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ABSTRACT Predicting the trajectory of the ego vehicle is a critical task for autonomous vehicles. Even
though traffic regulations have defined boundaries, various behaviors of the agents in real-life situations
introduce complexities that are hard to capture comprehensively. This has led to a rising curiosity in ego
vehicle trajectory prediction based on learning techniques. In this paper, we introduce BEVSeg2GTA (Bird’s-
Eye-View Joint Vehicle Segmentation and Graph Neural Network Trajectory Prediction), a novel approach
that aims to forecast trajectories by treating perception and trajectory prediction as interconnected elements
of a single system. By integrating these tasks, we demonstrate the possibility of improving perception
accuracy and trajectory prediction error. Initially, an encoder-decoder transformer-based deep network
is employed to convert the multi-view camera images to a Bird’s-Eye-View representation followed by
semantic segmentation of crucial agents, including the ego vehicle, other vehicles, and pedestrians within the
scene. Integrating state-of-the-art backbone (such as EfficientNet) facilitates the extraction of strong features,
which are used to construct a graph wherein a node represents each object within the scene. Subsequently,
the connections of these nodes are established by a k-Nearest Neighbors algorithm based on the distance
metric. Further, the node and image features are fed into a Graph Neural Network to learn the complex
relationships between agents in a spatial context. Finally, the Graph Neural Network learned features are
passed to a Spatio-Temporal Probabilistic Network to predict the ego vehicle’s future trajectory accurately.
The proposed framework, BEVSeg2GTA, has been extensively evaluated on nuScenes datasets. The results
demonstrate that the proposed method improves the state-of-the-art performance.

INDEX TERMS Multi-view camera, encoder-decoder transformer, Bird’s-Eye-View, semantic segmenta-
tion, graph neural network, spatio-temporal probabilistic network, trajectory prediction.

I. INTRODUCTION
The development of autonomous driving technologies
emphasizes the importance of safety [1], [2], which relies
on continuous coordination between perception, prediction,
planning, and control systems, as depicted in Figure 1.
Predicting the trajectory of the ego vehicle is an essential

The associate editor coordinating the review of this manuscript and

approving it for publication was Diego Oliva .

element in the development of autonomous driving systems
[3], [4], [5]. It allows vehicles to navigate through complex
traffic situations [6], [7]. This task is particularly challenging
due to the unpredictable nature of human behavior and
the dynamic interactions between agents (i.e., vehicles and
pedestrians).

Accurate ego trajectory prediction is used for understand-
ing the complex spatial and temporal relationships in dynamic
scenes [8], [9], [10], [11]. Thus, this can potentially enhance
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FIGURE 1. Modern self-driving systems include standard components in
their setup, outlining various tasks.

autonomous driving systems’ safety, efficiency, and overall
performance. For example, ego trajectory prediction enables
autonomous vehicles to optimize their driving behavior,
leading to smoother lane changes and more efficient vehicle
merges [12]. This ultimately contributes to an overall
improvement in traffic flow.

In this study, we introduce a novel method, namely
BEVSeg2GTA, aimed at improving ego vehicle trajectory
prediction by utilizing an encoder-decoder transformer [13]
and Graph Neural Network (GNN) models [14]. This work
uses GNNs to learn the complex relationships between
vehicles and their interactions within the traffic environment.
These networks are capable of capturing the dependencies
between vehicles, aiding in the prediction of their future
trajectories based on the current state of the network,
with the use of a Spatio-Temporal Probabilistic Network
(STPN) [15].

Multi-camera views provide a 360◦ perspective of the
surrounding environment, capturing details that a single
camera might miss. Our strategy involves employing a
network trained on multi-camera views captured by the
host vehicle, which converts these views into Bird’s-Eye-
View (BEV) representations of the surrounding environment,
providing a comprehensive, simplified view of the environ-
ment. These representations undergo deep learning-based
semantic segmentation processes to identify objects within
the scene, including pedestrians, other vehicles, and ego
vehicles, as detailed in [13]. The results of this segmen-
tation are then integrated across different camera perspec-
tives to create a BEV representation of the surrounding
vehicles.

Building on the segmented data, our proposal uses segmen-
tation masks to identify specific regions within images. These
regions are then utilized for feature extraction via a ResNet-
18 [16] network. The extracted features are subsequently
used in a k-Nearest Neighbor (kNN) [17] algorithm to create
edges that connect with nodes. k refers to a positive integer
that defines the closest training examples in the data set.
Consequently, a graph is constructed, with bounding box
features as nodes and edges derived from the kNN approach.
To capture spatial patterns within this graph representation,
we employ a GNN model, which learns spatio-temporal
features for trajectory prediction. Finally, the host vehicle
utilizes an STPN, as described by [15]. The STPN learns the
spatial patterns of vehicle motion from historical trajectory
data. The predicted trajectories are then projected back to the
ego vehicle’s BEV perspective, providing an understanding

of the surrounding traffic dynamics. Figure 2 gives a
conceptual overview of our approach.

The main contribution of our paper is to propose an
architecture that brings together components of Camera
to BEV Transformation, BEV Segmentation, GNNs, and
STPNs to provide a network that jointly estimates the BEV
segmentation and the ego vehicle trajectory:

• Our proposal architecture (BEVSeg2GTA) offers an
approach to accomplish vehicle segmentation and
ego vehicle trajectory prediction tasks jointly, thereby
achieving state-of-the-art results in both segmentation
and trajectory prediction compared on the nuScenes
dataset [18]

• Our proposal integrates GNNs into the BEV architecture
to capture the spatial relationships of the host vehicle and
nearby objects, where the weights of the connections are
inverses of the distances.

• STPN is then integrated for trajectory estimation, so our
network proposal considers both spatial and temporal
aspects of the problem.

Preliminary results of this work have been published
in [19]. In this paper, we have extended and improved upon
our previous work as follows:

• To learn the complex relations of different road agents,
a GNN is integrated into this proposal.

• Theoretical explanations of each component are added
with significantly greater details.

• We have done a systematic ablation study to evaluate the
effect of proposed individual components, parameters,
losses, and different evaluation settings.

• We added a detailed discussion on the limitations and
failure scenarios of the proposed method.

The structure of the paper is as follows: Section II provides
an overview of related works in the field. In Section III,
we delve into a detailed description of the proposed network.
Section IV outlines the experimental setup used to obtain the
results presented in this paper, including an ablation study
in Section IV-E. In Section V, we present the experimental
results and analyze their implications. In Section V-C,
we present the failure scenario in predicting the ego
vehicle’s trajectory. Lastly, Section VI concludes the paper by
summarizing the findings and outlining directions for future
research.

II. LITERATURE REVIEW
This section reviews related work on trajectory prediction
in autonomous vehicles. We outline common problem
formulations and solutions, focusing on model-driven and
data-driven approaches. These methods address key chal-
lenges in predicting vehicle trajectories, offering valuable
insights into current techniques used in the field. Table 1
illustrates our choice of the nuScenes dataset. We selected
this dataset because it offers six camera views, providing
a comprehensive top-down view that facilitates clear and
accurate BEV representation. This multi-view perspective
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FIGURE 2. The BEVSeg2GTA framework aims to enhance ego vehicle trajectory prediction by integrating an encoder-decoder transformer
and a GNN. The framework begins with a projection module, which transforms the input multi-camera views and map information into a
BEV perspective using an encoder-decoder transformer. The segmentation output from this module is then fed into the GNN, which is
utilized to construct a graph representing spatial information. This graph is subsequently employed as input into an STPN, which produces
predictions of the ego vehicle’s trajectory.

allows for a detailed capture of the environmental layout from
a top-down perspective

A. BIRD’S-EYE-VIEW REPRESENTATION
BEV-based perception involves converting perspective
images to a top-view representation and performing various
tasks such as 3D detection [20], [21], [22], map segmenta-
tion [23], [24], tracking, and motion planning [25], [26]. Due
to its inherent advantages in 3D spatial representation [27],
[28], multi-modal fusion [29], [30], decision-making, and
planning, the subject of BEV perception has aroused great
interest from researchers in academia and industry. Recent
advances in object detection have led to the development
of CNN-based 3D object detection models [31], [32], [33],
[34] capable of generating 3D bounding boxes (BBOX)
from monocular images. It is observed that these models
have shown promising results in the automotive field. One
such approach is to use the DETR [35] architecture as
the basis for a 3D detection model using only surround-
view images, which has led to the development of several
camera 3D detection models leveraging Transformer-based
models. These models extract relevant camera features
from multiple views using object queries employing spatial
cross-attention (e.g., the Cross-view Transformer (CVT)
[13]). BEVFormer [36] further improves detection and
segmentation performance by employing BEV spatial queries
and temporal attention to previous frames. The Lift, Splat,
Shoot (LSS) [37] method integrates a surround-view camera
into BEV representation to improve detection performance,
while CVT [13] and PowerBEV [38] integrate feature
information to improve BEV Visibility, referring to the
quality and detail of the top-down environmental view.
Overall, the field of BEV is rapidly evolving, and new
approaches are being developed to overcome the limitations
of existing methods. Along this line of work, we improve the
BEV Visibility using map information, enhancing accuracy
and robustness and helping to predict future trajectories.

B. MAP SEGMENTATION IN BIRD’S-EYE-VIEW
BEV-based semantic map segmentation can be categorized
into two types: single-view and multi-view segmentation.
Single-view segmentation [23], [39] faces the challenge

of creating the entire BEV semantic map from just one
image taken by the front-view camera of the ego vehicle.
To address this, earlier methods used synthetic datasets like
CARLA [40] or CARSIM [41], which offer high-perspective
views. Nowadays, with the availability of multi-camera
view datasets like nuScenes [18] and Waymo [42], recent
approaches [13], [38] use the camera intrinsic and extrinsic
parameters to convert multiple views into BEV semantic
maps. Map segmentation techniques fall into two main
categories: transformer-based segmentation [13], [19], [36],
[38], [43] and deep-CNN-based segmentation [36], [37], [44],
[45]. CVT [13] uses camera-geometry aware transformers
and positional embeddings to achievemap view segmentation
of multi-view images. However, it mainly focuses on
local patch information rather than the overall relationship
between regions. Note that, CVT is proficient at analyzing
specific local features, it may not effectively capture the
holistic relationships and structures present in the overall
region being analyzed as detailed in this paper [13]. The
Collaborative Bird’s Eye View Transformer (CoBEVT) [43]
uses sparse attention to capture sparse global information
by considering only a subset of global features instead of
all relationships. LSS [37] introduces a CNN-based deep
semantic segmentation network by considering the feature
maps from each view and merging them into a single
intermediate BEV representation.

C. GRAPH NEURAL NETWORK IN BIRD’S-EYE-VIEW
Graph-basedmethods are gaining popularity for various tasks
in BEV scenarios, including object detection [52], [53],
semantic segmentation [54], [55], and scene understand-
ing [56]. BEV provides a simplified view of the environment,
facilitating the acquisition of contextual information [4].
The GNN model [57] utilizes spatial relationships between
objects, represented as nodes in a graph, to capture complex
interactions and dependencies. Additionally, GNNs detect
and track objects such as vehicles, pedestrians, and cyclists
in BEV representations [58], [59]. Our research employs
GNNs to establish spatial relationships between agents and
ego vehicles within the scene. Analyzing spatial relationships
closer to the ego vehicle reveals connections between agents
and indicates the strength of their relationship with nearby
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TABLE 1. Dataset for autonomous vehicles utilized in trajectory prediction.

objects. This additional information enables more accurate
trajectory predictions.

D. BIRD’S-EYE-VIEW BASED TRAJECTORY PREDICTION
In the field of predicting the trajectory of autonomous
vehicles, researchers commonly analyze data from sen-
sors such as Lidar, Radar, and Cameras [60], [61], [62].
By integrating data from these sensors, they can accurately
predict vehicle trajectories. The goal is to guess where
the autonomous vehicles and other objects will be in the
future. This is important for making autonomous driving
systems safe and efficient. Using a BEV gives a complete
view of the environment, including details on all objects
like vehicles and pedestrians. This approach is supported
by previous research [13], [19], [38], which has shown the
benefits of using a bird’s-eye view for understanding the
surrounding traffic dynamics and optimizing the trajectory
of the ego vehicle. Recent studies have explored trajectory
prediction [63], [64] [65], [66], [67] task, primarily focusing
on raster maps to forecast future trajectories. Transitioning
from a perspective to a BEV for trajectory prediction presents
unique challenges due to unavailable segmentation details.
It’s noteworthy that much of the existing work relies on
sensor fusion [68], [69] and single monocular camera [70]
incorporating information from additional sensors like Lidar
and Radar. However, our method concentrates solely on
camera-based information, significantly reducing computa-
tion time. In this study, we propose a solution to address
these challenges. Our approach involves leveraging BEV
representation in conjunction with surround-view images.
Front-view perspective images offer detailed object infor-
mation, which can be lost in a BEV, affecting trajectory
predictions based on a spatial-temporal probabilistic network.
We utilize surround-view cameras (6-views cameras) to
capture complete scene information. We calculate vector
information through graph embedding to aid in ego vehicle
trajectory prediction. To achieve this, we employ a temporal
probabilistic network to compute potential trajectories,
selecting the most probable outcome after that. This outcome
is then projected back onto the scene, completing the
trajectory prediction process. The key difference in our
proposed method is that graph neural networks (GNNs) are
used to generate embeddings representing the environment
around the ego vehicle. Finally, these embeddings are used

as input to a spatio-temporal probabilistic layer to predict the
future trajectory of the ego vehicle.

III. PROPOSED METHODOLOGY
Our proposal BEVSeg2GTA method, as described in
Figure 3, utilizes multiple cameras to create a view of
the environment around the ego vehicle, incorporating
vehicle segmentation and the prediction of the ego vehicle’s
trajectory. This method extends the transformer technique
for generating the BEV and then uses GNNs to establish
spatial relationships between objects. This information is
utilized to calculate probabilistic trajectories using an STPN.
We provide both a summary of the main elements of
the prior works and a focused description of how the
individual methods are integrated into our proposed network
architecture.

A. MULTI-PERSPECTIVE CAMERA INPUTS
The dataset employed in this study is the nuScenes
dataset [18]. It comprises six cameras placed around the
vehicle, providing a 360◦ field of view. Each camera within
has extrinsic (R, t) and intrinsic M calibration parameters,
which are provided at each timestamp, with the intrinsic
parameters remaining constant over time. It should be noted
that while the nuScenes dataset contains other perception
sensors, such as radar and lidar, they are not used in this work.

B. CAMERA TO BEV TRANSFORMATION
In this section, we provide detailed explanations of all the
components used in our Camera to BEV Transformation
(CBT) block (refer to Figure 3). This block is designed
to obtain a BEV representation of the scene by integrating
features from each monocular camera and transforming them
into the BEV space.

1) POSITIONAL EMBEDDING
Later in Section III-B3, we will describe how Cosine
Similarity is used in Cross-view Attention. Here, we improve
the cosine similarity measure by including positional embed-
dings. This helps the model better understand both the
geometric and visual aspects of the input images. For every
point in the image, we create a direction vector that acts
as a reference in the coordinate system. Then, we utilize a
Multi-Layer Perceptron to transform these direction vectors
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FIGURE 3. Our proposed BEVSeg2GTA architecture: Our method for jointly segmenting vehicles and predicting the trajectory of the ego
vehicle consists of several stages. Initially, we extract image features across different scales and integrate a camera-aware positional
embedding to address perspective distortion. Following this, we employ map-view positional embedding and cross-attention layers to
gather contextual insights from various viewpoints and enhance the segmentation accuracy of the ego vehicle. The segmented results are
then passed through a kNN to generate embeddings representing the surrounding environment. These embeddings are further utilized as
input to a probabilistic layer for trajectory prediction, leveraging contextual information from the surrounding scene. Stars are used to
indicate the novel contributions of this work (red and green indicating major and minor component contributions, respectively).

into positional embeddings with higher dimensions, per [13].
These embeddings, labeled as δk,i, contain spatial informa-
tion regarding the relationship between the reference point
and the image coordinate. In our setup, we’ve chosen the
dimensionality of these embeddings, represented as D, to be
128, as suggested by [13].

2) MAP EMBEDDING
Similar to [13], The objective of map-view positional encod-
ing is to accurately predict the 3D location of each element on
the road. Initially, this prediction is uniform across all scenes,
likely reflecting an average position and height above the
ground for each element. The transformer architecture refines
this prediction through a series of computational iterations,
generating updated latent embeddings labeled as e = [e1,
e2 . . . .e6], each ei representing a camera embedding (one
embedding for each camera). These positional embeddings
contribute to creating a representation of the 3D environment
from the map-view coordinates. This process leverages the
transformer’s ability to extrapolate to sequence lengths longer
than those encountered during training, aiding the model’s
capacity to differentiate between elements based on their
relative positions in the map-view coordinates.

3) CROSS-VIEW ATTENTION
The CBT component aims to combine map view and image
features, as described in [13]. Generally, this module doesn’t
directly acquire precise depth details. Instead, it learns depth

approximation via positional embeddings, labeled as {δ},
while the world coordinates (xworld ) remain unspecified.
The association between the world and unprojected image
coordinates is measured using cosine similarity.

cos(θ ) =
a · b

∥a∥∥b∥
(1)

where a = R−1
i M−1

i x image and b = xworld − ti. Here, x image ∈

P3 denotes a homogeneous image point corresponding to a
given world coordinate xworld ∈ R3. In the case of nuScenes,
where there are 6 cameras, i has the interval [1 . . . 6]. R−1

i
and M−1

i are the inverse of the calibrated rotation and
intrinsic matrices, respectively, for each camera. ti is the
calibrated camera position. Thus, a is a direction vector of
the image point x image, and b is a direction vector of the
corresponding world point xworld . Note that neither of these
are necessarily unit vectors, and thus, they are normalized
in (1). The cosine similarity measures the difference of these
directions (θ being the angle between the two directions).
The calculation of cosine similarity relies on accurate world
coordinates. This calculation is important in enabling the
model to determine the similarity between points from
different viewpoints. Consequently, it facilitates the effective
integration of information from diverse perspectives.

4) IMAGE ENCODER
We employ a straightforward encoder-decoder architecture
for map-view semantic segmentation, as outlined in [13].
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Initially, the image encoder creates a detailed feature
representation {φ} for each image. These features are then
combined into a shared map-view representation through a
cross-view cross-attention mechanism. This mechanism uses
positional embeddings {δ} to capture the scene’s geometry for
precise spatial alignment and the sequence of camera views
for better temporal understanding and context integration.
All camera-aware positional embeddings are combined into
a single key vector δ = [δ1, δ2 . . . . . . δ6] and image features
are merged into a value vector φ = [φ1, φ2 . . . ..φ6]. These
vectors are then compared to create attention keys, and a
softmax-cross attention is applied to refine the map-view
representation [71]. This process provides a BEV frame that
includes information about the ego vehicle, other agents, and
their positions in the scene.

C. BIRD’S-EYE-VIEW SEGMENTATION & PROJECTION
1) BEV ENCODER
The BEV encoder processes the transformed BEV features
generated by the CBT block. As the feature map from the
CBT block module has a resolution 1/3× of the final BEV
resolution, a key role of the BEV encoder is to upscale
the BEV feature maps for BEV representation. To integrate
vehicle segmentation into our system, we simplified the
segmentation process. We used a series of convolutions
specific to the BEV. These convolutions consist of four
3 × 3 filters, followed by a 1 × 1 filter. This arrangement
creates a BEV tensor with dimensions h × w × n, where n
represents the number of categories.We set n to 1 because our
focus is solely on vehicles and related elements, similar to the
approach taken by [13]. To enhance the identification of roads
and vehicles in our dataset, we employed an encoder-decoder
transformer along with a specific equation

X = CBT (A1,A2) (2)

In simpler terms, X represents the final segmentation map
we aim to achieve. A1 is the input image from one sensor
modality, such as a camera, and A2 is the input image
from another sensor modality, such as map information. The
function CBT (·) is a transformer that combines information
from both sensors to create a more precise segmentation
map. The cross-attention mechanism, which helps in merging
information from different modalities, can be applied using
the following equation [71]:

M = softmax
(
Q.(KT )
√
dk

)
V (3)

In this equation, Q, K , and V represent the standard query,
key, and value for attention mechanisms of transformer
architectures [71] of each modality. The dot product between
the query and the key denoted as Q · (KT ), is scaled by
dividing it by the square root of the dimension of the key
vector (dk ) to prevent the dot product from becoming too
large. The resulting attention weights are then used to weight
the values associated with each modality, and these weighted
values are combined to generate the output feature mapM .

2) SEGMENTATION HEADS
The semantic segmentation heads of the network are built on
the BEV features map, focusing on tasks like vehicle and road
layout. Each segmentation head shares a similar structure but
varies in the number of output channels in the final layer.
The task-specific head employs a ResNet-like block to extract
features across different scales, combining these feature maps
through upsampling. Subsequently, the BEV features map,
with dimensions hbev × wbev × 256, is processed through
several convolutional layers to generate the final output. The
resulting segmentation map has dimensions hbev × wbev × 1,
where each pixel value represents the probability that a
vehicle or road surface occupies the corresponding BEV grid
cell. As we demonstrate later in Table 5, we achieve state-of-
the-art segmentation results by integrating the segmentation
head with the trajectory prediction.

D. GRAPH CONVOLUTIONAL NETWORK
Within the domain of ego vehicle trajectory prediction,
the integration of GNNs represents a significant enhance-
ment [14]. This approach builds upon prior research efforts
that have explored similar methodologies [54], [72]. We inte-
grate graph neural networks into the trajectory prediction
problem as a novel step. In summary, we propose to build
a graph using the motion agent and road positions (including
the host vehicle) as the locations of the nodes of the graph.
Adjacent nodes are connected, and the inverse of the distance
between the nodes determines the weight of the connection.
A GNN is used to process the graph representation. This
lends spatial reasoning to the task of trajectory prediction.
More formally, the primary aim behind incorporating GNNs
in this context is to produce a holistic graph embedding
that captures spatial information important for understanding
and predicting future movement patterns. This goal is
accomplished by leveraging object-feature interactions and
their spatial proximity within a given scene. In this section,
we provide some background on how graph neural networks
operate in the context of our proposal.

1) NOTATION
Consider a graph G = (V ,E), where V represents a set of
nodes and E ⊆ V × V represents a set of edges. Each node
v ∈ V is associated with a feature vector xv ∈ Rdx , and an
edge between nodes u and v is indicated by (u, v) ∈ E . The
neighborhood of a node v in the input graph, denoted byN (v),
consists of all nodes u connected to v by an edge. GNNs have
become relatively popular for learning from data structured as
graphs. They expand upon traditional neural network ideas
to work with graphs, which helps in effectively handling
relationships and structures [57] within the data. GNNs work
by utilizing the connections and characteristics of nodes
in a graph, which makes them well-suited for tasks like
classifying nodes, predicting links, and classifying graphs.
A key aspect of GNNs is how they gather information from
neighboring nodes for each node. The core principle behind
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FIGURE 4. The figure on the left showcases multi-view camera images from the nuScene dataset alongside their corresponding ground truth
annotations. On the right, motion agents are depicted as graph nodes, with the last image illustrating nodes representing roads and motion agents.

FIGURE 5. Exploring how changes in the parameter k , representing the number of nearest neighbors analyzed in the kNN algorithm, impact the
connectivity and layout of nodes and edges in a graph. In the visualization, the red box indicates the ego vehicle, the blue boxes represent other
agents in the scene, and the red dots denote the nodes.

this is that each node in a GNN updates its representation by
considering information from its neighbors. The fundamental
update rule for a node v in a GNN is represented as:

h(k+1)
v =UPDATE

(
h(k)v ,AGGREGATE

(
{h(k)u : u ∈ N (v)}

))
(4)

h(k)v signifies the feature vector for node v during the k-
th iteration. The set of neighbors for v, denoted as N (v),
is involved in the process. The functions AGGREGATE
and UPDATE collect the features from the neighborhood
and update the node’s features respectively [73]. In the
context of our proposal, the AGGREGATE function gathers
information from connected nodes (being motion agents in
the neighborhood of the host vehicle) in the graph, such as
position and distance, and is used to UPDATE the value of the
target node. This iterative process enables each node to gather
information from its immediate surroundings, progressively
acquiring the ability to understand complex functions that
reflect the graph’s structure.

In Figure 4, on the left side, we present multi-view
camera images from the nuScenes dataset alongside their
corresponding ground truth images. On the right side,
we illustrate how the behavior of only the motion agents

in the scene changes when we consider feature nodes. This
means that the agents in the scene are connected with (V ,E),
where V represents vertices or nodes, and E represents edges.
The BEV includes the road layout, the ego vehicle, and
other objects in the scene. The nodes in the graph represent
important objects such as road segments, drivable areas,
pedestrians, and sidewalks. The edges show the relationships
based on how close the objects are and how similar their
features are.

TABLE 2. The table provides a detailed overview of the hyperparameters
utilized in the GNN model, offering insight into the specific configurations
and settings employed for the trajectory prediction task.

2) GRAPH CREATION
The main goal of the graph construction process is to enhance
the spatial features within the scene, encode their relational
attributes, and then learn them through training. To achieve
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this, we leverage the characteristics of each object and its
position coordinates within the image frame, information that
is embedded in the graph structure. Our approach utilizes
the kNN algorithm [17] to determine the neighborhood
information of each object in the scene, facilitating the
creation of connections between objects via edges. It is worth
noting that these edge weights are calculated using the inverse
of the Euclidean distance between objects [74].

wij =
1
dij

(5)

When the distance between two objects i and j is represented
as dij, the weight of the edge connecting them (denoted aswij)
is calculated by (5).

This method offers a significant advantage: by inversely
correlating edge weights with distance, it ensures that closer
objects have stronger connections in the graph, as illustrated
in Figure 7(a). This resembles many real-world situations
where proximity often suggests stronger interaction or
similarity. Hence, this method is particularly effective for
accurately representing spatial relationships and interactions
within a scene. In Table 2, we present a detailed overview of
the hyperparameters considered for GNN models.

In Figure 5, we examine how adjusting the parameter k
affects the graph’s connections between nodes and edges.
This parameter k represents the number of nearest neighbors
that the kNN algorithm considers when analyzing connec-
tivity. For our kNN setup, we chose to set k = 5. This
decision was made to ensure that sufficient connections were
established between nodes and edges in the graph.

However, it is important to note that if you increase
the value of k beyond 5, you might encounter a situation
where edges start to overlap. This can pose challenges,
especially when it comes to embedding the graph G into a
lower-dimensional space for further analysis or visualization.
Therefore, while a higher value of k may seem appealing for
capturing more local structure in the data, it is crucial to strike
a balance to prevent edge overlap and maintain the integrity
of the graph representation.

FIGURE 6. The Graph-Based Spatial Convolutional Network demonstrates
how it integrates vehicle information through a Graph Spatial
Convolutional Block. This block captures spatial relationships between
nearby objects, enhancing the model’s understanding of the environment.
Simultaneously, the network extracts temporal features to analyze how
trajectories evolve over time. Finally, the spatial features obtained are fed
into a trajectory prediction model to accurately predict the ego vehicle’s
trajectory. (Note: in this case, ti refers to trajectory, rather than camera
calibration parameters.

FIGURE 7. (a) This demonstrates a quantitative representation of the
spatial relationships among all motion agents in the graph, categorized
into strong, moderate, and fragile connections. (b) An example
illustrating graph generation at a specific timestamp, where each
vehicle’s color corresponds to the color of the respective vertex in the
graph. Notably, the weights in the adjacency matrix A0 are annotated as
reciprocals of distances.

3) GRAPH-BASED SPATIAL REPRESENTATION AND
ADJACENCY MATRIX
In Figure 6, we draw inspiration from the graph’s topological
structure and how it, along with our model, aids in under-
standing the spatial relationships among different vehicles.
The spatial graph represents the logical relationships between
the positions of objects. For example, it helps understand
which objects are neighbors, the distance between them, and
how they are connected.

The Graph-based spatial representation is defined as Gt =

(Vt ,Et ), where Vt is the set of all vertices, denoted by vnt for
each vehicle, with n ranging from 1 to N. Essentially, each
vnt represents an individual vehicle in the scene. On the other
hand, Et represents the set of all edges in the graph. These
edges symbolize the interactions or mutual effects between
vehicles, as depicted in Figure 6. Our study explored At ∈

RN×N as a weighted adjacency matrix. The entries in this
matrix indicate the strength of connections between vehicles,
ranging from strong to moderate and fragile. We observed
that objects close tend to have stronger bonds, as depicted
in Figure 7 (a). To quantify this relationship, we used the
reciprocal of the distance as a measure of weight between
motion agents in the scene. This ensures that closer objects
are assigned higher weights. An example of how a spatial
graph is generated is illustrated in Figure 7 (b), where each
vertex represents a vehicle, and the weight in the weighted
adjacency matrix A0 is determined by the reciprocal of the
distance.

4) POSITIONAL ENCODING OF NODES IN GRAPH
In our graph, we incorporate the attributes of objects and
nodes and their distances. To assist the model in understand-
ing the spatial relationships among objects within the scene,
we incorporate positional encoding into the nodes [75]. This
approach ensures that features with comparable characteris-
tics are grouped closely together.
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Given a dimension dim and a maximum length max_len,
the positional encoding matrix PE is computed as follows:

PE(i,2j) = sin
(
i · 10−

2i
dim·log(10000)

)
PE(i,2j+1) = cos

(
i · 10−

2i
dim·log(10000)

)
(6)

The vector i consists of values ranging from 0 to max_len - 1,
indicating the position within the sequence, while j ranges
from 0 to dim

2 − 1. PE is the positional encoding matrix
where each row corresponds to a position, and each column
corresponds to a dimension of the encoding. This enhanced
node feature is then further used for downstream tasks.

E. SPATIO-TEMPORAL PROBABILISTIC NETWORK
This section describes a novel step in integrating STPNs in
the BEV framework for trajectory prediction. We use graph
embeddings as input to an STPN to help our model better
predict the likely trajectory for the ego vehicle. The objective
of this network is to predict the future states of the ego vehicle
and a detailed map, assuming we have high-quality state
outputs from an object detection and tracking system suitable
for autonomous vehicles, as per [76], [77].

The set Nt represents the agents the ego vehicle interacts
with at time t , and xit is the state of agent i ∈ Nt at time t . The
trajectory of agent i from times t1 = (t1, . . . , tn) is denoted
by Z i

t1:tn = [xit1 , . . . , x
i
tn ], where t1 < tn and i ∈ Nt .

Furthermore, we assume that the detailed map will be
available as outlined in our method. This includes lane
layouts, crosswalks, drivable areas, and other relevant data.
Map-level information is provided in the nuScenes dataset
and can be considered a specific case of High-Definition
(HD) Maps. HD Maps are considered to be an important
part of progress towards vehicle automation [78], [79], with
many localization methods utilizing map information [80].
For trajectory estimation, it is common in research to use
map information, e.g., CoverNet [63], Trajectron++ [81],
and MultiPath [15] (later, in Section IV-C, we will use these
as baselines to compare against our proposed method). The
context of the scene over the past T steps, encompassing the
map and the partial history of the ego vehicle, is represented
by C =

{⋃
iZ i

t−t1:t ;Map Data
}
.

Our approach integrates a trajectory prediction layer,
following the method introduced in [15]. To enhance perfor-
mance in this area, we utilize ResNet-50 [16], as suggested
by prior research [15], [76]. While our network currently
makes predictions for one agent at a time, it has the potential
to predict multiple agents simultaneously, similar to [76].
However, we focus on single-agent predictions (as in [15])
to simplify the paper and highlight our main contributions.
To depict probabilistic trajectory predictions in various
scenarios, we apply a classification technique that selects the
appropriate trajectory set based on the agent of interest and
the scene context C . The softmax distribution is used and
is consistent with classification practices. Specifically, the

likelihood of the k-th trajectory is calculated as follows

P(Zk
t:t+N |x) =

exp(fk (x))∑
i exp(fi(x))

(7)

We calculate the likelihood of a sequence Zt:t+N given the
input x. Here, P stands for the probability function, Zt:t+N is
the sequence we are analyzing, and x is the input data. This
calculation employs the softmax function on the output of a
neural network. Specifically, fk (x) is the output for a sequence
k , and

∑
i exp(fi(x)) is the sum of the exponentiated outputs

for all sequences. We have adapted the Multi-Trajectory
Prediction (MTP) method [15] for our datasets. This model
predicts a fixed number of trajectories (modes) and their
corresponding probabilities. However, our current emphasis
is on single trajectory prediction (STP) [82].

F. ARCHITECTURE OVERVIEW
As the overall architecture is perhaps a little bit complex, it is
worth taking a moment to summarise briefly. In the inference
phase, our proposed method (BEVseg2GTA) is executed
end-to-end for jointly segmenting vehicles, and predicting
the ego vehicle’s trajectory involves a series of steps. First,
features at various scales are extracted by a backbone (in
this case, EfficientNet-B4, with the scaling being one of
the key innovations of EfficientNet [83]) from images at
various scales. Next, map-view positional embedding and
cross-attention layers are used to collect the features from
different angles. Then the feature space is converted to a
top-view by projecting features from the image space to BEV
space, where semantic segmentation of the related agents
is performed (which, as we shall see in Table 6 (right-
most grey column), provides state-of-the-art segmentation
results).

We then propose two novel steps. The first is that the
segmentation results are processed through a kNN algorithm
to represent each object as a node in a graph, followed by a
GNN to create an embedding that represents the environment
around the ego vehicle. Finally, these embeddings are used as
input to a spatio-temporal probabilistic layer for predicting
the future trajectory of the ego vehicle, taking into account
the context provided by the surrounding scene. This inference
framework is depicted in Figure 3.

IV. EXPERIMENTAL SETUP AND EVALUATIONS
A. DATASET
To evaluate our method, we considered the nuScenes
dataset [18], which comprises 1000 video sequences captured
in Boston and Singapore. Each video is 20 seconds long and
contains 40 frames, resulting in a total of 40,000 samples. The
dataset is divided into training, validation, and testing sets,
each containing 700, 150, and 150 scenes, respectively. The
collected data offers a 360◦ view of the autonomous vehicle’s
surroundings, captured from six different camera angles. For
consistency, we adopted the same train-validation-test split as
in previous studies [13], [37].
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B. EVALUATION METRICS
We calculate the evaluation metrics for our model by
comparing it with state-of-the-art models, employing a
comprehensive set of performance measures to assess its
effectiveness and robustness, as done in previous studies [15],
[63], [76], [77], [81].
IoU:Thewell-known Intersection over Union (IoU)metric

is used in this work to estimate the performance of semantic
segmentation tasks for vehicles and pedestrians.
MinADEh: We compute the minimum average and final

displacement errors across h predicted trajectories for ego
vehicle trajectory prediction, where the minimum over h
avoids penalizing the model for generating plausible future
trajectories that do not correspond to the ground truth.

MinADEh = min
i∈{1...h}

1
Tf

Tf∑
t=1

∥∥∥yt − ŷ(i)t
∥∥∥
2

(8)

where yt denotes the true position at time t , and ŷ(i)t represents
the estimated position at time t for the ith predicted trajectory
(out of a total of h). h is a parameter represents the number of
predictions considered, with h set to 5, 10, or 15 in our case.
The variable Tf refers to the total number of time steps over
which the average error is computed.
MinFDEh: We evaluate the minimum final displacement

error across h predicted trajectories for ego vehicle trajectory
prediction. MinFDEh is similar to MinADEh, but it only
evaluates the prediction error at the final predicted location.

MinFDEh = min
i∈{1...h}

∥∥∥yt − ŷ(i)t
∥∥∥
2

(9)

MissRateh,d : In [77], the authors also introduced the
MissRateh,d (considering a given distance threshold d and
the h most likely predictions generated by the STPN model),
which computes the fraction of missed predictions.

C. BASELINES
We compare our model to seven baseline methods, two
physics-based approaches, and five recently proposedmodels
that represent the state of the art for predicting the trajectories
of ego vehicles.

• Constant Velocity and Yaw is the most basic baseline
we use. It is a physics-based model that calculates the
future trajectory while assuming the vehicle’s velocity
and yaw rate are constant and based on its current state.

• Physics oracle [63] is an extension of classic physics-
based models. It uses the current vehicle state (velocity,
acceleration, and yaw) to determine the minimum aver-
age point-wise Euclidean distance between predictions.

• CoverNet [63] approaches multimodal trajectory pre-
diction only as a classification problem. They predict the
probability of a set of fixed trajectories based on the state
of the target vehicle.

• Trajectron++ [81] is an LSTM with a graph-based
architecture that predicts the trajectories of agents while
considering agent motion and diverse scene data.

• MTP [15] utilizes a CNN-based approach to encode the
surrounding context of each agent into a raster image and
predicts a set of probable trajectories.

• MultiPath [76] employs a set of anchors to estimate the
distribution of predicted trajectories, which generates a
Gaussian mixture at each time step t .

• MHA-JAM [77] utilizes multi-head attention with a
joint representation of the static scene and agents.
It calculates probable trajectories along with their
corresponding attention maps.

D. IMPLEMENTATION DETAILS
To build our architecture, we use a fine-tuned EfficientNet-B4
model. Thismodel resizes images to two dimensions: (28, 60)
and (14, 30), corresponding to 8× and 16× downscaling,
respectively. The initial map view utilizes a parameter tensor
of size w× h×D, with D set to 128. To manage computation
efficiently, we set w = h = 25 as the complexity of the
cross-attention function increases with grid size.

The encoder features two cross-attention blocks, each
handling a scale of features. These blocks use multi-head
attention with four heads and an embedding size of
dhead = 64. The map-view representation obtained from
the cross-attention transformer then undergoes joint vehicle
segmentation to accurately identify vehicle segments as BEV
features.

Following this, the decoder consists of three layers, each
combining bilinear upsampling with convolution. These
layers progressively increase the resolution of the latent
representation, doubling it each time until reaching a final
output size of 200 × 200. This resolution corresponds to a
100 × 100 meter area centered around the ego vehicle.
Then, the BEV representation is input into the kNN

algorithm to determine each object’s neighborhood and
establish spatial relationships. We set k to 5 to capture
sufficient spatial relationships between objects in the scene
(see Figure 5). The kNN algorithm generates node features,
which are used by a neural network to create embeddings
of the environment. These embeddings are then utilized
as input to the Spatial-Temporal Probabilistic Network
(STPN), which offers probabilistic predictions. Instead of
providing a single deterministic trajectory, the network offers
a probability distribution over possible future trajectories
(see Figure 3). This information aids in identifying the
motion planning of the ego vehicle. Specifically, while the
graph embeddings include both image and node features,
we only use the node features related to the ego vehicle. This
approach allows the system to more accurately estimate the
ego vehicle’s position, speed, and orientation relative to other
objects in the environment.
Training Stages: Firstly, for the BEV segmentation,

we utilized both focal loss [84] and binary cross-entropy [85]
as separate loss functions, as detailed in Table 3. Training
was conducted over 30 epochs with a batch size of 4.
Optimization was achieved using the AdamWoptimizer [86],
with a learning rate set to 1e-2 and a weight decay of 1e-7.

132168 VOLUME 12, 2024



S. Sharma et al.: BEVSeg2GTA: Joint Vehicle Segmentation and Graph Neural Networks

Secondly, the GNNmodel was trained using the mean square
error (MSE) loss function. This phase involved a batch size
of 16 over 50 epochs, with optimization performed using the
Adam optimizer [87], a learning rate of 0.001, and a weight
decay of 0.001. Finally, the STPN module was trained with a
batch size of 32, utilizing the Adam optimizer [87]. Note that
all implementations were conducted using PyTorch [88].

E. ABLATION STUDY
We conduct a detailed ablation study to gain insights into the
performance and functionality of our model.

1) SEGMENTATION LOSS ANALYSIS
In our ablation study for the segmentation task using the
nuScenes dataset, we evaluated the performance of two
loss functions: Binary Focal Loss and binary cross Entropy.
Both loss functions were tested with a binary classification
problem, having two classes. The results, as presented in
Table 3, indicate that Binary Cross Entropy achieved a lower
loss value of 0.1848 compared to Binary Focal Loss, which
had a value of 0.2758. This demonstrates that Binary Cross
Entropy performs better for our specific segmentation task,
making it the preferred choice over binary Focal Loss.

TABLE 3. Different loss functions were employed in this ablation study
for the segmentation task using the nuScenes dataset [18].

2) GRAPH NEURAL NETWORK WITH HIDDEN UNITS
In this task, we chose appropriate hyperparameters to
improve the performance of our network. In Table 4,
we compare the Mean Squared Error (MSE) of our model
with varying numbers of hidden units in the GNN, ranging
from {16, 32, 64, 100, 128}. Note that for this task, we only
used Vision Transformer (ViT) [89] as the backbone with a
feature size of 1024.

TABLE 4. Comparison of Mean Squared Error (MSE) for GNN models with
varying numbers of hidden units, utilizing ViT [89] as the backbone and
featuring a size of 1024.

3) ABLATION STUDY ON DIFFERENT SETTINGS IN BEV
SPACE
We evaluate the performance of our model in generating
BEV map representations and planning trajectories using
the publicly available nuScenes dataset. This evaluation

encompasses two distinct settings - ‘Setting 1’, characterized
by a grid size of 100m× 50m with a resolution of 25cm, and
‘Setting 2’, which employs a grid size of 100m× 100m with
a resolution of 50cm. Table 5 provides a comparison of our
proposed approach with other existing methods, including
LSS [37] and CVT [13], where R is the resolution of the BEV
representation.

TABLE 5. We compare the Intersection-over-Union (IoU) metrics for
segmenting vehicles in the nuScenes dataset [18]. ‘Setting 1’ uses a grid
measuring 100m × 50m with a resolution of 25cm, while ‘Setting 2’ uses
a grid of 100m × 100m with a resolution of 50cm. For further analysis,
please refer to the references for LSS [37] and CVT [13].

V. RESULTS
In this section, we present our experimental results. For
clarity, we have divided the results into quantitative and
qualitative categories. Finally, we provide an analysis of
specific failure cases of our method.

A. QUANTITATIVE ANALYSIS
Firstly, we evaluate the BEV segmentation performance using
different methods, including LSS [37] and CVT [13], and
compare them with our model. The grey column ‘‘Vehicle’’
represents the vehicle segmentation performance of each
method. The values in this column indicate how well each
method performs at segmenting vehicles, with higher values
indicating better performance. Our experiments demonstrate
promising results when employing a resolution of R = 1.
However, increasing R to 2, as suggested by CVT (see
Table 5), may result in the loss of information in the
camera-view representation of each input image, particularly
BEV features. Further evaluations are conducted using
various methods, as outlined in Table 6

Secondly, we perform a comprehensive experimental
ablation study, evaluating it against four baselinemodels [15],
[63], [76], [81]. These baselines are a recently proposed
model considered the current state-of-the-art model for
trajectory prediction.We conducted this comparison to assess
how effectively and accurately our model predicts trajectories
compared to existing models. We aim to ascertain whether
our model outperforms or matches the performance of
current baseline models. This assessment helps us understand
the strengths and weaknesses of our model and identifies
areas for potential improvement. To evaluate our model’s
performance on the nuScenes dataset, we obtained the output
trajectory

[
y1, y2, y3, . . . .yn

]
.

We evaluated the model’s performance on the dataset
for different values of h, where h is set to 5, 10, and 15.
To compute MinADEh and MinFDEh, we use equations (8)
and (9). To train the model, we minimized the minimum
average displacement error over h (MinADEh) on the training
set, as shown in Table 7. In other words, we aimed to reduce
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TABLE 6. We compare the performance of different methods for vehicle segmentation on the nuScenes dataset [18], including our proposed approach.
This comparison utilizes Intersection over Union (IoU) scoring, focusing on the BEV segmentation task. The right-most column highlights instances where
vehicle segmentation has improved in the presented results.

TABLE 7. Evaluation of competing methods on the nuScenes dataset, analyzing the Minimum Average Prediction Error (MinADE) and Final Displacement
Error (MinFDE) over a 6-second prediction horizon.

the error between the predicted and actual trajectories by
minimizing the minimum distance between the two for each
of the h time steps. This method allowed us to improve
the accuracy of our model’s predictions and ensure that it
performs well on the nuScenes dataset.

B. QUALITATIVE ANALYSIS
In Figure 8, we compare two current models for vehicle
segmentation: CVT [13] and LSS [37]. These models have
limitations as they do not capture enough information for
accurate vehicle segmentation, indicated by black and pink
colors, respectively. Our proposed method addresses these
issues by providing a comprehensive view and sufficient
information for accurate vehicle segmentation. Additionally,
our model’s improved segmentation capability enhances
vehicles’ visual representation and leads to more accurate ego
vehicle trajectory predictions. A better understanding of the
surrounding vehicles allows for more precise path planning.

As shown in Figure 8, the image’s left side features six
camera angles around a vehicle, with the top three looking
forward and the bottom three looking backward. The right
side of the image provides the ground truth segmentation
for comparison. Moving from right to left, the second image
presents our trajectory prediction and enhanced map-view
segmentation for vehicles and drivable areas. The third
image introduces the LSS method [37], and the fourth
image showcases the CVT method [13], facilitating a fair
comparison and result presentation.

This figure contrasts the segmentation outcomes from three
models for vehicles and roads. The visualization uses black
for CVT results, pink for LSS results, red for our model’s
results, and blue for the nuScenes ground truth, which is the
actual image segmentation. This helps to give an intuitive
understanding of the CVT and LSS models’ performance
against our proposed model.

C. FAILURE CASE ANALYSIS IN PREDICTING EGO VEHICLE
TRAJECTORY
This section discusses some select failure cases encountered
in our model. Figure 9 illustrates a failed ego vehicle
trajectory prediction scenario from the nuScenes dataset.
On the left side, multi-view camera images from the nuScenes
dataset are presented alongside their corresponding ground
truth annotations.

On the right side, two failure scenarios are highlighted as
follows:

1) The first upper scenario depicts a lack of a predicted
trajectory. This failure occurs when a large bus blocks
the ego vehicle, preventing our model from calculating
the trajectory. However, once the ego vehicle gains
enough space from the front vehicle, our model
can successfully predict the ego vehicle’s trajectory.
We highlight the first failure case in violet color for
better visibility.

2) The second bottom scenario illustrates a trajectory
intersecting with another agent in the scene. This
failure arises from the model’s inability to predict
behavioral unpredictability, meaning it struggles to
anticipate the unpredictable behavior of other agents.
For better visibility, we highlight the second failure
case in cyan color.

D. DISCUSSION AND LIMITATIONS
The qualitative and quantitative results presented demonstrate
that our proposed model appears to improve upon both CVT
and LSS (and other segmentation models) in vehicle and
road segmentation tasks. Our model more accurately locates
vehicles in vehicle segmentation, while CVT and LSS appear
less precise. This is visible in Figure 8, where red markings
(our model results) are closer to green markings (ground
truth) than pink markings (LSS model results) and black
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FIGURE 8. Qualitative outcomes of our model (BEVSeg2GTA): The six camera perspectives of nuScenes surrounding the vehicle are shown, with
the top three facing forward and the bottom three facing backward. Ground truth segmentation is displayed on the right. Our trajectory
prediction approach integrates improved map-view segmentation with ego vehicle trajectory (second from the right), and it is compared to the
LSS method [37] and the CVT method [13] (third and fourth from the right.

FIGURE 9. An illustration showcases a failed prediction scenario in ego vehicle trajectory forecasting using data from the NuScenes dataset. On
the left side, multi-view camera images from the NuScenes dataset are presented alongside their corresponding ground truth annotations. Two
failure scenarios are highlighted on the right side: the first upper scenario depicts a lack of a predicted trajectory. In contrast, the second
bottom scenario illustrates a trajectory intersecting with another agent in the scene.

markings (CVTmodel results). Similarly, our model captures
more detailed road segmentation information than the CVT
and LSS models. In parallel, our proposed method provides
state-of-the-art results for trajectory prediction across most
metrics (refer to Table 7). Our method achieves the lowest or
second lowest errors across all categories.

Our experiments show promising results with a resolution
of R = 1 (per Table 5). When we go to a higher resolution
by setting R to 2, we observe a degradation in segmentation
performance. We can hypothesize that this decline can be
attributed to the elevated placement of cameras, which causes
objects within the scene to appear significantly smaller. As a
result, crucial features are lost in the BEV representation.

We acknowledge that our model has limitations, as demon-
strated in Figure 9.While it performs well when using a raster
map image, it struggles to capture sufficient information
between different types of agents or the complexities of urban
environments when generating a BEV. This limitation leads
to inaccuracies in ego vehicle trajectory prediction. Despite
these limitations, they do not significantly impact our model’s
overall performance.

VI. CONCLUSION AND FUTURE WORK
This paper proposes BEVSeg2GTA, which utilizes a BEV
generated from a multi-view camera, alongside joint vehicle
segmentation and neural network graphs, to predict ego
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vehicle trajectories. Our approach demonstrates promising
results for reliable and efficient trajectory prediction, out-
performing existing state-of-the-art methods. We employ
an encoder-decoder transformer to process images captured
by the multi-view cameras and convert them into BEV
representations. We then use the BEV features in a GNN
to establish spatial relationships between agents. With the
obtained spatial information, we apply the kNN algorithm
to generate a graph embedding, providing insights into the
spatial structure of the scene. Furthermore, we integrate
the graph embedding with an STPN to predict ego vehicle
trajectories accurately. Finally, the predicted trajectories are
visualized from a bird’s-eye view of the ego vehicle, offering
a comprehensive understanding of the surrounding traffic
dynamics. Our study highlights the potential benefits of
incorporating transformer-based models and GNNs into spa-
tiotemporal networks, emphasizing their ability to enhance
trajectory prediction accuracy significantly.

Future research aims to incorporate multi-modal sensors,
such as LiDAR and radar, to enhance the BEV and trajectory
prediction capabilities. Additionally, we plan to explore the
multi-trajectory prediction of other vehicles. We also intend
to examine the impact of camera calibration accuracy on the
performance of BEV algorithms.
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