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Abstract

In mixed traffic scenarios involving both motorized and non-motorized participants, accu-
rately predicting future trajectories of surrounding vehicles remains a major challenge for
autonomous driving. Predicting the motion of powered two-wheelers (PTWs) is particu-
larly difficult due to their abrupt behavioral changes and stochastic interaction patterns.
To address this issue, this paper proposes an enhanced Social-GAT model with a multi-
module architecture for PTW trajectory prediction. The model consists of a dual-channel
LSTM encoder that separately processes position and motion features; a temporal atten-
tion mechanism to weight key historical states; and a residual-connected two-layer GAT
structure to model social relationships within the interaction range, capturing interactive
features between PTWs and surrounding vehicles through dynamic adjacency matrices.
Finally, an LSTM decoder integrates spatiotemporal features and outputs the predicted
trajectory. Experimental results on the rounD dataset demonstrate that our model achieves
an outstanding ADE of 0.28, surpassing Trajectron++ by 9.68% and Social-GAN by 69.2%.
It also attains the lowest RMSE values across 0.4-2.0s prediction horizons, confirming its
superior accuracy and stability for PTW trajectory prediction in mixed traffic environments.

Keywords: powered two-wheelers; social-GAT; mixed traffic scenarios; temporal attention
mechanism; autonomous driving safety

1. Introduction

With the advancement of autonomous driving technology, urban transportation will
undergo a prolonged transition period characterized by mixed traffic scenarios involving
both autonomous and human-driven vehicles. Accurately predicting the trajectories of
surrounding vehicles has become one of the critical factors in ensuring the operational safety
of autonomous cars and reducing collision risks [1]. Compared to motor vehicles, non-
motorized vehicles exhibit more flexible maneuvering and weaker behavioral regularity,
which poses significant challenges for autonomous driving systems in predicting their
trajectories. Among these, predicting the trajectories of powered two-wheelers (PTWs)
is particularly critical and challenging. This is not only because, compared to traditional
bicycles, PTWs have greater mass and higher travel speeds [2], but more importantly, due
to their unique dynamic characteristics: (1) high maneuverability and instability: PTWs
possess a high power-to-weight ratio, leading to rapid and abrupt changes in acceleration
and deceleration (high jerk), which results in highly non-linear motion patterns. (2) Narrow
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physical profile and lane-independence: their small size allows them to occupy any position
within a lane and even travel alongside cars, making their behavior less constrained by
lane markings and more unpredictable. (3) Leaning-in-curve dynamics: the unique physics
of balancing and leaning during turns cause their trajectory curvature to change differently
from four-wheeled vehicles.

However, most existing trajectory prediction studies treat non-motorized vehicles as a
homogeneous group and rely on deep learning models to learn their “average character-
istics.” This approach is inadequate, as it tends to overlook the distinct motion patterns
of PTWs, leading to inaccurate prediction results [3]. Laurin et al. [4] categorized non-
motorized two-wheelers into three types based on their dynamic speed profiles: conven-
tional bicycles, electric bicycles, and speed electric bicycles. This finding underscores that
treating non-motorized vehicles as a unified category may fail to capture the more dynamic
motion characteristics of PTWs, which poses a significant risk to urban traffic safety. There-
fore, it is necessary to study powered two-wheelers as a separate entity and, crucially, to
design targeted model architectures capable of explicitly capturing these unique features.

With the advancement of artificial intelligence technologies, deep learning methods
have become the mainstream approach in the field of trajectory prediction due to their
exceptional capability in capturing behavioral patterns and modeling complex interac-
tions. Among these, LSTM [5], with its carefully designed gating mechanism, effectively
addresses the vanishing and exploding gradient problems that traditional RNNs encounter
when processing long sequences, giving it a distinct advantage in trajectory prediction
tasks. However, numerous experiments have revealed that LSTM and its variants exhibit
significant limitations in interaction modeling, making it difficult to effectively capture
complex interactions among multiple agents. In trajectory prediction tasks within complex
traffic scenarios, these methods often struggle to achieve high efficiency and accuracy. In
recent years, with the development of attention mechanisms, the LSTM-Attention architec-
ture has emerged as one of the effective solutions for trajectory prediction. This approach
can, to some extent, mitigate the shortcomings of LSTM in interaction modeling.

Graph Neural Networks (GNNs) have gained increasing attention in the field of tra-
jectory prediction in recent years, primarily due to their strength in modeling complex
interactions [6,7]. Unlike LSTM, which focuses mainly on temporal features, GNNs spe-
cialize in capturing spatial and semantic relationships among entities in traffic scenes.
Although GNNSs excel at interaction modeling, they suffer from drawbacks such as high
computational complexity and limited adaptability to dynamic scenarios when applied to
trajectory prediction. In response, Graph Attention Networks (GAT) have been proposed.
As a mechanism that can be integrated into GNN architectures, GAT employs attention
to focus on the most relevant features in the graph [8], thereby enabling more accurate
trajectory prediction. Moreover, GAT allows each node to have distinct weights for different
neighbors, effectively capturing node-level variations.

Based on the above analysis, this paper proposes an encoder—decoder trajectory
prediction framework integrating LSTM, temporal attention, and GAT, specifically designed
to capture the motion characteristics of PTWs. The framework combines LSTM'’s ability to
encode long sequences with GAT’s strength in modeling complex dynamic interactions.
Meanwhile, the incorporation of temporal attention further enables the model to capture
motion features at critical time steps, thereby improving its adaptability to the trajectory
patterns of PTWs. The main contributions of this study are as follows:

1. This study specifically focuses on PTWs, capturing their unique motion patterns in
mixed traffic scenarios. This fine-grained analysis enhances behavioral prediction
accuracy, contributing to improved safety for autonomous vehicles.
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2. A reinforced LSTM encoder-decoder framework integrated with graph attention
is proposed. It effectively captures long-term temporal dependencies and complex
interactions, achieving high-precision trajectory prediction in intricate traffic scenarios.

3.  An absolute coordinate correction module is introduced to mitigate the starting
point drift caused by relative coordinate output. This method significantly improves
prediction accuracy on the rounD dataset.

2. Related Works
2.1. Current Research Status in Trajectory Prediction

The development of trajectory prediction research can be divided into three main
stages: methods based on physical dynamics, those based on traditional machine learning,
and the current mainstream deep learning approaches. These three stages exhibit clear
progressive improvements in terms of prediction accuracy, computational efficiency, and
scenario adaptability.

During the physics-based modeling phase, researchers proposed numerous motion
models based on simplified dynamic assumptions to address the behavior prediction of
road participants. Leigh et al. [9] evaluated the performance of the constant velocity model
in pedestrian trajectory prediction, while Scholler et al. [10] demonstrated through ex-
periments in linear-path scenarios that the constant velocity model outperformed neural
network-based approaches. Liu et al. [11] developed a dynamics model for intelligent
vehicles operating on off-road terrain, incorporating road inclination angles, and conducted
trajectory tracking studies under simulated slope conditions. Although such methods are
computationally efficient, they rely solely on kinematic parameters to describe vehicle
motion [12], making them unsuitable for predicting highly uncertain vehicle behaviors in
complex road environments. Consequently, methods such as the Kalman filter [13], Markov
models [14], probabilistic models [15], and social force models [16,17] were successively
introduced to better handle trajectory prediction in complex scenarios. However, these ap-
proaches require manual design, and their performance heavily depends on the researchers’
understanding and assumptions regarding dynamics and interactions [18]. As a result,
while they exhibit certain advantages in short-term prediction, they struggle to cope with
intricate and dynamic vehicle interactions, leading to limited prediction accuracy.

With the improvement in computational power and the increase in data availability,
researchers began to explore the application of machine learning methods in the field of
trajectory prediction. Classical approaches primarily include Gaussian processes, support
vector machines (SVM), hidden Markov models (HMM), and dynamic Bayesian networks
(DBN), among others. Rong et al. [19] proposed a data-driven, non-parametric Bayesian
model based on Gaussian processes to describe the uncertainty in lateral motion, enabling
real-time and high-precision prediction of ship trajectories. While SVM is effective for
classification tasks, Mandalia et al. [20] were among the first to apply it to recognize lane-
changing maneuvers using features such as steering wheel angle, position, and acceleration.
However, the utility of this method remains limited in trajectory prediction. In contrast,
hidden Markov models have demonstrated stronger performance in this domain. Zhang
et al. [15] introduced a game theory-based GMM-HMM maneuver prediction model that
incorporates interaction-aware factors. To further account for interactions between vehicles,
dynamic Bayesian networks were developed to effectively address this need. He et al. [21]
proposed a practical and efficient intention prediction method based on DBN, achieving ef-
fective recognition of lane-keeping and lane-changing intentions. Although these methods
perform well in specific scenarios, they require predefined behavior categories and exhibit
limited generalization capability, which laid the groundwork for the emergence of deep
learning approaches.
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Compared to the two aforementioned categories of methods, deep learning approaches
leverage the power of artificial neural networks to learn complex patterns and relationships
from large volumes of data, enabling trajectory prediction in complex scenarios while
maintaining relatively low model complexity and computational cost. These methods
primarily include recurrent neural networks (RNN), convolutional neural networks (CNN),
attention mechanisms (AM), graph neural networks (GNN), and generative models, among
others [22]. In recent years, RNN and its variants, such as LSTM [5] and GRU [23], have been
widely adopted in trajectory prediction due to their ability to effectively capture temporal
dependencies in sequential data, making them suitable for long-term forecasting [24]. Pool
et al. [25] proposed an RNN model integrating static, dynamic, and object-specific features
to predict cyclists” paths using rich semantic information. Scheel et al. [26] introduced an
LSTM-based network with an attention mechanism for lane change prediction, emphasizing
critical moments and features in trajectory forecasting. However, due to the vanishing
gradient problem, LSTM models struggle to maintain consistently low prediction errors in
non-linear motion scenarios. Consequently, many researchers have developed composite
models building upon LSTM: Sun et al. [27] proposed a Conv-LSTM model to predict the
positions of turning vehicles at each time step during maneuvers in complex environments.
Other researchers have designed an interaction-aware LSTM with social relation attention
(SRAI-LSTM) [28] to model social behaviors for trajectory forecasting. Based on these
findings, we conclude that the LSTM-Attention framework effectively captures complex
motion patterns of traffic participants and achieves high-quality trajectory prediction.

2.2. Current Research Status in Interaction Modeling

The future trajectory of a vehicle is influenced by its historical motion and interactions
with surrounding vehicles. These interactions are among the key factors affecting prediction
performance. Therefore, interaction modeling between vehicles has become a core compo-
nent of multi-agent trajectory prediction and continues to attract significant attention in the
field of autonomous driving. Traditional methods, such as social force models [29], describe
simple interactions using attraction-repulsion mechanisms from physics but struggle to
handle complex and dynamic scenarios. With the advancement of deep learning, neural
network-based interaction modeling methods have demonstrated considerable advantages.
Early studies utilized Recurrent Neural Networks (RNN) to capture temporal features [30],
while the Social-LSTM model established inter-agent correlations through a shared pooling
layer [31]. However, such methods are limited by their inability to prioritize interactions
effectively. In recent years, Graph Neural Networks (GNNs) have gained prominence
due to their strong capability in modeling topological relationships. Graph Convolutional
Networks (GCN) extract spatiotemporal features through convolutional operations [32],
and Graph Attention Networks (GAT) incorporate attention weights to enable differenti-
ated interaction modeling [33], allowing each node to have distinct weights for different
neighbors to accurately represent node-level variations. Zhou et al. [34] proposed the HiVT
method by integrating GAT with a rotation-invariant spatial learning module, significantly
enhancing global interaction representation. To further improve the accuracy and efficiency
of trajectory prediction, hybrid prediction architectures have become a mainstream trend
in recent years.

To further enhance the accuracy and efficiency of trajectory prediction, hybrid pre-
diction architectures have emerged as a mainstream trend in recent years. This trend
is reflected not only in the integration of different network architectures but also in the
modeling of more complex interaction relationships. For instance, the TCN-SA model
proposed by Qin et al. [35] integrates the efficient long-term dependency capture capability
of Temporal Convolutional Networks (TCN) with social attention, separately modeling
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local and global interactions, thereby offering a novel perspective for trajectory prediction
in dynamic interactive scenarios. Meanwhile, the VRR-Net introduced by Zhan et al. [36]
emphasizes the importance of vehicle-road relationships. By explicitly incorporating struc-
tured environmental information such as high-definition maps to model the influence of the
traffic environment on vehicles, it further enriches the research perspective on interaction
modeling. Against this backdrop, Li et al. [37] enhanced local interaction feature extraction
in LSTM using spatiotemporal attention. Zheng et al. [38] introduced a vehicle trajectory
prediction method for urban environments based on GAT and LSTM networks, employing
GAT to model vehicle interactions and an LSTM framework to predict future trajectories.
Zhang et al. [39] addressed data collaboration challenges with the HGTRN method, which
constructs a dual-level GAT based on global traffic flow and local individual trajectory
graphs to learn trajectory embeddings.

Building upon the aforementioned work, particularly the advancements in hybrid
architectures for handling complex interactive scenarios, this study introduces an LSTM-
Attention encoder-decoder framework for predicting PTW trajectories in mixed traffic
scenarios. It selects GAT to model the complex interactions among road users, aiming to
improve the accuracy of PTW trajectory prediction in highly interactive environments.

3. Methodology
3.1. Problem Description

The trajectory prediction task aims to forecast the future trajectory of the target (in this
papet, it refers to powered two-wheelers, or PTWs) based on its current and /or historical
trajectories and environmental information. Accurately and efficiently predicting the
trajectories of PTWs can further enhance the safety of autonomous vehicles operating in
mixed traffic scenarios. Below, we formally define the problem setting and mathematical
representations used in this study.

This paper investigates the trajectory prediction of PTWs in mixed traffic scenarios
involving autonomous vehicles, conventional cars, and non-motorized vehicles. Assume
the total number of PTWs in the scene is N, and the historical state set of all PTWs is denoted
as S. At the same time, given the highly interactive nature of mixed traffic scenarios, the
influence of surrounding vehicles on the target vehicle’s trajectory must be considered
during prediction. Therefore, this paper categorizes the state information of surrounding
vehicles as environmental feature information St. It is important to emphasize that, unlike
previous studies that only input position coordinates and velocity as historical information
into the model, this study incorporates both acceleration and heading angle as motion state
inputs to account for the high maneuverability and frequent steering behaviors of PTWs.
This approach is supported by existing literature [40,41]. The input and output variables
used in the trajectory prediction model are summarized in Table 1:

Table 1. Definition of variables used in trajectory prediction modeling.

Variable Definition
S The set of historical states of i powered two-wheelers (PTWs) in a mixed traffic scenario.
S§={5,5,...5 }
T The set of time steps for trajectory data. T = 1, 2, 3, ... ty.
ty The total length of historical time steps input to the trajectory prediction model.
i powered two-wheelers (PTWs).
j Surrounding vehicles, mainly including motor vehicles and bicycles.
st The historical state of the PTW at time step ¢ input to the model. S! = {P!, V/, A, Headingf, ID;, Type;}.
st The historical state of surrounding vehicles at time step ¢ input to the model.

S; = {P!, V],f, A?, Heading§, ID;, Tyriej}-
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Table 1. Cont.

Variable Definition

pt pt The position coordinates of the PTW and surrounding vehicles at time step ¢, including the horizontal

i’ i t__ t
j and vertical coordinates. Among these, P! = {x!, y}, P = {x Y ]}

vt vt The velocity information of the PTW and surrounding Vehlcles at time step t, including the lateral and
ir7j longitudinal velocities. Among these, V/ = {o!,, vyl} Vi= {vx] vw}

At At The acceleration information of the PTW and surroundmg vehicles at time step t, including the lateral
ir 4

Heudinglt- , Heading]t-

ID;, ID;

Type;, Type;

and longitudinal accelerations. Among these, Al = {a, a } At {a
The heading angle of the PTW and surrounding vehicles at tlme step t

The identity codes of the PTW and surrounding vehicles, used for trajectory tracking and organization.
The type identifiers of the PTW and surrounding vehicles, used for categorizing and processing trajectory
characteristics of different vehicles in the dataset. Among these, Type; = {bicycle, car, truck, bus, van}.
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3.2. Trajectory Characteristics Analyse

Analyzing the trajectory characteristics of PTWs is crucial for constructing the tra-
jectory prediction model framework. This section selects trajectory data from the rounD
dataset for feature analysis. The dataset provides high-precision spatiotemporal informa-
tion, laying a foundation for the analysis of PTWs. Quantitatively revealing the unique
trajectory characteristics in mixed traffic scenarios can provide an empirical basis for the de-
sign of trajectory prediction model components. The analysis involves the visualization and
comparison of the average speed, average acceleration, and average heading change rate of
various vehicle types within the studied scenario. This facilitates an intuitive analysis of
the distinctive features of PTW trajectories. The detailed results are shown in Figure 1.

2.00
| i ' i
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(a) (b)
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Acceleration
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Figure 1. Vehicle performance comparison ((a) average speed comparison; (b) average acceleration

comparison; (c) average heading change rate comparison; (d) normalized vehicle performance
comparison—radar chart).
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The analysis results presented in the figures clearly reveal the unique kinematic character-
istics of powered two-wheelers (PTWs): The average speed of PTWs (7.92 m/s) is the highest
among the analyzed vehicle types, significantly higher than that of bicycles (5.88 m/s) and
even slightly surpassing that of cars (7.83 m/s) (Figure 1a). This indicates that PTWs typically
maintain relatively high travel speeds within mixed traffic flow. In terms of acceleration,
PTWs (1.50 m/s?) demonstrate strong acceleration capability, with a value second only to cars
(1.58 m/s?) but considerably higher than bicycles, trucks, and buses (Figure 1b). This confirms
the rapid start-up and braking capacity of PTWs resulting from their high power-to-weight
ratio. The average heading change rate of PTWs (0.356 rad/s) is significantly higher than that
of all other vehicle types (Figure 1c). This indicates more frequent and flexible directional
adjustments during PTW movement, demonstrating high maneuverability and instability. The
relatively large error bar also suggests significant variations in individual behaviors. The radar
chart (Figure 1d) provides multidimensional corroboration of the above findings. The PTW
profile covers the largest range on the acceleration and heading change rate axes, exhibiting a
distinct and prominent shape that visually underscores its kinematic uniqueness and high
dynamics. In contrast, cars excel in the speed dimension, while the indicators for other vehicle
types are more concentrated.

Quantitative analysis of the trajectory characteristics indicates that relying solely on a single
trajectory prediction framework and traditional interaction modeling perspectives is insufficient
to characterize the significant features of PTWs, namely their high speed, high acceleration, and
extremely high flexibility in heading changes. Therefore, it is necessary to treat motion features
as an independent input channel, encoded by a dedicated LSTM branch. Simultaneously, a
spatiotemporal attention mechanism is introduced to capture the key behavioral characteristics
of PTWs from two dimensions, thereby improving the accuracy of trajectory prediction.

3.3. Model Architecture

To address the limitations of existing research, we propose an enhanced LSTM encoder—
decoder trajectory prediction framework integrated with graph attention, which deeply
optimizes the complex motion characteristics of highly dynamic targets such as PTWs in
mixed traffic scenarios. The model structure is shown in Figure 2. The model operates
through three core modules working collaboratively: the trajectory feature encoding mod-
ule separately encodes the positional and motion features of both PTWs and surrounding
vehicles to effectively capture trajectory state characteristics; the spatiotemporal attention
network module employs a temporal attention layer to extract features from key frames in
the historical trajectory data, followed by a two-layer graph attention network to process
interaction features between the target vehicle and surrounding traffic participants, ulti-
mately outputting fused spatiotemporal features; and the decoder prediction module uses
a two-layer LSTM to progressively generate future trajectories, which are further refined by
a position correction module to improve the accuracy of the prediction results.

3.3.1. Trajectory State Encoder

Vehicle state information includes both positional state information and motion state
information, which are fundamental elements constituting trajectories. Existing studies
have shown that LSTM exhibits advantages in capturing sequential relationships in posi-
tional data and extracting critical features. Therefore, to precisely capture these two types
of features while avoiding interference between the target vehicle’s characteristics and
those of surrounding vehicles, this study adopts a separate encoding strategy for the target
vehicle’s state features and the features of surrounding vehicles. Both encoder branches
employ a dual-channel LSTM encoder strategy, dedicated to processing the positional
sequences and motion features of vehicle trajectories, as detailed in Figure 2.
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Figure 2. Framework of the PTW trajectory prediction model.

The LSTM position encoder receives the coordinate sequences of the historical trajectories
of both the target vehicle and surrounding vehicles in the scene, and learns the spatial motion
trends of vehicles through the LSTM network. To prevent overfitting during model training,
the input to the position encoder consists of normalized relative position coordinates. After
encoding by the position encoder module, the output includes the positional sequence features

p 0s,; and F’gos j for the target vehicle and surrounding vehicles, as shown in Formulas (1) and (2).

1
P;osz = LSTMPOS{ P];osz } (1)
t t t—1
Flosj = LSTMpos{ Pf, FICL @)

The LSTM motion encoder receives multi-dimensional vectors of the PTW and sur-
rounding vehicles, including velocity, acceleration, and heading angle, which reflect the
instantaneous dynamic behaviors of vehicles in mixed traffic scenarios. After encoding by
the motion encoder module, the output includes the motion features F, ot ; and F! obj for the
target vehicle and surrounding vehicles, as shown in Formulas (3) and (4).

Fhoti = LSTMyar{ (V£ AL, Heading}), Fil, } 3)
: 1
Fhotj = LSTMuot{ (V}, AL, Heading}), Ff} } @)

It should be noted that in the state encoder module, the hidden layer dimension of the
LSTM network is set to 128 for all branches, while the parameters of each encoder branch
are trained independently to ensure precise capture of the most relevant features of different
vehicles. Finally, the encoded trajectory features are concatenated to obtain the state features

of the target vehicle and surrounding vehicles, denoted as Frsp = (Slt-,, S?) .

3.3.2. Spatiotemporal Attention Network

Temporal Attention Layer

The temporal attention module receives the hidden state feature sequence Fy gy € RN #1128

output by the LSTM state encoder, where N denotes the batch size. For the input feature
sequence, the module first computes the mean vector S}, of the historical state sequence to
extract global features, using the following formula:

/
Shoe = chsf € RNx128 )
t=
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In Formula (5), S” denotes the LSTM hidden state sequences output by the LSTM state
encoder at each historical time step.

Based on the above global feature processing, an importance scoring function
(Formulas (6) and (7)) is further designed to compute the importance score A; for each
time step, followed by normalization of the importance scores:

Ay = Wytanh (LayerNorm (Wl {S v wae} ) ) (6)

ay = softmax(Ay) @)

where a; represents the normalized importance score at each time step; Wy € R128x128

denotes the learnable weight matrix of the first linear layer; and W, € R28x1

is the weight
matrix of the second linear layer. Finally, the features of each time step are concatenated
with the sequence average features, enabling the model to evaluate the deviation of the
current moment from the overall behavior. The temporal context vector C € RN*1x128 jg

obtained through the Formula (8).

c=Y" as" (8)

The temporal attention module incorporates a scene-adaptive attention mechanism
that focuses on historical moments most influential to prediction. It specifically accounts
for behavioral characteristics of motorcycles, such as sudden braking and frequent lane
changes, and enhances the model’s responsiveness to abrupt behaviors through a dynamic
weight allocation mechanism. This effectively addresses the “information dilution” issue
faced by traditional LSTMs when processing long sequences.

GAT Interaction Layer

Interactions in mixed traffic scenarios exhibit characteristics of asymmetry and close-
proximity dependency, with the interaction intensity between motorcycles and cars being
significantly higher than that between cars. To address this, we designed a dual-layer
residual graph attention network. Building upon the encoding of historical trajectory
motion features, this architecture further employs a spatial attention mechanism to dy-
namically capture social dependencies, with particular focus on the interaction patterns of
motorcycles within dense traffic flow.

The GAT module receives the state feature sequences of both the target vehicle and
surrounding vehicles, processed by the LSTM encoder and the temporal attention module,
as node features. The set of adjacent nodes for MTW i is denoted as #; = [171'1, Wi, Wiz . 171-]} ,
where each node represents a traffic participant. Edges represent interaction relationships
between nodes, which are determined by computing the Euclidean distance matrix D; ;
(Formula (9)) to construct the dynamic interaction graph.

1, if |P-—P-|| < R
Dy, = 1P = By o)
0, otherwise

where ||P; — p; Hz denotes the Euclidean distance between two interacting vehicles, and its
calculation method is shown in Formula (10):

HR—MEZ¢W—%Y+%—WV (10)

Meanwhile, this study refers to existing research [42] for setting the interaction radius
threshold R. Considering the maneuvering characteristics of PTWs in mixed traffic scenarios,
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pre-experimental validation revealed that setting the interaction radius threshold R to 5 m
for PTWs yielded the best prediction performance of the model. That is, the model most
comprehensively and meticulously captures the interactive behavioral features of vehicles
within a 5 m radius of the target vehicle. Constructing the dynamic graph using this criterion
ensures optimal model performance. It is noteworthy that this study assumes the influence of
surrounding vehicles outside the interaction radius at a given moment can be negligible for
the target vehicle at that moment. The constructed dynamic graph is shown in Figure 3.

Figure 3. Dynamic interaction graph in mixed traffic scenarios.

The first layer of the dual-layer residual graph attention network employs a multi-head
attention mechanism (4 heads), where each head learns independent attention weights,
enhancing the model’s capability to capture diverse interaction patterns. The first GAT
layer learns the interactive features between the target vehicle and surrounding vehicles
within the interaction radius by processing the historical position sequence features of the

surrounding vehicles F; The output feature Fg,p is calculated as shown in Formula (11):

05,] "

Fgatl = ||fz—10—<z ‘XZ'Wanos,j> (11)

JjEn;

where | | denotes the feature concatenation operation, enhancing feature diversity; o is a non-
linear activation function that improves the model’s capacity to represent complex interaction
patterns; W" represents the learnable weight matrix of the n-th attention head, projecting
the 128-dimensional positional features into a 64-dimensional interaction space; and rxg is
the normalized attention coefficient of node i to node j in the n-th head. The value of is
related to the vehicle type, motion features, and the Euclidean distance to the target vehicle.
Its magnitude directly indicates the relative importance of the influence of that neighboring
vehicle on the target vehicle. Their calculation formula is shown in Formula (12).
ajj = softmax (aT [W"Eypsi |l Wanos,jD (12)

In Formula (12), a is a learnable attention parameter vector used to control the im-
portance of interaction features in weight computation, which is automatically optimized
through backpropagation.

The second layer of the two-layer residual graph attention network aggregates multi-
head features through a single-head attention mechanism and outputs 64-dimensional
interaction features Fgyp, calculated as shown in Formula (13):

Fgat2: v ( E ,BijVFgatl,j> (13)
€N

where V is a learnable projection matrix that compresses Fgy1 € RN>t>2% into a 64-
dimensional unified space; F1,; denotes the first-layer interaction feature output for a
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specific vehicle j. B;; represents the normalized attention weight, calculated as shown in
Formula (14), where g in the formula denotes a learnable query vector.

Bij = softmax(qT [WHFPOSJ | Wan“ﬂ'jD 9

A residual connection is subsequently introduced to enable the model to retain the
vehicle’s own motion features without being overwhelmed by interaction features, as
shown in Formula (15). Here, F,,s denotes the positional features output by the temporal
attention layer.

Foot = Fgatz + Linear1og 64 (Fpos) (15)

3.3.3. Trajectory Decoder

The decoding and prediction module is responsible for converting the encoded and
fused spatiotemporal features into future trajectory predictions. This module consists of
three processing stages: feature fusion, LSTM decoding, and absolute position correction.

First, the feature fusion module receives the state features Fj stps output by the LSTM
encoder module and the interaction features Fg, output by the spatiotemporal attention
module. These features are fused along the feature dimension to form a fused feature
matrix, as described in Formula (16).

Ffusion = Frstm || Pgat/ Ffusion € RN x(128+64) (16)

The fused feature matrix Fpop is fed into a two-layer LSTM decoder to decode
the integrated features. The first LSTM layer processes the spatiotemporal-social mixed
features and outputs intermediate states; the second LSTM layer further extracts temporal
dependencies, as described in Formula (17).

t t t t—1 t—1
Jaee r Caec = LSTMgec (Ffusion ’ ( dec 7 Cdec )) (17)

where the hidden state f,}. € R'% and the cell state ¢ e € R'?8 at each time step are
passed to the next time step, enabling cross-temporal information memory.
Subsequently, the output of the two-layer LSTM decoder is transformed into relative

displacement predictions through an MLP nonlinear layer, as shown in Formula (18).

At

AP; = Wo-ReLU (LayerNorm (Ws-f4,.) + bo) + by (18)

N

where AP; represents the predicted relative displacement of PTW i at time t; Wy € R*?
and W3 € R128%64 are learnable parameters of the fully connected layers, mapping features
from high-dimensional to low-dimensional spaces; by € R* and b; € R? denote the biases
of the first fully connected layer and the output layer, respectively.

Finally, to mitigate the impact of starting point drift on trajectory prediction accuracy,
an absolute position correction method is introduced. Using the true position coordinates
Pf ~! at the last observed time point as the reference, the predicted relative displacement

At At
AP; output by the decoder is converted into absolute position coordinates P;, as calculated

in Formula (19).
At N

P; = AP; + P!™! (19)

After a series of decoding and position correction operations, the final output is the
trajectory of the PTW within the prediction horizon.
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4. Experiments and Analysis

To validate the effectiveness of the proposed PTW trajectory prediction model, ex-
periments are conducted on the rounD trajectory dataset. Subsequently, three evaluation
metrics—Average Displacement Error (ADE), Final Displacement Error (FDE), and Root
Mean Square Error (RMSE)—are selected to assess the performance of the trajectory pre-
diction model. The results are compared with various models from recent research in the
field to demonstrate the superior performance of the proposed model. Meanwhile, ablation
studies are designed to investigate the impact of each module on the model’s performance.
Finally, a visual analysis is performed on the prediction outputs from each experiment.

4.1. Dataset

This study validates the model on the rounD trajectory dataset [43], which was released
by the Institute for Automotive Engineering at RWTH Aachen University, Germany. The
team collected data using drones equipped with cameras and employed advanced computer
vision algorithms to ensure high positioning accuracy, effectively overcoming common
challenges such as occlusion inherent in traditional traffic data collection methods. In terms
of vehicle trajectory processing, the rounD dataset utilizes an advanced high-resolution
semantic segmentation network (DeepLab-v3+) to process 4K aerial footage, generating
polygonal contours for each road user (Figure 4a,b). The centroid of each vehicle’s bounding
box is then calculated and used as the positional coordinates for various vehicle types. This
approach represents a standard practice in the fields of computer vision and trajectory
analysis, providing a unified and unambiguous reference point for vehicles of different
geometric shapes (such as long trucks and compact motorcycles), thereby avoiding the
ambiguity associated with using position points like the front or rear of vehicles that vary
with their orientation. The dataset, published in 2020, records trajectory data of natural
road users at three different roundabouts in Germany, as shown in Figure 4c. It includes
over 13,746 road users and 6 h of trajectory information, covering cars, vans, trucks, buses,
pedestrians, bicycles, and motorcycles. The sampling rate of the dataset is 25 Hz.

KOHLSCHEID

(©

Figure 4. The basic overview of the rounD dataset ((a) extracting trajectory and category for each road
user through computer vision algorithms; (b) recording traffic at roundabouts by a camera-equipped
drone; (c) the specific locations of observation sites (** indicates the data collection location of the
rounD dataset)).

4.2. Evaluation Metrics and Implementation Details

With reference to existing research achievements in trajectory prediction, this study
selects three commonly used evaluation metrics—ADE, FDE, and RMSE—to assess the
performance of the trajectory prediction model. The formulas are as follows:

1N 1T
ADE = ﬁZi:l th:1

At
p; — P! (20)
2
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1 N AT T
EDE = ﬁzz‘:l P, — P (21)
2
1 N At 2
RMSE' = | <Y (P = FY) (22)

ADE (m)

0.5

Average Displacement Error

i=1

among these, ADE is the mean squared error between the true and predicted positions
of trajectory points over 50 time steps (2 s); FDE refers to the Euclidean distance between
the predicted and true values of the final position in the target vehicle’s trajectory; RMSE'
represents the root mean square error between the predicted trajectory and the ground
truth trajectory at specific time points + = [10, 20, 30, 40, 50].

The experiments in this study were implemented in an Ubuntu 20.04 environment us-
ing CUDA 11.8, Python 3.8, and PyTorch 2.0.0. An RTX 4090D GPU with 80 GB of memory
was used for execution. During training, the Adam optimizer was selected to minimize
the loss function. Additionally, the batch size was set to 128, the number of epochs to 100,
the dropout rate to 0.2, and the minimum learning rate to 1 x 1072, Under the aforemen-
tioned hardware environment, the model achieves a single-trajectory prediction latency of
11.62 milliseconds, attaining a safety margin of 88%. This performance significantly outper-
forms the real-time threshold required by autonomous driving systems, enabling efficient
handling of real-time prediction tasks in complex interactive scenarios. Furthermore, the
model maintains a compact parameter size of 0.61 M with a computational complexity of
0.08 GFLOPs. These results demonstrate that the structurally efficient trajectory prediction
framework developed in this study effectively reduces computational overhead while
fulfilling the stringent real-time requirements of practical applications, thereby providing a
robust technical foundation for its integration into autonomous driving systems.

As shown in Figure 5, all metrics gradually stabilize during the training process and
decrease to a low level, indicating that the proposed model performs well in the trajectory
prediction task on this dataset and achieves high-precision prediction of PTW trajectories
in mixed traffic scenarios.

Final Displacement Error RMSE at Different Time Steps

l — mse_10

FDE (m)
RMSE (m)

Epoch

(@)

60 80 0 20 40 60 80 0 20 40 60 80
Epoch Epoch

(b) (c)
Figure 5. Variation curves of (a) ADE, (b) FDE, and (¢) RMSE during model training.

The loss function of the proposed model adopts a composite multi-objective design,
combining three key metrics: ADE, Start-point Alignment Penalty (SE), and Maximum
Displacement Error (MDE) constraint (Formula (23)).

L = Ay-ADE + Ay-SE + A3-MDE (23)
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Among these, the calculation formulas for SE and MDE in Formula (23) are given by
Formula (24) and Formula (25), respectively.

A0
SE = ||P; — P} (24)
2
N:
MDE = max||P; — P! (25)
2

0
AN

P; and P? represent the predicted trajectory coordinates and the true trajectory coordi-
nates of PTW i at the initial prediction time step t,,,; = 0, respectively; A1, A, A3 are the
weight coefficients for the three metrics. Figure 6 shows the training and validation loss
curve in the mixed traffic scenario where the dataset is located.

Training and Validation Loss

61 —— Train Loss
—— Val Loss

0 20 40 60 80
Epoch

Figure 6. Training and validation loss curve in the mixed traffic scenario.

The design of the loss function ensures the overall accuracy of the trajectory shape
while specifically enhancing the motion continuity at the trajectory start point, and im-
proves the model’s robustness to extreme cases by penalizing the maximum deviation term.
As shown in Figure 6, both the training loss curve and the validation loss curve stabilize by
the end of the training process, demonstrating the effectiveness of the loss function.

4.3. Model Comparison Experimental Results and Analysis

To validate the trajectory prediction performance of the proposed model for PTWs
in mixed traffic scenarios, we selected six recently proposed models for comparative
experiments on the rounD dataset. It should be noted that all models take the 2 s historical
trajectory of the target vehicle as input and output the predicted trajectory of the target
vehicle for the next 2 s in the scenario. The experimental results are shown in Table 2
and Figure 7. It should be noted that in Table 2, the underlined values indicate the
parameters obtained from the validation of the best-performing model under the respective
conditions, while the bolded values represent the verification results of the model proposed
in this study.

CV [10]: This method assumes that objects continue moving at their current speed and
direction, while ignoring interactions between vehicles. Trajectory prediction is performed
based on these assumptions.

LSTM [44]: It employs an LSTM encoder—decoder framework, taking only the coordi-
nates of the target as input and outputting trajectory predictions.

Social-GAN [45]: This model improves upon Social-LSTM by introducing a gener-
ative adversarial learning mechanism to achieve vehicle trajectory prediction in highly
interactive scenarios.
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Trajectron++ [42]: It captures complex spatiotemporal dependencies via GNNSs, uti-
lizes CAVE to handle uncertainty in agent intentions and generate diverse trajectories, and
incorporates kinematic and dynamic models to ensure the feasibility of output trajectories.

GAT-LSTM [46]: It uses LSTM networks to encode vehicle trajectory information
and employs GAT to represent vehicle interactions, fully considering the dynamics and
spatiotemporal correlations of multidimensional motion.

BATraj [47]: This approach captures continuous driving behavior using only historical
trajectory data in polar coordinates and a DGG-based method, eliminating the need for
labor-intensive HD maps and costly manual annotations.

Table 2. Results of comparison experiments.

Evaluation Metrics

Models RMSE
ADE (m) FDE (m)
04s 0.8s 1.2s 1.6s 2.0s
cv 0.14 0.54 1.18 2.05 3.13 0.78 2.23
LSTM 0.58 1.15 1.73 2.30 2.53 1.90 2.53
Social-GAN 0.28 0.63 1.31 1.93 2.04 0.91 1.58
Trajectron++ 0.23 0.47 0.67 0.79 1.34 0.31 0.89
GAT-LSTM 0.31 0.64 0.86 0.93 1.25 0.37 0.76
BATraj 0.17 0.37 0.57 0.84 1.17 0.59 0.67
Our Model 0.20 0.31 0.44 0.67 1.08 0.28 0.70
3.5
cv
LSTM
3 —@— Social-GAN
—@— Trajectron++
2.5 —@— GAT-LSTM
—@—BATraj
£ 2 —@— Our Model
@
E 1.5
1
0.5
0
0.4 0.8 1.2 1.6 2

Prediction Time/s

Figure 7. Results curves of comparison experiments.

The comparative experimental results on the rounD dataset fully demonstrate the
significant advantages of the proposed model in mixed traffic scenarios. As shown in
Table 2 and Figure 7, our model achieves optimal or near-optimal performance across
multiple key metrics. At a 0.8s prediction horizon, it attains the lowest RMSE of 0.31,
representing a 16.2% reduction compared to the second-best performer, BATraj (0.37). At
1.2 s, the RMSE is 0.44, significantly outperforming Social-GAN (1.31) and GAT-LSTM
(0.86). Most notably, our model achieves an outstanding ADE of 0.28, surpassing all baseline
models—9.68% lower than Trajectron++ (0.31) and 69.2% lower than Social-GAN (0.91).
Although its FDE of 0.70 is slightly higher than BATraj’s 0.67, when considering the overall
performance in ADE and RMSE across time periods, our model exhibits clear superiority
in both the accuracy and stability of trajectory prediction. It maintains a leading position,
especially in the short-to-medium term prediction range (0.4 s to 1.6 s), which indicates that
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the proposed model more sensitively captures the highly dynamic and interactive behaviors
of PTWs in mixed traffic scenarios, enabling trajectory predictions to converge stably closer
to the ground truth. This further enhances the operational safety of autonomous driving
systems in such environments.

4.4. Ablation Experimental Results and Analysis

The model framework proposed in this study consists of four main modules: LSTM
encoder, temporal attention module, graph attention module, and trajectory decoder. To
systematically investigate the specific contributions of different module components in
improving the model’s performance, we conducted a series of ablation experiments. Six
model variants were compared and quantitatively evaluated using both ADE and FDE
metrics, as shown in Table 3. It should be noted that in the table, “ x” indicates that the
module was removed from the model, while “,/” indicates that the module was retained.
Additionally, underlined values represent the verification results of the best-performing
model under the respective conditions, and bolded values denote the verification results of
the complete model proposed in this study.

Table 3. Results of ablation experiments.

Modules Evaluation Metrics
Time Attention Layer GAT Interaction Layer  Feature Fusion  Position Correction f(lnDj 1;1?1})3
X Vv vV Vv 0.36 0.83
Vv X Vv Vv 0.53 0.95
vV Vv X Vv 0.45 0.86
vV Vv vV X 0.48 0.88
X X vV Vv 0.65 1.23
vV Vv X X 0.39 0.98
Vv v Vv v 0.28 0.70

Experimental results demonstrate that the complete model achieved the best perfor-
mance, with ADE and FDE reaching 0.28 m and 0.70 m, respectively, significantly surpassing
all other ablation configurations, which verifies the effectiveness of each module’s design
and their positive contribution to the overall prediction performance.

Data from the table show that removing the temporal attention layer led to a decline
in model performance, with ADE and FDE reaching 0.36 m and 0.83 m, respectively. This
indicates that the module plays an indispensable role in enhancing the model’s perception
of dynamic features at critical time steps. Furthermore, when the graph attention interaction
layer (GAT) was removed, ADE and FDE increased to 0.53 m and 0.95 m, respectively,
indicating considerable performance degradation. This underscores the critical importance
of explicitly modeling spatial relationships among agents for accurate future trajectory
prediction. The removal of the feature fusion module resulted in a substantial increase in
ADE, while FDE also rose to 0.86 m, demonstrating that this module plays a central role
in integrating multi-source feature information. Similarly, when the position correction
module was excluded, ADE and FDE reached 0.48 m and 0.88 m, respectively, indicating
that this module effectively enhances the spatial consistency and physical plausibility of
trajectories and substantially contributes to improving the accuracy of decoded trajectories.

We also tested a model with both the temporal attention and graph attention modules
removed simultaneously, which resulted in the worst performance, with ADE and FDE as
high as 0.65 m and 1.23 m, respectively, significantly exceeding all other ablation settings.
This indicates that both temporal and spatial modeling modules constitute the core capabil-
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ity of the model, and neither can be omitted. Finally, under the configuration where both
the feature fusion and position correction modules were omitted, the evaluated ADE and
FDE values showed a noticeable increase. Although the magnitude of degradation was
less severe than in the previous ablation experiment, the overall prediction consistency—
particularly the final displacement error—was still affected, demonstrating the necessity of
multi-module collaboration.

5. Conclusions

This paper addresses the challenge of predicting powered two-wheeler (PTW) trajec-
tories in mixed traffic scenarios by proposing an enhanced Social-GAT prediction model.
The core innovation of this research lies in constructing a multi-module collaborative ar-
chitecture specifically designed for PTW characteristics: A dual-channel LSTM encoder
separately processes positional sequences and motion features to effectively capture the
high maneuverability of PTWs; a temporal attention mechanism is introduced to enhance
the perception of key behavioral moments; and a residual-connected dual-layer GAT struc-
ture is employed for fine-grained modeling of asymmetric interactions between PTWs
and vehicles. Experiments on the rounD dataset demonstrate that the proposed model
significantly outperforms baseline models in PTW trajectory prediction tasks, with ablation
studies further validating the contribution of each module. Notably, the removal of the
GAT layer led to a significant performance degradation, underscoring the necessity of a
dedicated interaction modeling mechanism in the model.

The model proposed in this study provides key technical support for the safety
decision-making of autonomous driving systems in mixed traffic environments. Its high-
precision prediction capability offers a longer reaction time for the path planning module
of autonomous vehicles, effectively reducing collision risks in complex scenarios such as
intersections and ramps. Furthermore, based on feature learning, it can generate trajectory
data that conforms to the real behavioral characteristics of PTWs, providing a high-quality
simulation benchmark for the testing and validation of autonomous driving algorithms.

However, due to the limited PTW samples in currently available public datasets and
the variations in traffic contexts across different countries and regions, training on a single
dataset still struggles to fully capture important behavioral features in interactive scenarios.
In future work, we will incorporate transfer learning methods to validate the model on more
datasets, overcoming trajectory prediction accuracy issues caused by small sample sizes
and data distribution disparities. The focus will be on exploring the model’s generalization
capability across regions and scenarios, further enhancing the practicality and reliability of
trajectory prediction models in complex interactive environments.
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