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H I G H L I G H T S

• Signal decomposition–driven deep learning for multi-horizon Dublin Luas passenger demand forecasting.
• VMD+BiGRU outperforms other deep learning models.
• Statistical tests confirm proposed framework is statistically significant.

A R T I C L E  I N F O

Keywords:
Public transport
Time series analysis
Signal processing
Deep learning

A B S T R A C T

The Dublin Luas is an urban light rail system that exhibits complex and dynamic passenger demand, which poses 
significant challenges for planning and scheduling decisions. Effective management of the system requires 
reliable passenger demand forecasts across short-, medium-, and long-term horizons to support operational 
control, scheduling, and capacity investment decisions. This study proposes a hybrid Artificial Intelligence (AI) 
framework that integrates signal processing and deep learning for multi-horizon passenger demand forecasting. 
The framework first applies Variational Mode Decomposition (VMD) to the weekly passenger demand series from 
the Dublin Luas Red and Green lines. This decomposes the data into distinct temporal components. These 
components are then modelled with Bidirectional Gated Recurrent Units (BiGRU) to capture their frequency- 
specific temporal dependencies. The BiGRU hyperparameters are optimized using the Tree-structured Parzen 
Estimator (TPE) algorithm. Results demonstrate that the proposed hybrid VMD+BiGRU framework outperforms 
the baseline models. On the Red Line, it achieved an RMSE of 7.88, an MAE of 5.85, and an R2 of 0.976. On the 
Green Line, it achieved an RMSE of 9.65, an MAE of 8.47, and an R2 of 0.958. Wilcoxon signed-rank tests further 
confirmed the superiority of the proposed framework. To further evaluate model robustness and temporal 
transferability, a multi-horizon forecasting analysis was conducted for short-term (1-week), medium-term (4- 
week), and long-term (12-week) intervals. The VMD+BiGRU model maintains low error growth and high pre
dictive accuracy across all horizons compared with competing models. The proposed framework provides reli
able forecasts that support resource allocation, timetable adjustment, and operational management of the Dublin 
Luas system.

1. Introduction

The Luas, meaning "speed" in Irish, serves as the light rail system for 
the Dublin area and plays a central role in its public transportation 
framework [1]. It provides high-capacity, reliable mobility along key 
urban corridors, supports daily commuting for work and education, and 
reduces dependence on private cars [2,3]. In addition, it contributes to 
congestion reduction, lower emissions, and improved accessibility, 
which makes it a critical component of sustainable urban mobility in the 

city. Among the various public transportation systems in Dublin, 
Transport Infrastructure Ireland (TII) has reported the increasing sig
nificance and operational importance of the Dublin Luas within the 
city’s public transport network [4], as shown in Fig. 1. The report in
dicates that the Dublin Luas carries approximately one million passenger 
trips per week. Around 75% of passengers use the Luas at least twice per 
week, with nearly two-thirds traveling for work, school, or college. In 
addition, it accounts for one in every five public transport trips within 
the Dublin area.
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Since it began operations in 2004 under the management of Trans
dev, the network has expanded with the Red Line and the Green Line, 
together serving a total of 67 stations. The Red Line operates between 
Tallaght or Saggart and Connolly Station or The Point, with key inter
change and Park and Ride facilities at Cheeverstown, Red Cow, and 
Tallaght. The Green Line runs between Brides Glen or Sandyford and 
Parnell or Broombridge, with Park and Ride access at Carrickmines, 
Sandyford, Stillorgan, and Balally, as shown in Fig. 2.

Over the past decade, passenger demand on the Dublin Luas has 
increased by about 58%. To meet this demand, the network deploys 58 
tram units during the morning peak, carrying up to 18,000 passengers 
per hour [4]. Central Statistics Office (CSO) of Ireland provides detailed 
statistics on Dublin Luas passenger demand [5]. It has been reported that 
prior to the COVID-19 pandemic, combined passenger demand across 
both the Red and Green lines reached a peak in 2019, with a total of 
48.38 million passenger journeys. Both lines had severe declines in 
2020, almost 60% below the base level, followed by only slight changes 
in 2021, as shown in Fig. 3. A strong rebound appeared in 2022, when 
the Red Line rose by about 109% and the Green Line by about 95%. The 
pace of growth slowed afterward and reached modest positive rates in 
2023 and 2024. These statistics show a complete post-pandemic re
covery phase and a steady rise in passenger demand across the Dublin 
Luas network. Similarly, Fig. 4 shows the year-on-year growth rate in 
Dublin Luas passenger journeys for the same period, with 2019 as the 
base year.

Moreover, passenger demand is expected to increase, which is likely 
to place additional operational pressure on the core sections of the 
existing network. TII has already highlighted limitations within the 
current network, noting that one line is already operating at or over 
capacity. Passenger demand is expected to reach approximately 11 
million annual journeys by 2035 and around 15 million by 2050 [6]. To 
accommodate the growing passenger demand, the proposed Luas 
network includes the development of new lines that extend the network 
into suburban areas. Future expansion plans include the proposed Luas 
Lucan line, as illustrated in Fig. 5.

The rise in passenger demand signals a significant shift in urban 
mobility and a greater reliance on high-capacity public transportation 
across the city. This growth places additional pressure on Dublin Luas 
service planning and operations. Therefore, modelling of passenger 
demand plays a key role in effective service planning, optimal capacity 
allocation across different demand periods, and improved operational 
management and network resilience. Reliable demand forecasts also 
serve as a key input for future network expansion, which supports long- 
term infrastructure investment, network development strategies, and 
the design of new routes and services.

1.1. Motivation and significance of the study

Passenger demand on the Dublin Luas exhibits complex non- 
linearity, non-stationarity, and temporal variability, which limits the 
effectiveness of traditional forecasting strategies and requires advanced 
time series models. The demand signal contains substantial noise, driven 
by irregular patterns and abrupt fluctuations associated with public 
holidays, events, weather conditions, and operational disruptions. Such 
characteristics lead to error propagation and reduced prediction reli
ability, with significant impact on both short- and long-term forecast 
horizons.

While existing studies have investigated passenger demand fore
casting for high-speed rail [7–9], and bus systems [10–12], relatively 
limited attention has been directed toward short- and long-term demand 
analysis within urban light rail systems, such as tram and Luas-type 
networks. This gap is non-trivial, as these systems operate under 
distinct demand regimes shaped by dense urban interactions, short trip 
lengths, clear weekday–weekend contrasts, and high sensitivity to 
external disruptions. Moreover, most forecasting studies focus on 
single-step or short-term prediction, which restricts their practical value 
for medium- and long-term transit planning. To address the complex 
characteristics of passenger demand time series, prior research has 
incorporated signal decomposition techniques such as Empirical Mode 
Decomposition and Complete Ensemble Empirical Mode Decomposition 
with Adaptive Noise in combination with deep learning models such as 
Long Short-Term Memory (LSTM), and Bidirectional LSTM (BiLSTM), 
and Gated Recurrent Unit (GRU) neural network to improve forecasting 
performance [13–16]. Although these hybrid strategies facilitate noise 
attenuation and multi-scale feature extraction, they remain susceptible 
to mode mixing, endpoint distortions, and sensitivity to noise, which 
undermine forecast reliability and temporal transferability. These limi
tations intensify when forecasts extend beyond short horizons.

To address these shortcomings, Variational Mode Decomposition 
(VMD) acts as an alternative signal processing method that applies a 
mathematical decomposition framework, which leads to improved 
mode separation and reduced sensitivity to noise [17,18]. This aspect 
makes VMD suitable for modelling complex and non-stationary pas
senger demand patterns. When this approach pairs with bidirectional 
recurrent architectures such as Bidirectional Gated Recurrent Units 
(BiGRU) [19], it facilitates frequency-specific modelling of demand 
dynamics while it preserves temporal dependencies in both forward and 
backward directions. The significance of this study lies in the advance
ment of a signal processing–driven deep learning framework. This 
approach directly addresses the structural complexity of passenger de
mand on the Dublin Luas and provides accurate and stable multi-horizon 

Fig. 1. Dublin Luas operational and ridership statistics in 2024 (Source: [4]).
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forecasts. The work contributes an operational solution for improving 
demand prediction in urban rail systems.

1.2. Study contributions and scope

This study applies an optimized VMD-based decomposition strategy 
integrated with BiGRU to improve passenger demand forecasting. By 
addressing noise, abrupt fluctuations, and multi-scale temporal vari
ability, the proposed framework produces more reliable passenger de
mand forecasts across different time horizons. The main contributions 
are as follows: 

1. An optimized VMD-based signal processing strategy is proposed 
through the integration of Fast Fourier Transform and Mutual In
formation (FFT–MI) to decompose Dublin Luas passenger demand 
into multiple Intrinsic Mode Functions (IMFs) [20,21], with each 
IMF representing a distinct frequency component. Compared with 

conventional EMD and CEEMDAN approaches, the proposed strategy 
reduces mode mixing, yields smoother and more orthogonal IMFs, 
and mitigates endpoint effects and noise sensitivity that commonly 
affect EMD-based methods.

2. Frequency-specific modelling of passenger demand is achieved 
through the application of BiGRU to each IMF [22]. By processing 
temporal information in both forward and backward directions, 
BiGRU captures asymmetric and long-range temporal dependencies 
more effectively than unidirectional GRU and conventional LSTM 
architectures, while requiring fewer parameters [23]. This structure 
improves representation of uneven demand peaks, abrupt variations, 
and recurring cycles within passenger demand time series [24].

3. Efficient hyperparameter optimization is introduced through the 
integration of the Tree-structured Parzen Estimator (TPE) algorithm 
during BiGRU training [25]. TPE adopts a Bayesian optimization 
scheme that models conditional hyperparameter distributions by 
separating high-loss and low-loss regions, then sampling new 

Fig. 2. Dublin Luas Red and Green line network with stations.
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configurations from regions associated with lower loss [26]. This 
strategy facilitates efficient exploration of complex and 
high-dimensional hyperparameter spaces and has demonstrated 
greater efficiency than grid search and random search across a wide 
range of applied deep learning research [27,28]. Prior studies have 
also reported the effectiveness of TPE for time series forecasting tasks 
[29,30], as well as public transport and passenger demand modelling 
[31,32], and traffic flow prediction [27,33].

4. A systematic ablation study is conducted to quantify the contribution 
of the FFT–MI–based VMD component by comparing BiGRU per
formance with and without decomposition, as well as against base
line forecasting models. This analysis directly demonstrates the 
added value of the proposed decomposition-driven framework.

The rest of the paper is organized as follows. Section 2 reviews 
previous studies related to the application of AI models such as machine 
learning and deep learning within public transport. Section 3 provides a 
theoretical overview of the proposed integrated VMD+BiGRU model for 
forecasting passenger demand on Dublin Luas Red and Green lines. 
Section 4 presents and compares the performance of the proposed model 
results to that of baseline models. Finally, Section 5 presents the con
clusions of the study, discusses its limitations, and outlines directions for 
future research.

2. Related work

Reliable short- and long-term passenger demand forecasting forms a 

strong basis for effective network planning, service scheduling, and 
operational management in the public transport sector [12,34]. In the 
literature, passenger demand forecasting strategies generally fall into 
two main categories, which comprise statistical approaches and artifi
cial intelligence–based models. In the case of statistical approaches, the 
Auto-Regressive Integrated Moving Average (ARIMA) and its seasonal 
variant, the Seasonal Auto-Regressive Integrated Moving Average 
(SARIMA), have been widely applied to model passenger flow patterns 
using historical data [35–37]. These approaches rely on structured 
modelling frameworks that assume data linearity and stationarity. 
However, passenger flows in public transport systems frequently exhibit 
non-linear and dynamic behaviors, which are difficult for traditional 
statistical models to capture accurately [38].

To address the limitations of conventional statistical models, re
searchers have begun to shift to AI-based models, including machine 
learning and deep learning, due to their inherent flexibility and adapt
ability in modelling complex passenger flow patterns [39,40]. Unlike 
statistical methods, these models do not rely on strict assumptions about 
data distribution or stationarity, which allow them to capture irregular 
fluctuations and reveal hidden patterns in passenger flow [41,42]. 
Recent research has explored various AI models to address key chal
lenges in public transport systems, with emphasis on passenger demand 
forecasting, anomaly detection, and schedule and delay analysis. Table 1
provides a summary of recent applications of AI models in the public 
transport system. These developments reflect the growing application of 
AI models in improving the management and reliability of public 
transport operations.

Although many AI models perform well in time series forecasting 
tasks, their effectiveness can be limited for passenger demand data that 
exhibit strong non-linearity, non-stationarity, and multi-scale temporal 
patterns [37,38]. Passenger demand shows daily, weekly, and seasonal 
periodicity, differs between weekdays and weekends, and is sensitive to 
events, weather, and disruptions. These characteristics produce highly 
fluctuating time series that standalone AI models often struggle to cap
ture. This illustrates the need for signal decomposition techniques that 
separate passenger demand series into distinct frequency components 
for more accurate forecasting.

To take advantage of both signal processing and deep learning, 
several studies have adopted hybrid forecasting frameworks that inte
grate decomposition techniques with neural networks across domains 
such as power and energy systems [57,58], traffic and transportation 
modelling [30,59,60], and weather and natural hazard prediction 
[61–63]. However, their application to passenger demand forecasting in 
light rail systems remains limited. Current research is still relatively 
new, with only a small number of studies that focus on exhaustive 
multi-horizon analysis in urban light rail networks.

3. Research method

This section details the methodological framework formulated to 
estimate and forecast passenger demand patterns within the Dublin 
Luas. It begins with the development of the proposed hybrid forecasting 
framework that integrates VMD, BiGRU, and TPE optimization. The 
subsequent subsections describe each component of the framework and 
explain the model training and reconstruction processes. They also 
introduce benchmark models and evaluation techniques used for 
comparative analysis and statistical validation.

3.1. Theoretical overview of integrated VMD+BiGRU framework

This study presents an integrated forecasting framework that com
bines VMD with the BiGRU model, with optimization through TPE, for 
estimation and multi-horizon forecasting of passenger demand on the 
Dublin Luas network. The framework consists of three main steps. First, 
optimized VMD decomposes the original Dublin Luas passenger demand 
time series into a set of IMFs, where each IMF represents a distinct 

Fig. 3. Annual passenger journeys on the Dublin Luas Red and Green lines from 
2019 to 2024 (Source: [5]).

Fig. 4. Year-on-year growth rate in Dublin Luas passenger journeys 
(Source: [5]).
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frequency characteristic of passenger flow. This decomposition im
proves signal clarity by isolating localized temporal patterns and 
reducing noise. Second, each IMF is modelled separately through a 
BiGRU network that captures temporal dependence in both forward and 
backward directions. TPE optimization then calibrates the hyper
parameters of each BiGRU model to improve predictive accuracy across 
forecast horizons. Third, the signal reconstruction step combines the 
predicted IMFs to generate the final passenger demand forecasts. Fig. 6
presents the structure of the proposed framework. The key stages and 
the underlying working mechanism of the hybrid framework are 
described below in a stepwise manner.

3.1.1. Signal decomposition via VMD strategy
The first stage of the proposed hybrid framework serves as a signal 

preprocessing tool that decomposes the original passenger time series 
into a finite set of IMFs, each associated with a distinct frequency band. 
This process improves feature separability, reduces noise interference, 
and enhances the capacity of model to learn underlying temporal 

structures. VMD seeks to decompose a real-valued signal x(t)into K 
band-limited modes {uk(t)}Kk=1, each centered around an estimated fre
quency ωk. The constrained variational problem is expressed as Eq. 1. 

min
{μk},{ωk}

{
∑K

k=1

⃦
⃦
⃦
⃦∂t

[(

δ(t) +
j

πt

)

∗ μk(t)
]

e− jωkt
⃦
⃦
⃦
⃦

2

2

}

s.t.
∑K

k=1
μk(t) = x(t) (1) 

To solve this constrained variational problem, an augmented 
Lagrangian formulation is introduced as shown in Eq. 2. This reformu
lation facilitates the decomposition of the original optimization task into 
sub-problems that are more tractable for numerical computation.  

Where; α is the quadratic penalty factor, λ(t)is the Lagrange multiplier,∗
denotes convolution, δ(t) is the Dirac delta function, and j is the imag
inary unit.

Although Eqs. 1–2 describe how VMD decomposes a signal for a 
given number of modes K and penalty factor α, the quality of the 
decomposition depends strongly on how these two parameters are 

Fig. 5. Proposed route corridors for the Dublin Luas extension (Source: [6]).

ϖ({μk}, {ωk}, λ) = α
∑K

k=1
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∗ μk(t)
]

e− jωkt
⃦
⃦
⃦
⃦

2

2
+

⃦
⃦
⃦
⃦
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x(t) −
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⃦
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+
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selected. Inappropriate values of Kor α may lead to mode mixing, in
formation loss, or over-decomposition [64,65]. Therefore, an outer 
optimization layer is required to determine K and α in a data-driven 
manner. In this study, this is achieved through the integration of 
FFT-MI strategies [66]. The steps of the FFT–MI-based optimization of 
VMD are described below.

3.1.1.1. Step 1: Determination of the number of modes K by FFT. The 
original passenger demand time series x(t), t = 1,2,…,T.is transformed 
into the frequency domain by FFT to identify its dominant oscillatory 
components. Each significant peak in the frequency spectrum corre
sponds to a distinct frequency band in the signal, and the number of such 
peaks determines the optimal number of IMFs K, which controls under- 
decomposition and prevents redundant mode splitting. The discrete 
Fourier transform of x(t) is computed as Eq. 3. 

X(fm) =
∑T

t=1
x(t)e− j2πfmt/T ,m = 1,2,…,T − 1 (3) 

Where, fm = m/T denotes the discrete frequency and j =
̅̅̅̅̅̅̅
− 1
√

.
The corresponding amplitude spectrum is Eq. 4, where the magni

tude of the Fourier transform represents the contribution strength of 
each frequency component within the signal and provides a clear 
description of its frequency-domain characteristics. 

A(fm) = |X(fm)| (4) 

Based on the amplitude spectrum, the dominant frequency compo
nents of the signal are identified as a set of feature frequencies, as 
defined in Eq. (5). These frequencies correspond to local maxima whose 
amplitudes exceed a predefined threshold, indicating their significance 
in the overall signal structure. 

Ω = {fi|A(fi) > τ, fiisalocalmaximumofA(fi)} (5) 

Where, τ is the threshold used to remove insignificant spectral fluctua
tions. Each fi ∈ Ω corresponds to a principal oscillatory component of 
the passenger demand time series. The optimal number of decomposi
tion modes is therefore determined as shown in Eq. 6. 

K = |Ω| (6) 

This FFT-based feature-frequency analysis allows the number of IMFs 
to align with the inherent spectral structure of the signal, thereby 
avoiding under-decomposition and unnecessary mode splitting.

3.1.1.2. Step 2: VMD decomposition for a trial penalty factor α. With the 
number of modesK fixed, VMD is applied using a trial value of α to 
decompose the original signal into Kcomponents {IMFk(t)}Kk=1. Each 
IMFk(t) represents a band-limited component with distinct frequency 
behavior. The penalty factor α controls the bandwidth of each mode and 
regulates the trade-off between spectral compactness and signal recon
struction accuracy.

3.1.1.3. Step 3: MI computation for individual IMFs. For each decom
posed component, the MI between the original signal x(t)and each 
IMFk(t)is computed as Eq. 7. 

MIk = MI(x(t), IMFk(t)), k = 1,2,…,K (7) 

This measure quantifies the amount of information from the original 
passenger demand series that is retained within each mode. The IMF that 
carries the highest information content is then identified by selecting the 
maximum MI value across all components, as expressed in Eq. 8. 

MImax = max(MI1,MI2,…,MIK) (8) 

Eq. 8 identifies the IMF that retains the highest information content 
relative to the original signal and provides a local indicator of decom
position quality.

3.1.1.4. Step 4: Signal reconstruction and fidelity evaluation. The recon
structed signal is obtained by summing all extracted IMFs, which re
stores the complete passenger demand signal from its decomposed 
components, as expressed Eq. 9. 

Table 1 
Summary of recent AI models application in public transport.

Aspects Description Model Ref.

Passengers 
flow pattern

Short term forecasting of metro 
passenger demand

STL-LSTM [43]

Metro passenger flow analysis to 
capture daily and peak-hour 
inflow and outflow patterns in 
the station

DeepPF [44]

Bus passenger demand 
forecasting captures boarding 
patterns and temporal demand 
variation across routes.

BiLSTM [12]

Forecasting hourly passenger 
demand along Bus Rapid Transit 
(BRT) corridors to improve 
traffic management and resource 
allocation

SAE-DNN [41]

Multi-horizon passenger demand 
forecasting for urban rail transit 
system

BiLSTM–CTPA (BO- 
optimized)

[45]

Short-term passenger demand 
forecasting for urban rail transit 
system to improve service 
scheduling and operations

TCN-LSTM [46]

Short-term passenger flow 
forecasting at metro stations to 
manage congestion and train 
dispatch.

Spatio-temporal 
LSTM

[47]

Anomaly 
Detection

Time series analysis of rail transit 
devices detects irregular patterns 
and early signs of equipment 
malfunction.

LSTM [48]

Network-level passenger flow 
anomaly assessment that 
identifies unusual passenger 
volume variation across stations 
or lines.

GCN–informer [49]

Identification of fraudulent 
activities in public transport 
analyses ticketing data to detect 
fare evasion and abnormal travel 
behavior.

IF [50]

Identification of passenger flow 
anomalies and assessing their 
alarm level focuses.

Hybrid K-Mean 
with HC

[51]

Schedule and 
Delay 
Pattern

Analysis of recurrent delay 
patterns across public transport 
routes to identify operational 
inefficiencies.

K-Mean clustering 
with ResNet50

[52]

Network-level bus delay 
forecasting across multiple 
routes to improve scheduling and 
fleet management.

TabNet [53]

Network-wide rail transit delay 
analysis to identify system-wide 
congestion sources.

BN [54]

Tram delay forecasting to assess 
short-term service disruption and 
timing deviation

RF [55]

Rail transit delay assessment to 
evaluate causes of delays and 
improve service reliability

ISVM [56]

Abbreviations; STL: Seasonal–Trend Decomposition using Loess; SAE: Stacked 
Auto encoder; DNN: Deep Neural Network; TCN: Temporal Convolutional 
Network; GCN–Informer: Graph Convolutional Network combined with 
Informer; IF; Isolated Forest; HC: hierarchical clustering; TabNet: Attentive 
Interpretable Tabular Network; BN: Bayesian Network; RF: Random Forest; 
ISVM: Improved Support Vector Machine.
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x́ (t) =
∑K

i=1
IMFi(t) (9) 

This reconstruction represents the full signal recovered from the 
VMD components. To evaluate how well the decomposition preserves 
the original passenger demand series, the reconstruction fidelity is 
quantified through the MI between the reconstructed signal and the 
original signal, as illustrated in Eq. 10. 

βα = MI(x(t), x́ (t)) (10) 

A higher βα value from Eq. 10 indicates improved reconstruction fi
delity and reduced information loss throughout the decomposition 
process. The quantity βα reflects the global information similarity be
tween the reconstructed and original series. A larger value of βα in
dicates that the selected penalty factor α yields a decomposition that 
retains more of the original signal structure with lower information loss, 
which provides the global fidelity measure required for the composite 
evaluation in Step 5.

3.1.1.5. Step 5: Composite evaluation index. The IMF-level MI from Step 
3 and the reconstruction-level MI from Step 4 describe two comple
mentary aspects of the decomposition quality. The former reflects how 
well the dominant IMF captures the key oscillatory content of the signal, 
while the latter evaluates how faithfully the full set of IMFs reconstructs 
the original passenger demand series. To jointly account for both local 

and global information preservation, a composite evaluation index γαis 
defined as Eq. 11. 

γα = βα ×MImax
α (11) 

Where, MImax
α denotes the maximum MI between the original signal and 

the individual IMFs under penalty factor α, and βα represents the MI 
between the reconstructed signal and the original series.

3.1.1.6. Step 6: Determination of the optimal penalty factor. The com
posite index γα is evaluated for all candidate values of α. Each value of α 
corresponds to a different trade-off between mode separation and 
reconstruction fidelity. The optimal penalty factor is selected as the 
value that maximizes the composite index, as given by Eq. 12. 

α∗ = argmax
a

γa (12) 

This choice identifies the decomposition that jointly preserves the 
dominant information content within the IMFs and maintains the overall 
structure of the passenger demand series after reconstruction.

3.1.1.7. Step 7: Final VMD decomposition. With the optimized values of 
K and α, VMD is applied to the original passenger demand time series to 
obtain the final set of IMFs, as shown in Eq. 13. 

Fig. 6. Overview of the proposed hybrid VMD–BiGRU framework for Dublin Luas passenger demand forecast.
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Table 2 
Pseudocode of the FFT–MI–based VMD parameter selection algorithm.
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x(t) =
∑K∗

i=1
IMFi(t) =

∑K∗

i=1
Ai(t)cos(ϕi(t)) (13) 

Where; Ai(t) is the amplitude envelope of the ith IMF, and ϕi(t) is the 
instantaneous phase.

These IMFs are subsequently used for forecasting. The pseudocode of 
the algorithm is provided in Table 2.

3.1.2. Individual IMF modelling using BiGRU optimized via TPE
Once the passenger demand time series x(t)is decomposed into K 

IMFs through VMD, each IMFi(t) captures a distinct frequency band of 
the original passenger demand series. Each IMFi(t) is individually 
modelled using a BiGRU network to predict its future values. The BiGRU 
processes time series in forward and backward directions and captures 
long-term dependencies better than the unidirectional GRU. Let the 
input sequence for the ith IMF be X(i) =

{
x(i)1 , x(i)2 ,…, x(i)T

}
where, x(i)t =

IMFi(t)denotes the value of the ithIMF at time t.The goal is to generate 

the predicted sequence Ŷ
(i)
=

{
ŷ(i)1 , ŷ(i)2 , …, ŷ(i)T

}
, approximating the 

ground truth values Y(i). This formulation supports direct multi-horizon 
forecasting and allows assessment of predictive performance at different 
lead times. At each time step t, the BiGRU processes the input from both 
temporal directions as shown in Fig. 7. The forward hidden state for the 
ith IMF is computed as Eq. 14 and simultaneously, the backward hidden 
state is derived by Eq. 15. 

h
→(t)

t = GRUfwd

(
x(i)t , h
→(t)

t− 1

)
(14) 

h
←(t)

t = GRUbwd

(
x(i)t , h
←(t)

t+1

)
(15) 

Then, these two hidden states are concatenated to form a complete 
bidirectional representation that jointly captures past and future tem
poral information within the IMF, as shown in Eq. 16. 

h(t)t =
[

h
→(t)

t ; h
←(t)

t

]
(16) 

The output prediction at each forecast horizon is obtained by passing 
the hidden representation through a fully connected layer, as illustrated 
in Eq. 17. 

ŷ(i)t =W0h(i)t + b0 (17) 

Where, W0 ∈ ℜ
1×2h and b0 ∈ ℜ

1×2h represent the learnable parameters 
of the output layer.

The model is trained to minimize the Mean Squared Error (MSE) 
between the actual and predicted values of each IMF, defined as Eq. 18. 
This formulation allows each decomposed sub-series to contribute 
independently to the learning process and permits individual adjust
ment during the optimization stage. 

τ(i) = 1
T
∑T

t=1

(
y(i)t − ŷ(i)t

)
2

(18) 

The performance of the BiGRU model is highly influenced by its 
hyperparameters. Therefore, for each IMF component, the correspond
ing BiGRU model is individually fine-tuned using the TPE algorithm, 
which systematically explores the hyperparameter space to obtain the 
optimal predictive configuration [67]. For instance, for the BiGRU 
model trained on a given ith IMF, the set of hyperparameters subject to 
optimization is represented in Eq.19. 

θ(i) = {u, η, b} (19) 

Where; θ(i) ∈ Θrepresents a candidate configuration from the hyper
parameter search space Θ. u denotes the number of GRU units,η is the 
learning rate, and b is the batch size.

The full hyperparameter configuration for the BiGRU models is 
provided in Table 3. The objective is to identify the optimal set θ(i)∗that 
minimizes the validation loss τ(i), defined earlier in Eq. 18, for the cor
responding IMF. This optimization problem can be expressed as Eq. 20. 

θ(i)∗ = argmin
θ(i)∈Θ

τ(i)
(
θ(i)

)
(20) 

The TPE algorithm models the objective function τ(i) as a probabi
listic process by constructing two density estimators i.e., p(θ|τ) is the 
conditional probability of hyperparameter configurations given 
observed losses, and p(τ)is the marginal probability over observed loss 
values. TPE divides observed hyperparameter and loss pairs into two 
groups as shown by Eq. 21 and Eq. 22. 

Dgood = {θ|τ(θ) ≤ τ∗} (21) 

Dbad = {θ|τ(θ) > τ∗} (22) 

Where; τ∗ is a quantile threshold (typically the 10–25th percentile of 
losses). The algorithm then models the distributionsl(θ) = p(θ|τ ≤ τ∗)
and g(θ) = p(θ|τ > τ∗), and samples new candidates that maximize the 
expected improvement criterion as shown by Eq. 23. 

EI(θ)∝
l(θ)
g(θ)

(23) 

This strategy raises the probability that subsequent trials arise from 
high-potential regions of the search space, which accelerates conver
gence and limits the chance of entrapment in local minima. Application 
of TPE for each IMF-specific BiGRU allows the framework to adapt to 
temporal variation within individual components and produces higher 
predictive precision.

3.1.3. Reconstruction and Final Prediction
After each IMFi is modelled and forecast through its corresponding 

BiGRU sub-model, the final stage reconstructs the overall passenger 
demand series by combining the predicted sub-signals. Let ŷ(i)t represent 

Fig. 7. Structural Architecture of the BiGRU Model.

Table 3 
BiGRU hyperparameter configuration.

Hyperparameter Description

No. of GRU Units Defines the BiGRU capacity and ability to capture temporal 
dependencies.

Batch Size Influences the stability of gradient updates and convergence 
speed.

Learning Rate Controls the step size for weight adjustments during 
optimization.

Dropout Rate Acts as a regularization technique to prevent overfitting.
L2 Regularization Adds a penalty term to the loss function to constrain large 

weight values and improve generalization.
Training Epochs Indicates the number of complete passes through the training 

dataset.
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the predicted value at time t for IMFi component. The reconstructed 
series ŷt, representing the estimated Dublin Luas passenger demand at 
timet, is obtained by summing all predicted IMF components, as 
expressed in Eq. 24. 

ŷt =
∑K

i=1
ŷ(i)t (24) 

3.2. Competitive models

To evaluate the performance of the proposed framework, this study 
benchmarks it against both standalone and VMD-integrated models. The 
comparison includes Bidirectional Long Short-Term Memory (BiLSTM) 
[68], Temporal Convolutional Network (TCN) [69] and Feedforward 
Neural Network (FNN) [70] architectures. A brief overview of each 
model is provided below.

3.2.1. BiLSTM
BiLSTM model extends the standard LSTM architecture by processing 

time series data in both forward and backward directions, which allows 
the model to capture complex temporal dependencies from past and 
future observations at the same time [68]. This bidirectional structure 
helps the model represent dynamic passenger demand patterns more 
effectively, especially in cases where future demand affects present 
travel decisions, such as during peak hours or in response to scheduled 
events. The memory cell structure of BiLSTM captures long-term de
pendencies effectively and represents recurrent and time-varying pas
senger demand in public transport with higher accuracy [71]. A 
comprehensive review of BiLSTM architectures and their applications 
appears in [72].

3.2.2. TCN
The TCN model serves as an effective approach for sequence-based 

tasks, with strong performance in time series forecasting of passenger 
demand in public transport [73]. Using dilated causal convolutions, the 
TCN model captures both local and long-range temporal dependencies 
without the need for recurrent connections. This convolutional structure 
allows efficient parallel computation and stable gradient flow, which 
makes the TCN model suitable for capturing complex temporal patterns 
in passenger demand data. It also performs well in representing periodic, 
nonlinear, and highly dynamic variations in the data. Further details on 
the TCN architecture and its applications appear in [74].

3.2.3. FNN
The FNN model is the simplest type of neural network, which consists 

of an input layer, one or more hidden layers, and an output layer. In this 
network, information moves in a single direction from the input to the 
output layer without any cycles or feedback connections. Each neuron in 
a layer is fully connected to neurons in the subsequent layer, and 
nonlinear activation functions are used to capture complex relationships 
within the data. This architecture allows FNNs to approximate a wide 
range of functions, which make them effective in modelling diverse 
input–output mappings. Due to their straightforward architecture and 
ease of application, FNNs serve as standard reference models in many 
predictive and classification frameworks. Within passenger demand 
analysis, FNNs have been utilized for metro systems to estimate short- 
term demand patterns and to evaluate or refine model performance 
[75,76]. Further details on the FNN architecture and its applications can 
be found in [77].

3.3. Performance evaluation of the proposed framework

This section presents a quantitative assessment of the proposed 
forecasting framework by employing standard statistical error metrics 
and a post-hoc inferential test for comparative model analysis. The 

evaluation process incorporates both deterministic accuracy indicators 
and hypothesis-based statistical inference to verify performance differ
ences across competing models.

3.3.1. Prediction accuracy metrics for passenger demand forecasting
To assess the performance of the reconstructed signal ŷt , the Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coeffi
cient of Determination (R2) are used as evaluation metrics. These are 
defined as follows in Eqs. 25–27. 

MAE =
1
N

∑N

t=1
|yt − ŷt | (25) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

t=1
(yt − ŷt)

2

√
√
√
√ (26) 

R2 = 1 −

∑N

t=1
(yt − ŷt)

2

∑N

t=1
(yt − y)2

(27) 

Where; yt denotes the observed passenger demand at time t, ŷt repre
sents the reconstructed predicted passenger demand at time t, ŷt is the 
mean of observed passenger demand values, and N indicates the total 
number of time intervals within the evaluation period.

3.3.2. Post-Hoc statistical test for model performance comparison
Although standard performance metrics provide useful information, 

they may not effectively distinguish models when their prediction per
formance levels are closely matched. To statistically verify the advan
tage of the proposed framework over alternative models, the Wilcoxon 
signed-rank test [78] is applied. This non-parametric method evalu
ates whether the median of paired differences between two models 
significantly differs from zero. Let di = xi − yi denote the difference in 
prediction errors across n test samples. The test ranks the absolute values 
|di|, omits zero differences, and assigns the corresponding sign to each 
rank. The resulting test statistic W is calculated as expressed in Eq. 28. 

W =
∑n

i=1
sgn(di)⋅Ri (28) 

Where; sgn(di) ∈ { − 1, 0,+1} is the sign function, and Ri is the rank of 
|di|.

The hypothesis formulation is as follows: 

● H0: No significant difference exists between the proposed VMD+BiGRU 
model and other compared models.

● H1: A significant difference exists between the proposed model and the 
compared model.

At a significance level of α= 0.05, the test assesses whether to reject 
H0 by comparing the obtained p-value with the corresponding critical 
threshold.

4. Results and discussion

The Dublin Luas passenger demand dataset is published by TII and is 
available as open-access data through DATA.GOV.IE [79] and the Cen
tral Statistics Office (CSO) [5]. DATA.GOV.IE is Ireland’s national open 
data portal, managed by the Open Data Unit under the Department of 
Public Expenditure, Infrastructure, Public Service Reform and Digitali
zation. The portal hosts datasets published and regularly updated by 
government departments and public bodies, including transport-related 
statistics. The Dublin Luas passenger demand dataset available on this 
portal includes monthly and annual aggregated passenger journey data 
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for the Dublin Luas network, along with weekly records for the Red and 
Green Lines that provide finer temporal resolution for analyzing pas
senger movement trends. It is pertinent to mention that the experiments 
were implemented in the Python programming language with the Ten
sorFlow/Keras, Scikit-learn, Hyperopt, Matplotlib, and Seaborn pack
ages. All computations were performed on a PC equipped with an Intel® 
Core™ Ultra 5 125 U processor, 16 GB RAM, and running the Microsoft 
Windows 11 operating system.

The weekly passenger demand time series exhibits pronounced non- 
stationary behavior, characterized by irregular fluctuations, abrupt level 
shifts, and time-varying amplitude, as illustrated in Fig. 8. The series 
alternates between periods of high and low variability and lacks a stable 

or consistent periodic structure, which reflects the influence of external 
disruptions and evolving travel patterns. Fig. 9 presents box plots from 
2019 to 2025 that describe the monthly distribution of Dublin Luas 
passenger demand and capture the effect of external factors. The plots 
show strong seasonal variation in 2019, a marked decline after March 
2020 due to the COVID-19 outbreak and gradual recovery through 2021 
[80–82]. Passenger demand exceeds pre-pandemic levels in 2022 with 
distinct seasonal peaks, while 2023 and 2024 show high volumes across 
all months. Moreover, Fig. 10 presents weekly heatmaps for the Red and 
Green Lines that reflect temporal variation in passenger demand in
tensity. Light color tones in 2020–2021 indicate reduced passenger ac
tivity, while darker tones from 2022 onward indicate higher demand 

Fig. 8. Weekly passenger demand on the Dublin Luas Red and Green Lines from 2019 to 2025.

Fig. 9. Monthly distribution of Dublin Luas passenger demand from 2019 to 2025.
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intensity and recovery of passenger flow across both routes.

4.1. Stationarity analysis of weekly passenger demand data

To identify irregular patterns in weekly Luas passenger demand, the 
Interquartile Range (IQR) and rolling z-score methods were applied. No 
statistical outliers were detected for either the Red or Green Line, which 
indicated that the major variations, such as those during the COVID-19 
period, reflect broader structural shifts rather than isolated anomalies. 
To assess the temporal characteristics of the Dublin Luas weekly pas
senger demand data for both the Red and Green Lines, the Augmented 
Dickey-Fuller (ADF) test was applied [83]. The ADF test results confirm 
that the weekly passenger journey time series for both the Red and 
Green Lines are non-stationary as shown in Table 4. The test statistics 
(–2.036 for Red Line and –1.652 for Green Line) are higher than the 

critical values at all conventional significance levels, and the p-values 
(0.271 and 0.456, respectively) exceed 0.05. The null hypothesis of a 
unit root is accepted, indicating that both time series exhibit 
non-stationary behavior.

This outcome reflects the presence of long-term trends and external 
factors that shape public transport demand over time. The Autocorre
lation Function (ACF) and Partial Autocorrelation Function (PACF) plots 
for the Red Line (Fig. 11a) and Green Line (Fig. 11b) also show slow, 
gradual decay without sharp cutoff and aligns with the non-stationary 
nature of both series.

4.2. Decomposition of passenger demand signal

The FFT–MI–based VMD strategy was applied to decompose the 
weekly Dublin Luas passenger demand time series into an optimal set of 
IMFs both the Red and Green Lines. The optimal number of IMFs was 
identified as K = 5 for both lines. However, the optimal bandwidth 
constraint and convergence tolerance differed slightly between the two 
lines. For the Red Line, the optimal bandwidth parameter α was 2400 
and the convergence tolerance was 1 × 10− 6. For the Green Line, the 
optimal α was 2200 and the convergence tolerance was 1 × 10− 7. 
Fig. 12 (a–b) illustrates the optimal IMFs for the Red Line and Green 
Line. In both cases, IMF 1 represents the smooth, low-frequency 
component associated with the long-term demand trend, IMF 2 and 

Fig. 10. Weekly passenger demand heatmap for the Dublin Luas Red and Green lines from 2019 to 2025.

Table 4 
ADF results for assessing stationarity of weekly Dublin Luas passenger demand.

Line ADF 
Statistic

p- 
value

Critical 
1%

Critical 
5%

Critical 
10%

Red Line -2.036 0.271 -3.451 -2.871 -2.572
Green 

Line
-1.652 0.456 -3.451 -2.871 -2.572

Fig. 11. ACF and PACF plots for the Dublin Luas Passenger demand; (a) Red Luas Line; (b) Green Luas Line.
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IMF 3 capture medium-frequency oscillations that align with seasonal 
cycles, and IMF 4 and IMF 5 depict high-frequency fluctuations linked to 
short-term operational variations or external calendar effects.

4.3. Hyperparameter tuning of VMD+BiGRU via TPE

Each IMF generated by the FFT–MI–based VMD strategy was 
modelled with an independent BiGRU network. The hyperparameters of 
each BiGRU model were optimized separately via the Tree-structured 
Parzen Estimator (TPE) algorithm. Following standard time-series 
practice, the dataset was partitioned chronologically into 75% training 
data and 25% testing data. This proportion allocates most observations 
to temporal pattern learning while reserving a substantial segment for 
out-of-sample performance evaluation [84–89]. Although alternative 
ratios may be adopted, this split provides a practical balance between 
learning capacity and predictive reliability.

In this study, the hyperparameter search space was defined to cover a 
comprehensive set of architectural and training hyperparameters of the 
BiGRU model. The number of GRU units was explored between 32 and 
128 with a step size of 16. The dropout rate was treated as discrete 
within the range of 0.1–0.5 with a step size of 0.1. The batch size was 
selected from discrete values between 16 and 96 with a step size of 16. 
The number of training epochs was chosen from {150, 200, 250, 300}. In 
addition, the L2 regularization coefficient was sampled from a loga
rithmic distribution within the interval 10− 7 to 10− 4, and the learning 
rate was drawn from a logarithmic range between 5 × 10− 5 and 
2 × 10− 2. The same search space configuration was maintained for all 
IMFs to preserve methodological uniformity and guarantee fair 

comparison across IMF-specific models. Thus, differences in optimal 
hyperparameter values arise from intrinsic IMF characteristics rather 
than variations in search boundaries.

Each IMF was optimized independently to account for its distinct 
statistical properties and frequency behavior. The resulting optimal 
configurations differed across IMFs and between red and green line 
datasets, as illustrated in Fig. 13. For IMF-1, both lines converged to 64 
GRU units, a batch size of 64, 250 training epochs, and a dropout rate of 
0.30, with learning rates around 1.7 × 10− 3. For IMF-2 and IMF-3, 64 
GRU units with a batch size of 32 were obtained, with dropout values 
between 0.20 and 0.30 and learning rates ranging from approximately 
7.8 × 10− 4 to 1.8 × 10− 3. For IMF-4 and IMF-5, TPE optimization 
selected 96 GRU units, which indicates higher representational capacity 
requirements for these components. Dropout values remained within 
0.20–0.30, while learning rates ranged approximately from 7.76 × 10− 4 

to 1.96 × 10− 3. The L2 regularization coefficient remained on the order 
of 10− 6, which reflects mild weight penalization across the models.

Furthermore, the total computational burden associated with TPE- 
based hyperparameter optimization varied across IMFs and between 
red and green line configurations, as shown in Fig. 14. Lower-index IMFs 
reached convergence more rapidly during the optimization process, 
whereas higher-index IMFs showed higher computational demand. For 
IMF-1, the total computational time remained close to 1000 s for both 
lines. In contrast, IMF-4 and IMF-5 exhibited the highest computational 
cost, with values reaching approximately 2300–2750 s across the 
configurations.

Fig. 12. VMD-based decomposition of the Dublin Luas passenger demand time series into 5 optimal IMFs; (a) Red Luas Line; (b) Green Luas Line.
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4.4. Performance analysis of hybrid VMD+BiGRU

The VMD+BiGRU framework was evaluated by modelling each IMF 
separately and then reconstructing the overall forecast signal from the 
individual predictions. The performance of the TPE-optimized model 
across all IMFs of the Red and Green Line series, as measured by RMSE, 
MAE, and R2, is presented in Fig. 15. The results show high predictive 
accuracy across all IMF components for both series. For the Red Line, R2 

values range from 0.94 to 0.98 across individual IMFs, while the Green 
Line exhibits R2 values between 0.87 and 0.98. A progressive decrease in 
RMSE and MAE from IMF-1 toward intermediate IMFs reflects improved 
modelling accuracy at higher-frequency scales. This behavior indicates 
that the VMD process isolates temporal components with lower variance 
and more distinct dynamic structure, which allows the BiGRU model to 
capture their patterns more effectively. The reconstructed forecasts 

align closely with the observed series and yield overall R² values of 
0.976 for the Red Line and 0.958 for the Green Line.

Figs. 16(a–f) and 17(a–f) present the actual and predicted plots for 
each IMF in the Red and Green Line time series, along with the corre
sponding reconstructed series. Both cases reveal a close match between 
the predicted and observed signals. Each subplot reveals that the model 
follows the original signal with minimal deviation, especially for the 
mid- and high-frequency components. The predicted curves reflect the 
overall shape and amplitude of the corresponding IMF trajectories. IMF- 
3 and IMF-5 show very narrow gaps between actual and forecasted 
values. The final reconstructed forecasts for both the Red and Green 
lines closely match the actual data.

Furthermore, the prediction error plots for both the Red and Green 
lines illustrate the reliability and stability of the proposed VMD+BiGRU 
model as shown in Fig. 18. In addition to the standard performance 

Fig. 13. Hyperparameter optimization results for the BiGRU models of the Dublin Luas Red and Green Lines across five IMF components.

Fig. 14. Total computational cost of TPE-based hyperparameter optimization for each IMF.
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Fig. 15. Performance metrics of the VMD+BiGRU model for each IMF and the combined forecast on the Red and Green Line passenger demand time series.

Fig. 16. Actual and predicted series using the VMD+BiGRU model for Dublin Red Luas Passenger demand; (a–e) Comparison between actual and predicted values for 
individual IMFs, (f) Reconstructed overall forecast generated by the VMD+BiGRU framework.
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measures, these plots provide a visual understanding of the predictive 
accuracy of proposed framework across both training and testing data
sets. The close alignment of data points along the ideal diagonal line 
(black dashed) indicates strong agreement between actual and predicted 
values, while the red dashed fit line for the test set further reflects the 
generalization capability of the proposed framework.

4.5. Performance comparison with other deep learning models

Figs. 19 and 20 show the reconstructed passenger time series and 
forecast results of the proposed VMD+BiGRU model compared with 
other hybrid models (VMD+LSTM, VMD+BiLSTM, VMD+TCN, and 
VMD+FNN) for the Red and Green Lines, respectively. The actual pas
senger demand data is plotted in black, while the outputs from each 
model are overlaid for comparison. Among all tested models, the 
VMD+BiGRU framework achieves the best predictive performance, 
accurately capturing fluctuations in passenger demand for both the Red 
and Green Line time series. In contrast, VMD+TCN performs the poorest, 
failing to capture key temporal variations and producing an overly 
smoothed response that diverges from the observed data. Although 

VMD+FNN shows a modest improvement over VMD+TCN, it still fails to 
reflect important changes in passenger demand.

4.6. Ablation experiments

To assess the contribution of the VMD decomposition step and to 
compare different deep learning architectures, an ablation study was 
conducted. Fig. 21(a–b) summarize the model performance in terms of 
MAE, RMSE, and R2, along with the corresponding performance 
improvement heatmaps for the Red Line. In case of Red Luas Line, 
models that incorporate VMD show clear performance gains over their 
standalone counterparts. The BiGRU model reduces MAE from 15.40 to 
5.85 and RMSE from 20.30 to 7.88 after VMD integration, while R2 in
creases from 0.890 to 0.976. Similar improvements appear for other 
architectures. BiLSTM decreases MAE from 18.90 to 16.32 and RMSE 
from 24.80 to 19.23 with VMD, while R2 changes from 0.860 to 0.856. 
LSTM reduces MAE from 21.20 to 15.12 and RMSE from 27.60 to 19.67, 
with R2 rising from 0.830 to 0.850. These results confirm that decom
position improves predictive accuracy across most architectures, with 
the strongest absolute performance achieved by VMD+BiGRU.

Fig. 17. Actual and predicted series using the VMD+BiGRU model for Dublin Green Luas Passenger demand; (a–e) Comparison between actual and predicted values 
for individual IMFs, (f) Reconstructed overall forecast generated by the VMD+BiGRU framework.
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Fig. 18. Prediction error plots of passenger demand for the Dublin Luas using the proposed VMD+BiGRU model; (a) Red Line, (b) Green Line.

Fig. 19. Forecast results of different deep learning models compared with actual values for the Red Luas Line time series.

Fig. 20. Forecast results of different deep learning models compared with actual values for the Green Luas Line time series.
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Fig. 21. Performance evaluation on the Red Luas Line; (a) Performance comparison of models with and without VMD; (b) Percentage performance improvement of 
VMD+BiGRU relative to other models.
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When VMD+BiGRU is taken as the reference model, its relative 
advantage over other architectures becomes clear, both for models 
without VMD and those with VMD preprocessing. Compared with 
models without VMD, VMD+BiGRU achieves 62.0% lower MAE and 
61.2% lower RMSE than BiGRU, together with an 8.8% increase in R2. 
Against BiLSTM, MAE and RMSE are reduced by 69.0% and 68.2%, 
while R² improves by 11.9%. In comparison with LSTM, the reductions 
reach 72.4% for MAE and 71.4% for RMSE, with R² higher by 15.0%. 
The performance gap is more pronounced for TCN and FNN, where MAE 
decreases by 88.7% and 78.6%, RMSE decreases by 87.0% and 76.3%, 
and R2 increases by 84.6% and 26.2%, respectively. Focusing on models 
that also incorporate VMD, VMD+BiGRU continues to show a clear 
margin. Relative to VMD+BiLSTM, MAE and RMSE are lower by 64.2% 
and 59.0%, with R2 higher by 12.3%. Compared with VMD+LSTM, MAE 
and RMSE remain lower by 61.3% and 59.9%, while R2 increases by 
12.9%. The largest relative difference occurs against VMD+TCN, where 
MAE and RMSE are reduced by 90.3% and 88.2%, and R2 increases by 
173.9%. Against VMD+FNN, VMD+BiGRU achieves 68.3% lower MAE 
and 63.0% lower RMSE, together with a 15.6% improvement in R2.

For the Green Luas Line, as illustrated in Fig. 22(a–b), models that 
incorporate VMD preprocessing show clear performance improvements 
relative to their standalone counterparts. The BiGRU model reduces 
MAE from 22.00 to 8.47 and RMSE from 28.00 to 9.65 after VMD 
integration, while R2 increases from 0.720 to 0.958. BiLSTM also ben
efits from decomposition, with MAE decreasing from 26.00 to 8.95 and 
RMSE from 32.00 to 10.10, alongside an increase in R2 from 0.690 to 
0.945. For LSTM, MAE declines from 28.00 to 17.33 and RMSE from 
35.00 to 20.95, with R2 rising from 0.660 to 0.805. These results indi
cate that VMD enhances predictive performance across all recurrent 
architectures, with VMD+BiGRU and VMD+BiLSTM showing the 
strongest absolute accuracy. Taking VMD+BiGRU as the reference 
model, its relative advantage becomes more evident. Compared with 
BiGRU, MAE and RMSE are lower by 61.5% and 65.5%, while R2 in
creases by 33.1%. Relative to BiLSTM, MAE and RMSE decrease by 
67.4% and 69.7%, with R2 higher by 38.4%. Against LSTM, MAE and 
RMSE reductions reach 69.7% and 72.4%, while R2 improves by 45.2%. 
The contrast is more pronounced for TCN and FNN, where MAE re
ductions reach 85.9% and 61.5%, RMSE reductions reach 86.2% and 
61.9%, and R² improvements reach 85.8% and 74.2%, respectively. 
Within the VMD-based group, VMD+BiGRU maintains a clear margin. 
Relative to VMD+BiLSTM, MAE and RMSE remain lower by 5.4% and 
4.5%, with R2 higher by 1.4%. Compared with VMD+LSTM, MAE and 
RMSE are lower by 51.1% and 53.9%, while R2 increases by 19.0%. The 
largest relative difference appears against VMD+TCN, where MAE and 
RMSE decrease by 85.6% and 85.6%, alongside a substantial increase in 
R2. Against VMD+FNN, MAE and RMSE are lower by 30.8% and 36.7%, 
with R² higher by 6.8%.

4.7. Robustness of proposed model (Multi-horizon forecasting)

Urban transit planners often require demand forecasts not only for 
short-term scheduling but also for medium- and long-term planning 
related to capacity allocation, resource management, and infrastructure 
investment [90,91]. To evaluate the temporal stability and predictive 
robustness of the proposed VMD+BiGRU framework, a multi-horizon 
forecasting analysis was performed. The evaluation covered both the 
Red and Green Luas Lines across three forecast horizons: 1 week (short 
term), 4 weeks (medium term), and 12 weeks (long term). The results 
were compared with other VMD-based neural architectures, including 
VMD+BiLSTM, VMD+LSTM, and VMD+FNN, as illustrated in Fig. 23. It 
is pertinent to mention that the VMD+TCN model, which showed poor 
single-step performance with high errors and negative R2 values, was 
excluded from the multi-step analysis due to its limited predictive 
reliability.

For both lines, the VMD+BiGRU model attains the lowest MAE and 
RMSE values across all forecast horizons, confirming its strong ability to 

preserve predictive accuracy over time. On the Red Line, RMSE in
creases gradually from about 10.4 at the 1-week horizon to 16.8 at 12 
weeks, accompanied by a slight decrease in R2 from 0.97 to 0.94, which 
indicates minimal performance degradation as the prediction window 
extends. In contrast, the VMD+BiLSTM model yields higher error levels, 
with RMSE rising from approximately 20.6–28.4, whereas VMD+LSTM 
and VMD+FNN exhibit larger fluctuations and lower R2 values and 
shows a reduced temporal generalization capability. A similar pattern is 
observed on the Green Line, where the VMD+BiGRU model again shows 
better performance by maintaining low error levels, with RMSE 
increasing only from about 8.1 at the 1-week horizon to 11.5 at 12 
weeks, and an R2 value above 0.95 across all horizons. The 
VMD+BiLSTM model produces moderate errors, with RMSE ranging 
between 18.2 and 30.1 and a gradual decrease in R2, while VMD+LSTM 
and VMD+FNN exhibit higher errors and a clearer drop in correlation 
strength as the forecast horizon extends.

These multi-horizon forecasting results verify that the VMD+BiGRU 
architecture provides the most accurate and reliable predictions for both 
Luas lines. Its ability to maintain low errors and high R2 values across 
extended intervals indicates strong temporal adaptability, which makes 
it appropriate for short-term operations, medium-term scheduling, and 
long-term passenger demand forecasting in urban light rail transit 
systems.

4.8. Post-Hoc statistical comparison using Wilcoxon Signed-Rank test

Although the proposed VMD+BiGRU model shows better accuracy 
than other deep learning models across all performance metrics, these 
metrics alone may not provide sufficient evidence when results appear 
numerically close. To verify whether the performance differences are 
statistically significant, the Wilcoxon signed-rank test is applied as a 
post-hoc method. This test compares prediction errors between the 
proposed model and each alternative across all forecasted time steps. It 
is applied at a significance level of α= 0.05. Table 5 reports the p-values 
and corresponding decisions for comparisons between VMD+BiGRU and 
VMD+BiLSTM, VMD+LSTM, VMD+TCN, and VMD+FNN. For the Red 
Line, the results show that VMD+BiGRU achieves statistically better 
performance relative to all alternative models, as all comparisons indi
cate significant differences. For the Green Line, VMD+BiGRU shows 
better performance than VMD+LSTM, VMD+TCN, and VMD+FNN. 
However, when compared with VMD+BiLSTM, the p-value of 0.092 
exceeds the 0.05 significance threshold, which indicates that the current 
data sample does not provide sufficient evidence of a statistically sig
nificant performance difference between these two models. These re
sults support the effectiveness of VMD+BiGRU on the Red Line, while 
indicating statistically comparable performance between VMD+BiGRU 
and VMD+BiLSTM on the Green Line.

4.9. Seasonal demand clustering of Dublin Luas ridership

A Gaussian Mixture modelling (GMM) clustering strategy is applied 
to the forecasted outputs generated by the VMD+BiGRU model, which 
was designed to capture temporal ridership dynamics [92]. GMM is 
adopted because its probabilistic formulation provides superior capa
bility for identifying overlapping and heterogeneous travel demand re
gimes compared with distance-based methods such as K-means or 
hierarchical clustering, and it has been widely applied in traffic and 
transportation studies [93,94]. By enabling soft cluster assignment, this 
approach provides a more realistic representation of uncertainty and 
gradual transitions in passenger demand patterns.

The resulting monthly passengers demand forecasts were grouped 
into three distinct clusters that reflect low, medium, and high demand 
periods across the Luas network. The clustering outcome shows clear 
seasonal travel patterns on both the Dublin Red and Green lines as 
shown in Fig. 24. The low-demand cluster (Cluster 0), which includes 
the months from January to June, reflects a period of reduced public 
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Fig. 22. Performance evaluation on the Green Luas Line; (a) Performance comparison of models with and without VMD; (b) Percentage performance improvement of 
VMD+BiGRU relative to other models.
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transport usage. This decline is likely shaped by several factors, 
including the post-holiday travel slowdown in January and February, 
cold and wet winter weather that discourages walk and wait at Luas 
stops [95], and the academic calendar that results in lower student 
ridership due to semester breaks and examinations during spring 
months. In addition, tourism activity during this period tends to be 

relatively low compared to the summer and autumn months.
The medium-demand cluster (Cluster 1), comprising July, August, 

and December, captures transitional travel behavior. July and August 
mark the peak of Ireland’s tourist season, which boosts non-commuter 
ridership [96]. However, this is partially offset by reduced commuter 
traffic as many residents take annual leave during these months. 
December presents a dual effect, with ridership rising in the first half of 
the month due to Christmas shopping and city-center events, followed 
by a sharp fall in travel during the holiday break, which leads to a 
moderate monthly average. The high-demand cluster (Cluster 2) in
cludes September, October, and November, which show the highest 
passenger volumes. This period reflects the full resumption of schools, 
universities, and workplaces after summer, which results in strong and 
stable commute activity. Weather conditions in early autumn are typi
cally milder, which encourages regular use of public transport. More
over, this period remains largely unaffected by public holidays, which 

Fig. 23. Multi-horizon forecasting performance of VMD-based models across short-term (1 week), medium-term (4 weeks), and long-term (12 weeks) horizons for 
both Red and Green Luas Lines; (a) VMD+BiGRU (Red Line); (b) VMD+BiLSTM (Red Line); (c) VMD+LSTM (Red Line); (d) VMD+FNN (Red Line); (e) VMD+BiGRU 
(Green Line); (f) VMD+BiLSTM (Green Line); (g) VMD+LSTM (Green Line); (h) VMD+FNN (Green Line).

Table 5 
Wilcoxon Signed-Rank test results for red and green lines.

Model Compared p-value 
(Red Line)

Reject H₀ p-value 
(Green Line)

Reject H₀

VMD+BiLSTM 0.008 Yes 0.092 No
VMD+LSTM 0.004 Yes 0.006 Yes
VMD+TCN 0.001 Yes 0.003 Yes
VMD+FNN 0.003 Yes 0.03 Yes

Fig. 24. Monthly Passenger Demand Clustering in Dublin Luas; (a) Red Luas Line; (b) Green Luas Line.
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contributes to steady travel patterns [97].

5. Conclusions and future work

This study developed an integrated VMD+BiGRU framework to 
model the highly non-linear and non-stationary characteristics of 
weekly passenger demand on the Dublin Luas Red and Green lines. The 
proposed approach combines an FFT–MI–based VMD strategy for 
adaptive signal decomposition, frequency-specific modelling through 
the BiGRU architecture, and hyperparameter optimization using the TPE 
method. This integrated framework improves decomposition quality, 
captures bidirectional temporal dependencies within each IMF, and fa
cilitates effective tuning of BiGRU hyperparameters at the component 
level, which results in improved forecasting performance. The proposed 
hybrid framework also provides greater adaptability and higher pre
diction accuracy than other deep learning models.

For the Red Line, the TPE-optimized VMD+BiGRU model achieves 
the highest prediction accuracy, with an RMSE of 7.88, MAE of 5.85, and 
R2 of 0.976. The VMD+BiLSTM model yields the next best results, with 
RMSE of 19.23 and MAE of 16.32, alongside an R² of 0.856. In contrast, 
VMD+TCN records the lowest predictive accuracy, with an RMSE of 
66.59, MAE of 60.10, and a negative R2 of − 0.722, which indicates 
limited explanatory capability. A similar pattern appears for the Green 
Line.The VMD+BiGRU model again achieves the strongest performance, 
with an RMSE of 9.65, MAE of 8.47, and R² of 0.958. The VMD+BiLSTM 
model follows closely, with an RMSE of 10.10, an MAE of 8.95, and an 
R2 of 0.945. The weakest performance is observed for VMD+TCN, which 
reports an RMSE of 66.82, MAE of 58.91, and a negative R2 of − 0.983, 
which reflects a worst predictive reliability on the Green Line.

Beyond single-step evaluation, a multi-horizon forecasting analysis 
was also performed to assess temporal robustness across short-, medium- 
, and long-term horizons (1-week, 4-weeks, and 12-weeks). The 
VMD+BiGRU model maintained the lowest RMSE and MAE across all 
forecast horizons for both Red and Green lines and shows a stable per
formance over time. The Wilcoxon signed-rank test verified significant 
performance differences between the proposed model and all other 
models on both lines. The exception occurred on the Green Line, where 
the difference with VMD+BiLSTM was statistically insignificant.

5.1. Limitations of the study

The current study has some limitations that may impact the scope 
and applicability of the results. 

1. The analysis relied solely on univariate time series data derived from 
weekly passenger journeys and did not incorporate external exoge
nous factors that may influence passenger demand.

2. Only aggregate ridership at the line level was considered due to 
availability of limited data, which may overlook variations across 
individual stations or specific sections of the network.

3. The proposed framework relies solely on the VMD strategy for signal 
decomposition and does not include a direct comparison with 
alternative decomposition techniques within the same forecasting 
framework.

4. The hyperparameter tuning process relies solely on the TPE optimi
zation strategy. Although TPE provides efficient exploration of the 
hyperparameter space, other Bayesian optimization variants, 
evolutionary algorithms, or population-based approaches were not 
examined in this study.

5. The study employed a forward-chaining (fixed-origin) evaluation 
strategy, which, while providing a controlled and interpretable 
setup, may introduce uncertainty in the assessment of long-term 
multi-horizon forecasting performance.

5.2. Future direction

Future research can extend this work in several directions. First, 
incorporating exogenous variables, such as weather conditions, sched
uled events, or traffic disruptions, could improve forecasting perfor
mance and model adaptability. Second, a station-level analysis may 
provide more granular insights into localized travel patterns and pas
senger demand dynamics. Furthermore, applying alternative decompo
sition techniques like CEEMDAN or Empirical Wavelet Transform (EWT) 
within an identical modelling setup would provide a robust benchmark 
for evaluating the relative efficacy of the VMD strategy. Similarly, 
employing rolling-origin validation would provide a more robust eval
uation of long-term forecasting performance. Future studies could 
explore the integration of advanced transformer-based models with 
signal processing strategies to improve performance in capturing com
plex, long-range temporal patterns in passenger demand. Future work 
may also assess and compare other hyperparameter tuning strategies, 
including Gaussian process-based Bayesian optimization, Sequential 
Model-Based Optimization, Covariance Matrix Adaptation Evolution 
Strategy, Genetic Algorithms (GA), Particle Swarm Optimization (PSO), 
and Differential Evolution (DE), to further evaluate the robustness and 
effectiveness of the framework.
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[95] Met Éireann, Climate of Ireland, (2023) 〈https://www.met.ie/climate/what-we- 
measure〉.
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