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Abstract

Predicting accurate trajectories for traffic participants is a crucial task in the autonomous driving field.
Especially in complex scenarios like urban intersections we need to anticipate intentions and positions of
surrounding agents in order to plan a safe and smooth maneuver for an ego-vehicle. Trajectory prediction
remains a challenging task due to a diverse set of influencing factors like the topology of the street, traffic
rules and physical dynamics but also stochastic intentions of the agents and their mutual influences. The
performance of prediction models depends on both the input representation, i.e. the encoding of the scene,
and the prediction, i.e. the decoding of trajectories. Recent works have mainly focused on the decoding
part. Conversely, in this work we investigate the input representations of trajectory prediction models.
They can roughly be divided into raster- and vector-based methods. Raster-based methods represent
the traffic scene as bird’s-eye-view images whereas vector-based methods represent all elements as sets
of points. We explain the pros and cons of both methods and carry out preliminary experiments to
enhance the representations by 1) enriching the over-simplistic vector representation and 2) combining
both representations. Our finding results on the popular NuScenes benchmark indicate that very simple
representations are actually sufficient for state-of-the-art results. This is in contrast to real-world driving
where more information influences driver decisions. Consequently, it might be the call for more diverse
and representative datasets and/or more expressive models.
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1. Introduction

Predicting accurate trajectories of traffic participants is a crucial task in the autonomous driving
field. Especially in complex scenarios like urban intersections we need to anticipate intentions
and positions of surrounding agents in order to plan a safe and smooth maneuver for an ego-
vehicle. Vehicle trajectories are influenced by the topology of the street, traffic rules and physical
dynamics but also by the unknown (and thus stochastic) intentions of the agents and their
mutual interactions. Through this combination of different factors vehicle trajectory prediction
remains a challenging task. Almost monthly new entries occur on the leaderboards of the
major benchmarks like NuScenes'. A strong focus in recent years has been on the decoding of
the trajectories: Given an embedded agent, generate a diverse set of high quality trajectories.
However, less focus is on the representation and embedding of the traffic scene. Often approaches
from existing work are being used without developing them further [1]. Regarding the input
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representation, one can roughly divide vehicle trajectory prediction models into two categories:
Raster-based and vector-based methods.

In raster-based methods the traffic scene (trajectories, HD map,...) is represented in form of
bird’s-eye-view images (see figure 1) from which CNN-based methods compute hidden features
for the vehicles and their interactions [2, 3, 4]. Images deliver a very complete and detailed
representation of the traffic scene. Further CNNs are good at capturing local dependencies and
bring other advantages like invariance to translation, equivariance to rotation and the possibility
to use strong off-the-shelf vision models. However, they struggle at capturing global interactions,
neglect geometric dependencies such as connectivities along lanes and are expensive [5, 6, 7].
That’s why most of today’s methods use vectorized representations of the trajectories and HD
maps [8, 9, 10]. The idea is to represent all elements as sets or sequences of points. Trajectories
and traffic elements are defined by polylines that are closely approximated by sets of points.
The point sets are typically encoded with some RNN-architecture to initialize embeddings for
either a GNN- or Transformer-based encoder. For GNNs one defines a graph over the point
sets. Traffic elements and vehicles form nodes in the graph and edges model the respective
interactions. Most graph representations only consider the centerline information in a so called
lane graph. Vectorized representations are very efficient, good at capturing geometric structures
and the mainstream input representation of SOTA models. However, they are typically rather
simple (e.g. only the lane centerlines), neglecting potentially valuable information of the traffic
scene.

For this reason we investigate the following question: 1) Can a more complex vectorized
representation improve the performance of a SOTA trajectory prediction model? Further,
both methods have their pros and cons. It could be beneficial to combine them. There exist
approaches in this direction [11, 12]. However, none of them utilize the lane graph representation,
which many SOTA trajectory prediction models rely on. Thus, 2) Can a joint rasterized and
vectorized lane graph representation combine the best of both worlds and prove beneficial for
the performance?

2. Preliminaries

2.1. Trajectory Prediction

Let t.,T € N, we are given a time horizon 1, ..., t.,...,T, with current time ¢, past [1, ]
and future [t. + 1, T']. Further we have a set of N agents (cars, trucks, motorcycles, pedestrians)
represented by 2D coordinates z¢,..., 2% € R2, a € N. We write X1.7 € RVXTX2 for all
trajectories of all agents in matrix from. Lastly there is map information M representing street
elements (lanes, crosswalks, traffic lights ...), usually given in form of an HD map.

The task is: Given the past trajectories X1.;, € RV>*%*2 and M, predict the future trajectory
Xfc 1.7 of one specific agent a € N or the future trajectories of all agents X;_ 1.7 Since there
is not only one sensible continuation of a traffic scene (rather a probability distribution) it is
standard to define a number of modes K € N (e.g. K = 5, 10) and predict K futures.

. . . < k:7
Given a multi-modal prediction X tcilzT for agent @ and k = 1,..., K the most common



evaluation metric is the minimum average displacement error:
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where C =T — (t. + 1).

2.2. Raster Representation

In a raster representation a stack of bird’s-eye-view images is used as input and has the form
I € RIXWx2C where H and W are height and width of the image and C' is the number of
channels. Each channel can represent a different type of input, e.g. agent trajectories, walkways,
drivable area or RGB values.
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Figure 1: Two rasterized input channels from an intersection in the NuScenes dataset.

2.3. Vectorized Representation and Lane Graph

Road elements and trajectories are represented as a set or sequence of points (see Figure 2).
E.g letx1,..., 710 € R? be the coordinates of the centerline of a segment of some lane. The
segment has as initial representation the set (or sequence) {x1,...,210} plus some attributes
(e.g. number of outgoing lanes, number of neighboring lanes, ...). A popular approach in recent
years is the lane graph: Each lane segment defines a node in a graph. Node attributes include
(an embedding of) the respective vector sets, and edges are defined by the flow of the traffic, i.e.
a lane segment is naturally connected to its successor and neighboring segments [10, 5, 8].

3. Experiments

Figure 2 illustrates the simplification from the complete input to a vectorized representation
which motivated our first question: Can a more detailed vectorized representation improve the
performance of a SOTA model?
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Figure 2: Vectorized representation on the left. As comparison all layers of a NuScenes map on the
right side.
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Figure 3: RGB image of one lane node, the point set of the node is colored green (start point) and blue.

To this end we consider PGP [8]: PGP is a competitive model on the NuScenes leaderboard?,
comes with a well written code base® and employs a lane graph. The lane graph consists only
of lane centerlines, i.e. nodes are centerline segments. The node attributes indicate whether a
centerline intersects with a pedestrian crossing or a stop line. Edges are of type successor and
neighbor.

Without going into detail, to compute embeddings of lanes and agents PGP encodes the vector
sets of lane nodes and the trajectories with GRUs followed by some attention and message
passing mechanism. For decoding, candidate paths are sampled from the lane graph and refined
to a final output trajectory of an agent.

We extend PGPs lane graph by adding nodes for geometric objects other than the centerlines of
the lanes (PGP+polygons). In particular, we add most of the polygonal elements depicted in

*https://eval.ai/web/challenges/challenge-page/591/leaderboard/1659
*https://github.com/nachiket92/PGP



Figure 2 on the right, including stop areas (yellow), ped crossings (light red), entire lanes (green)
and road segments (blue). The representation now contains the exact extent of the elements, e.g.
also the lane width and exact positions of ped crossings etc. We embed the polygonal structures
(represented as sets of points) with a GNN. This embedding is the feature for the additional
node in the lane graph which is connected to other nodes accoording to the topology of the
street.

For the second question of a lane graph with a joint rasterized representation we simply add
a raster feature to each of the lane nodes (PGP+raster). The raster feature is just an image of
a rectangular area containing the respective centerline points and oriented in the according
direction (see Figure 3). We use a pretrained ResNet-50 to embed the images and concatenate
them to the embeddings of the lane nodes.

We train both approaches from scratch, optimize PGP’s hyperparameters and evaluate on the
NuScenes prediction split.

Table 1
Lower is better. Performance on the NuScenes prediction dataset.

Method minADEj5
PGP 1.27
PGP+polygons 1.32
PGP+raster 1.36

As we can see in table 1 both PGP+polygons and PGP+raster worsen the performance. Even
though they have additional information the generalization is worse. It seems sufficient to
have a simplistic representation of the map to achieve good results on NuScenes prediction
which is also reflected by the online leaderboard. In most cases the centerline information is all
one needs to predict accurate trajectories. Even if the additional information could help in
some edge cases, it generally seems to confuse the model. For PGP+polygons it could be that
the deeper and more complex graph impairs the message passing which is a known problem
of GNNs [13]. PGP+raster actually made the model strongly overfit. We had to reduce the
embedding dimensions and add dropout on the raster feature to get the score from table 1.

4. Conclusion

In this work we tried to extend the sparse input representation for the trajectory prediction
model PGP. Our preliminary experiments confirm that a simplistic representation is favorable
to achieve SOTA results on NuScenes and other public trajectory prediction benchmarks. As
human drivers we know this is not the whole picture. For example no traffic light state, speed
limit or lane width information are considered in PGP and most models of the NuScenes
leaderboard. All factors that strongly influence a driver’s decisions. In other words, the problem
could be the dataset. Hence, even though the methods did not improve the performance on



the NuScenes benchmark it is worthwhile to further investigate how to add more valuable
knowledge into trajectory prediction models. For this purpose one probably needs a more
diverse dataset containing additional information and covering specific scenarios (like "green
light turning red"), where this information is relevant, in a more extensive way. In future work
we plan to test our hypothesis on other models than PGP. A Promising direction is also the
connection of geometric trajectory prediction models and large language models that potentially
can add reasoning abilities to the models which could help to fully leverage a more detailed
input representation.
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