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Zikai Zhang
Department of Computer Science, UNSW Sydney, Kensington, 2052, NSW Australia; z5400473@ad.unsw.edu.au

Abstract: In this paper, we conduct a comprehensive analysis of the Round dataset to enhance the understanding
of motion forecasting for autonomous vehicles in complex roundabout environments. We implement a trajectory
prediction framework that combines Long Short-Term Memory (LSTM) networks with graph-based modules
to model vehicle interactions. Our primary objective is to assess the generalizability of a standard trajectory
prediction model across diverse training and testing datasets. Through extensive experiments, we analyze how
varying data distributions, including different road configurations and recording times, influence the model’s
prediction accuracy and robustness. This study provides key insights into the challenges of domain generalization

in autonomous vehicle trajectory prediction.
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1. Introduction

The autonomous vehicle (AV) industry is poised to transform mobility as we know it today, and
market projections are expected to be felt worldwide. Motion forecasting is one of the key technologies
enabling this transformation, as it gives AVs the ability to predict where other entities like vehicles,
pedestrians and road users will be in future [1,2]. As it provides this information to the decision-
making algorithms, which in turn help actions like lane changes and collision avoidance, AVs (requires)
safe and operational with respect to them [3,4].

But the field struggles a lot. The domain gap between the specialized clips used to train a model
and what it perceives as real-world sensory input during driving is one of many major issues. With the
motion forecasting landscape for autonomous vehicles being quickly revolutionized, it is becoming
increasingly critical to deal with these domain discrepancies. A potentially more fruitful method is
transfer learning, which takes data from one area and uses it to improve results in another. This method
can be particularly helpful in transitions from urban streets to highways. Transfer learning tends
to treat domain misalignment as a source of slowdown, i.e., if the model’s training and application
environment are different in terms of accuracy levels, it performs poorly [5]. Domain generalization,
on the other hand, is a different scenario: training models across multiple source domains in order
to achieve performance that can generalize well when deployed over an unseen environment. It is
a necessity for autonomous vehicles that operate in complex, varied environments. However, the
major challenge is to generalize in two completely different worlds consistently. Domain adaptation:
a proposed technique to combat the source-sample training bias and test-time overfitting through
domain transfer, specifically toward bridging data distributions across known sources/domains to
new /unfamiliar targets. This is important when the target domain is data-starved. This could be for
example a model learned from daytime would not work in nighttime or another weather conditions.
The problem lies on how to be easily adapted without a large amount of target domain data [6]. While
these approaches show promise, validating effectiveness in the highly dynamic driving environments
real-world data is extremely difficult due to variance of scenarios. It reinforces that there is still much
work to be done in the years ahead as autonomous vehicles will also need to become some of the safest
land pirates on the road [7].

State-of-the-art forecasting methods suffer from requiring datasets that are a simplified version of
the messiness in real life [8,9]. Faulty detection/tracking or noisy sensor information from perception
layer can also introduce a lot of noise around actual data which with present inside the volumes;
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leading to motion forecasting models doing even worse [10,11]. A further challenge is that many
models under-use available road maps and other contextual information from perception modules,
which limits their prediction accuracy in complex or changing environments [12]. Even if we flush
out the architectural hypers of different methods in 3D perception active backup, one thing may
matter: quality and fidelity of perception input depends on object distances from ego vehicle (a detail
oft-ignored across existing forecasting benchmarks) [8].

With these challenges in mind, the demand for end-to-end data analysis has risen when imple-
menting and benchmarking motion forecasting methods. A deep dive into the data can inform these
perceptual errors and help us find areas to improve. Therefore, it can promote the development of
more solid autoregressive models for understanding and handling increasingly complex real-world
driving [8,9]. Moreover, a common evaluation environment must be developed used to benchmark the
traditional and end-to-end forecasting approaches against one another [13].

One aspect of understanding the quality and utility of predictions is to understand how different
data distributions influence models. Changes like current loci versus rural, day time vs. evening and
sundry weather conditions can greatly sway model efficacy[14].For example, a model trained mainly
on urban data might not perform well in more rural areas where driving characteristics can diverge.
Another one is that, clear-weather models might completely fail to categorize foggy or rainy photos as
landscapes [15].

More resilient, generalizable motion forecasting models will need to take into account the effects of
data distribution. This helps researchers and practitioners to detect the existence of any bias, and hence
adjust the models accordingly such that it can serve well in different life-critical scenarios[8]. For AVs,
which are envisaged to operate in a variety of environments and conditions, such an understanding is
especially crucial. As such, in order for the field to progress - it is not just beneficial - but absolutely
necessary that we carefully examine how different data distributions affect model performance[16].

This paper will use a backbone model including LSTM and graph based method to do the
trajectory prediction task. In particular, we perform a distribution analysis of several features by
dividing the RounD dataset into several groups that uniformly cover all mentioned traffic scenarios.
Contrary to previous works, we contribute a thorough cross-recording comparison within the RounD
dataset. With this more nuanced approach, we can target the specific challenges or opportunities
related to each traffic condition and thus improve our model’s capacity for accurate predictions of
future trajectories. This analysis of driving data and its influence on prediction models provides deep
insights for the field of motion prediction in autonomous driving.

2. Related Work

2.1. Trajectory Prediction

Trajectory prediction is fundamental for self-driving vehicles to navigate complex, dynamic scenes
safely and efficiently. Deep learning architectures like Generative Adversarial Networks (GANs) and
Variational Autoencoders (VAEs) are commonly used for motion forecasting. For example, Social
GAN produces socially-aware trajectories by modeling fine-grained interactions among road agents,
effectively matching human drivers’ actions [17]. VAEs capture intrinsic motion uncertainty by
predicting probability distributions over possible future trajectories, enhancing self-driving capabilities
in complex contexts [18]. State-of-the-art approaches like TNT and DenseTNT emphasize temporal
features to maintain consistent predictions over time [19,20]. LaneRCNN fuses lane information with
road semantics to constrain predictions within reasonable spaces [21]. MultiPath and MultiPath++
predict multiple future trajectory options to handle uncertainties [22,23].

Graph-based networks have become key techniques for trajectory prediction due to their ability
to capture complex interactions. GRIP introduced graph structures to model agent interactions [24],
leading to rapid developments in the field. Successors like GRIP++ [25] and GISNet [26] further
improved graph-based models by considering both spatial and temporal aspects. In our study,
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we utilize the structure of GRIP++ as our backbone model due to its effectiveness in modeling
complex spatiotemporal interactions using graph representations. By modifying the GRU modules
and incorporating graph-based feature representations instead of direct coordinate inputs, we aim to
use a model that is sufficiently robust and representative.

2.2. Driving Behaviors

Understanding how vehicles operate, especially in the context of autonomous driving, requires
a deep dive into driving behavior. Various methods have been used to explore this complex field.
For instance, scenario-adaptive techniques help us see how driving behavior changes in different
contexts, offering valuable insights into how drivers react to various environments[27]. Researchers
also look at the social aspects of driving, examining how vehicles interact with each other and with
pedestrians. This helps in understanding the unwritten rules that drivers follow on the road[17].
Following these paper, in order to explore the factors related to driving behaviors, we conduct a
comprehensive analysis in multiple ways (e.g., time and agent interactions). By using these diverse
methods, we can better understand the intricacies of driving behavior, which is crucial for developing
reliable and safe autonomous driving systems. Key factors influencing the analysis of driving behavior
include the context in which driving occurs, the inherent unpredictability of human driving habits,
and the dynamic interactions between vehicles, pedestrians, and the broader environment. These
factors play a pivotal role in shaping the driving behavior observed in real-world scenarios.

2.3. RounD Dataset

RounD was created with the input of researchers working on self-driving technology, and they
used that data in addition to a series of challenges (including hierarchical segmentation, keypoint
detection for objects other than cars) as benchmarks at CVPR this year. Hundreds of real-world driving
scenarios create the data required to learn about vehicle dynamics, interactions and behaviors. On this
dataset, the "Scout" study proposed a social-consistency-aware graph attention network for vehicle and
Vulnerable Road Users (VRUs) motion forecasting[28]. Other interesting contributions make a specific
architecture using deep learning for trajectory prediction and correction, which brings attention to the
important point of reliable forecasting needed for safe behavior in vehicle navigation applications[29].
One approach to goal recognition that is not common in this field but allows for fast and interpretable
predictions during autonomous driving scenarios multi-av-BJN "GRIT"[30] contrasts above techniques.
In this work, we focus on assessing the generalizability of a standard trajectory prediction model across
diverse training and testing data from RounD dataset.

2.4. Domain Generalization

In model training tasks, data distribution matters more than we realize - especially in domain
generalization. This idea is crucial for making sure that our models are still able to be flexible and
generalizable across new environments they have never seen.[31] gave us a nice point of view on
domain generalization, making clear that this is one main challenges in order to have models working
well in different situations. It is a major pain-point in applications like autonomous driving or industrial
automation. To improve on this, [32] propose a fundamentally new way to do trajectory prediction
for autonomous vehicles. Their solution is a Graph Neural Network (GNN)-based variant that
incorporates domain generalization, the unsolvable problem of universal alignment and adaptation
to unseen driving scenarios. This work will adopt GNN-based techniques to deal with the feature
representation part in RounD dataset and launch a sophisticated domain generalization analysis
between each driving scenario. We believe this work will pave the way for future research on RounD
dataset and highllight the importance of domain generalization for reliable autonomous systems.
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3. Problem Formulation

We start by defining the trajectory prediction problem: we first formulate the trajectory prediction
problem, which involves predicting the future locations of every object in a scene using their past
trajectories. To be more specific, our model takes the trajectory histories of all observed objects over Tj,
time steps as its inputs, denoted as X:

X = [p1, p2, - P1,]

, where
— [+l 1 2 2 N N
pTh - [xTh’ yTh’xTh’yTh’ i xTh’yTh]

is a coordinates combination of all the observed agents at time T}, and N is the total number of agents.
We utilize both world coordinates and relative measurements, such as agent-targeted coordinates. Our
objective is to predict the complete trajectories of observed agents over the next Tr steps, which will be
represented as the output Y of our model:

Y = [Pt+1r Pt+42, s Pt—i—Tf]

Let X denote a nonempty input space and Y the label space. A domain is defined as S =
{(xi,yi)}y ~ Pxy, wherex € X C R%,y € Y C R% denotes the label, and Pxy represents the joint
distribution of the input sample and output label. X and Y denote the corresponding random variables.

In domain generalization, we are given M training(source) domains Dy, = {Di | i=1,---,M}
. . . . . . 1 T . .
where D' = {(x;-,y;-)}?’zl denotes the i domain and x; = (x})[_; = {é?’] } - denotes a multivariate

time series with x/ € R*1. We use ¢ to represent historical trajectories for a given vehicle A in

the i;;, domain(map). In this work, the objective is to evaluate the developed predictor f to see if it
can maintain its effectiveness across each unseen target domain i’. (i.e., ' ¢ D; where Pgéy # P;;Y,
vie{1,---,M}.

4. Overview of the RounD Dataset

For the RoundD dataset, all the recordings are captured under optimal weather conditions,
ensuring clear skies, ample lighting, and minimal wind, which enhanced the overall quality of the
footage. This guaranteed greater image clarity and stability, simplifying subsequent processing tasks.
All footage was recorded using a DJI Phantom 4 Pro drone, which boasts a camera capable of 4K
resolution (4096x2160 pixels). The videos are shot at the highest bitrate, capturing 25 frames per second.
It successfully extract information on 13,746 road users, i.e., cars (11,530), followed by trucks and
vans. Other vehicles like trailers and buses are less common. Vulnerable Road Users (VRUs) such as
pedestrians, bicyclists, and motorcyclists are rarer, likely because the roundabouts were situated away
from urban centers or shopping districts. The data for each road user includes details like position,
heading, speed, and acceleration in both x and y axes of the static UTM coordinate system, as well as
in the longitudinal and lateral directions of each participant’s movement.[33]

In Figure 1, we visualize four different types of roundabouts occur from a total of 23 recordings.
Among these, Recording 00 has single-lane for all entries and exits and a circular island in the center.
Although Recording_01 shares the same shape with Recording_00, the former is more complex with
spiraled traffic lanes to guide vehicles into the correct lane before entering the roundabout and the
orientations of the entries and exits are different. The remaining two roundabouts (i.e., Recording 02
and 09) are topologically similar, differing only in their rotations and scales.
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Recording 00 Recording 01

Recording 09

/N

Figure 1. All four kinds of recordings in RounD dataset

5. Dataset Analysis

5.1. Analysis on Recording Types

To analyze the dataset, we first need to understand the data we used on a high-level. For the
four selected recordings, the following description demonstrates their corresponding map types (see
Figure 1) and the corresponding amount of data in each recording.

Total data means the sum of data amount in each map type. For map type 1, there are no
recordings, and the data volume is 0.3 million, with a total data amount of 295,271. In map type 2,
there is one recording with a data volume of 0.1 million, leading to a total data amount of 116, 038. Map
type 3 encompasses recordings numbered 2 through 8, with individual data volumes of 0.2, 0.3, 0.2, 0.2,
0.3,0.3, and 0.2 million respectively, accumulating to a total data amount of 1,732, 504. Lastly, map type
4 includes recordings numbered 9 to 23, with data volumes ranging from 0.1 to 0.9 million. The specific
volumes are 0.3, 0.3, 0.2, 0.2, 0.2, 0.3, 0.9, 0.1, 0.3, 0.3, 0.2, 0.3, 0.3, 0.2, and 0.2 million respectively,
summing up to a total data amount of 3,303, 282. This comprehensive data presentation highlights the
variations in recording distribution and data volumes across different map types, providing valuable
insights for further analysis.

5.2. Analysis on Agent Class Distribution

It is important to recognize the distribution of different agent classes within a given set of input
data and why having this knowledge can facilitate the task at hand. What this allows for is a way
to figure out who road users are and how they balance or impair traffic with some examples being
cars, trucks, people walking. This distribution allows us to at least be aware of possible biases in
the data, and attempt overcorrect for it so our models are not overly bias towards one class. This is
particularly challenging in motion forecasting fields for autonomous driving as predicting various
behaviors of different agents is crucial to ensure the reliability and safety. Improving the robustness
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and generalizability of our models across diverse real-world scenarios requires that all agent classes
are represented in a balanced way.

In Figure 2, we present the distribution of various classes of agents. The Y-axis represents the
agent count, while the X-axis enumerates the different agent classes: car, truck, van, trailer, motorcycle,
bicycle, bus, and pedestrian. Specifically, we label "car" as the "Majority” class (red), and truck, van,
trailer as the "Medium’ class (blue), which are smaller than 10% but higher than 1% of the majority .
The "Minority’ class stands for the remaining four classes, i.e., motorcycle, bicycle, bus and pedestrian,
which are less than 1% of the majority. Due to the limited number of observed samples and the
significant differences in trajectories between motor vehicles, non-motor vehicles, and pedestrians,
we have decided not to include these classes in our analysis. As a result, without loss of generality,
we will focus on the interactions and influences between automobiles rather than VRUs to ensure the
accuracy of predicted trajectories.

12000

I Majority
H Medium
10000 Minority
u 8000
c
]
[@)]
<
Y—
© 6000
()
Q
£
>
< 4000
20001
1061
608
0 257 124 88 53 25
car truck van trailer motorcycle bicycle bus pedestrian

Agent type
Figure 2. Class distribution among all recordings

5.3. Analysis on Recording Time Distribution

The time of recording can significantly influence driving behavior due to factors such as traffic
density and driver urgency. By analyzing the distribution of recordings across different times of the day,
we aim to understand how these temporal variations are represented in our dataset. This knowledge
helps us to evaluate whether our models can adapt to different driving conditions encountered at
various times. Ensuring that our models perform well under diverse temporal conditions enhances
their applicability in real-world scenarios and improves their overall robustness.

In Figure 3, we illustrate the distribution of recordings based on the time of day. The pie chart
divides the data into three primary categories: morning, noon, and afternoon. This means that most
recordings in the RounD dataset starting in the morning, approximately 30% at noon and only 10%
in the afternoon. This type of a distribution offers some hints about the effects that recording times
can have on driving behaviors. This figure also shows different trajectory patterns in morning rush
hours possibly because drivers would drive more aggressively or think about their works, comparison
to for example midday or afternoon as it can be seen from Figure 4. The afternoon, and especially
weekends might on the contrary you can take ease when drives or outings by family.[34]. Knowing
these day-dependent differences are essential when creating robust prediction models that can adjust
to the driving behavior in different times of a single drive [35].
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Figure 4. Distribution of vehicles’ velocity and acceleration for morning and afternoon recordings.
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5.4. The Effect of Recording Time to Vehicle State

This section continues exploring how the timestamp alters vehicle states. The idea is to find
patterns when they happen at different times of the day, and then predict how these will affect motion
forecasting by seeing them. Knowledge of these effects is critical in the modeling of time varying
driving behavior.

In Figure 4, we can see that the distribution of velocities and acceleration during morning hours
has a wider range compared to that for the afternoon suggesting some driving at constant speed.
Perhaps indicative of the need for mobility, drivers tend to accelerate more and can drive argue in
regard their velocity. The driving might involve stop-and-go traffic, allowing for quick starts and
stops. Velocities and accelerations peak at a lower value than in the morning and afternoon, hinting
slower traffic speeds around noon. The driving behavior could be more relaxed with less variability
in speed and acceleration, perhaps due to less pressure to reach a destination quickly. The afternoon
plot appears to have a wider distribution at higher velocities, possibly indicating faster driving speeds.
But the range for acceleration is much less wider than that in the morning, meaning drivers choose to
travel in a relatively constant speed rather aggressive driving.

5.5. The Effect of Driving Behaviors to Vehicle State

Understanding the impact of driving behaviors on vehicle states is crucial for developing accurate
motion forecasting models. By analyzing how different driving behaviors, such as acceleration,
deceleration, and constant speed, influence vehicle states like velocity and acceleration, we can
gain valuable insights into the dynamics of driving patterns. This analysis helps us to identify the
variations in driving behaviors across different times of the day and under various traffic conditions.
By incorporating these behavioral patterns into our models, we can improve their ability to predict
vehicle movements more accurately. This step is essential for enhancing the robustness and reliability
of our models, ensuring they can effectively handle diverse driving scenarios and provide precise
predictions in real-world applications.

According to Figure 5, in the top plot (Velocity), the velocity ranges of road agents are much larger
than VRUs and the typical ones are car, truck, van, motorcycle and bus. As similar trend is shown
in the bottom plot (Acceleration), we can conclude that velocity has similar impact as acceleration
according to the input of motion forecasting.
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Figure 5. Distribution of Velocity and Acceleration according to different road agent groups on the
whole dataset.

5.6. Analysis of Feature Correlations

Analyzing the correlations between different features in our dataset provides valuable insights
into the relationships among various attributes. This step helps in identifying redundant or highly cor-
related features, which can be used for feature selection or dimensionality reduction. By understanding
these correlations, we can improve the efficiency and performance of our models, ensuring they are
trained on the most informative features, thereby enhancing prediction accuracy and simplifying
model complexity.

In Figure 6, the correlation matrix shows the correlation between each indicator and checking if
there are high connections between them. Warmer colors (like white and light blue) represent higher
values, while cooler colors (like dark blues and blue) represent lower values. From that, we can take a
deep insight into the relationship between those attributes. I select some important connections that
influence the input selection (next part) : both xCenter and yCenter have connections with xVelocity
and yVelocity (0.2,0.47 and -0.62,-0.17) and also xVelocity and yVelocity are related to the corresponding
Acceleration(0.26 and 0.073). Although most of the absolute values of these data are smaller than 0.5,
compared to other figures in this map, they are relatively high values. And the absolute values of all
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other figures in this map are smaller than 0.1, thus we can assume that there are no strong relationship
between each other. Therefore, we can conclude that the pair of center point has linear relationship
with velocity and so does velocity with acceleration. From this point, we are able to think of the
redundancy of attributes and a way to proceed feature extraction or dimensional reduction.
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Figure 6. Heatmap for all attributes on RounD dataset.

5.7. Analysis Across Different Scenarios/Maps

To comprehensively evaluate our models, it is essential to test them across different scenarios
and maps. This analysis aims to compare the performance of our models in varied environments,
identifying any specific challenges or opportunities presented by different traffic conditions. By doing
so, we can assess the generalizability and robustness of our models, ensuring they can effectively
handle diverse real-world scenarios. This enhances the practicality and reliability of our models in
real-world applications.

In this part, we select two different scenarios (Recording 01 and 02) and compare them in various
aspects, including class distribution, sample trajectory and average speed, which is important for
analyzing the challenges in motion forecasting.
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In Figure 7, the majority in all scenarios is car (accounting for more than 75%) and Recording 02
tends to have fewer classes of road agents than the other recordings do. To be more specific, some
kinds of vehicles and VRUs are missing in 02, like trailer and bicycles, which account for 0.9%, 1.8%
and 0.8%. Recording 01 lacks trucks, and recording 09 lacks pedestrians as well. The percentages of
these classes are much lower than others. Therefore, without loss of generosity, we ignore the nuance
in both cases in terms of motion forecasting because we pay attention to the movement of agents rather
than the catalogs.

acceleration if f(K;) > 6
behavior = { constant if —0<f(K;)) <6 (1)
deceleration if f(K;) < —6

Recording:00 Recording:01
Recording:02 Recording:09

E car m trailer I pedestrian E van B truck B bus mm bicycle B motorcycle
Figure 7. Comparison of class distribution.

The Eq. 1 is used to determine the class of behavior, where K; stands for the current state of Agent
K on Frame i, f represents the evaluate function of driving behavior, which, for this case, is exactly
the Acceleration value on both x and y directions. Here we set § = 0.05 as a hyperparameter because
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approximately 80% of agents are lower than 0.05 as shown in Figure 8. If we use 0 to distinguish
between constant speed, acceleration, and deceleration, it becomes challenging to investigate the
precise data distribution and to make comparisons with others. This is because maintaining an
absolute constant value over a prolonged period is practically unfeasible.

300- Recording:00 Recording:01
71 acceleration [ acceleration
2501 [ deceleration 2001 [ deceleration
constant_speed constant_speed
i 2
$ 200 $ 150
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Figure 8. Distribution of acceleration-deceleration behaviors for road agents in two separate recordings.

In Figure 8, we can see that in the roundabout scenario, few road agents will remain at a constant
velocity during the trip, while the distribution of acceleration and deceleration are shown to be
different. The frequency of deceleration is much larger than that of acceleration on all conditions and
one significant difference between the four types of recordings is trend of deceleration and acceleration
. While those in 01 focus mainly on the ranges [0.2,0.4] and [0.6,0.8], the other three recordings seem
to be evenly distributed. But in recording 00, more agents tend to accelerate and there are more
acceleartion and deceleration activities in recording 09. According to these difference, we think the
main reason is due to different road conditions, such as the number of crossing roads, the number of
insections into the main road and the number of agents at that time, which is also an important factor
that have a deep impact on motion forecasting.

sectionModel Architecture
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5.8. Network Overview

Figure 9 shows the backbone model we used for trajectory prediction. We illustrate the trajectories
of all road agents, highlighting the target in orange within the traffic graphs. The orange circle
indicates that all agents inside, including the target, are represented as a fixed graph. This graph input
is then transformed into several eigenvectors (depicted as green rectangles, with each shade of green
representing an eigenvector index) of the original traffic graph. Subsequently, we extract the target
eigenvector (orange rectangle) to create a new feature map across all T frames. Using an encoder and
decoder, both based on GRU architectures, we predict the final trajectory. Here, D denotes the batch

s1ze.
Data Input Graph Convolution Model
Graph Feature
Time step t=1 t=T_h agent1 target agentN agenty target agentN
Spatial coordination  (X1.¥1) g (XT_hYT_h l
Raw Data M - E -
: target 95213 taget NxD NxD

l extract + concate l
Transformation

Graph representation ..'. P , I I I
t=1 t=2 t=T h
¢ v e

T_hxD

Graph Convolutional Layer

Trajectory Prediction Model ‘
istory |
Graph Feature Matrix
""""" Encoder GRU - - -~~~ -~
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2N ' o
4 ’ ,,,,,, [ ,,,,,, ot [oem 2

Figure 9. Overall architecture of the backbone trajectory prediction model used in our paper.

5.9. Graph Representation

We represent each timestamp with n observed road agents using a graph, with the local coordi-
nates of the road agents representing the set of vertices V = {v1,v,...,v,} and a set of undirected,
weighted edges E = {ey, ey, ..., ex }. All the road agents in this timestamp are considered to be connected
with the target agent through bi-directional edges. ' For agents that have either already left the scene
or have not yet appeared, their state is considered unobserved. Consequently, for a given vehicle, its
corresponding node feature v; will either be (x;,y;) or the unobserved state (0,0).

We chose the GCN structure because it excels at capturing spatial relationships and interactions
between entities in a graph, making it ideal for modeling the complex interactions between multiple
road agents in autonomous driving scenarios. After we transform all the data into graphs, we then use
the GCN [36] to do the feature extraction operation. The layer-wise propagation rule for GCN is given
by the following equation:

HIY = o(D~2AD 2 HOWD) )

where H() represents the activation matrix at the I-th layer, H (I+1) is the activation matrix at the
(I 4 1)-th layer, A is the adjacency matrix of the graph with added self-connections, D is the degree
matrix of A, W) is the weight matrix for the [-th layer, and o denotes the activation function, such as
the ReLU function. This rule is applied iteratively to propagate signals through the network.

1 For target agent a and for each other agent node i, we will get ¢,; and e; ;.
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6. Experiment

6.1. Training Details

We use one Nvidia GeForce RTX 3080 Ti GPU with 16GB memory in the work. We split the whole
dataset into four different subsets according to the four map types and for each subset and train it for
50 epochs to generate the best result. To be more specific, we choose 263777, 91971, 150171, 230982 valid
trajectories to form the training and testing set, i.e., recording 0, 1,2,9. We train these four recordings
in four independent models and test each them on all four senarios to evaluate the in-distribution
and out-of-distribution performance of these models. Additionally, we want to compare the model
performance at different times, i.e., morning,noon and afternoon. To deal with the data imbalance
problem and maintain the same data distribution as the original dataset, we decided to do a stratified
sampling on four kinds of recordings (each accounts for 25%) to obtain two new datasets and compare
their performance on each trained models. Besides, we define our problem in 1s observation and 1s
prediction, i.e., 25 frames for each.

In terms of the hyperparameters, we use a learning rate of 1le-3, batch size of 256, and choose
Adam as the optimizer with weight decay at 1e — 5. Apart from that, the input vectors consist of ten
features, i.e., xCenter, yCenter, xVelocity, yVelocity, xAcceleration, yAcceleration, lonVelocity, latVe-
locity, lonAcceleration, latAcceleration. To extract meaningful features from these high-dimensional
data, we need to reduce their dimensionality. In this study, we employ Principal Component Analysis
(PCA)[37] to use two attributes instead of the whole ten inputs to represent the majority of road agent
features in terms of motion forecasting because we have found the interrelationships between them.6

Due to the computations involved in obtaining the target agents and their corresponding eigen-
vectors in GCN feature extraction, we simplify this process by ignoring all the other agents after GCN
and only concatenate the i dimension of hidden values, where i is the index of target agent.

6.2. Input Format

The input we select are from four independent recordings with the tensor format B * T * 2, with
B = 256 representing for the batch size and T = 25 standing for 1 second observed data, and 2-
dimensional coordinates (x,y). The output’s size is the same as the input. When preparing for the
dataset, we first select agents according to their types, i.e., excluding the VRUs (bicycle and pedestrian).
As discussed before in Section 5.1, the VRUs account for very small percentage of the whole data. And
we need to choose an agent i, for the range [to, t,], we use a slide window to iteratively choose the first
25 frames as training part and the next 25 frames as testing part, where fy and ¢, stand for the first
frame and the last frame of agent i.

6.3. Coordinate Transform

Most methods use world spatial coordinates as the input of their models, but there exist some
disadvantages to this straightforward way [38]. For example, world coordinates are absolute and
can be complex to work with, especially in dynamic environments where many objects are moving
simultaneously. Moreover, small errors in world coordinates can lead to significant inaccuracies in
trajectory predictions, especially over long distances or durations. In this paper, we use the local
coordinate system to transform our dataset. Firstly, we calculate each agent’s coordinates according to
the target agent a at timestamp k in the training sequence for both training and predicting, including
target agent itself.

b, = {(0, 0) ifi = a‘and ti=k )
" (xi,tj — Xaj Yit; — Yak) otherwise

where i is in the range of [1, n] representing different agents,  is the total number of agents. ¢;
is a certain time step in the existing duration of agent i, Xit; and y;, represent the two dimensional
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coordinates of agent i at f; moment. In this way, the coordinates of all agents are normalized related to
the target agent in the beginning of training.

Subsequently, it has been ascertained that varying scenarios and road conditions exert a con-
siderable influence on the alterations in trajectory prediction, encompassing both longitudinal and
lateral dimensions. Consequently, there arises a necessity to establish a novel target-based coordinate
system that registers the forward momentum of the target vehicle as the principal axis of variance.
By adopting this approach, one can efficaciously transform the global coordinate framework into a
localized one.

xz,',tj = Xi; - 0s(8) — yi, - sin(6) @
yf,tj = %y, - sin(0) + yiy, - cos(6),

where 0 is the angle between the agent and the horizontal line (always positive).

The final step is to do the normalization. After the following transformation, we get the trajectory
data whose scale is relatively small (the difference of all data in one training sequence is close to the
level of 1e-2), which is not beneficial for training the network. So we need to normalize the whole data
to the range [0, 1] using MIN-MAX scaler.

)

where 1y and oy are the mean and variance of transformed x coordinates in the whole dataset
and so are y coordinates.

6.4. Metrics and Loss Function

For this trajectory prediction problem, we use the following standard metrics in our work.

1. ADE(Average Displacement Error): The average euclidean distance between predicted trajectory

and the real trajectory.
pr
ADE - \/ Ty 7 (DfE)

n

, where n indicates the number of vehicles, r indicates the prediction step, (Df“St indicates the

Euclidean distance between the actual and predicted coordinates of vehicle i.
2. FDE(Final Displacement Error): Euclidean distance between trajectory prediction endpoint and

true value.

EFDE = \/(xpred — xtruth)Z 4 (ypred — ytruth)z

truth
7

, where (xP"®?,yPre?) is the end point of the predicted trajectory, and (x y!rth) s the end

point of the actual trajectory.

In this problem, we use the basic MSE(Mean Squared Error) as the main loss function.

n (xpred oy

L o (at ltruth)2+( pred truth)Z

i Y

n

. . d  pred ,
, where n is the total number of data size (x!"*,y!"*) and (x!"th, ytruth) are defined as above.

6.5. Results

By observing the table, several general trends and patterns emerge regarding the performance
of the models trained and tested on different scenes. Firstly, we notice that the lowest ADE (Average
Displacement Error) and FDE (Final Displacement Error) values are generally observed when the
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training and testing scenes coincide. This indicates that models perform best when applied to the
same type of environment they were trained on, highlighting the importance of scene-specific training
data. For instance, the model trained and tested on Scene 0 shows relatively low ADE and FDE values
(0.81 and 1.06, respectively), suggesting high accuracy in predictions for that specific environment.
Similarly, we train and test the model on Scene 9 which is made up of simple traffic patterns with high
presence of cars giving rise to low error values (0.16 ADE and 0.31 FDE).

Table 1. This table shows the ADE and FDE metrics calculated from all the types of recordings in all
the trained models.

| TRAINING
| ADE \FDE | 0 \ 1 \ 2 \ 9
\ 0 | 0.81\1.06 | 1.08 \1.24 | 1.34\1.69 | 1.12\1.42
\ 1 | 0.88\1.14 | 0.87\1.34 | 1.23\1.43 | 0.93\1.43
TESTING
\ 2 | 0.99\1.05 | 1.29\1.96 | 0.28 \0.49 | 0.57 \0.62
\ 9 | 1.09\1.34 | 1.46 \1.78 | 0.79\0.82 | 0.16 \0.31

Model trained on complex scenes like Scene 1 have higher error values when tested with other
Scenes. The main reason for this is that the sophisticated traffic dynamics and multiple agent types in
Scene 1 make it difficult to generalize over other environments. A model trained on Scene 1 would have
an ADE of 1.23 and FDE of 1.43 when tested in isolation, but with the paired frames from different we
can observe that these real values are somewhat close to our predicted ones which further highlights
its significance. The prediction for Scene 2, which acquires much more high frequencies of acceleration
and deceleration than other scenes, is surprisingly not good, indicated by the higher error values in all
models compared to others. However, the model trained on Scene 2 performs significantly better on
Scene 9, with an ADE of 0.79 and an FDE of 0.82, indicating some shared characteristics that facilitate
better performance.

Overall, the table illustrates that models generally exhibit lower prediction errors when applied to
scenes with similar traffic dynamics and agent distributions as their training data. This underscores the
importance of accounting for specific scene characteristics during model training to enhance predictive
accuracy and generalizability. Additionally, predictable environments with homogeneous agent types,
such as Scene 9, tend to yield more accurate predictions across various models, further emphasizing
the benefit of training on stable and representative data.

6.5.1. Visualization Analysis

In Figure 10, for recording 0, the predictions by different models are clustered closely around
the actual trajectory, as indicated by the yellow dots. The model trained on Recording 0 might be
displaying the highest accuracy, given its familiarity with the scene’s dynamics. The model trained on
Recording 9 appears to predict the trajectory accurately, which might indicate that the traffic behavior
in Recordings 0 and 9 shares similarities that the model can generalize. The divergence between
predictions and the ground truth is minimal, suggesting that the models can capture the necessary
patterns in such simple scenarios.
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Recording_02 Recording_01

Figure 10. Visualized Prediction Results. Target vehicle is colored in orange and all other agents are
colored in blue. Blue and yellow points are the trajectory history and labels of all the road-agents. Black
triangles are the predicted trajectories of the target agent in model 0. Red crosses represents model 1,
green pluses and pink points are model 2 and model 9 seperately.

For recording 1, the trajectories predicted in this scene show greater divergence, which could
be due to the complexity of the scene itself, such as more lanes or higher traffic density. The model
trained on Recording 1 likely demonstrates better performance compared to the others, as it would be
specialized to the specific complexities of the scene. Models trained on other scenes (models0 2, and
9) might struggle to adapt their predictions to the unique traffic patterns of Recording 1, hence the
greater variance in predicted trajectories.

For recording 2, it presents a roundabout with a central island and the complexity of the round-
about interactions is reflected in the more scattered predictions. The model trained on this scene is
expected to have learned the nuances of the roundabout’s traffic flow, potentially resulting in closer
predictions to the ground truth. Other models seem to have divergent predictions, indicating a lower
ability to capture the specific traffic behaviors of this scene, which may be quite different from those in
their training data.

For recording 9, the predictions in this scene are relatively close to each other, suggesting that
the models find this scene easier to predict or that there is some commonality in the traffic dynamics
that all models are able to grasp. Given that the model trained on Recording 9 shows predictions
closely following the ground truth, it suggests high accuracy and an understanding of this scene’s
particular characteristics. Other models, even though trained on different scenes, seem to provide
reasonable predictions for this recording, which may indicate that the traffic patterns in Recording
9 are less unique or that the behaviors here are well-represented in the training datasets of the other
models.

7. Conclusions

In this paper, we conducted a thorough analysis of the RounD dataset from various perspectives
to enhance the understanding of motion forecasting for autonomous vehicles in roundabout traffic
scenarios. Our research focused on evaluating a representative backbone trajectory prediction algo-
rithm, investigating its generalizability across different training and testing datasets. We performed
comprehensive experiments to analyze how different data distributions, such as varying road con-
ditions and times of the day, influence the model’s predictive performance. Our study highlighted
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that models trained on specific types of data tend to perform better when tested on similar data. One
key finding is the significant impact of the training and testing dataset composition on the model’s
generalizability. Models trained on diverse and representative maps exhibited better generalization to
unseen scenarios, underscoring the necessity for comprehensive and varied training data. However,
our study has several limitations. The scope of our evaluation is limited to the RounD dataset, which
may not fully capture the diversity of real-world driving conditions. Additionally, the current analysis
is confined to a single backbone trajectory prediction model. Future work will focus on addressing
these limitations by expanding our dataset to include a wider variety of driving conditions. We
will also explore generalization analysis across different backbone trajectory prediction models to
understand how varying model architectures impact generalization.
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