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ABSTRACT Vehicle trajectory prediction is a key technology in autonomous driving, one of the aims
of which is to ensure the safety of vehicle travelling and lane changing. Especially in complex traffic
scenarios, it is critical to accurately predict the vehicle trajectory so that the automated driving system
can make appropriate response actions to help the vehicle driver avoid accidents to the greatest extent
possible. Some studies on vehicle trajectory prediction have used recurrent networks (LSTMs) to extract
temporal correlations and additional convolutional neural networks (CNNs) to capture spatial correlations.
This hybrid model can be added more operations, so we propose a new CNN-LSTM hybrid model containing
multi-module, interaction regions and spatial-temporal attention mechanisms (IA-CSTM). In this paper, the
traffic scene is divided into multiple interaction regions, and vehicles in different regions have different
impacts on the predicted vehicles. The model has multiple modules that deal with vehicle information in
different interaction regions. The model will cross-fuse vehicle information in important interaction regions
to enhance the model’s perception of vehicle information. Multiple modules are linked through a spatial-
temporal attention mechanism and capture the relevance of the vehicle in the interaction region to predicted
vehicle.

INDEX TERMS Vehicle trajectory prediction, interaction regions, multi-module, spatial-temporal attention

mechanism, IA-CSTM.

I. INTRODUCTION

HE emergence of autonomous driving technology holds
T the promise of enhancing driver and passenger safety
while curbing economic losses attributed to human error-
induced car crashes. Nevertheless, accomplishing a fully
human-replacing autonomous driving system poses chal-
lenges due to the intricate and dynamic road environment,
encompassing interactions among diverse vehicles. For au-
tonomous driving technology to navigate safely and effi-
ciently, it necessitates the capability to detect and identify
other objects, and promptly predict and respond to their ac-
tions, akin to human behavior. Consequently, accurately pre-
dicting the trajectories of other road objects becomes pivotal
in autonomous driving technology.

Trajectory prediction is a challenging problem for the fol-
lowing reasons. Vehicles are interdependent and the behav-
ior of one vehicle has an impact on other vehicles [1]. For
instance, when a vehicle ahead slows down, human drivers
tend to adjust their speed accordingly. To achieve accurate
trajectory prediction, the model must consider not only the
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predicted vehicle’s trajectory but also the trajectories of sur-
rounding vehicles and speculate on their potential future in-
teractions. The accumulation of errors further compounds the
issue. Typically, a trajectory prediction model relies on the ve-
hicle’s current position and historical trajectory to anticipate
its next position, leading to gradual error accumulation and
deviation from the actual situation. Additionally, the highly
nonlinear nature of vehicle trajectories over time, influenced
by drivers’ decisions, poses a significant challenge for tradi-
tional physical and machine learning models.

Previous research has suggested predicting objects’ future
positions by identifying their maneuvers (e.g., lane changes,
braking, or continuing driving) [2], [3]. However, when these
methods inaccurately inferred the maneuver type, they failed
to achieve precise object location prediction. This kind of
misjudgment often occurs in scenarios where predictions
solely rely on sensors like GPS while disregarding visual
cues, such as steering signals. Subsequently, Bhattacharyya
et al. [4] attempted to deduce the bounding boxes of objects
in RGB camera frames by predicting future vehicle odometer
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TABLE 1: Summary of related works.

Reference

Analysis Type

Application

Models

Techniques

Datasets

Lin et al. 1995

Simulated data

Vehicle Trajectory

Kalman Filter Dynamic

Adaptive to Kalman filter gain

Simulated Data

[5] Prediction Model

Lefevre et al. Real data Vehicle Trajectory Bayesian Network A Bayesian Network with uncertain Real traffic at two four-

2011 [8] Prediction evidence way-stop intersections

Zhang et al. Real data Vehicle Trajectory Gaussian Mixture and Hid- Calculate front running space and NGSIM

2020 [10] Prediction den Markov Model comfort loss under each scenario

Zhang et al. Simulated data Flight  Trajectory ALO-LSTM Model Use ALO algorithm to optimize the Simulated Data

2018 [12] Prediction initial weights of LSTM network

Fujii et al. 2021 Real data Human Trajectory RNN Model Use two-block RNN model ETH, UCY

[13] Prediction

Yang et al. 2020 Real data Vehicle Trajectory ConvNets and LSTMs Use an attention mechanism and a BLVD

[15] Prediction social map

Li et al. 2019 Real data Vehicle Trajectory GRIP model Use several graph convolutional NGSIM

[16] Prediction blocks and LSTMs

Alahi et al. Real data Human Trajectory Social-LSTM model Use the social-pooling strategy ETH, UCY

2016 [19] Prediction

Deo et al. 2018 Real data Vehicle Trajectory CS-LSTM model Use the convolutional social pool- NGSIM

[20] Prediction ing

Miguel et al. Real data Vehicle Trajectory Recurrent VAE Network  Recurrent layers and Variational HighD, NGSIM

2022 [23] Prediction Auto Encoder model architecture

Seff et al. 2023 Real data Vehicle Trajectory MotionLM model Cast multi-agent motion prediction WOMD

[24] Prediction as a language modeling

(our model) Real data Vehicle Trajectory IA-CSTM model Use multiple interaction regions and NGSIM
Prediction spatial-temporal attention mecha-

nism

sequences. Nevertheless, for the self-driving car to respond
accurately to these predicted locations, the projected bound-
ing boxes in the RGB frames still need to be mapped onto the
self-driving car’s coordinate system.

During vehicle travelling, drivers encounter various types
of traffic agents such as cars, pedestrians, bicycles and buses.
These traffic agents have different shapes, dynamic character-
istics and movement patterns. To ensure the safe operation of
self-driving vehicles, their perception and navigation systems
should be able to analyse the motion patterns of the surround-
ing traffic agents and predict their future locations in order
to make more accurate driving decisions. To simulate the
interaction between vehicles, some academics [19] represent
human trajectory location information as a social tensor map
structure and use a pooling layer to capture inter-vehicle cor-
relations. Some academics [20] do convolutional operations
on the tensor graph to improve the model’s perception of
spatial correlations between vehicles. Some academics [16]
construct the targets within the traffic scene as an undirected
graph and do convolution operations on the undirected graph
to extract spatial temporal correlations. There are also aca-
demics [24] used model to produce joint distributions over
interactive agent futures in a single autoregressive decoding
process. These methods capture the spatial-temporal correla-
tions between target vehicles during the encoding or decoding
phase. In this paper, multiple interaction regions and attention
are adopted to capture spatial temporal correlations between
vehicles. Multiple interaction regions and modules can help
the model capture inter-vehicle spatial-temporal correlations.

This paper introduces a multi-module CNN-LSTM hy-
brid model with Interaction and Attention (IA-CSTM). The
IA-CSTM model comprises two distinct interaction regions,
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namely the vision interaction region and the neighbourhood
interaction region, where vehicles within these regions exert
varying influences on the ego vehicle. The vision module
within the IA-CSTM model is founded on the Vision inter-
action region. To enrich vehicle information, we propose the
employment of a cross fusion block, facilitating feature cross
fusion and tensor map construction. On the other hand, the
Neighbourhood module is devised based on the neighbour-
hood interaction region, enabling the extraction of interac-
tion information between the ego vehicle and its surround-
ing neighbors. Furthermore, the Ego module is developed
specifically for the predicted vehicle. In this context, we intro-
duce spatial-temporal attention mechanisms, each catering to
distinct aspects: one for capturing temporal dependencies in
vehicle trajectories and the other for grasping spatial interac-
tions between the home vehicle and its adjacent counterparts.
In traffic scenarios, interactions between vehicles involve a
variety of driving behaviours such as overtaking, lane chang-
ing, approaching and slowing down. These behaviours reflect
the dynamics between the vehicles and are mapped to the ve-
hicle trajectories. By utilizing the spatial-temporal attention
mechanism, our method effectively captures diverse types of
traffic interactions within the vision and neighbourhood inter-
action regions, culminating in improved predictive accuracy
of the model.

In this paper, the IA-CSTM model is validated on the public
Next Generation Simulation (NGSIM) U.S. Highway 101
(US-101) and Interstate 80 (I-80) datasets. The experimental
findings distinctly demonstrate the superiority of our method
over other baselines, showcasing remarkable performance
improvement.

The main contribution of this work are summarized as
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follows:

1) A model with interaction regions and multiple modules
is proposed, which effectively captures the correlations
between vehicles. Each module is designed to address
specific interaction regions.

2) A spatial-temporal attention method is proposed to cap-
ture the temporal correlation of vehicle trajectories and
the spatial correlation between vehicles, and to help the
model link multiple modules.

Il. RELATED WORK
A. PHYSICS AND MACHINE LEARNING BASED
TRAJECTORY PREDICTION METHODS
There exist numerous conventional trajectory prediction tech-
niques comprising both physics-based and machine learning
methods. The physical models consist of kinetic models [5],
Kalman filter models [6] and similar approaches. Lytrivis
et al. [7] presented a cooperative path prediction algorithm
that takes into account data coming from other vehicles via
wireless communications. There are also traditional machine
learning trajectory prediction methods, such as Bayesian net-
works [8] and Hidden Markov Models [9], [10], are utilized.
In some complex scenarios, traditional physics-based ap-
proaches and machine learning models may be limited be-
cause they fail to effectively capture the diversity and inter-
action in vehicular traffic scenarios. Single-trajectory CTRA
models may assume that vehicles have similar motion pat-
terns, ignoring the differences between different types of
vehicles. Dynamics models may focus only on the previous
trajectories of vehicles and fail to adequately consider poten-
tial coordination and competition between vehicles. Hidden
Markov predictions of future trajectories rely only on the
current state, but vehicle trajectories may receive influences
over longer historical time horizons.

B. DEEP-LEARNING BASED TRAJECTORY PREDICTION
METHODS

Deep learning is also divided into two categories, one for
sequence prediction models and one for spatial interaction
models. Among the sequence prediction models, GRU [11]
and LSTM [12] have been successful in the task of predict-
ing vehicle trajectory sequences. Both LSTM and GRU are
able to deal with long term dependencies in the trajectory
sequences, where the vehicle behaviour may be influenced by
factors over a long history time. RNNs are also widely used in
modelling the historical motion trajectories of vehicles [13].
RNN has good effect on the processing of sequence data,
which is very important for vehicle trajectory prediction, the
trajectory data has strong sequence. RNN has the ability to
capture the temporal information in the historical trajectory
by taking into account the historical position and speed of the
vehicle. Bhujel et al. [14] proposed RNNs with an encoder-
decoder architecture, and encoder decoder is also a common
architecture for RNNs. RNN is mainly designed to deal with
time series data and their prediction of vehicle trajectories in
simple traffic scenarios gives better results. When there are
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FIGURE 1: Vision and Neighborhood interaction regions: We
highlight the various interactions of the ego vehicles (the black
vehicle). The vision interaction region is the orange semi-circular
region, and the vehicles in the region are labelled in orange. The
neighbourhood interaction region is the blue circular region and the
vehicles in the region are labelled blue. The model modelled these
interaction regions with several modules.

complex traffic scenarios, the vehicle trajectory data will also
be spatial, which is not an area of expertise for RNNs. To
capture spatial features, RNN is usually used in combination
with other models. Examples include CNNs, attention mech-
anisms [15] and graph convolutional networks [16].

Systems based on target detection and graph convolutional
networks based on attention mechanisms are beginning to
be used in traffic scenarios and are also performing well in
vehicle trajectory prediction. Giiney et al. [17], [18] proposed
and implemented a real-time advanced driver assistance sys-
tems (ADAS system) with low power consumption and high-
speed mobile GPU platforms. This system can accurately
detect vehicles, traffic signs and pedestrians to obtain their
node information. The results of these target detections can
be constructed as nodes of an undirected graph, where each
node represents a target. Miguel et al. [23] proposed method
uses the encoder part of the Variational Auto Encoder model
(VAE) to represent the vehicle’s surroundings agents behavior
in time, taking advantage on the fact that VAE encodes similar
situations or states close in the latent space and the genera-
tive properties of the VAE decoder, that is used to generate
naturalistic driving trajectories. Seff et al. [24] represented
continuous trajectories as sequences of discrete motion mark-
ers and cast multi-intelligent motion prediction as a language
modelling task. Temporal causality can be achieved through
sequential factorisation of this approach.

Alahi et al. [19] connected neighbouring LSTMs through
a social-pooling strategy, which enables spatially neighbour-
ing Istm to share information with each other. This allows
for better vehicle interaction in traffic scenarios. Deo et al.
[20] represented neighbouring objects in terms of the social
tensor and proposed a convolutional social pooling method.
Vehicle interactions in a traffic scenario are modelled with a
convolutional social pool, and the hidden information of the
tensor map is extracted with convolutional operations. This
method improves on the social pooling method proposed by
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FIGURE 2: IA-CSTM Model Architecture: The ego vehicle is represented in black. The orange semi-circular region in front of it is its
vision interaction region and The blue circular region around it is its neighborhood interaction region. The vision module processes vehicle
information within the vision interaction region, while the neighborhood module handles information within the neighborhood interaction
region. We generate input embeddings for all vehicles based on trajectory information. These embeddings are passed through LSTMs and
eventually used to construct the vision tensor map, the neighbors tensor map and the ego tensor. The vision and neighbors tensor map are
passed through separate convolutional network, and do spatial-temporal attention manipulation with the ego tensor in the ego module. Finally,
the outputs of the three modules are concatenated and fed into an LSTM to generate a trajectory prediction for the ego vehicle.

Alahi. Compared to the pooling method, the novel attention
mechanism can calculate the importance of different neigh-
bourhoods to the study object and can capture more hidden
information.

In this paper, we improve Deo method and propose a multi-
module network that includes multiple modules and spatial-
temporal attention mechanism.

lll. PROBLEM FORMULATION

Before describing the scheme of this paper, this paper defines
the trajectory prediction problem as the problem of predicting
the future location of an object based on its trajectory history.
As shown in Fig 1, for all vehicles in the blue circular region
thereis setA = {¢;},_, , ,» Where n indicates the number of
vehicles in the region. Each vehicle’s historical trajectory has
a total of 7 time steps. The input X to the model in this paper is
the trajectory coordinates of vehicles in all time steps, denoted
as:

X = [P17P2>P3»---aplh] (1)
where

r__ t t t t t t
= [(xcvym) ’ (xcwyw) [ (xcn7ycn)]t=1,2...zh 2
represents the coordinates (x, y) of all vehicles in the observed
scene at time step ¢; ¢; is one of the set A. The outputs Y of the
model are the predicted future trajectory of observed vehicles
from time step #;, + 1 to #, +#¢, and #; is the predicted horizon:

X =[q"q" 2 g ] 3)
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where

qt = I:('xél’yzl) ? (xé2,y22) LA (‘xén’yén)}t:l}l+17th+2...lh+lf

IV. PROPOSED SCHEME

In the context of multi-objective traffic, the goal of this paper
is to predict vehicle trajectories, i.e., future spatial coordinate
sequences of vehicles. To achieve time series prediction, a
model that captures temporal correlations in the data, such
as LSTM, is required. However, LSTM is unable to learn de-
pendencies or associations between heterogeneous vehicles.
In this paper, several modules are constructed to incorporate
convolutional neural networks and spatial-temporal attention
mechanisms. Convolutional neural networks can learn local
dependencies from features. And the spatial-temporal atten-
tion mechanism allows the model to amplify the tempo-
ral correlation of the vehicle’s own historical trajectory and
extract the spatial correlation between the vehicle and the
vehicles when processing heterogeneous vehicle data. With
different modules, interaction region information and spatial-
temporal attention mechanisms, the model proposed in this
paper is able to learn the interaction information between
different vehicles in space and time and better capture the
temporal and spatial correlations in the data. This allows us
to predict vehicle trajectories more accurately. We visualise
the model structure in Fig 2. This hybrid model approach
promises to improve the performance of trajectory prediction
in heterogeneous traffic data. It is able to take into account
both local features and relationships between vehicles on
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different interaction regions, thus better capturing complex
relationships in the data.

A. INTERACTION REGIONS

In order to better predict the vehicle trajectory, this paper
proposes to add different training weights to different vehicles
in the traffic scene. In this paper, we set two different inter-
action regions for the ego vehicle (the black one), because
during the driving process, the driver will focus most of his
attention on the observable vehicles in front of the vehicle,
and if the vehicle in front of the vehicle shows slowing down,
changing direction and braking sharply, then the vehicle will
be largely affected by it. We define the semi-circular region
in front of the vehicle as the vision interaction region (as
shown in the orange region in Fig 1). However, the surround-
ing vehicles also have different effects on the ego vehicle,
and we define the circular region around the ego vehicle
as the neighbourhood interaction region (shown as the blue
circular region in Fig 1). Vehicles are classified into three
categories, the first being the ego vehicle (the black one),
the second being the driver-observable vehicle in the orange
semi-circular region, and the third being the neighbouring
vehicles in the blue circular region. Where vehicles in the
neighbourhood interaction region do not include vehicles in
the vision interaction region.

Based on the vision interaction region and neighborhood
interaction region set in this paper, the number of vehicles
in the two interaction regions is represented as the set V. =
{¢i}iz19 ,, and N = {ci},_; 5 ,. Then all the vehicles
within interaction regions ¢; € V U N, and input their
historical trajectories into the model.

B. VISION MODULE

The model proposed in this paper consists of several modules,
and the inputs X j”'”'”” to the Vision Module (represented by the
orange line in Fig 2) are the historical trajectories of all the
vehicles in the vision interaction region. The data first goes
through the fully connected layer to get e}"".

e;i.vion =FC (WFCvaixion + bFC) (5)

where Wgc and bgc are conventional symbols denoting the
weight matrix and bias vector respectively, of the fully con-
nected layer. Then it goes through a single LSTM and outputs
the hidden state 25" (1), ¢ is the time step.

h]yi.vion ([) — LSTM (h}/ision (f _ 1) ;eja WLSTM? bLSTM) (6)

where 17" (1 — 1) refers to the corresponding vehicle’s hid-
den state vector from the previous time step ¢ — 1. Wy sy, and
brstv are conventional symbols denoting the weight matrix
and bias vector respectively, of the layer LSTM.

Vehicles in the vision interaction region have more poten-
tial impact on the ego vehicle travelling, in order to be able to
enhance the correlation between vehicles in this region and
the ego vehicle. In this paper, we propose a feature cross-
fusion block to cross-fusion the hidden states of vehicles in
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FIGURE 3: Cross Fusion Block: In order to enhance the correlation
between the observed vehicles and the ego vehicle, we do a cross
fusion operation on the hidden states of the vehicles in the vision
interaction region.

the vision interaction region with features, thus allowing the
model to pay more attention to the information about vehicles
in the region. As shown in Fig 3, in this block, the first
vehicle’s hidden state /3" is concatenated with the second
vehicle’s hidden state hg”“’” , and the second vehicle’s hidden
state %" is concatenated with the third vehicle’s hidden
state A%%". And so on, until the (n — 1)-th vehicle’s hidden

state 259" is concatenated with the n-th vehicle’s hidden state
hvision
ysen,

hgision = concat (hxlvision, h\éision) mhrlision = concat (h;;zizqn, h’\;ision)

(N

Then, all the hidden states of the vehicles after completing

the operation are simultaneously concatenated with the hid-
den state of the n-th vehicle.

g oo My

vision __ vision 1 vision vision
h,*"" = concat (hl ,hy ) ®)

All the hidden states A} of the interacting vehicles are
passed through the fully connected layer of the Exponential
Linear Units (ELUs) non-linearity [21] to obtain hf"‘. All hj‘:’l“
are then pooled together in a "vision tensor map", Vs; =
{h¢"|c; € V}. Finally, the vision tensor map is convolved
with two different layers of convolution kernels and one
maxpool layer to get the output f;sion-

C. NEIGHBORHOOD MODULE

The inputs to the neighborhood module (indicated by the
blue line in Fig 2) are the historical trajectory coordinates
of all vehicles in the neighborhood interaction region (ex-
cluding vehicles in the vision interaction region). Similar
to the vision module, the input data first goes through the
fully connected layer to get e;'e’ghbm. Then, after a sin-

r'leighbors’ all

gle LSTM to output the vehicle hidden states A

hneighhom
J

Nb; = lc; e N } Finally, the neighbors tensor map

is convolved with two different layers of convolution kernels

and one maxpool layer to get the output fucighbors-

are pooled together in a "neighbors tensor map",
hneighbors
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D. EGO MODULE

The LSTM model can capture the temporal correlation be-
tween the vehicles themselves and their historical trajectories,
but cannot capture the spatial correlation between the vehi-
cles and each other. In order to further extract the temporal
correlation of vehicles themselves and the spatial dependence
between vehicles, this paper proposes to combine spatial-
temporal attention and LSTM to construct the ego module
(indicated by the black line in Fig 2). The ego vehicle data
first goes through the fully connected layer and single LSTM
to get the hidden state /; of the vehicle history data. Then,
temporal attention operation is done on A; to extract more
temporal correlation of the ego vehicle trajectory. Finally, the

3 . . . .. b4 hh y
spatial attention operation is done on /;, /""" and h;'”g ors

. . iohbors - . .
(for ease of illustration, A} and h}mg’ °™ in this section

are referred to as h;), and extract spatial correlations between
vehicles.

Temporal attention: As shown in Fig 4, in the temporal
attention module, all the information of the past time step of
the ego vehicle will do message passing with the information
of the present time step. The module firstly computes the
query matrices {Q:*’}, key matrices {K;*’} and the value
matrices {V*’}. For the i-th ego vehicle, we calculate

tego (t) - WQegOh;, K;?go (t) - W](fgnhﬁ, Vrego (t) - WVFgOh?
©))
where Wyeo, Wgeo and Wy« are the corresponding query, key
and value matrix of the i-th ego vehicle. For the trajectory
of the i-th ego vehicle, as shown in Fig 4(a), we define the
message passing from time step s to ¢ as:
m* = (O (1) K (s)

1

(10)

Then, we compute the temporal attention masks for the i-th
ego vehicle at time step ¢ as follows:
Softmax([m* "
TAttention(t) = M[Vfgo(s)]s:h,;q
Vdj

where [m s=1..r—1 shows that the current time step in-
formation can only interact with the time step information
preceding it. Similarly, we can get the multi-head attention
(k heads) of the i-th ego vehicle at the time step .

(1)

S*)I}

T(t) = fo([heady, ..., heady))|head; = TAttention;(t),j € [1,k|

(12)
where f, is a fully connected layer that merges information
from k headers. After calculating the multiple attention 7; for
each time step ¢ € [1, #;,] of the i-th vehicle, and concatenate
T; with the original input 4; to get A;r.

hiy = concat (T, ;) (13)

Spatial attention: In order to capture the spatial correla-
tion between the ego vehicle and the surrounding vehicles, the
h;r obtained from temporal attention block and the hidden
state h; of the vehicles in the interaction region do spatial
attention operation. The module firstly calculates the ego ve-
hicle’s query vector qiy = W, (t)hiz, surrounding vehicles’
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(a) Temporal attention(ego message-passing) (b) Spatial attention(vehicle to vehicle message-passing)

FIGURE 4: (a) Temporal Attention: the hidden state of the ego
vehicle at time step 7, i.e., k!, can only access its previous steps’ hid-
den states A, hZ, ..., hﬁ’l;(b) Spatial Attention: each step allows
the ego vehicle to message with all vehicles in the interaction region.

key vector k/ = Wj,(¢)h} and value vector v; = W, (t)h;. We
compute

Qir(1) = {qir} . Ki(t) = {kj } , Vi(r) = vili e VUN (14)

and the information transfer from the surrounding vehicle j to
the ego vehicle as follows:

m 7= (Qir (1)) K;(t)

then the spatial attention masks at time step ¢ can be calculated
as:

s5)

SAttention(t) = Ww
k

We can obtain the muti-head attention (k heads) of the ego
vehicle for time step t:

Vi)]jevon — (16)

Si(t) = fo([head,, ..., heady]) |head; = SAttention;(t),j € [1,k]

a7
where fj is a fully connected layer that merges the k heads’
information. After calculating the multi-head attention S; of
the ego vehicle at each time step 7. S; is concatenated with
the hidden state 4; of the ego vehicle that has previously gone
through the single LSTM to obtain #;s.

his = concat (S;, h;) (18)

hjs is then passed through the fully connected layer to get fe,,.
Finally, the outputs of the three modules are concatenated to
obtain z.

z = concat (fvision 7ﬁzeighbnrs 7f6go) (19)

We input z into a LSTM decoder to predict future the ego
vehicle future trajectory.

E. IMPLEMENTATION DETAILS

In this paper, two interaction regions are set for the ego
vehicle, one is vision interaction region and the other is neigh-
borhood interaction region. The vision interaction region is
a semi-circular region (orange semi-circular region in Fig 1)
with radius R1 in front of the ego vehicle centred on the
vehicle. The neighbourhood interaction region is a circular
region centred on the ego vehicle with a radius of R2 (the
blue circular region in Fig 1).The final values of R1 and
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R2 will determine the optimal value based on the ablation
experiments in the next section.

We train our model as a regression task. The overall loss
can be calculated as:

th+1y

Loss:l Z ‘

t
h=n+1

2

yPred — yire (20)

where 7 is predicted horizon, Y?"** and Y/™ are predicted
positions and ground truth at time step ¢, respectively.

In this paper, we use single-layer LSTMs as encoders
and decoders with hidden state dimensions of 64 and 128,
respectively. The size of the convolution kernel for the first
convolution layer is 3 x 3. The size of the convolution kernel
for the second convolution layer is 3 x 1. The size of the
convolution kernel for the maxpool layer is 2 x 1. We using
the Adaptive Moment Estimation (Adam) optimizer [22] with
a batch size of 64 and learning rate of 0.001.

V. EXPERIMENT
A. EXPERIMENT ENVIRONMENT

In this paper, in order to make a fair comparison with other
methods, the models in this paper are trained and evaluated
on publicly available datasets. The experiments in this paper
are conducted on a server running ubuntu 20.04 with the
arithmetic model V100-SXM?2, 32GB of GPU and 12-core
CPU.

Dataset: The proposed model was trained and evaluated
using the public NGSIM US-101 and I-80 datasets. Both
datasets were captured at 10 Hz over 45 min and split into
three periods of 15 min. These periods represent mild, mod-
erate, and congested traffic conditions. These two datasets
consist of vehicles’ trajectories on real freeway traffic. Each
vehicle’s trajectory was divided into segments of 8 s, where
the first 3 s are used as observed track history and the remain-
ing 5 s are the prediction horizon. Following Deo et al. [20],
the trajectory data were down-sampled for 10 Hz to 5 Hz, i.e.,
five frames per second. The two datasets above are merged
into one dataset, which is randomly shuffled and divided into
the training set, validation set, and test set at a ratio of 7:1:2.
The following experimental evaluations are conducted on the
test set.

Evaluation Metrics: In this paper, we use the same evalu-
ation metrics as other methods [20] and report our results in
terms of the root mean square error (RMSE) of the predicted
future trajectory at each time step within the 5 seconds predic-
tion horizon. At the time step ¢, the RMSE can be calculated
as follows:

m

1
DS A U s ) el

i=1

RMSE, =

where m is the number of vehicles in the test datasets, Y”"*

and Y/™¢ are predicted positions and ground turth at time step
t, respectively.
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FIGURE 5: (a): fixing the radius R2 of the neighborhood interac-
tion region and comparing different vision interaction region radius
R1;(b): fixing the radius R1 of the vision interaction region and
comparing different neighborhood interaction region radius R2.

B. ABLATION EXPERIMENT

In this paper, two interaction regions are constructed for the
ego vehicle. The model includes several modules. To verify
whether interaction regions and modules give a boost to the
model, we performed ablation experiments for these interac-
tion and modules.

Ablation Experiment on interaction regions: In this sec-
tion the values of R1 and R2 will be varied and the effect of the
model will be observed. The values of R2 in the experiment
range from [50, 60,70, 80,90] feet, and the values of R1
are [10, 20, 30,40, 50] in feet. As shown in Fig 5(a), when
R2 = 80 feet, it can be seen that the model performance at
R1 = 40 feet outperforms the other values. This is also very
much in line with the driver’s field of vision distance in real
life situations. As shown in Fig 5(b), when R1 = 40 feet,
it can be seen that the model performance at R2 = 80 feet
outperforms the other values.

Ablation Experiment on several modules: The model in
this paper consists of three main modules, the vision module,
the neighbourhood module and the ego module. The first
ablation experiments are targeted at the feature cross-fusion
block inside the vision module. The purpose of the first
ablation experiment is to test whether the feature cross-fusion
block in this paper can amplify the effect of the observed
vehicle on the ego vehicle and improve the model perfor-
mance. The second ablation experiment targets the temporal
attention block of the ego module, with the aim of observing
whether this attention mechanism can amplify the temporal
correlation of vehicle trajectories and improve model per-
formance. The third ablation experiment targets the spatial
attention block of the ego module, with the aim of observing
whether this attention mechanism can capture spatial corre-
lations between vehicles and improve model performance.
As shown in Table 2, the first ablation experiment shows
that the cross-fusion block of the vision module can help the
model to add more weights to the observed vehicles in the
vision interaction region, and better learn the influence of the
observed vehicles in the region on the future trajectory of the
ego vehicle. The second ablation experiment shows that the
temporal attention of the ego module can help the model to
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TABLE 2: Comparison of RMSE values for ablation studies of the proposed method. These values are converted into the meter unit.

Model RMSE¢ RMSEo; RMSEs; RMSE 4 RMSEs;
CS-LSTM [20] 0.62 1.29 2.13 3.20 4.52
IA-CSTM(without spatial attention) 0.59 1.26 2.09 3.16 4.48
TA-CSTM(without temporal attention) 0.58 1.24 2.03 3.08 4.36
IA-CSTM(without cross-fusion) 0.58 1.23 2.02 3.01 4.15
IA-CSTM 0.56 1.22 2.01 2.98 4.11

TABLE 3: Comparison of RMSE values with other baseline models. These values are converted into the meter unit.

Model RMSE RMSEo RMSEs3; RMSE 4 RMSEs5
CV [20] 0.73 1.78 3.13 4.78 6.68
V-LSTM [20] 0.68 1.65 291 4.46 6.27
S-LSTM [19] 0.65 1.31 2.16 3.25 4.55
CS-LSTM [20] 0.61 1.27 2.09 3.10 4.37
CS-LSTM(M) [20] 0.62 1.29 2.13 3.20 4.52
IA-CSTM(our) 0.56 1.22 2.01 2.98 4.11

enhance the temporal correlation information between the ego
vehicle and its own historical trajectory, helping the model to
improve the prediction accuracy. The third ablation experi-
ment shows that the spatial attention of the ego module can
help the model to extract the spatial correlation between the
surrounding vehicles and the ego vehicle, which can greatly
improve the accuracy of the model. Based on the comparison
of the method proposed in the three ablation experiments with
the CS-LSTM(M) model, it can be seen the importance of
constructing two interaction regions in this paper, as well as
the feasibility of incorporating the spatial-temporal attention
mechanism.

Vehicles in the vision interaction region more strongly with
the ego vehicle and vehicles in the neighborhood interaction
region less strongly with the ego vehicle. Grouping the ve-
hicles around the ego vehicle into two interaction regions
is more effective than a single region because it enhances
the model’s perception of the vehicles in the vision region.
The model augments the trajectory features of vehicles in the
vision region with cross-fussion block, which is equivalent
to augmenting the interaction information between vehicles.
Meanwhile, the attention mechanism in the Ego module con-
nects all the vehicles in the two interaction regions, preserves
the interaction effects of all the interacting vehicles, and
extracts the effective information to improve the accuracy of
the model.

C. COMPARED MODELS
In this paper, we compare the IA-CSTM model to the follow-
ing baselines:

o Constant Velocity (CV): This method simply uses a con-
stant velocity Kalman filter to predict the trajectory.

o Vanilla LSTM (V-LSTM): This method does not consider
interactions, but uses an LSTM-based encoder-decoder
structure for prediction.

o LSTM with fully connected social pooling (S-LSTM):
The method fuses the historical trajectories of vehicles
around the target and uses a fully connected layer in the
decoding to fuse the coded representations of the target

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4

vehicle and its surrounding vehicles.

o LSTM with convolutional social pooling (CS-LSTM):
This method applies a convolutional social pooling layer
that considers the interaction between the target and its
surrounding vehicles based on a spatial grid. Its output
is a unimodal trajectory distribution.

e CS-LSTM(M): The model outputs a strategy-based mul-
timodal trajectory distribution. The modes used for eval-
uation are those with the highest probability.

Table 3 presents the RMSE values of the methods com-
pared. We can observe that the RMSE values of CV and V-
LSTM are much higher than the other models. These two
models use only the trajectory history information of the
target vehicle, while the other models utilise the motion in-
formation of the surrounding vehicles. This result suggests
that taking into account the interactions between vehicles
is crucial for trajectory prediction. The RMSE value of this
paper’s model is lower compared to both CS-LSTM and CS-
LSTM(M) models. This result indicates that the hierarchical
consideration of the degree of influence of surrounding ve-
hicles on the vehicle is necessary in this paper, and that the
enhancement of the temporal correlation of the vehicle’s his-
torical trajectories as well as the spatial correlation between
the vehicles with the attentional mechanism is necessary.

D. VISUALIZATION OF PREDICTION RESULTS

In this paper, we visualise the prediction results of the same
car in the same scene using the method proposed by the
ablation experiment and the CS-LSTM. As can be seen from
the visualisation results in Fig 6(a) and Fig 6(c), the spatial
attention operation in the model has greatly improved the
accuracy of the model predictions, as evidenced by the ex-
perimental results in Table 2. Similarly, as can be seen from
the visualisation results in Fig 6(a) and Fig 6(b), the cross-
fusion block in the model channel one also has a certain
enhancement effect on the prediction results of the model,
which is also proved by the experimental results in Table 2.
From the visualisation results in Fig 6(a) and Fig 6(d), it can
be seen that the results predicted by the model in this paper
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are better than those predicted by CS-LSTM [20].

]
[
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FIGURE 6: Black dots and lines indicate historical vehicle trajecto-
ries, red dots and lines indicate real future vehicle trajectories, and
blue dots and lines indicate predicted future vehicle trajectories.(a):
IA-CSTM prediction result for the ego vehicle; (b): IA-CSTM
(without cross-fusion block) prediction result for the ego vehicle;
(c): IA-CSTM (without spatial attention) prediction result for the
ego vehicle; (d): CS-LSTM prediction result for the ego vehicle

VI. CONCLUSION AND FUTURE WORK

In highly dynamic traffic scenes, the vehicle’s subsequent
movements are affected by the interactions of its surrounding
vehicles. This paper proposes a multi-module model. In this
paper, two interaction regions are constructed for a moving
vehicle, the influence of the surrounding vehicles on the ego
vehicle is stratified, and the vehicle information in different
interaction regions is processed by different modules. The
model uses a spatial-temporal attention mechanism to en-
hance and capture the temporal relevance of the vehicle’s
historical trajectory and the spatial relevance of the surround-
ing vehicles, respectively. The model focuses on vehicle-to-
vehicle interactions. Our proposed model outperforms many
benchmark models on two large public datasets.

The datasets used for model training consists only of high-
way sections, which is simpler than urban traffic. Therefore,
the model has to be improved on complex traffic scenarios.
We will later transform the model inputs into multimodal
data types. All the agents in the urban traffic scenario are
constructed into an undirected graph, which can reflect the
interaction information between each traffic agent more in-
tuitively. The inputs to the model can have both undirected
graph and vehicle trajectory coordinates, and the model is
used to output the nature of the interaction between each road
agent. At the same time, the inputs of multimodal data types
can provide the model with a more comprehensive perspec-
tive, which helps to improve the model’s understanding of the
problem and its ability to solve it.
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