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Abstract—Accurate short-term travel time prediction is
crucial for optimizing urban transportation systems and
enabling responsive Intelligent Transportation Systems
(ITS). The research introduces a novel Deep Learning
(DL) architecture, the Bi-Directional Isometric Gated Re-
current Unit (BDIGRU), to enhance predictive accuracy
and resilience under congested traffic and variablé condi~
tions. BDIGRU uses isometric memory alignmént to pro-
cess temporal data in both forward and backward direc-
tions, enabling symmetric learning and balanced)context
integration. This is unlike traditionalfsequence ‘models
that are unidirectional. The researchers construct a high-
resolution synthetic traffic dataset generated through
stochastic simulation techniques to. evaluate the model
and replicate real-world urban traffic patterns in Jakarta,
including variability in speed, volume,“and congestion
cycles. The dataset spans over 4 years, with>more than
437,000 records captured at'S-min intervals. It includes
multivariate traffi¢features such as average speed, vehicle
volume, lane occupancy, and derived travel time. The
performance ‘of, BDIGRU is benchmarked against five
baseline models‘using four, standard evaluation metrics.
The results show that, BDIGRU outperforms all the com-
parative models, achieving the lowest prediction errors
(e.g., Mean Absolute Percentage Error (MAPE) = 7.2%,
Symmetric Mean Absolute Percentage Error (SMAPE)
= 8.0%). It also demonstrates superior robustness dur-
ing high-variance traffic periods and congestion spikes.
These findings underscore the architectural advantages
of bidirectional and isometric temporal modeling for
short-term traffic forecasting. Overall, BDIGRU offers a
scalable and efficient framework suitable for real-time
ITS deployment and highlights the value of synthetic
datasets in developing and validating DL models for
transportation analytics.
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I. INTRODUCTION

APID urbanization, rising vehicle ownership, and
the proliferation of location-aware services have
made urban mobility systems increasingly complex.
These dynamics have contributed to pervasive conges-
tion in urban and peri-urban regions worldwide, result-
ing in significant losses in travel efficiency, economic
productivity, and environmental quality. The World
Bank reports that traffic congestion in some Southeast
Asian cities annually leads to losses of up to 2%—-5%
of GDP, underscoring the urgency of developing intel-
ligent, adaptive, and predictive mobility solutions [1].
To address these systemic challenges, Intelligent Trans-
portation System (ITS) has emerged as a cornerstone
of urban development strategies worldwide. ITS inte-
grates sensing technologies, communication networks,
and Computational Intelligence (CI) to support real-
time traffic management and improve transportation
efficiency. Among the various functional components
of ITS, travel time prediction stands out as one of the
most critical, underpinning applications such as route
guidance, fleet dispatching, traffic signal optimization,
and Traveler Information Systems (TISs) [2].
Accurate travel time forecasting enables time-
sensitive and cost-efficient decisions for stakeholders,
including commuters, service providers, and logistics
companies. However, achieving such accuracy is noto-
riously difficult, particularly in environments character-
ized by nonlinear dynamics. For instance, a 10-minute
delay at a highway on-ramp due to an unexpected lane
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closure may ripple upstream, causing exponentially
growing delays. Similarly, rain-induced congestion at
08:00 AM in a central business district may double
the average travel time from 20 to 40 min, even
when traffic flow appears nominally stable in preceding
segments [3].

Traditional time series models, such as Autoregres-
sive Integrated Moving Average (ARIMA), Seasonal
ARIMA (SARIMA), and Exponential Smoothing, have
long been employed for short-term travel time forecast-
ing. Although these models are relatively simple to im-
plement and interpret, they rely on strong assumptions
of stationarity and linearity, which often do not hold in
real-world traffic systems. Moreover, these approaches
are limited in their ability to incorporate complex spa-
tiotemporal interactions, particularly during congestion
or incident-induced anomalies [3].

To overcome these limitations, many researchers
have increasingly turned to Machine Learning (ML)
and Deep Learning (DL) approaches, which can model
complex nonlinear dependencies and learning patterns
directly from large-scale traffic datasets. Recent ad-
vances in computing power and the availability of
vehicle telemetry data make DL an attractive option
for predicting travel time and traffic flow. Sequence
models such as Recurrent Neural Networks (RINNs)4
Long Short-Term Memory (LSTM) networks, 4nd
Gated Recurrent Units (GRUs) have shown remarkable
performance in capturing temporal dependeneies in
sequential data [4].

ML methods have been explored todncrease model
flexibility and improve forecasting accuracyd Algo-
rithms such as K-Nearest Neighbors (KNN), Support
Vector Regression (SVR), and Random Foresthhave
shown notable improvements in“€apturing nonlinear
relationships and handlinggmore divesse data distri-
butions [5]. Nevertheless; these“models )still depend
heavily on manual “feature“engineering, which can
be time-consuming andjsusceptible to human bias.
Moreover, they often struggle, with learning long-range
temporal dependencies, making them suboptimal for
sequential prediction tasks where historical context is
critical [6].

The introduction of DL methods, particularly RNN
architectures, has provided a breakthrough in the mod-
eling of sequential patterns in traffic data [7]. RNNs
allow models to learn directly from the raw input time-
line without requiring intensive preprocessing. How-
ever, standard RNNs encounter the vanishing gradient
problem when processing long sequences, which limits
their capacity to retain meaningful information over
extended time lags. This limitation motivates the de-
velopment of more sophisticated recurrent units such
as LSTM and GRU, which aim to preserve memory

and improve gradient flow across time steps [8]. To
address this, LSTM and GRU models are introduced
to maintain longer memory spans through gated control
mechanisms [9]. Both LSTM and GRU have been
widely adopted in traffic flow and travel time prediction
due to their robustness in modeling nonlinear, time-
varying dynamics [10].

Hybrid approaches that combine statistical models
with Neural Networks (NNs), such as ARIMA-LSTM
and SVR-GRU, have recently been introduced. These
models aim to harness the interpretability of classical
methods while benefiting from the learning capacity
of NNs. Although hybrid models have demonstrated
moderate improvements in accuracy, they tend to in-
troduce additional architecturaleomplexity. This makes
them less scalable and difficult to deploy in real-time
traffic environments, where compiitational efficiency is
critical [11].

Despite their promise, conventional deep sequence
models typically rely oengunidirectional information
flow, which process€s tnput data from past to present
but ignores future context. Lhis approach can be sub-
optimal for travel timegforecasting, where retrospec-
tivé_and anticipatory temporal patterns play essential
roles.“Ifynay limitfaccuracy in contexts where future
indicators,ysuchfas downstream congestion, influence
current travel time [6]. This limitation has led to
the®adoptien of Bidirectional RNNs (BiRNNs), which
process sequences in both forward and backward tem-
poral orders [10]. BiRNNs capture information in both
forward and backward directions to enhance contextual
learning [12]. However, despite their ability to use
richer temporal context, conventional BiRNNs still
have several weaknesses. They require higher com-
putational cost than unidirectional RNNs because two
recurrent passes are performed for each input sequence.
In addition, standard BiRNNs remain vulnerable to
unstable gradient propagation when processing long
and highly fluctuating traffic sequences. More im-
portantly, BIRNNs do not explicitly enforce temporal
symmetry or equal contribution between forward and
backward representations. This may cause imbalance
in contextual learning, where one temporal direction
dominates the prediction. Therefore, although BiRNNs
improve contextual representation, their lack of isomet-
ric alignment can limit prediction stability in complex
travel time forecasting tasks. However, in travel time
scenarios, sequence inputs such as Eq. (1) are used.
Ignoring such bidirectional dependencies can result in
inaccurate or lagged predictions.

This limitation has led to the adoption of Bidi-
rectional RNNs (BiRNNs), which process sequences
in both forward and backward temporal orders [10].
BiRNNs capture information in both forward and back-
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ward directions to enhance contextual learning [12].
However, in travel time scenarios, sequence inputs such
as Eq. (1):

ey

represents a sequence of traffic-condition data observed
from time interval 1 to 7. At each time step t, the
data include the average vehicle speed (speed;), traffic
volume or the number of passing vehicles (volumey),
and detector occupancy, which indicates the percent-
age of time that the sensor is occupied by vehicles
(occupancyy).

Meanwhile, BILTSM and BiGRU have demonstrated
better performance in various transportation prediction
tasks. Their ability to model bidirectional temporal
dependencies allows them to generate richer contextual
representations from sequential data [13]. However,
most existing implementations of these bidirectional
models do not enforce isometric alignment between
forward and backward sequences. This lack of sym-
metry often results in uneven integration of temporal
information and can degrade overall prediction qual-
ity [10].

The research aims to design and evaluate a DL
architecture that captures bidirectional tempordl de-
pendencies while preserving strict temporal sgmmetry.
It addresses the imbalance and distortion \found<in
existing bidirectional models, such as_BiGRUY "and
BiLSTM, by introducing an isometri€ alignient mech-
anism that enforces equal-lengthdsequence processing
and balanced memory integration.yThisf architectural
refinement is the main novelty of ‘the proposed Bi-
Directional Isometric Gated Recurrent Unit (BDIGRU)
model and distinguishes it'ffem conventional recurrent
approaches.

The BDIGRU extends “thefstandard GRU through
bidirectional temporal processing, capturing both for-
ward (t — T) and backward (T — t) dependencies
in time-series data [14]. Its"isometric alignment mech-
anism applies equal-length input sequences and con-
sistent time intervals in both temporal directions. This
symmetry maintains balanced memory representations
across past and future contexts, reduces bias in feature
extraction, and improves prediction stability. BDIGRU
also improves the processing of temporal concurrency
and causal feedback, making it suitable for traffic sce-
narios involving cyclical congestion, signalized inter-
sections, and time-of-day effects. The architecture uses
separate memory cells for ascending and descending
sequences, followed by a fully connected fusion layer
that combines directional features into a unified output
vector. This structure supports robust prediction across
traffic conditions with different volatility levels.

X; = {speedy, volumey, occupancy; }Z;:l)

In addition to sequential models, graph-based DL
methods, such as Graph Convolutional Networks
(GCNs) and Attention-Based Spatial Graph Neural
Networks (AST-GCN), have also gained popular-
ity [15]. These models emphasize spatial dependencies
across sensor networks and road segments, making
them suitable for large-scale deployments [16]. How-
ever, graph-based models often require dense sensor
coverage and complete traffic topology information,
which may not always be available or possible to
obtain in real-world conditions. This makes sequential
DL models, such as BDIGRU, more practical for
applications that rely on limited or streaming data
sources, such as mobile Global Positioning System
(GPS) logs or low-reselution IoT inputs [17].

The key advantage of BDIGRU lies in its ability
to integrate past ‘and fut@ire temporal information si-
multaneously_[12, T4]. By bidirectionally processing
time seri€s data, the medel.€an better detect patterns
that other unidise€ional models often miss [10]. Con-
sequentlypit’becomes more robust in handling noise,
outliers, and abrupt&hanges in traffic conditions [18].

In parallel,“another line of research addresses the
challenges of, data scarcity and limited traffic predic-
tion reproducibility. Previous research has employed
syntheti€ or simulated datasets to mitigate these is-
sues, which allow for controlled experimentation and
benchmarking of model performance [19]. While syn-
thetic data offers the advantage of reproducibility and
scenario flexibility, its utility depends heavily on how
accurately it replicates real-world traffic dynamics and
statistical distributions [11].

As a result, the research also addresses a ma-
jor empirical limitation in ITS research: the scarcity
of labeled real-time traffic datasets. Many existing
models rely on proprietary or localized datasets that
are not publicly available, limiting reproducibility,
generalizability, and methodological rigor. To reduce
this constraint, a synthetic traffic dataset is developed
using stochastic simulation, periodic seasonality, and
congestion modeling to emulate realistic urban traffic
conditions.

The synthetic dataset is constructed to represent
multiple traffic states, including free-flow, saturated
flow, and stop-and-go waves, across multiple road
segments and time intervals. For example, a sequence
in Eq. (2):

(1)

X = [avg_speed,; ()

, avg_speed, (V)

yo .., 0Vg_speed;
2
represents the spatial traffic-speed feature vector at

time step t. Each element avg_speedil) denotes the
average vehicle speed observed at the i-th road seg-
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ment, where ¢ = 1,2, ..., N, and N is the total number
of road segments considered in the network. It has
N = 10 road segments, updated every 5 min, serving
as input to the model to predict travel time ¢; + A,
where A = 30 minutes. Using this synthetic dataset,
the researchers evaluate the predictive performance of
BDIGRU against several benchmark models, including
ARIMA, LSTM, GRU, Deep-RNN, and Bidirectional
LSTM. The researchers adopt four standard error met-
rics: Root Mean Square Error (RMSE), Mean Abso-
lute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Symmetric Mean Absolute Percentage
Error (SMAPE) to quantify accuracy under different
congestion regimes.

The main research problem is the extent to which
the proposed BDIGRU model can simultaneously cap-
ture bidirectional temporal dependencies within equal-
length windows to improve the accuracy of short-term
travel time prediction under varying traffic conditions.
The research examines the BDIGRU architecture by
addressing three critical subproblems. The first sub-
problem is whether bidirectional isometric processing
can improve memory discrimination compared with
traditional unidirectional GRU or LSTM models. Sec-
ond, the performance of BDIGRU under simulated
congestion shocks relative to baseline models is eval<
uated. Third, the extent to which synthetic traffic data
can replicate the predictive complexity found in real-
world traffic scenarios is investigated. Equatien (3)
provides a mathematical formulation of the proposed
model:

X ={x1,..., 23}, € RY, (3)

where x; € R? denotes an inpuf'séquence containing 7'
observations. Each vector x; is a d-dimensional feature
vector at time step ¢ thdf¥dprepresentsithe number of
traffic-related features included in the model.

Overall, the literatute reflects a consistent progres-
sion from statistical approaches te, DL-based models,
with increasing emphasis on'mechanisms such as bidi-
rectional memory encoding, ‘attention-based architec-
tures, and the use of synthetic validation datasets [19].
Nevertheless, an unresolved methodological gap per-
sists. Specifically, the integration of bidirectional se-
quence learning with structural isometry has received
limited attention.

II. RESEARCH METHOD

This section presents the mathematical formula-
tion and architectural design of the BDIGRU model,
which is developed to improve travel time prediction
under dynamic and uncertain traffic conditions [14].
Although the research primarily focuses on the pro-
posed BDIGRU architecture, the overall methodology

includes a complete experimental pipeline. Synthetic
traffic data generation, selection and normalization of
relevant multivariate features, and comparative evalu-
ation using multiple baseline models are performed.
The procedure involves structured data preprocessing,
without overlap, temporal splitting for training, vali-
dation, and testing, and the use of consistent training
configurations across all models. Each component,
from dataset construction to performance evaluation, is
designed to ensure transparency, fair comparison, and
reproducibility. Figure 1 illustrates the workflow of this
research, which explains every research step from the
problem-definition stage to evaluation and conclusion.

The key components are included to ensure stability
and adaptability in real-worldgapplications. BDIGRU
builds upon the conventional GRU framework by in-
troducing an isometric alignmentfmechanism, denoted
as [. This component is de§igned to emhance memory
retention acrosstime steps, improveftemporal feature
learning, and provide greater robustness when deal-
ing with nonstatiom@ry patterns in traffic data [20].
Throughfthis structural augmentation, BDIGRU aims
to preserve temporalisymmetry and reduce distortion
in Sequential information processing.

A. Problem, Definition

Let X =1,29,...,2p, where 2, € R? denotes
the multivariate input sequence at time ttt, such as
average speed, traffic volume, and occupancy from
sensors on multiple road segments [2]. The goal is
to“predict the short-term travel time at a future step
T + A, denoted by yr + A € R?, using both historical
and prospective temporal context [7]. The objective is
to learn a function [ : R” x d — R such that it maps
a multivariate input sequence x; into a predicted travel
time yr. As demonstrated in Eq. (4), this mapping is
expressed as:

yT+A:/(X), 4

where yr + A denotes the estimated travel time at
time step ¢, and x; represents a feature vector from
multiple road segments consisting of average speed,
volume, and occupancy [4].

The GRU is an RNN variant specifically designed to
address the challenges of learning long-term dependen-
cies in sequential data. Unlike traditional RNNs that
suffer from vanishing gradients when managing long
sequences, the GRU introduces gating mechanisms,
namely, the update and reset gates, which regulate the
flow of information, allowing the model to retain or
discard temporal features across time steps dynami-
cally. This mechanism enables more effective learning
of both short- and long-term temporal patterns while
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Problem Definition

Model Design

onclusion and Future
Work

1. Highlight mode! advantages.

2. Acknowledge limitations
{synthetic data, lack of spatial
modeling).

3. Suggest extensions (real data,
GCN integration, interpretability
tools).

Performance Evaluation

——

Fig. 1.

ynthetic Datase’

Generation Data Preprocessing

Model Training

1. Train BDIGRU using Adam
oplimizer.

2. Loss function: Mean Squared
Error (MSE).

3. Use early stopping to prevent
overfitting.

Baseline Comparison

1. Compare with:

Research workflow for Bi-Directional Isometric Gated Recurrent Unit (BDIGRU)-baséd prediction/of urban travel time. Note:

Autoregressive Integrated Moving Average (ARIMA), Gated Recurrent Unit (GRU), Lefig Short-Term Memory(LLSTM), Bidirectional LSTM
(BiLSTM), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Méan Absolute PercéntagefError (MAPE), and Symmetric

MAPE (SMAPE).

keeping the model architecture simple compared to its
predecessor, the LSTM network [19].

At each time step ¢, the GRU computes two primacy
gates. The reset gate, denoted as r;, determiines the
extent to which the previous hidden state ht —A)
should be ignored when processing the new input ;.
This relationship is captured in Eq. (8)"[18]:

re = o(Wy[hi—1, 4} + b;) ®)

where W, and U, are weight matrices @nd b, is the bias
term. Then, o(.) is the sigmoid activatiomfunction [7].
Similarly, the update gatejidenoted as ztz tzt, controls
the balance between the prewious memory and the
newly generated ‘state, asiexpiessed in Eq. (6):

= o(Waplhie—1, ] + by). (6)

In this context, Wy, u;, and’b,, follow analogous roles
as in the reset gate, facilitating the selective retention of
temporal information. Then, the candidate hidden state
h; representing the potential update to the memory is
calculated using the reset gate as shown in Eq. (7):

hy = tanh(We[ry () he—1, 4] + be). (7)

In this formulation, () denotes the Hadamard
(element-wise) product [7]. The reset gate r; mod-
ulates how much of the previous hidden state h;_;
contributes to the candidate state. The weights W, hy,
b. and bias are learnable parameters. The tanh function
introduces non-linearity to the state transition. Finally,
the actual hidden state h; at time step ¢ is computed
by interpolating between the previous hidden state and

the candidategstatef weighted by the update gate. This
is expressed in Eq. (8):

W= (1 —u) (D) hier,ue () h). (8)

These_equations define how past memory is updated
with-current inputs at each timestep [21].

GRU adaptively balances the retention of past infor-
mation and the incorporation of new inputs through
its gating mechanism, allowing the memory state
to respond to gradual and abrupt changes in traffic
patterns with lower computational complexity than
LSTM. Building on this mechanism, the BDIGRU
processes each input sequence in two symmetric di-
rections, forward and backward, using independent
parameters [14]. The forward hidden state h;” cap-
tures information from earlier time steps, whereas
the backward hidden state h;~ captures contextual
information from later positions within the historical
input window. By integrating these complementary
representations, BDIGRU improves its ability to learn
complex temporal traffic dynamics while maintaining
a lightweight architecture suitable for short-term travel
time prediction. The forward hidden state in BDIGRU
is computed by passing the input at time t and the
hidden state from the next time step ¢ + 1 (due to
backward recurrence in bidirectional computation), as
shown in Eq. (9):

h;* = GRU = (24, hj),). 9)

Similarly, the hidden state in the backward direction
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TABLE I
SAMPLE SYNTHETIC TRAFFIC DATASET (JAKARTA, 2021-2025).

Timestamp Avg. Speed (km/h) Volume Occupancy (%) Travel Time (min)
01/01/2021 00:00 47.50 335 45.80 3.07
01/01/2021 08:15 25.30 650 91.20 7.94
03/07/2022 17:40 58.20 410 35.50 2.59
14/11/2023 06:30 18.70 702 83.00 8.41
28/02/2025 22:45 39.10 510 50.70 421

is computed as in Eq. (10):

hi = GRU < (x4, hi7,). (10)

These computations reflect the dual temporal explo-
ration in BDIGRU, where future and past contexts are
symmetrically coded using dated recurrent dynamics.
This bidirectional processing captures contextual de-
pendencies that are more vibrant and richer, which
is important for predicting travel time accurately in
volatile urban traffic conditions. Next, the concatenated
vector combining both hidden states is expressed in
Eq. (11):

hy = [hy"shy ] (11)

This concatenated vector h; encodes bidirectional con-
textual information, which is particularly beneficial in
transportation scenarios where current travel timegis
affected not only by historical congestion butdalso
by anticipated downstream traffic states. Such fusion
allows the model to build a comprehensive #iew-of, the
traffic system at each time step.

The last step in the BDIGRU architecture involves
projecting the combined hidden representation to the
predicted output through a fullyeonnected outputlayer,
as formulated in Eq. (12):

yr + A e (Wl + bo) (12)

Here, yr + A représents theypredicted travel time at
forecast horizon T + Ay W,,“and b, are the weight
matrix and bias of the output layer, and o denotes
an activation function. Depending on the regression or
classification task, o can be a linear identity function
or a nonlinear activation (e.g., Rectified Linear Unit
(ReLU) or tanh). This structure ensures that BDIGRU
not only captures bidirectional temporal dynamics but
also performs high-capacity mapping from hidden rep-
resentations to forecasted travel time [13].

B. Dataset and Experimental Setup (Synthetic Dataset
Design)

A high-resolution synthetic traffic dataset was gen-
erated to emulate traffic telemetry in the Jakarta
metropolitan area from January 2021 to February 2025
at five-minute intervals. The dataset includes average

speed, traffic volume, lane occupancy, and travel time
to represent dynamic urban traffic conditions. Average
speed is generated between 5 and 80 km/h, traffic
volume ranges from 50 to 1,000 vehicles per interval,
and lane occupancy varies from 5% to 95% following
periodic congestion patternsgTfayel time, measured in
minutes, is calculated uging a nonlinear congestion-
sensitive function, as defined_inEq. (13):

12
travelltime; = 10 x ( )+
Speed;
0_8.W+6t’ (13)

100

wherede; ~ NN (0, 0:05)aepresents random measure-
mednt noise. This setup helps the dataset to better reflect
real traffi¢ patternsdinder different conditions [2].
The travel tume function reflects the inverse rela-
tionship betwéen average speed and travel time, while
ificorporating lane occupancy as a proxy for congestion
intensity, where higher occupancy generally produces
longer travel durations. To improve realism, random
variability is added to emulate traffic disturbances,
including signal delays, unexpected events, and fluc-
tuations in vehicle arrivals and departures [4]. Table I
presents a sample of the synthetic dataset, illustrating
the input features, their measurement scales, and the
variation of traffic conditions across time steps.
Before training, all traffic features are rescaled to
the range [0,1] using min-max normalization to reduce
differences in feature magnitude, improve numerical
stability during gradient-based optimization, and sup-
port faster model convergence [14]. The normalized
data are then organized into multivariate time series
sequences that enable efficient batching and integration
into the deep learning training pipeline. As illustrated
in Fig. 2, BDIGRU consists of an input layer, a BDI-
GRU layer, a concatenation layer, and a fully connected
output layer. The input layer receives traffic features
such as average speed, volume, and occupancy. At the
same time, the forward and backward GRU paths learn
complementary temporal representations from earlier
and later positions within the historical input window.
These representations are concatenated and mapped by
the output layer to produce the predicted travel time.
This design enables BDIGRU to capture complex and
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Fig. 2. The Bi-Directional Isemetric Gated Reeurrent Unit (BDI-
GRU) architecture.

nonstationary traffic patterns while maintaining an effi-
cient architecture o short=term travel time prediction.

This configuration “allows the BDIGRU model to
effectively learn and represent long-range tempo-
ral dynamics while maintaining structural symme-
try. The isometric alignment reduces information im-
balance between temporal paths and improves the
model’s predictive accuracy under fluctuating traffic
conditions [13, 21]. The training of the BDIGRU
model involves optimizing a set of parameters © =
AWy, Wy, We, Wy, by by bey by - - .}, which include the
weight matrices and bias terms associated with the
forward and backward GRU layers, as well as the out-
put layer. The objective is to minimize the prediction
error between the true travel time y; and the model’s
estimated output ¢;. This is formalized using the MSE

loss function, which is defined as shown in Eq. (14):

N
L(9) = %Z(m—y@)?, (14)
i—1

where N represents the total number of training sam-
ples. The MSE is chosen due to its sensitivity to large
errors and its differentiability, making it well-suited for
gradient-based optimization methods [11]. The goal is
to find the optimal parameter set O+ that minimizes
this loss over the training dataset [14].

BDIGRU is trained using backpropagation through
time with an optimizer such as Stochastic Gradient De-
scent (SGD) or Adam. Model parameters are randomly
initialized, and the training data {(X;,y;)}}_, are shuf-
fled and processed il mini batches during each epoch.
For every input séquence, thesforward GRU processes
observations from é=¢1 to 7', whereas the backward
GRU processes, the same historical window from T
to 1. Thetr hidden stat€sgfi;”; h;~, are concatenated
into a gnifieda@preséntation h;” = [h;"; h; ], which
isgpassed“to"a fully connected layer to predict travel
fime yr + A, Thelloss is computed by comparing
the psédicted and actual travel times, and the model
pasameters are updated iteratively to minimize this
error. Early stopping based on validation loss is applied
to reduCe overfitting and select the best-performing
model"[22].

C. Data in the Research

The complete synthetic Jakarta traffic dataset com-
prises 437,473 timestamped records spanning the pe-
riod from January 2021 to February 2025. It is
provided in comma-separated values (.csv) format
and has been made publicly accessible for academic
and experimental use (https://doi.org/10.5281/zenodo.
21304849). This dataset is specifically designed to sup-
port research in ITS. It has multivariate traffic features
such as speed, volume, and occupancy, and simulates
realistic urban traffic dynamics. These characteristics
make the dataset suitable for benchmarking predictive
models, confirming algorithmic robustness, and simu-
lating traffic management scenarios using data-driven
methods [15].

D. Data Splitting

The complete dataset is partitioned into three sub-
sets: a training set comprising 60% of the data (262,483
records), a validation set comprising 20% (87,495
records), and a testing set comprising 20% (87,495
records). This partitioning is executed using a non-
overlapping rolling window strategy to maintain tem-
poral integrity across splits and prevent information
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leakage between the training and evaluation phases.
Such a strategy ensures that the model is assessed on
future data, and it has not been exposed to during train-
ing, thereby enhancing the robustness of performance
evaluation [17, 23].

E. Baseline Models for Comparison

BDIGRU is compared with five baseline models:
ARIMA, GRU, BiGRU, LSTM, and BiLSTM. All neu-
ral models use identical training settings, including the
Adam optimizer with a learning rate of 0.001, 64 hid-
den units, and a dropout rate of 0.2. The models are im-
plemented in PyTorch 2.0 and trained on an NVIDIA
RTX GPU, while grid search and early stopping are
used to select suitable hyperparameters and prevent
overfitting [24]. Meanwhile, performance is evaluated
using MAE, RMSE, MAPE, and SMAPE, measuring
absolute error, squared error, relative percentage er-
ror, and symmetric percentage error, respectively [24].
These metrics offer a comprehensive evaluation by
capturing both absolute and relative prediction errors.
Such dual assessments allow more robust accuracy
measurement of the model in various traffic conditions,
including high volatility and traffic jams [11, 22].

MAE calculates the average of the absolute dif-
ferences between predicted and actual values [25].4It
provides a straightforward measure of how far{pre-
dictions deviate from actual observations, regardless
of direction. A lower MAE indicates better{predictive
accuracy. However, MAE treats all error§ equally and
does not emphasize larger errors more  than smmaller
ones. The formula is shown in Eq. (15):

| il R
MAE = NXN: |yi il »

where y; is the actual travehtime for'the ¢-th observa-
tion, 7; is the corresponding predicted travel time, and
N is the total number offebservations.

RMSE computes the squase root of the average of
the squared differences between predicted and actual
values. Because it squares the errors before aver-
aging, RMSE penalizes larger errors more heavily.
This situation makes it particularly useful when large
deviations are more critical. A lower RMSE reflects
higher prediction precision, especially in the presence
of outliers [25]. The formula is shown in Eq. (16):

15)

i—1

%Z(@/z —Ui)?

N

RMSE = (16)

MAPE expresses the prediction error as a percentage
of the actual value. It offers a relative measure of accu-
racy, making it easier to interpret across datasets with

varying scales [25]. However, it can become unstable
or undefined when actual values are remarkably close
to zero, as the formula involves division by the actual
value (see Eq. (17)):

1
MAPE = OO%Z\% yz (17)

SMAPE is a modified version of MAPE that uses
the average of the predicted and actual values in the
denominator [25]. This adjustment symmetrizes the
error and reduces the impact of extreme values or small
denominators. It provides a more balanced percentage
error, minimizing bias between overestimation and
underestimation. It is shown in Eq. (18):

100% lyi — il
SMAPE = § : (18)
|y

2 il/2

III. RESULTS ANDISEUSSION

The model input in€ludesasliding window of 7'—12
time step§ (i.e., 1-hour history at 5-minute intervals),
each Molding 4 dimensiefis: average speed, volume,
ocelipancy, and lagged travel time [7]. These features
are selected based@®on their empirical relevance in
finding spatiotendporal congestion levels, and their co-
dependency: stipports modeling nonlinear interactions
in deepglearning settings. To ensure consistent feature
magnitudes, feature scaling is applied using min-max
normalization as expressed in Eq. (19):

l‘/ _ T — Tmin
mmaw

— Tmin ’ (19)
where Z,,;, and Z,,q, represent the minimum and
maximum values of that feature in the dataset, respec-
tively, and 2’ is the normalized value used as model
input.

The dataset includes four input features recorded at
each time step, namely average speed (km/h), traffic
volume (vehicles per five-minute interval), lane occu-
pancy (%), and lagged travel time. These features are
chosen for their fundamental relevance in traffic theory,
along with the empirical significance demonstrated
in prior predictive modeling studies. Together, they
capture both instantaneous and temporal traffic dy-
namics, enabling the model to learn complex patterns
associated with travel time fluctuations [14].

A. Performance Results of the Bi-Directional Isometric
Gated Recurrent Unit (BDIGRU) Model

This section presents the numerical results of BDI-
GRU in a clear and organized way. The presentation
includes a combination of descriptive statistics, error
metric evaluations, and visual illustrations to assess
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TABLE II
MODEL EVALUATION RESULTS (TESTING SET).

Model MAE RMSE MAPE (%) SMAPE (%)
Autoregressive Integrated Moving Average (ARIMA) 1.25 1.80 12.50 13.80
Gated Recurrent Unit (GRU) 0.92 1.40 9.30 10.40
Bidirectional GRU (BiGRU) 0.89 1.35 9.00 10.00
Long Short-Term Memory (LSTM) 091 1.38 9.10 10.10
Bidirectional LSTM (BiLSTM) 0.87 1.32 8.70 9.60
Bi-Directional Isometric GRU (BDIGRU) 0.74 1.10 7.20 8.00

Note: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), and Symmetric MAPE (SMAPE).

TABLE III
COMPARISON OF BI-DIRECTIONAL ISOMETRIC GATED RECURRENT UNIT (BDIGRU) WITH PREVIOUS MODELS IN TRAVEL TIME
PREDICTION.
Study/Model Architecture Dataset Type MAPE (%)  Key Limitation/Note Advantage Compared to Prior
Work
This BDIGRU Synthetic  (Jakarta, 7.2 None observed; robust under Itgoutperforms GRU, BiGRU,
research 2021-2025) high variance and congestion. LSTM, \and BiLSTM with
(BDIGRU) bidirectional isometry
6 BiLSTM Large-scale traffic 9.6  No isometsiefalignment be-  BDIGRU achieves > 2.4%
logs tween sequences lower MAPE
10 CNN-GRU-LSTM Real traffic + sen- 8.9  High computational cemplex-“"BDIGRU is simpler and faster
(Hybrid) sors ity and training tifne and has equal or better accu-
racy
5 SVR-GRU (Hybrid)  Simulated + empir- 10.2 4 Requiring manual featurg'en-  BDIGRU has end-to-
ical gineering; limited togshort- end learning and better
term gpredictiofn generalization
15 AST-GCN  (Graph  Real-time GCN in- ~8.5 Requiring dense spatial topol- ~ BDIGRU is more scalable in
Model) put 08y (sensors, g#0ad networks) sparse data environments
Traditional Statistical Time Se-  Univariate 12.50  Assuming gStationarity; poor =~ BDIGRU handles nonlinear,
ARIMA ries (Baseline) under nofilinear conditions bidirectional time dependen-
(Benchmark) cies

Note: Autoregressive Integrated Moving Average (ARIMA), Gated Recurrent Unit (GRU), Bidirectional GRU (BiGRU), Long Short-Term Memory
(LSTM), Bidirectional LSTM (BiLSTM), Mean Absolute Peteentagé Error (MAPE)r Convolutional Neural Network (CNN), Support Vector Regression

(SVR), and Attention-Based Spatial Graph Neural Networks (AST-GCN).

model performance across multiple conditions. Five
tables and five figures are presented(to support the
analysis and to make itgeasier to compare the model
with the baseline models.

The performance of the BDIGRU model is bench-
marked against several baseling, models: ARIMA,
GRU, BiGRU,LSTMand BiLSTM. Table II presents
the comparative xesults yusing four metrics: MAE,
RMSE, MAPE, and, SMAPE. The BDIGRU model
consistently achieves‘the lowest error rates, showing
its superior predictive capacity under dynamic traffic
patterns.

As shown in Table II, BDIGRU outperforms all
baseline models across the four evaluation metrics,
achieving an MAE of 0.74, RMSE of 1.10, MAPE of
7.2%, and SMAPE of 8.0%. The low MAE indicates
that BDIGRU produces the smallest average difference
between predicted and actual travel times. In contrast,
the low RMSE shows that it also reduces larger predic-
tion errors that may occur during sudden congestion
or highly variable traffic conditions [24]. Compared
with BiLSTM, the strongest baseline model, BDIGRU
reduces RMSE from 1.32 to 1.10, representing an

improvement of approximately 16.7%. In terms of
relative error, its MAPE is 1.8% lower than BiGRU
and 1.5% lower than BiLSTM, demonstrating more
accurate predictions across different traffic intensities.
The lowest SMAPE value further indicates a balanced
reduction of underestimation and overestimation errors.
Overall, these results suggest that the bidirectional
isometric design enables BDIGRU to learn temporal
traffic patterns more effectively and deliver stable
short-term travel time predictions [11, 14, 15, 22].

To provide contextual grounding for the observed
performance, Table III presents a comparative sum-
mary of the BDIGRU model against several existing
travel time prediction models. This comparison high-
lights differences in architectural approaches, evalu-
ation metrics, and model robustness across varying
traffic scenarios. By synthesizing empirical outcomes
from prior studies, it serves as a benchmark reference
to underscore the relative advantages of the proposed
BDIGRU framework in terms of prediction accuracy,
generalizability, and computational feasibility.

The experimental results confirm that BDIGRU out-
performs ARIMA, GRU, BiGRU, LSTM, and BiLSTM
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TABLE IV
DESCRIPTIVE STATISTICS OF TRAFFIC FEATURES.

Variable Mean Std. Min Ql Median Q3 Max
Average Speed (km/h) 39.80 14.57 5.00 29.58 39.36 49.98 79.99
Volume 298.50 10020  50.00  225.10 29340  366.90  999.70
Occupancy (%) 49.95 19.90 5.02 35.26 49.82 64.55 94.99
Travel Time (min) 4.96 1.75 1.43 3.69 4.80 6.03 10.78

across all evaluation metrics. The model achieves a
MAPE of 7.2% and a SMAPE of 8.0%, indicating
higher predictive accuracy than conventional recurrent
architectures. These results suggest that bidirectional
learning with isometric alignment improves temporal
representation and supports more reliable travel time
forecasting under changing traffic conditions.

Previous research [6] has reported a MAPE of ap-
proximately 9.6% for BiLSTM, compared with 10.1%
for LSTM and 10.4% for GRU. BDIGRU reduces the
MAPE by 2.4 percentage points relative to BiILSTM.
This improvement indicates that symmetrical memory
alignment helps the model learn historical and anticipa-
tory traffic patterns more effectively than conventional
bidirectional networks without structural isometry.

Hybrid models, such as ARIMA-LSTM and SVR-
GRU, have also improved forecasting accuracy [3,
9]. However, these approaches often increase coml-
putational complexity and reduce scalability forgeal-
time deployment. BDIGRU retains a relatively sims
ple sequence-based architecture while rem@iming, ro-
bust during congestion spikes, traffic noiSe, and high-
variance conditions [6, 11].

Graph-based models such as AST-GCN¢ perform
well when dense sensor networks and complete road
topology are available [15]. Their application becomes
difficult in environments with sparseispatial data. Be-
cause BDIGRU is topology-independent, it can oper-
ate without extensiv@,sensorhcoverage and is suitable
for ITS environments“with limited data sources [16].
Overall, BDIGRU offers a¢curate, scalable, and robust
travel time prediction. It addresses asymmetrical se-
quence processing by balancing forward and backward
information within equal temporal windows during
model training.

B. Statistics of Traffic Features

The average vehicle speed in the dataset is 39.80
km/h, with a standard deviation of 14.57 km/h. This
variation demonstrates that there is a traffic segment
with smooth flow along with another very congested
segment. A minimum recorded speed of 5.00 km/h
likely corresponds to severe traffic jams or signal-
induced delays. In contrast, the maximum speed of
approximately 80 km/h reflects conditions on urban

expressways during low congestion periods. This wide
range of speed values enhances the dataset’s ability
to simulate diverse real-world scenarios. According to
descriptive statistics in Table IV, the interquartile range
for speed falls between 29.21 km/h (Q1) and 50.40
km/h (Q3). This indicates that 50% of traffic conditions
are concentrated in this moderate speed range. This
finding is consistent with inter-citygmobility patterns
under mixed traffic conditionsd[2].

Regarding traffiegvelume, the dataset reports a mean
of 298.5 vehiclgs per S-minutednterval, with a substan-
tial standard deviation®of“100.2 vehicles. It indicates
fluctuatingydemand-across different time windows. The
peak velume is almost 1,000 vehicles, reflecting critical
weight, suchds’morning and evening peak hours. Such
variability/is essential for testing model robustness
under high-load and transition conditions [26].

Occupangy.ds defined as the proportion of roadway
space_occupied by vehicles, averaging 49.95%. The
minimum-value of 5.02% captures free-flow condi-
tions, while the maximum value of 94.99% reflects
near-saturation, typical of severe congestion. This
spread across low- and high-density states provides a
nuanced representation of temporal load changes on
urban infrastructure [11].

The target variable, which is the simulated travel
time, has a mean of 4.96 minutes with a standard de-
viation of 1.75 minutes. Its distribution is notably right-
skewed, with the third quartile (Q3) at 6.03 minutes,
indicating that most trips fall within a moderate time
range. However, outliers reaching up to 10.78 minutes
highlight extreme congestion events, likely caused by
incidents or bottlenecks [4]. Overall, these statistical
indicators confirm the dataset’s ability to represent
complex traffic dynamics. It includes both predictable
patterns and extreme conditions, which is crucial for
evaluating time-series prediction models under realistic
and stress-testing scenarios [15].

C. Traffic Dynamics in Average Speed and Travel Time

Figure 3 shows marked daily speed fluctuations,
with recurring declines during simulated morning and
evening peaks as traffic volume and road occupancy
increase. This pattern supports the realism of the syn-
thetic dataset in representing congestion-related speed
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Fig. 3. Z-score of average speed.
reductions. The standardized Z-score representation TABLE V

further highlights how speed values deviate from their
average level over time, allowing abnormal speed drops
and temporary recovery periods to be identified more
clearly. Negative Z-score values indicate periods when
vehicle speeds fall below the mean, which commonly
reflects congested or unstable traffic conditions. In
contrast, positive values represent smoother traffic
flow with speeds above the average. These variations
demonstrate that the synthetic data capture both regé
ular daily mobility cycles and short-term disruptions,
making it suitable for evaluating BDIGRU’s ability. te
learn temporal patterns under fluctuating urban traffic
conditions.

Next, Z-score analysis identifies extreme Mravel-
time deviations. Table V lists the five largest outliers
recorded from 2021 to 2025. These events represent
severe congestion or disruptions andypro¥ide important
cases for testing model robustness under high-variance
traffic conditions. All fiveloutliers have Z-scores above
3.8, placing them within theytop 0.01% of travel-time
values observed mmnder a Gaussian assumption [27].
These extreme values represént severe congestion or
traffic disruptions caused by simulated incidents, such
as lane closures, peak-houn saturation, or sudden traffic
breakdowns [28, 29, The largest outlier occurred on
February 1, 2023, at“14:50, with a Z-score of 4.22.
The recorded travel time was 4.22 standard devia-
tions above the mean, indicating an unusually severe
congestion event [2]. Several anomalies also appear
outside normal rush hours, including at 04:05 and
23:45. This pattern suggests that disruptions may arise
from random events or structural irregularities [11].
These findings support the need for robust forecast-
ing models. BDIGRU applies symmetric bidirectional
learning to capture forward and backward temporal
patterns, allowing it to maintain stable predictions
under extreme traffic conditions [14].

Figure 4 presents the normalized Z-score distribution
of travel time from 2,000 synthetic records collected

ToP FIVE Z-SCORE OUTLIERS OF TRAVEL TIME.

Timestamp Z-Score Travel Time
01/02/2023714:50 4.22
23/1172023 23:45 3.99
08/01/2024 04:05 391
11/08/2024 23:45 3.90
01/0372021 08:05 3.89

betwéen January 1 and 8, 2021. Most values remain
within +2 dindicating relatively stable traffic condi-
tions, Hewever, several sharp spikes reveal statistical
outliers associated with extreme congestion or unex-
peeted disruptions. These anomalies occur intermit-
tently and outside peak periods, suggesting that traffic
disturbances are not always linked to daily cycles. This
pattern supports the need for robust forecasting models.
BDIGRU captures both historical and anticipatory tem-
poral dependencies through bidirectional processing.
This structure allows the model to maintain prediction
accuracy under volatile and anomalous traffic condi-
tions.

D. Traffic Dynamics in Volume and Occupancy

Figures 5 and 6 depict the z-score visualizations
for traffic volume and occupancy, respectively. These
figures illustrate how both variables fluctuate over time
within the simulated traffic environment. Temporal
peaks are clearly observed in both plots. Notably, these
peaks align with typical urban rush hour periods, such
as morning (07:00-09:00) and evening (16:00-19:00)
intervals. This alignment strongly indicates that the
synthetic dataset successfully emulates realistic urban
traffic dynamics. The z-score transformation allows for
standardized comparisons across features with different
scales. In this context, it helps to highlight abnormal
increases or decreases in traffic flow and road usage in-
tensity. These visual patterns further confirm the qual-
ity and behavioral accuracy of the generated dataset.
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etic traffic conditions

They demonstrate that the s
are not randomly assigned but are instead constructed
to mimic observable real-world phenomena under both
normal and congested states.

Figure 5 shows the Z-score distribution of traffic
volume for 2,000 samples collected from January 1-8,
2021. Most values fall within +2, indicating generally
stable traffic flow, while sharp positive and negative
spikes reflect abrupt changes in vehicle counts. These
fluctuations represent simulated peak-hour surges and
random disturbances. The heavier positive tail indicates
brief periods of intense traffic accumulation. BDI-
GRU addresses this variability through bidirectional
sequence processing, learning from preceding and sub-

sequent traffic states to improve prediction accuracy
under nonstationary conditions.

Figure 6 presents the Z-score distribution of lane oc-
cupancy from 2,000 records collected between January
1 and 8, 2021. Values range from approximately -2.5
to +2.5, reflecting frequent shifts between free-flow
and congested conditions. Recurring spikes indicate
high temporal volatility caused by signal changes, lane
merging, and sudden demand increases. This pattern
confirms that occupancy is a sensitive congestion in-
dicator. BDIGRU captures these fluctuations through
bidirectional and isometric temporal processing, en-
abling more accurate estimation of occupancy-related
travel-time changes than unidirectional models.
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me, and occupancy as BDI-
el achieves high one-step-
ahead travel-time a cy, particularly under severe
congestion, sudden speed changes, irregular volume
spikes, and non-recurrent incidents.

IV. CONCLUSION

The research proposes the BDIGRU, a DL archi-
tecture for robust short-term travel-time prediction
under complex urban traffic conditions. By leveraging
bidirectional sequence modeling and isometric memory
alignment, BDIGRU captures temporal dependencies
within the historical input window and achieves su-
perior forecasting performance across MAE, RMSE,
MAPE, and SMAPE. Experiments on a large-scale
synthetic dataset representing Jakarta’s metropolitan
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traffi ow that BDIGRU consistently outperforms
A, GRU, BiGRU, LSTM, and BiLSTM. The
model is particularly effective during highly volatile
and congested traffic periods, achieving a MAPE of
7.2% and an SMAPE of 8.0%. The results indicate
improved prediction accuracy and stability in dynamic

urban mobility scenarios.

Nevertheless, several limitations remain. The syn-
thetic dataset, although designed to reflect realistic
traffic behavior, does not include actual sensor-derived
data, signal phases, road geometry, or recorded traffic
events, which limits the generalizability of the findings.
In addition, BDIGRU focuses on temporal dependen-
cies and does not explicitly model spatial interac-
tions among connected road segments. It is also not
evaluated in real-time or online-learning environments.
Future work should validate the model using empirical
data from loop detectors, GPS trajectories, or mobile
sensors, and incorporate graph-based approaches such
as GCNs or Graph Attention Networks (GANs) to
capture spatiotemporal dependencies. Interpretability
techniques, robustness tests using noisy or incomplete
data, and ablation studies are also needed to clarify
the contribution of each architectural component and
support trustworthy deployment in adaptive ITS appli-
cations.

BDIGRU should be validated using real-world traffic
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data from diverse road types, cities, weather conditions,
and traffic-demand levels to assess its generalizability
under sensor noise, missing data, incidents, road works,
and sudden congestion. The lightweight model may
also be integrated into edge-based ITS platforms for
low-latency traffic signal control, congestion detection,
dynamic route guidance, and logistics planning, while
considering trade-offs among prediction accuracy, in-
ference time, memory use, energy consumption, and
communication cost. Interpretability methods such as
Shapley additive explanations (SHAP) values, tempo-
ral attention, and feature-importance analysis can be
applied to identify the contributions of speed, volume,
occupancy, and historical time steps to each predic-
tion. Comprehensive ablation studies should compare
BDIGRU with unidirectional GRU, conventional Bi-
GRU, and variants without the isometric component.
At the same time, robustness tests should evaluate
performance under noisy, incomplete, delayed, and
imbalanced traffic data.
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