has an
average improvement of 6.4%/10.8% in the same-intersection
test and an average improvement of 6.3%/10.8% in the cross-
scenario test. Furthermore, The extracted epistemic uncertainty
could indicate distributional shifts between different datasets.
Particularly, the proposed model tend to output higher APE in
the face of large distributional shifts. It should be noted that
the calculation of APE based on Trajectron++ (mul) takes
into account the modeling of motion uncertainty by a single
model, thus it is not only related to distributionsl shifts.

Overall, the models fitted on VA exhibit the worst
generalization ability, resulting in an average increase
of  152.7%/65.8%/82.8% in  prediction errors for
GRIP/Trajectron++ (ml)/Trajectron++ (mul). On one
hand, there is a limited amount of data available for training
in VA. On the other hand, the movement trajectories in
VA may not be complex enough, which could also be
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generalization ability for prediction models due to its larger
and more diverse dataset, as well as a wider variety of traffic
participants and movement patterns.

a significant contributing factor to the lower error rates
observed when testing different models on VA than the other
datasets. In contrast, the SinD training dataset provides better
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D. Qualitative Results

Fig. 14 presents the prediction results of the proposed
framework, with objects of interest highlighted in red.
As shown in the first row, when the TA enters the inter-
section, the prediction error is significant due to the lack of
accurate estimation of TA’s right turn intention, with a consid-
erable level of estimated uncertainty. It should be noted that
Trajectron++ (mul)-based models, which also models motion
uncertainty, exhibits a significantly higher APE compared to
the results obtained from GRIP++-based and Trajectron++
(ml)-based models. Observing the second row, it can be seen
that in some relatively simple scenarios, both the prediction
error and epistemic uncertainty are relatively small. However,
Trajectron+-+ (mul) still models different motion patterns,
resulting in a relatively higher APE.

VI. CONCLUSION

This paper proposes a trajectory prediction framework that
integrates epistemic uncertainty estimation and studies the
effects of traffic environment on prediction performance. Vari-
ous representative trajectory prediction algorithms are adopted
and improved to demonstrate the validity of the proposed
framework and the reliability of the analysis results. Several
key scenario features are designed and their influences on
prediction performance are examined through feature cor-
relation and feature importance analyses. Additionally, the
distributional shifts between different intersection datasets and
resulting performance degradation of the prediction model are
analyzed. Based on the results, the following conclusions are
drawn:

(1) The extracted epistemic uncertainty represents the
model’s confidence in its current predictions and has the
potential to identify unknown scenarios where the model
may be underpowered. The DE-based framework performs
significantly better in estimating epistemic uncertainty and
improving trajectory prediction robustness compared to the
MCD-based method.

(2) The feature correlation and feature importance analyses
show that TA’s kinematic features have a positive correlation
with prediction performance. Higher velocity, acceleration,
and speed of heading change pose a greater challenge to
the prediction process, resulting in higher epistemic uncer-
tainty. However, one interesting finding is that the features
of surrounding TPs, which reflect the complexity of inter-
actions in the scenario, show little impact on the proposed
prediction model performance. Additionally, the prediction
model’s error and uncertainty vary with other scenario features
such as TA’s type, behavior pattern, compliance with traffic
rules, and location. The conducted analyses are helpful in
locating the limitations in the prediction algorithms, thus pro-
viding guidance for the improvement of autonomous driving
functions.

(3) Different intersection datasets show distributional shifts
due to local driving habits, road structures, and national
cultures, posing challenges to prediction algorithms. How-
ever, the proposed DE-framework improves trajectory pre-
diction robustness, and the extracted epistemic uncertainty
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responds to reduced confidence of the model in a new envi-
ronment, improving the self-awareness ability of autonomous
driving.

Although the used basic prediction algorithms have strong
representativeness, it is still difficult to completely avoid
the specificity of analysis conclusions. However, the pro-
posed method shows promise for analyzing other prediction
algorithms, and subsequent work could consider combining
more types of algorithms for systematic analysis. Furthermore,
the role of algorithms uncertainty estimation of a trajectory
prediction model in an autonomous driving decision-making
mechanism needs to be further studied to improve robustness
against the risks of insufficient functions.
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