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Abstract: Accurate trajectory forecasting is critical for the safety and efficiency of autonomous vehicles. Existing models,
though accurate, struggle with noise sensitivity, interpretability, and structural complexity, limiting their real-world appli-
cability. This study introduces an LSTM model enhanced with an EMA attention mechanism to address these challenges.
The model effectively captures long- and short-term dependencies in vehicle trajectories, emphasizing key temporal fea-
tures and dynamically adjusting their weights through EMA attention. Unlike traditional mechanisms, EMA reduces
computational complexity, mitigates trajectory noise, highlights critical time-steps, and improves model robustness and
interpretability. Evaluated on the NGSIM dataset, the EMA-Attention LSTM model demonstrates superior predictive
accuracy with low computational overhead, making it suitable for real-time traffic predictions in complex driving envi-
ronments.
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1. INTRODUCTION

As autonomous driving technology zooms ahead at
breakneck speed, the ability to accurately predict vehicle
paths has become a cornerstone for guaranteeing both the
safety and seamless operation of smart transportation net-
works and self-driving cars [1]. Autonomous driving sys-
tems enhance safety and reliability by precisely forecast-
ing the movements of surrounding vehicles, enabling dy-
namic route adjustments and collision avoidance. Real-
time trajectory prediction is especially vital in complex
settings like highways, where dense traffic and intricate
interactions demand efficient, robust, and interpretable
predictive models for secure navigation.

Recently, trajectory prediction tasks have widely uti-
lized advanced deep learning techniques. Long Short-
Term Memory Networks (LSTMs), a subset of Recurrent
Neural Networks (RNNs), have become the go-to meth-
ods for processing vehicle trajectory data. Their robust
capacity to capture sequential patterns has propelled them
to the forefront of the field [2]. In addition, the introduc-
tion of advanced models such as Transformer has further
improved the performance of trajectory prediction, espe-
cially in capturing long time dependencies [3]. However,
the existing methods still face many limitations in practi-
cal applications.

First of all, driving behaviors are inherently stochas-
tic and multimodal in nature, such as harsh braking, sud-
den acceleration, or lane-changing overtaking behaviors,
which are usually regarded as noise in vehicle trajectory
data and can have a great impact on the feature extraction
and prediction result of the model [4]. Existing meth-
ods are either not robust enough to noise to cope with
complex traffic scenarios, or rely on high computational
complexity attention mechanisms (e.g., spatio-temporal
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attention, global attention) to enhance the ability to model
global relationships among input features, leading to se-
vere limitations in real-time.

Deep learning models like LSTM and global atten-
tion mechanisms often suffer from limited interpretabil-
ity, hindering the identification of critical time-steps or
trajectory features that shape predictions. This opacity
undermines understanding of decision-making processes,
reducing their reliability and applicability. To address
these issues, this study proposes an improved LSTM net-
work integrated with an Exponential Moving Average
(EMA) attention mechanism, designed to enhance vehi-
cle trajectory prediction in complex highway scenarios.
The model leverages LSTM to capture both long- and
short-term dependencies in the motion patterns of the tar-
get vehicle and its surroundings.

It adeptly modifies the significance of each time-step
by merging the EMA attention technique, thus empha-
sizing the critical points in the temporal sequence, and
at the same time smoothes out the noise interference,
which effectively improves the robustness to the anoma-
lous trajectories. Moreover, the EMA attention mecha-
nism intuitively distributes temporal feature weights and
ensures computational efficiency, thereby greatly enhanc-
ing the model’s interpretability. Compared with the tra-
ditional attention mechanisms (e.g., global attention and
spatio-temporal attention), the method proposed in this
paper demonstrates clear advantages in computational ef-
ficiency, noise resilience, and interpretability, providing
a reliable approach for real-time trajectory forecasting
tasks.The primary contributions of this paper are as fol-
lows:

• This research introduces a forecasting method that
merges the EMA attention model with LSTM net-
works, enhancing LSTM’s dependency capturing by
dynamically weighting temporal features and reduc-
ing noise interference.
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• The EMA attention mechanism uses linear compu-
tation, eliminating the need for global relationship
calculations at all time steps, which greatly reduces
computational complexity and enhances real-time
prediction capabilities.

• The EMA attention mechanism dynamically adjusts
temporal feature weights, preserving high-precision
predictions amidst noisy trajectory data, thereby
bolstering model robustness.

• The EMA attention mechanism produces a clear and
intuitive time step weight distribution, highlighting
key time steps’ contributions to predictions and sig-
nificantly improving model interpretability.

• The model tested on the NGSIM dataset, outper-
forms current methods in multi-step time predic-
tions, showing high efficiency and robustness for
real-world traffic applications.

2. RELATED WORK

Vehicle trajectory prediction is an important part of au-
tonomous driving, and researchers have explored a num-
ber of different approaches in order to achieve high-
precision prediction. At the earliest, researchers used
traditional methods based on physical models, statistical
models, and trajectory fitting to predict vehicle trajecto-
ries [5]. Physical models (e.g., constant velocity mod-
els) assume that the vehicle follows a simple law of mo-
tion and predict the future position of the vehicle from
information such as velocity, acceleration, and position
[6]. Although this method is simple in terms of com-
putation, the driving behavior is multimodal (e.g., harsh
braking, sudden acceleration) with the assumption that
the premise is too idealized, ignoring the interaction be-
tween vehicles is difficult to deal with complex driving
behavior. With the development of sensor technology,
statistical models (e.g., Kalman filtering) have been in-
troduced into the field of trajectory prediction. Kalman
filtering realizes trajectory prediction through state es-
timation and recursive prediction, and combines sensor
data [7]. However, its performance capability is very
limited if the vehicle performs nonlinear behaviors such
as sharp turns or acceleration. Trajectory fitting methods
(e.g., polynomial regression and Bessel curves) generate
future trajectories by fitting historical trajectories, which
are suitable for short-term prediction of smoothed trajec-
tories, but have insufficient ability to model abrupt trajec-
tory change behavior and long-term dependence.

With the development of technology, deep learning
techniques have gradually come into the limelight. Re-
current neural networks and long short-term memory
models, among other time series techniques, are now the
prevalent choice for forecasting vehicle paths, leveraging
their superior ability to model temporal relationships [8].
Altché and de La Fortelle, among others, introduced an
LSTM-based approach to predict highway vehicle paths,
showcasing its proficiency in mid-range trajectory fore-
casting with exceptional precision [9]. Guo XIE and
colleagues introduced a model combining a CNN and

LSTM network sequentially, which extracts spatial fea-
tures by CNN, processes time series data by LSTM, and
optimizes hyper-parameters by using lattice search algo-
rithms for predicting trajectories around self-driving ve-
hicles [10]. However, traditional time series models (e.g.,
RNN or LSTM) have fixed weight assignments for time
steps, which makes it difficult to dynamically focus on
critical time steps. In addition, they are more sensitive
to noise, resulting in insufficient robustness in complex
scenarios.

Time series models perform well in handling typical
time series data such as historical vehicle trajectories.
However, due to the limitations of these models with re-
spect to the fixity of time-step weight assignment, re-
searchers have gradually tried to introduce an attention
mechanism to dynamically adjust the time-step weights
to compensate for this shortcoming.Leilin et al. pro-
posed a long short-term memory (LSTM) network inte-
grated with a spatiotemporal attention mechanism, which
solves the problem of the model’s lack of interpretabil-
ity in the prediction of vehicle trajectories by introduc-
ing a spatiotemporal attention mechanism and at the same
time achieving high accuracy prediction and interpretable
analysis of key influencing factors [11]. Messaoud et
al. introduced an LSTM-based model enhanced with
a multi-head attention mechanism [12]. This approach
addresses the challenge of insufficient dynamic depen-
dency modeling for surrounding vehicles in vehicle tra-
jectory prediction by explicitly capturing long-distance
spatio-temporal interactions between vehicles. It accu-
rately simulates the intricate dynamics between the tar-
get vehicle and nearby traffic, enhancing forecast pre-
cision.The attention mechanism boosts the model’s abil-
ity to select features effectively, spatio-temporal attention
mechanisms or multi-head attention mechanisms typi-
cally require computing the global relationships across
all time steps or features. This leads to significant com-
putational demands, posing difficulties for real-time pre-
diction requirements.

This study proposes a modified LSTM model, in-
corporating an EMA attention technique, to tackle the
presented obstacles. Compared with traditional atten-
tion mechanisms, the EMA attention mechanism signifi-
cantly reduces the computational complexity by dynam-
ically weighting to highlight the information of key time
steps while smoothing the noise. Furthermore, the tech-
nique excels in producing easily comprehensible time-
step weight distributions, maintaining linear complexity.
This advancement not only boosts the precision and re-
silience of the forecasts but also enhances the clarity of
the model. The efficacy of the approach has been con-
firmed through rigorous testing on the NGSIM dataset,
showcasing its promising utility for real-time vehicle tra-
jectory forecasting.

3. METHODOLOGY

The model consists of five core modules: encoder,
EMA module, attention mechanism, social interaction
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encoder, and decoder. The configuration is depicted in
Fig. 1, featuring a two-layer LSTM architecture for ana-
lyzing the target vehicle’s historical path and the move-
ment data of surrounding vehicles, encode them into
high-dimensional time-series features, capture the long-
and short-term dependencies, and provide dynamic fea-
ture support for the subsequent modules. The EMA
module highlights the information of the key time steps
through the group-normalized exponential moving aver-
age attention mechanism while smoothing out the noise
to enhance the robustness of the features and the spatial
expressiveness. The attention mechanism also allocates
weights to the encoder’s output, emphasizing critical time
points and enhancing the model’s flexibility in handling
complex traffic situations. The social interaction coding
filters and fuses the trajectory features of neighboring ve-
hicles through a masking mechanism to model the col-
laborative behaviors and dynamic interactions among ve-
hicles. Finally, the decoder synthesizes the information
from the encoder, EMA module, and social interaction
coding to generate highly accurate predictions of future
trajectories using LSTM.

3.1. LSTM Encoder
We utilize the past movement patterns of a vehicle, de-

noted as Ht ∈ RT×2, along with the motion trajectories
of adjacent vehicles, denoted as Nt ∈ RT×M×2 , as in-
put data. These input data are processed using a two-
layer LSTM structure to extract temporal features. Ini-
tially, they are projected into a high-dimensional space
via a feature embedding function:

et = ϕ (ht) , ent = ϕ (nt) , (1)

where ϕ(·) represents the embedding function that trans-
forms trajectory data into a high-dimensional representa-
tion. The embedding vectors are then fed into a dual-layer
LSTM to individually capture the motion characteristics
of both the target and surrounding vehicles:

zt = LSTM1 (et) , znt = LSTM2 (e
n
t ) . (2)

The first LSTM layer is responsible for analyzing the
historical movement of the target vehicles to infer their
motion tendencies, whereas the second LSTM layer fo-
cuses on the interactive behaviors of surrounding ve-
hicles, thereby capturing their social dynamics. This
two-layer structure enables efficient processing of long-
sequence data while preserving critical information from
historical trajectories.

Finally, the encoder produces a sequence of temporal
feature representations:

Z = {z1, z2, . . . , zT} , Zn = {zn1 , zn2 , . . . , znT} . (3)

At each time step t, the encoder captures the evolv-
ing characteristics of the target and neighboring vehicles

by updating the hidden state ht and the memory cell ct.
These high-dimensional representations not only effec-
tively retain the essential temporal information but also
provide subsequent modules with crucial insights into the
motion dynamics and social interactions of the target ve-
hicle.

3.2. EMA Module and Attention Mechanism
The features of the encoder output are enhanced for

spatial expressivity and temporal dynamic weight assign-
ment through the EMA module and the attention mecha-
nism, respectively.

First, the EMA module is used to dynamically ad-
just the weights of key time steps and spatial locations
while smoothing out noise disturbances using the atten-
tion mechanism of group normalization and exponential
moving average. For feature X, the EMA component ini-
tially calculates the dynamic weights wij as per this equa-
tion:

wij = σ (GN (xij) · Conv1×1 (xij)) , (4)

where σ(·) represents the Sigmoid activation, GN(·)
stands for Group Normalization, and Conv1×1(·) denotes
the 1 × 1 convolution operation. Second, the input fea-
tures are dynamically weighted according to the weight
distribution, and the output features are represented as:

X′ = X ·W. (5)

The process highlights information at key locations
while effectively reducing the impact of noise.

Second, the attention mechanism dynamically weights
the time series features Z output by the encoder to focus
on critical time steps. The attention weights are computed
using the Softmax function:

αt =
exp (wt)∑T
i=1 exp (wi)

, (6)

where wt = f(zt) and f(·) denotes the feature map-
ping function. The time series features are weighted and
summed using the attention weights to generate a new
feature representation h, the formulas are listed below:

h =

T∑
t=1

αt · zt. (7)

The output h is the attention-weighted target vehicle
time series features.

3.3. Social Interaction Coding
To enhance prediction precision, considering the im-

pact of adjacent vehicles on the target vehicle is crucial
[13]. To analyze the interplay between the target vehicle
and its surroundings, we employ a social interaction cod-
ing module. This tool leverages a masking mechanism
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Fig. 1: The structure of EMA-LSTM: The model takes the past movement paths of the target vehicle (indicated by the
yellow box) and the surrounding vehicles (indicated by the green box) as inputs. Initially, a dual-layer LSTM encoder is
utilized to capture the temporal characteristics of the target vehicle and nearby vehicles. Subsequently, the two temporal
characteristics are given dynamic weight adjustments through the attention mechanism, while the EMA module and the
social interaction encoding unit refine their features separately. Ultimately, the decoder integrates the dynamic attributes
of the focal vehicle with the interactive cues of the neighboring vehicles to forecast its prospective path.

to sift through the trajectory data of nearby vehicles, al-
lowing us to effectively capture and interpret the nuanced
social dynamics at play. Through screening, fusion and
feature enhancement, this module provides accurate so-
cial context information to the decoder.

For the trajectory features Zn of neighboring vehicles,
the invalid or irrelevant vehicles are filtered by the mask
matrix M. The filtered neighboring vehicle features are
represented as:

S = M⊙ Zn, (8)

where ⊙ denotes per-element multiplication. The value
of M is generated based on the relative position of neigh-
boring vehicles or a distance threshold to ensure that only
trajectory features that have a direct impact on the target
vehicle are retained.

Subsequently, the social interaction features S are
spliced with the dynamic features of the target vehicle
h ∈ RT×d to generate the composite features F, which
are used to further model the dynamic behaviors of the
target vehicle in the social environment:

F = concat (S,h) , (9)

where concat(·) denotes the feature splicing operation,
which fuses the target vehicle features with the neighbor-
ing vehicle features.

This module adeptly pinpoints the collaborative nu-
ances and interplay among the focal vehicle and its sur-
rounding peers, zeroing in on the intricate dynamics of
group vehicle interactions as represented in the NGSIM
dataset. This design is crucial for modeling the charac-
teristics of social dynamics in real traffic scenarios and
enhancing the precision of trajectory prediction.

3.4. Decoder
The decoder module generates trajectory prediction

results for multiple future time steps based on the com-
posite feature F using a single layer LSTM. The primary
function of the decoder is to take the dynamic attributes
of both the target and nearby vehicles, which have been
gleaned by the encoder and the social interaction module,
and convert them into precise forecasts of their upcoming
paths.

The decoder first receives the synthesized features F ∈
Rd and feeds them into a single-layer LSTM for time-
series processing to generate the hidden states ot:

ot = LSTM(F) , (10)

where ot ∈ Rh denotes the output of the LSTM and h is
the dimension of the hidden layer.

Second, the hidden state ot output by LSTM is con-
verted to the trajectory prediction result ŷt through the
linear mapping layer as follows:
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ŷt = Woot + bo, (11)

where, Wo ∈ R2×h represents the weight matrix, and
bo ∈ R2 denotes the bias vector of the linear layer. These
parameters are responsible for transforming the hidden
state ot ∈ Rh into the output space for trajectory pre-
diction.The output ŷt ∈ R2 corresponds to the predicted
position of the target vehicle at time step t, comprising its
x and y coordinates.

The decoder generates the target vehicle’s predicted
trajectory for the subsequent T ′ time steps as follows:

Ŷ = {ŷT+1, ŷT+2, . . . , ŷT+T ′} . (12)

In this context, T signifies the total count of time in-
tervals within the historical path, while T ′ indicates the
number of intervals allocated for forecasting. The matrix
Ŷ, which belongs to the set RT′×2, represents the pro-
jected course of the target vehicle in the future. Each row
within this matrix comprises the x and y positional coor-
dinates pertaining to a distinct time slice.

4. EXPERIMENTS
4.1. Data Introduction

NGSIM is a high-quality publicly available dataset
widely used for traffic flow modeling and vehicle behav-
ior analysis, and is designed with the goal of supporting
research and development of transportation systems with
highly accurate data [14]. It includes all vehicles operat-
ing on US-101, I-80, and additional roadways in a time
period of vehicle travel conditions. The data is acquired
using a camera, and the dataset records information about
the dynamic movement of vehicles on the highway.

4.2. Parameterization and Evaluation
In this study, the encoder’s hidden layer is configured

with 64 dimensions, while the decoder’s hidden layer is
set to 128 dimensions. The input history spans 16 time
steps, and the output prediction extends over 5 time steps.
The input history trajectories are mapped to a 32 dimen-
sional feature space through the embedding layer. The
social interaction grid is set up as a 13 × 3 matrix, al-
lowing the model to adeptly understand the shifting rela-
tionships between nearby vehicles and the target vehicle.
For optimization, the Adam optimizer is utilized with a
learning rate of 0.001. To handle incomplete output se-
quences during training, the model employs the Masked
Mean Squared Error (Masked MSE) as its loss function.
The training regimen spans 10 epochs, with each epoch
encompassing both training and validation stages. All
experiments are based on the PyTorch framework and
Python 3.8 environment, and the models are trained and
tested on NVIDIA RTX 4070 Ti GPU.

This investigation employs the Root Mean Square Er-
ror (RMSE) as the key performance measure for assess-
ing the discrepancy between the forecasted path and the

actual trajectory. RMSE, measured in meters, is com-
puted using the following formula:

RMSE =

√√√√ 1

N

N∑
i=1

(ŷi − yi)
2
. (13)

Throughout the training phase, distinct RMSE patterns
for both the training and validation datasets are docu-
mented to assess the model’s convergence and its capac-
ity to generalize.

Fig. 2: Training and validation RMSE over 10 epochs for
EMA-LSTM.

To further evaluate the training performance and pre-
diction stability of the EMA-LSTM model, we visualized
both the RMSE convergence during training and the pre-
diction accuracy across future time steps. As shown in
Fig. 2, the RMSE curves for both training and validation
datasets over 10 epochs demonstrate a smooth and stable
convergence trend, suggesting effective learning without
overfitting. This confirms the model’s ability to general-
ize well to unseen data during trajectory forecasting.

4.3. Case Study on LSTM Failure Samples
The test set used in this study contains a total of

1,505,756 vehicle trajectory samples. First, we pre-
dicted these trajectories using a traditional LSTM model.
Among such a large number of samples, only 159 tra-
jectory samples showed significant deviation of predic-
tion error from the real trajectory, which were mainly dis-
tributed in highly dynamic and complex traffic scenarios,
such as sharp turns, sudden acceleration, and emergency
braking. The results show that the LSTM model has good
modeling ability in dealing with such time-series data
as vehicle trajectories, and can cover most of the regu-
lar traffic behaviors. However, the traditional LSTM still
shows a certain lack of robustness in the face of sudden
and drastic nonlinear changes in the trajectory, especially
the lag in the response to the recent state changes, which
leads to a significant increase in the prediction bias.

Encouragingly, the EMA-LSTM model proposed in
this paper successfully predicts 58 trajectories out of
these 159 difficult samples in which LSTM performs
poorly, i.e., its prediction error is significantly lower than
that of the LSTM model in these scenarios. As shown in
Fig. 3, we selected the representative cases of the above
difficult samples and predicted them using the LSTM and
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Table 1: RMSE per Time step for Different Models

Model Timestep 1 (m) Timestep 2 (m) Timestep 3 (m) Timestep 4 (m) Timestep 5 (m)
CS-LSTM 0.1027 0.2019 0.3153 0.4378 0.5668
SA-LSTM 0.1023 0.2027 0.3162 0.4359 0.5647
Vanilla LSTM 0.1025 0.1543 0.3294 0.4853 0.6313
EMA-LSTM (Ours) 0.1002 0.1998 0.3124 0.4327 0.5591
EMA-LSTM models respectively. The blue solid line in
the figure indicates the real trajectory, the green solid line
indicates the prediction result of the EMA-LSTM model,
and the orange solid line indicates the prediction result of
the LSTM model.

It can be observed that at the turning point of the tra-
jectory or the position where the motion trend changes
significantly, the predicted trajectory of LSTM shows
a large deviation, or even completely inconsistent with
the real trajectory trend. On the other hand, the EMA-
LSTM model shows higher tracking ability, and its pre-
dicted path is closer to the real trajectory, which can accu-
rately reflect the spatial dynamic changes of the vehicle.
This is because EMA-LSTM introduces an exponential
weighting mechanism when modeling historical trajecto-
ries, which makes the model pay more attention to the re-
cent motion state, and effectively alleviates the problem
of LSTM’s rapid information decay when dealing with
drastic changes.

In summary, the EMA-LSTM model not only out-
performs the traditional LSTM in terms of overall pre-
diction accuracy, but also shows stronger robustness
and dynamic adaptability in complex trajectory scenar-
ios, which further verifies the effectiveness and practical
value of introducing the EMA attention mechanism.

Fig. 3: Comparison of LSTM and EMA-LSTM Predic-
tions in the Same Scenario

4.4. Comparison of Results
To confirm the EMA-Attention LSTM model’s (subse-

quently termed EMA-LSTM) efficacy in trajectory fore-
casting, this study conducts comparative experiments
with the traditional LSTM model, the vehicle trajec-

tory prediction model that combines convolutional op-
erations with LSTM networks (hereinafter referred to as
CS-LSTM) [15], and the trajectory prediction model that
combines spatial and attention mechanisms with LSTM
networks (hereinafter referred to as SA-LSTM), were
compared and experimented. The findings are depicted in
Table 1, showcasing the RMSE metrics for various mod-
els over a 5 time step interval.

The analysis shows that the RMSE of EMA-LSTM
outperforms the other comparison models at all time
steps, demonstrating excellent robustness and high-
precision prediction ability. Especially in the 3rd to
5th time steps, the error reduction is more significant,
which further verifies the significant advantage of EMA-
LSTM in the long-term prediction task.The RMSEs of
CS-LSTM and SA-LSTM are close to each other in the
first two time steps, but the errors gradually increase with
the increase of time steps. This indicates that they are not
capable of capturing long-term dependencies and are dif-
ficult to accurately model dynamic changes in complex
traffic scenarios. The RMSE of the traditional LSTM
model is considerably higher compared to the other mod-
els, especially at the farther time steps (e.g., the RMSE
of the 5th time step reaches 0.6313 m), which verifies the
necessity of introducing social interaction and attention
mechanisms in the trajectory prediction task.

The significant advantages of EMA-LSTM over other
models are reflected in the following aspects:

• The EMA module enhances model robustness and
trajectory sensitivity by emphasizing critical time
steps and spatial data while reducing noise.

• EMA-LSTM integrates the dynamic features of tar-
get vehicles and the social interactions of nearby
vehicles, enhancing trajectory modeling in com-
plex traffic situations and achieving superior perfor-
mance in long-term predictions.

• The refined attention mechanism helps the model
accurately detect vehicle interactions in complex
traffic, significantly improving prediction accuracy.

Furthermore, to evaluate the computational efficiency
of EMA-LSTM, we measured both training and inference
time under the same hardware conditions (NVIDIA RTX
4070 Ti). The total training time for EMA-LSTM was ap-
proximately 2 hours and 10 minutes for 10 epochs, com-
parable to SA-LSTM (2 hours and 13 minutes). Addition-
ally, the average inference time per sample was 0.0001
seconds, which remains within an acceptable range for
real-time deployment. These results indicate that despite
incorporating additional EMA and attention mechanisms,
the proposed model maintains competitive computational
efficiency.
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5. CONCLUSION
The proposed EMA-Attention LSTM model enhances

trajectory prediction robustness by integrating LSTM’s
long- and short-term dependency modeling with EMA’s
dynamic weighting, emphasizing key time steps and mit-
igating noise. The EMA mechanism employs a linear
computational complexity, improving interpretability and
reducing overhead. Experimental results demonstrate su-
perior accuracy, efficiency, and robustness compared to
traditional methods, highlighting its potential for com-
plex traffic scenarios.

However, the model is currently limited to highway
environments and relies solely on time series data. Future
research could expand to diverse traffic scenarios and in-
corporate multimodal data (e.g., visual, radar) to enhance
applicability and generalization.

In summary, the model enhances feature extraction
and computational efficiency while improving real-time
predictions and decision-making clarity. It simplifies
computation without sacrificing prediction reliability, ex-
celling in smart transportation and autonomous driv-
ing. By refining trajectory predictions, it reduces driv-
ing unpredictability, streamlines traffic patterns, and im-
proves urban road management. Ultimately, it serves as a
transformative framework for advancing intelligent trans-
portation systems.Additionally, future work will explore
representative scenarios where conventional models fail
but EMA-LSTM provides accurate predictions, to better
highlight its practical advantages.
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