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Enhanced forecasting of shipboard
electrical power demand using
multivariate input and variational
mode decomposition with mode
selection

Paolo Fazzini', Giuseppe La Tona'*’, Matteo Diez? & Maria Carmela Di Piazza®

Accurate forecasting of shipboard electricity demand is essential for optimizing Energy Management
Systems (EMSs), which are crucial for efficient and profitable operation of shipboard power grids.

To address this challenge, this paper introduces a novel hybrid forecasting approach that combines
multivariate time series decomposition with Machine Learning (ML) techniques. Specifically, the
method utilizes Long Short-Term Memory (LSTM) networks to generate forecasts from multivariate
input time series that have been decomposed using a newly formulated Variational Mode
Decomposition (VMD), termed Variational Mode Decomposition with Mode Selection (VMDMS).
VMDMS enables a selective detection process, identifying modes across channels that synergistically
enhance forecasting accuracy. The proposed hybrid forecasting method is validated using a dataset
of electric power demand time series collected from a real-world large passenger ship. Experimental
results confirm the effectiveness of the approach, extending the applicability of VMD to multivariate
forecasting without imposing restrictive assumptions on the data. This work contributes to ongoing
efforts in optimizing decomposition methods for predictive modeling in energy management, opening
new avenues for improving shipboard power grid efficiency.

Keywords Energy Management, Shipboard electrical power consumption, Forecasting, Machine Learning,
Multivariate Forecasting, Variational Mode Decomposition

Forecasting high-volatility time series presents one of the most persistent challenges across numerous scientific
and engineering domains. From predicting atmospheric phenomena such as wind patterns'? and short-term
wind forecasting® to precipitation events?, from temperature fluctuations® to forecasting the complex systems
that depend on these variables, inherent uncertainty and chaotic behavior persist as fundamental obstacles in
predictive modeling. These forecasting challenges are particularly pronounced in systems characterized by non-
linear dynamics, multiple interacting variables, and sensitivity to initial conditions. The difficulty intensifies
when considering systems with second-order dependencies on atmospheric variables. In such scenarios,
forecasting errors propagate and often amplify through complex causal chains. For instance, predicting electric
load demands for critical infrastructure requires not only understanding the direct consumption patterns but
also accounting for how atmospheric conditions influence those consumption behaviors. This multi-layered
forecasting problem appears across diverse applications, from predicting urban power grid demands during
extreme weather events to estimating agricultural irrigation needs during drought conditions. Maritime
environments represent a particularly demanding context for such forecasting endeavors. Ships operate at the
literal interface of multiple volatile systems, navigating through dynamic ocean conditions while managing
complex onboard power systems. The forecasting challenge in this domain is compounded by the constant
interaction between vessel operations and atmospheric conditions, where wind resistance, wave patterns, and
temperature variations directly impact energy requirements for propulsion, climate control, and other onboard
systems.

The shipping industry plays a crucial role in world trade and economy and is responsible for nearly 3% of
global greenhouse gas (GHG) emissions®. It is also expected that the demand for maritime trade will grow by
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about 40% over the next three decades’. To promote low carbon operations and environmental sustainability
in the maritime sector, the International Maritime Organization (IMO) has introduced several mandatory
energy efficiency regulations aiming to gradually reduce GHG emissions to net zero by 2050%. Among technical
solutions proposed to achieve such a decarbonization goal, shipboard energy management systems (EMSs) have
emerged as a promising operational measure, with an expected impact on ships’ carbon intensity reduction of
up to 10%°.

The essential functions of an EMS in a microgrid include monitoring and forecasting of power generation
and load demand, assigning generation schedules for energy sources and storage units, managing controllable
loads, and handling energy demand according to the set objectives'®.

Accurate forecasting of electrical load demand, specially multi step-ahead prediction in the day-ahead
horizon, is crucial for EMSs used in any electrical microgrid. In addition, in maritime application case, the
presence of fluctuating sea conditions, propulsion loads, and possible communication failures can lead to
significant discrepancies in forecasted data, thereby complicating the management of shipboard power systems.
Therefore, to operate shipboard power systems in effective and efficient way, it is essential to implement a resilient
energy management approach that integrates highly performing forecasting methods!!. Indeed, accurate load
forecasting mitigates the effects of uncertainty on load profiles, enabling the EMS to make the most appropriate
decisions'.

A relevant factor in developing forecasting models is the selection of a suitable prediction horizon. Short-
term forecasting has been investigated for its critical role, with distinctions made between extremely short!?
(up to 6.5 minutes, with 5s granularity) and houry horizons'* (4 hours with 15m granularity). In this work, we
focus on a forecasting horizon extending up to 8 hours, with a 10m granularity, allowing for high-resolution
predictions tailored to maritime power systems. Additionally, we refine this window by analyzing smaller sub-
ranges to systematically evaluate the strengths and limitations of the proposed approach.

Electric load forecasting has been widely explored in time series research with methods ranging from
statistical approaches to data-driven techniques such as support vector regression, fuzzy systems, and extreme
learning machines!>!6.While statistical models have been extensively used, they require strict assumptions about
the data, such as stationarity and non-heteroscedasticity”. In contrast, artificial neural networks (ANNSs) proved
their ability to model complex, nonlinear processes without the above assumptions!®!°. Deep Learning (DL)
methods, particularly, recurrent neural networks (RNNs) and long short-term memory networks (LSTMs), have
gained popularity for time series prediction, with LSTMs overcoming issues like vanishing gradients®’. Time
series forecasting methods based on bare LSTM models anyway face several limitations, including accumulated
errors, weakening temporal correlations, and a lack of interpretability, which negatively impact prediction
accuracy?!. Moreover, it should be observed that the DL approach is well suited to large datasets and this can
pose a challenge when the available dataset is small, as is often the case with electrical power production and
consumption data?>?>,

To enhance forecasting performance, the current trend for variables related to electrical generation and
consumption is the use of data-driven Machine Learning (ML) approaches, developed as either hybrid or
ensemble forecasting models. Rahimi et al?* demonstrated this with reference to solar power, while Liu et
al? focused on industrial and commercial building power demand. In particular, the use of input data mode
decomposition methods, such as Variational Mode Decomposition (VMD)?%, combined with ML forecasting
models, is becoming increasingly popular due to the highly encouraging forecasting results.

VMD?¢ decomposes time series into “well-behaved” sub-signals, called Intrinsic Mode Functions (IMFs) or
simply modes. In forecasting applications VMD serves as a preprocessing step to decompose time series into
more regular components to facilitate the prediction step. Several authors have applied such an approach to the
forecasting of electric power consumption profiles, using univariate data analysis. A VMD-based decomposition
step prepended to a Multi-Layer Perceptron (MLP) Artificial Neural Network (ANN) was shown to outperform
both a classical autoregressive moving average (ARMA) model and a bare MLP ANN?%. Zhang et al. prepended
a VMD-based decomposition to a Support Vector Regression (SVR) model further combined with a self-
recurrent mechanism?®. The technique proved superior to classical statistical methods and to other ANN and
SVR-based methods. VMD-based preprocessing was also combined with deep learning (DL) architectures like
a deep bidirectional Long Short-Term Memory (LSTM) network with an attention mechanism? and a temporal
convolution network followed by an LSTM with self attention®. In particular, Xiong et al. combined the modes
resulting from VMD with other external features like temperature and seasonality®. Finally, Wang et al. enhanced
the accuracy of DL-based load forecasting by modelling the impact of multi-dimensional meteorological
inputs on electrical load power and by applying VMD to data!. In this approach, VMD parameters such as
the balancing parameter of the data-fidelity constraint and the number of IMFs generated are determined by
the marine predators algorithm (MPA) and the forecasting task is performed by cascading an LSTM-based
ANN architecture. It should be observed that none of these approaches considered shipboard electric power
consumption.

While VMD has been employed as a preprocessing step for mode-level forecasting, it is constrained to
analyzing a single time series input. Critically, VMD lacks effective criteria for enabling cooperative mode-
level forecasting that could leverage multivariate time series data for prediction. MVMD (*?) addresses this
limitation by establishing alignment between mode central frequencies. This frequency alignment provides the
essential criterion for managing modes derived from different channels and opens a new interesting perspective
since multivariate analysis is able to exploit complex relationships in the data by revealing patterns that may be
overlooked when considering variables separately. To the best of authors’ knowledge such an approach has not
been exploited for electrical load demand forecasting. However, it was applied to other time series forecasting
approaches. In particular, Wang et al. proposed a forecasting method for the Air Quality Index**. Multivariate
VMD was utilized to decompose a multivariate time series consisting of ternary interval-valued time series
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of the air quality index and meteorological variables. Subsequently, a multivariate relevance vector machine
model was employed to individually forecast each of the resulting multivariate modes. Similarly, multivariate
VMD was also used as a preprocessing step for an interval-valued wind speed forecasting>* and for ocean wave
height forecasting™®. Notably, in both cases, the variables constituting the time series are homogeneous or at least
exhibit similar behaviors.

The MVMD extension of VMD to multivariate time series®? imposes the same central frequency among
components of a multivariate input. Such a requirement may not be applicable to forecasting tasks when
the components of multivariate data are heterogeneous variables or, while homogeneous, they do not share
frequency spectrum similarities. Specifically, depending on the dataset size and the number of decomposition
modes, the procedure may introduce inaccuracies that uniformly affect all time series channels. This becomes
particularly problematic when the target time series of the forecast is significantly impacted, as MVMD offers
no mechanism to preserve the integrity of this specific time series, and decomposition errors can substantially
degrade the overall forecasting performance.

Some authors proposed methods to overcome this limitation. Zheng et al. presented a method for forecasting
of evapotranspiration from multivariate input with heterogeneous variables®®; here, a multivariate VMD was
applied, followed by a soft feature filter to appropriately weight each mode. This ensured that no significant
information was lost due to the heterogeneity of the input variables. The resulting modes were then used as
input to a recurrent ANN. Finally, another approach for forecasting natural gas prices from multivariate time
series input with heterogeneous variables proposed to combine multivariate empirical mode decomposition
as a primary decomposition followed by multivariate VMD as secondary decomposition®”. However, the cited
approaches significantly increase the overall complexity of the forecasting procedure.

In our work a novel approach for shipboard electrical power demand forecasting is developed which relies
on a unique integration of VMD with ML-based forecasting from multivariate input. Such an approach allows
for enhancing the accuracy of the power demand predictions without implying increased complexity of the
forecasting procedure.

Our proposed methodology circumvents the issues of MVMD by providing an alternative approach:
rather than imposing frequency-alignment constraints, it implements a posterior selection of modes that can
operate cooperatively, based on the proximity of their central frequencies. The quantification of this proximity
is determined through a procedure that establishes a narrow acceptance region in the low-frequency range
that progressively widens toward higher frequencies. A tunable parameter allows users to calibrate the mode
selection process to their specific requirements. Notably, this procedure defaults to standard VMD when the
generated frequencies are excessively disparate.

Specifically, a novel formulation of VMD, called Variational Mode Decomposition with Mode Selection
(VMDMY) is designed to integrate decomposition with the task of time series forecasting from multivariate
input which is performed by ANNs based on a Long Short-Term Memory (LSTM) model. The proposed hybrid
forecasting method, i.e. VMDMS-LSTM, relies on the following features:

1. VMDMS decomposes the multivariate input time series using univariate VMD, then recombines potential
cooperating modes in an innovative manner;

2. VMDMS builds naturally on the univariate power forecasting method, which has proven to be successful
in%;

3. VMDMS is simple and fast and it does not impose to the decomposition procedure that the variables of the
input time series share the same central frequency;

4. VMDMS-LSTM is tested on a sample of electric power demand time series (not having frequency spectrum
similarities) collected on a real-world large passenger ship.

The use of VMDMS-LSTM results in an improvement with respect to the method based only on univariate
VMD and LSTM, thus highlighting the potential of hybrid methods based on decomposition and machine
learning in the context of forecasting of electrical power data from multivariate time series input. The source
code for the proposed method is available at https://github.com/pfaz69/VMDMS/tree/main.

The remainder of this work is organized as follows: first, the proposed method is described in detail, including
the novel VMD formulation and the followed partitioning strategy; then, a description of the case study and
the analysis of the setup are provided; subsequently, the decomposition and forecasting results along with a
discussion are presented; finally, conclusions are drawn in the last section.

The proposed method
Nomenclature
The relevant nomenclature used in this work is summarized in this sub-section, for the sake of clarity.
A time series is a set of data points indexed by time, usually taken at regular time intervals. Formally it is
defined as:

{xi}?:hxi S RN (1)

where i is the time step index, T is the length of the time series, and N is the number of variables composing the
time series. If N = 1 the time series is univariate, otherwise it is multivariate. Electrical power demand time
series consist of active power demand measurements of one or more electrical loads.

Forecasting is the task of predicting the next value of the time series x; 1 given the previous observations
(zi, ..., z1). Furthermore, itis usually desired to forecast the series for ahorizon h in the future (i1, . . . , Yi+1),
such a task is called multi-step forecasting.
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The task of forecasting only one of the variables of a multivariate time series is referred to as ’N — 1
forecasting’ or also forecasting from multivariate input and the forecasted variable is referred to as target variable.
Conversely, the task of forecasting a univariate time series (without considering additional variables) is called in
this paper’1 — 1 forecasting’ and it is used as a benchmark method.

The Intrinsic Mode Functions (IMFs) resulting from VMD decomposition will also be referred to as sub-
signals or simply as modes.

The algorithm
The proposed method involves four main steps:

1. Input Time Series Decomposition by VMD: following literature in forecasting with VMD preprocessing®®-3!
the IV variables of the multivariate time series used as input are individually divided into sub-signals, each
confined to specific frequency ranges centered around a central frequency.

2. Mode Partitioning: the sub-signals are then grouped in a manner that allows them to contribute
synergistically to the subsequent training and prediction stages. Sub-signals with similar central frequencies are
grouped together, while those corresponding to isolated frequencies are discarded. The number of groups matches
the number of sub-signals into which each component of the multivariate input time series is decomposed. The
machinery adopted to form these groups represents the main novelty introduced in this paper, never proposed
before, to the best of the authors’ knowledge. The ensemble of steps 1 and 2 constitute the newly proposed VMD
method, i.e., the VMDMS.

3. ANN-based Forecasting: each mode group undergoes a prediction process utilizing an ANN architecture
based on Long Short-Term Memory (LSTM) cells. Each ANN is trained using as input the modes composing the
corresponding group and as output the corresponding mode of the target variable. In the forecasting execution,
the result of this step is the prediction of the modes of the target variable.

4. Forecasting Recombination: the predicted modes are finally summed up together to form the complete
forecasting of the target variable.

Figure 1 illustrates a streamlined scenario related to a sample case where the forecasting of the target variable
V1 is obtained from a multivariate time series input, composed of four variables (V1, V2, V3 and V4). In this
example, first, V1, V2, V3 and Vy are each decomposed into 3 distinct modes. These modes are then grouped
or discarded by the “Mode Selection” block depending on how close the respective central frequencies are with
respect to the central frequencies of the modes of the target variable V1. Following this, each group is utilized as
an input to predict the future values of the corresponding mode of the target variable ("Forecasting” blocks). The
final step of the process involves adding up these predicted modes to form an overall prediction for the target
variable of the time series.

The details of LSTM models’ training is illustrated in Figure 2.

The following subsections will provide a comprehensive explanation of each step involved in the process.

Variational mode decomposition

VMD?, is a signal processing approach that decomposes a univariate time series into a collection of Intrinsic
Mode Functions (IMFs), simply referred as modes. This method was developed as an advancement over other
decomposition techniques such as Empirical Mode Decomposition (EMD)¥. In the proposed approach, VMD
is used to individually decompose each of the variables of the input multivariate time series.

In VMD, each mode represents a distinct frequency band of the original time series. The design of this
decomposition ensures that the sum of all the modes recreates the original time series with minimal errors. A
defining feature of this method is the significantly slower variation of both amplitude and frequency compared
to the phase, with their frequency content strategically positioned around specific points along the original
spectrum called central frequencies.
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Fig. 1. General scheme of the proposed method.
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Fig. 2. Training of the models for the proposed method.

VMD operates on a variational formulation, where the algorithm iteratively solves an optimization problem
via Alternating Direction Method of Multipliers (ADMM)* to identify the central frequencies and the modes
that minimize the bandwidths.

Formally the above described optimization problem takes the form of constraint minimization:

min " 100 [(5(¢) + 1/ (xt)) e (1)) exp(—jeont) 2 @

{ur} {wr} .
s.t. ZUk = f (3)
k

Equation (2) articulates the variational principle that needs to be minimized by identifying the appropriate
modes (ux) and shifting (central) frequencies (wx) where the index k identifies the specific mode. Notably:

o fis the time series to reconstruct;

« 4(t) is the Dirac Delta Distribution;

o j/(mt) is the Hilbert transform impulse response;

o [(6(t) + j/(mt)) * ug ()] is the analytic signal corresponding to the mode u (¢);
o exp(—jwyit) is the shift towards the central frequency of each mode u (t).

Equation (3) defines the reconstruction constraint, where the summation runs over all the modes. Equation (2)
and (3) can be reformulated to the following variational principle:

FO =Y ult)

k

+ <A<t>.,f<t> - Zuk<t>> (4)
9 k

Z ({w Awn} N = @19 [(0(t) + 3/ ()  un ()] exp(—jeort) [ +
k

where « is a weighing parameter and A(t) is the parameter of the Lagrangian multipliers term enforcing the
norm constraint. Making use of the Parseval/Plancherel Fourier isometry under the norm, this problem can be
solved in spectral domain as detailed in appendix.

The solution takes the form of an iterative Wiener filtering of the current residual:

F) =3, tiw) + A (w) /2 5)
14 2a (w—w)?

iy (w) =

The mode in time domain is obtained as the real part of the inverse Fourier transform of this filtered analytic
signal.
The central frequency problem can also be solved iteratively:

Wit — fooow|ak(w)|2 dw ©)
k fooo |ﬁk(w)|2 dw

Table 1 shows the practical implementation of the algorithm, via ADMM. Further development details of the
VMD are provided in the Appendix.
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VMD optimization via ADMM
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Table 1. VMD Algorithm Pseudo-Code.

Partition Algorithm

Input: &, d;,A, @;, Y
Initialize: %, + [[]]
fork=1:K do
Initialize: A4 « ||
fori=1:Sdo
8 = | — il
if 6 < yxA:
add 4, to A
add . to .2,

return .%,

Table 2. Partition Algorithm.

The partitioning machinery

The mode partitioning step groups the modes resulting from the individually decomposed variables of the input.
Modes with similar central frequencies are grouped together, whereas those corresponding to isolated central
frequencies are discarded.

The partitioning machinery is implemented according to the algorithm described by the pseudocode shown
in Table 2.

Within the partition algorithm, %, represents the vector of central frequencies of the modes of the target
variable; 1;, Ay, and w; represent, respectively, the vector of all modes of all variables, the related vector of
bandwidths, and the related vector of central frequencies; 7y is a customizable parameter.

The variable Jj;, iterates over the K modes into which the target variable has been decomposed. At each
iteration the algorithm compares the central frequency of the k-th mode (W) with the central frequencies of all
the S = K * N modes of all the variables. If the distance § between such central frequencies is below a threshold
v * Ay, the mode ; is added to the k-th group.

Figure 3 illustrates an example of partitioning referred to the case of a multivariate time series composed of
4 variables each of which is decomposed into 6 modes. Different colors of the dots refers to different modes. The
grey sets selectively include the relevant modes and excludes the others.
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By examining Figure 3, we can see that the groups formed using the proposed partitioning strategy may
include modes of the same order (represented by dots of the same color), which result from the decomposition
of different variables (as seen in the first four groups from left to right). Additionally, the groups may contain
modes of different orders (as observed in the last two groups).

ANN-based Forecasting and Recombination

The forecasting task is carried out by ANNs equipped with LSTM cells*!. These cells capture long-term
dependencies within the input data sequences and pass the information to a dense layer, each with a single
output unit. The dimensions of the input of the ANNs are the number of input time steps and the number of
input variables.

Figure 5 shows the overall structure of the ANNs and the detailed structure of LSTM cells. Each LSTM
cell comprises a memory unit and three key gates: the input gate, output gate, and forget gate. This design
allows LSTM to capture long-term dependencies by controlling which information is “retained” and which
is "discarded,” enabling a regulated flow of information. Specifically, the input gate updates the cell’s content,
while the forget gate determines what information in the memory state should be kept or discarded at any
given moment. At the same time, the output gate manages the information that is passed from the memory
unit. Rectangular boxes represent activation functions applied after matrix multiplication, while circular spots
indicate element-wise operations. In Figure 5, x(£), h(t) , and ¢(t) correspond to the input, hidden state, and cell
activation vector, respectively, with o denoting the sigmoid activation function. The cell’s output is a weighted
sum of x(t), h(t — 1), and a bias term, passed through a sigmoid activation.

Multi-step ahead forecasting is performed by iteratively applying an auto-regressive process over the
forecasting horizon.

As shown in Figure 1, the method employs the same number of ANNS as the groups produced by the previous
step (VMDMS). Each ANN receives as input the corresponding group and gives as output the corresponding
mode of the target variable.

The final step of the method, i.e., the recombination of forecast modes, consists of a simple summation of the
ANNS outputs and provides the forecasted values of the target variable of the multivariate time series.

Case study and analysis setup

The dataset used in this study is a multivariate time series of shipboard electrical power consumption. Such
operational data were collected from a real-world large passenger ship, whose electrical power system is realized
according to the Integrated Power System (IPS) concept*2. In shipboard IPSs a centralized diesel-electric power
plant caters to all the power needs on board, including both service and propulsion power*.

The electrical power system of the case study ship includes an 11 kV AC primary distribution system that
powers the air conditioning, propulsion, and bow thruster loads. A 690/220 V AC secondary distribution system
is also present, providing for supplying power to accommodation loads, galleys, and other auxiliary services, as
depicted in Figure 4.

Power measurements were carried out at appropriate connectors of the ship’s high voltage main switchboards,
as highlighted in Figure 4.

Data were collected in a period of about four months with a sampling time of ten minutes. Each variable of
the available dataset corresponds to the electrical power usage of a different shipboard electrical load.

To evaluate the approach described in the Proposed Method section, we have chosen four variables, denoted
as Py, P>, P3, and Py, from the electrical power load time series. Each variable contains 17569 data points that,
prior to processing has been scaled in the interval [—0.5, 0.5]. Considering that each datum is collected every
10 minutes, the total time span is roughly 122 days. The tuning of the ANN hyperparameters is detailed in the
validation procedure described in*. This paper adopts these parameters without further adjustments.

Four test scenarios were considered; in each scenario one of the four variables was considered as target
variable and forecasted using the proposed approach.

The exploited ANN, whose overall structure is illustrated in Figure 5, is trained using the data from the initial
121 days and the last day is divided into three consecutive 8-hour periods, known as time slot 1, time slot 2, and
time slot 3, for validation and testing purposes.

Group 1 Group 2 Group3 Group 4

Fig. 3. Example of partitioning in the range of frequencies with 6 modes and 4 variables.
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Fig. 5. Overall structure of the ANNs and the detaied structure of LSTM cells.

For each scenario, an LSTM model with univariate VMD preprocessing performing 1-1 forecasting (i.e.
using the past values of a single time series to forecast its future values) was used as benchmark. The same train,
validation, and test sets and the same hyperparameters were employed.

The number of modes K was set to 12 for the tests. Such a value was chosen empirically considering that it
proved to be a good compromise between reconstruction accuracy and complexity. The 12 central frequencies
were initialized as follows: 6 have been uniformly spaced in the frequency interval [0, 0.5]; the remaining 6 have
been randomly positioned in the interval [0.25, 0.5]. Moreover « was set to 2000, 7 to 1 and € to exp(—7). The
maximum number of iterations of the ADMM was set to 500.

Table 3 shows the hyperparameters adopted in the ANN design, based on previous work settings*.

Results

In this section, we first present the decomposition results of the analyzed time series. Subsequently, we display the
results obtained for the 8-hour-ahead forecasting case study, as described in the section Case Study and Analysis
Setup. We also provide an analysis of error propagation in recursive forecasting, which identifies a forecasting
horizon within which the error propagation remains below a specified threshold. Finally, the forecasting results
corresponding to this horizon are presented.

Decomposition results

The decomposition by VMD of the four electrical power time series variables collected on the case study ship
(P1, P2, P3, and P;) was performed under the conditions delineated in the Case Study and Analysis Setup
section.

Figures 6 and 7 show a set of graphs where the ' = 12 modes generated for each of the four variables under
consideration are represented in frequency domain. From these graphs it is observed that modes of different
orders from different variables tend to have regions of overlap and that they may have closer central frequencies
than modes of homologous order. This result consolidates the choice of grouping the modes obtained by
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Hyperparameter Value

Input Steps for each mode | 150 140 130 120 100 80
60 40 30 25 20 20

Num. of LSTM cells 40

Epochs 5

Early Stopping yes

Dense Layer Activation tanh()

Loss 0.5*[Mean Squared Error] +
0.5*[Mean Cross Entropy]

Table 3. Model hyperparameters.

VMD Modes (Spectrum and Bandwidth)
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0.0 0.1 0.2 0.3 0.4 0.5
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Fig. 6. VMD Modes (Spectrum and Bandwidth) in the frequency range [0, 0.5] for P1, P, Ps and Pj.

processing the multivariate input time series through VMD according to the partitioning method described
above.

In addition, tables 4, 5, 6 and 7 illustrate the participation of each mode in each of the four target variable
forecasting. It is observed that multiple unnecessary modes are discarded by partitioning, implying that the
neural network will be able to process ‘simpler’ inputs but still containing adequate information to obtain a well-
accurate prediction results.

Forecasting results
The accuracy of the proposed forecasting method was evaluated under the conditions delineated in the Case
Study and Analysis Setup section.

Results within the 8-hour-ahead time horizon

Multi-step ahead forecasting of powers Py and P», Ps3, and P; was performed considering an 8-hour-ahead
time horizon. Such a forecasting horizon corresponds to 48-time steps-ahead, considering that the time series
sampling time equals to 10 minutes.

Time-domain forecasting results for the powers P1 and P» are presented in Figure 8, along with two popular
alternatives, namely Persistence and Seasonal Persistence. The evaluation time window consists in 24 hours
subdivided in the three 8-hour time slots (time slots 1, 2, and 3) defined above. Powers represented in Figure 8
are suitably normalized by dividing by the maximum observed values of P and P> over the 24-hour test period
to respect operational data confidentiality. In each graph, the orange line is the true target variable and the blue
line is the result of the forecasting from multivariate input with VMDMS (N-1). The graphs in Figure 8 allow
to qualitatively appreciate the VMDMS forecasting accuracy: the algorithm performs remarkably well in the
first quarter of each slot and then its effectiveness decreases over time. Similarly, Figure 9 presents a graphical
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Fig. 7. VMD Modes (Spectrum and Bandwidth) in the frequency range [0, 0.1] for P1, P, Ps and Pj.

My | Mz | Ms | Ma | Ms | Mg | M7 | Mg | Mo | Mio | Ma1 | Mao
P |1 2 3 4 5 6 7 8 9 10 11 12
Py 1 7 9 8 10 11 12
Ps |1 2 8 9 10 11 12
Py |1 2 4 9 10 11 12

Table 4. Modes exploited to forecast P;.

M1 | Moy | M3 | My | Ms | Mg | M7 | Mg | Mg | Mo | M11 | M2
Pyl 7 9 8 10 11 12
Py |1 2 3 4 5 6 7 8 9 10 11 12
P |1 9 10 11 12
Pyl 10 11 12

Table 5. Modes exploited to forecast Ps.

My | Mz | Ms | My | Ms | Mg | M7 | Mg | Mg | M1o | M11 | Mi2
P |1 2 8 10 11 12
Py |1

10 11 12

Ps |1 2 3 4 5 6 7 8 10 11 12

O | O | | O

Py |1 2 5 6 7 8 10 11 12

Table 6. Modes exploited to forecast Ps.

comparison of the results obtained with the proposed method against those achieved using VMD (1-1) and
MVMD.

To obtain a quantitative assessment of the proposed method’s accuracy, also in comparison with MVMD?32
and the univariate forecasting (1-1), Normalized Root Mean Squared Error (NRMSE), Normalized Mean
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My | My | Ms | My | Ms | Mg | M7 | Mg | Mg | Myg | M1 | M2
P |1 2 4 9 10 11 12
Py |1 10 11 12
P3| 1 2 5 6 8 9 10 11 12
Py |1 2 3 4 5 6 7 8 9 10 11 12
Table 7. Modes exploited to forecast Pj.
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Fig. 8. Forecasting results for the normalized power values, P; and P, over an 8-hour time window,
compared against two baseline methods: Persistence, which repeats the past 8 hours of observations, and
Seasonal Persistence, which repeats the past 8 hours of observations taken from the same time period in the
previous 24-hour cycle. First column: Forecasts for the time slots 1, 2, and 3 of Py ( top to bottom). Second
column: Forecasts for the time slots 1, 2, and 3 of P»( top to bottom). In the graphs, the orange line represents
observation (Target), while the blue line depicts the results of the VMDMS multivariate forecasting. The graphs
have been normalized by dividing by the maximum observed values of (P1) and (P1) over the 24-hour test
period.

Absolute Error (NMAE) and Symmetric Mean Absolute Percentage Error (sMAPE) have been evaluated in
all the considered test scenarios. The formulae of these error metrics are provided in Table 8. While RMSE
emphasizes larger errors due to its squaring of residuals, MAE provides a more straightforward interpretation by
averaging the absolute errors, making it less sensitive to outliers. On the other hand, sMAPE offers a symmetric
perspective on percentage errors, balancing the impact of over and under forecasting. These complementary
metrics help to provide a more general understanding of the forecasting performance.

The obtained results are summarized in Table 9, where the column ‘VMD’ shows errors obtained using the
1-1 method, used as first benchmark, "MVMD’ shows errors obtained using a the N-1 method described in*? and
the column ‘VMDMS’ shows errors obtained using the presented method. The table cells have been color-coded
with a heatmap: for each row, the best performances (lowest errors) are shown in white cells, the second-best in
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Fig. 9. Forecasting results for the normalized Powers P and P. First column: Forecasts of VMD, MVMD and
VMDMS for the time slots 1, 2, and 3 of P; ( top to bottom). Second column: Forecasts for the time slots 1, 2,
and 3 of P>( top to bottom). The graphs have been normalized by dividing by the maximum observed values of
P and P> over the 24-hour test period.

Metrics

1004 /23" (fr-0p)2
NRMSE = - Zgzl

100 "
n [ft—o¢l
NMAE = #

_ 100 n | ft—o¢l
sMAPE = 52 ) ) TR0 /2

Table 8. Normalized Error Metrics; o; is the observation (target); f; is the forecast; 6 = max;c(1 ) (0¢).

light red, and the highest errors in dark red cells. The first row ’P1 - Slot 1’ reports the validation set results while
the other rows report the test results. The analysis of the metrics demonstrates that the proposed method pursues
a performance gain over 1-1 forecasting, with a clear prevalence of lower errors. In particular, NRSME values
range from a minimum of 1.59% to a maximum of 4.86%, NMAE values range from a minimum of 1.47% to a
maximum of 3.70%, and sMAPE values vary within the range of 1.15%-3.58%. However, the tests show overall
comparable performance when considering”VMDMS’ and 'MVMD;, while both appear to outperform VMD.

Analysis of error propagation in recursive forecasting

An important consideration arises when examining error propagation in iterative forecasting. While single-
step forecasts can be evaluated within confidence intervals that quantify uncertainty**, understanding how this
error evolves over time in multi-step iterative forecasting remains a complex challenge, particularly given the
inherently chaotic dynamics of the iterative forecasting process. This is exemplified in Figure 9, which displays
the forecasting results of the tested algorithms—VMD, MVMD, and VMDMS—corresponding to those
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NRMSE \ NMAE \ SMAPE
VMD _MVMD _VMDMS VMD _ MVMD VMDMS VMD __ MVMD _ VMDMS
26122 42294 3026260 19528 29184 [NBHNI6N 20626  3.0553 |
P1 -Slot 2 13934 24295 1.1393 17758 11721 1.8461
P1-Slot3 | 1.7384 1.5922 1.0969 1.1200 1.1205 1.1509
P2-Slot 1 | 3.6461 2.9208 2.8544 2.1656  3.1895 2.4075
P2-Slot2 | 3.0014  3.7965 23770 2.9299 25111 3.0760
P2-Slot3 | 26591 2.7849 17455 1.8857 1.8546  2.0061
P3-Slot1 | 1.9280 2.1777 14845 1.6552 15417 1.7176
P3-Slot2 | 24078 2.1003 1.8359 1.5778 1.9458 1.6373
P3-Slot3 | 28707  1.6033 21858 1.1448 22446 1.1900
P4 -Slot 1 24549 2.1623 16142 14718 1.6746 15228
P4 - Slot 2 13101 19731 09736 15554 1.0064 — 1.6072
P4 -Slot 3 27043 48644 17958 33722 18136 3.4372

Table 9. Forecasting error metrics for the proposed method and other methods with 8h forecasting horizon.

[m, = Median(Ej’(t))]
I
(0 = 1.4826 Median(|B,/(t) —mi|) | N

l

[h,; = min{t: E;/(t) > U,}]

Fig. 10. The N4 = 3 forecasting signals of VMD, MVMD and VMDMS, referred as F;(t) are used to
compute the average forecasting horizon h. The process begins by computing the absolute forecast errors
E;(t) across multiple algorithms. The derivative F}(t) of each error signal is then obtained to identify rapid
increases. For each derivative, the median m; and the Median Absolute Deviation (MAD) are computed,

with the MAD scaled by a factor of approximately 1.4826%. This factor converts MAD into a robust estimate
of the standard deviation, serving as a threshold o;. The minimal time h; at which the derivative exceeds this
threshold indicates a significant escalation in error, marking the predictability horizon for each algorithm. The
overall horizon estimate is obtained by averaging these individual h; values.

presented in Table 9. As previously noted, all algorithms exhibit strong performance in the early forecasting
steps, but their accuracy diminishes significantly afterward, reflecting a chaotic transition. This decline is likely
due to the recursive nature of iterative predictions, where errors from earlier steps compound and influence
subsequent forecasts.

To formalize this analysis, we employed the procedure illustrated in Figure 10 to compute a transition horizon,
which delineates an initial phase, where chaotic effects are less pronounced, from a subsequent, more chaotic
phase. Figure 10 illustrates the algorithm for estimating the predictability horizon based on the derivatives
of forecast errors. The process begins by estimating the forecast errors Fj(t) across multiple algorithms by
computing the difference of each of them w.r.t. their average; then it calculates the absolute error F;(t). The
derivative E,(t) of each error signal is then obtained to identify rapid increases. For each derivative, the standard
deviation is estimated according to*® and serves as a threshold ¢;. The minimal time h; at which the derivative
exceeds this threshold indicates a significant escalation in error, marking the predictability horizon for each
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NRMSE \ NMAE \ SMAPE
VMD MVMD VMDMS VMD MVMD VMDMS VMD  MVMD VMDMS
[PI-Slot1 | 07518 05585 05510 [OWG026N 05716 05662 |

P1-Slot 2 04705 03211 03848 0.2330 03903 0.2362
P1-Slot3 | 0.1761  0.2579 0.1499 — 0.1849 0.1548  0.1893

P2-Slot1 | 1.0433 05191 04228 0.8161 04313 0.8324
P2-Slot2 | 19154 1.0062 1.3948  0.7246 14530  0.7516

P2-Slot3 | 0.5625 0.5319 0.4806 0.4170 0.4907 0.4259
P3-Slot 1 0.3096  0.2989 02681  0.2288 02711 02310
P3-Slot 2 0.3270  0.8966 02669  0.6477 02705  0.6600
P3 - Slot 3 0.2957  0.2846 02343 0.2000 02411 0.2061
P4-Slot1 | 03673  0.4252 0.2684 0.3486 0.2823 0.3630
P4 -Slot 2 0.5006  0.5002 03880  0.3758 03941  0.3838
P4 -Slot 3 03803 0.4568 03225  0.3490 03298  0.3581

Table 10. Forecasting error metrics over a 12 time step forecasting horizon.

P1 - Slot 1

P1 - Slot 2

P1 - Slot 3

P2 -Slot 1

P2 - Slot2

P2 - Slot 3

P3-Slot 1

P3 - Slot 2

P3 - Slot 3

P4 -Slot 1

P4 - Slot 2

P4 - Slot 3

NRMSE \ NMAE \ SMAPE

VMDMS NAIVE P NAIVE .S VMDMS NAIVE P NAIVE S VMDMS NAIVE P__NAIVE_S
[ 0.6607 14302 A6 05468 12783 28803 0.5662 13329 3074
03131 2.7090 02272 1.9204 02362

0.2847 1.6693 02327 1.4945 0.2467

1.0058 25024 0.7670 22361 0.8324

20135 0.8665 1.5565 0.7703 1.7282

05044 2.3066 0.3955 2.0475 04259

0.2955 1.9472 02261 1.6447 02310

0.8550 1.5095 0.6176 1.3052 0.6600

02723 2.7480 0.1913 25567 0.2061

04818 25912 0.3478 2.1417 0.3630

0.5002 0.7549 03758 0.6250 03838

0.4556 22956 0.3481 1.9528 0.3581

Table 11. Forecasting error metrics for the proposed method VMDMS with respect to two naive solutions,
Naive Persistence (NAIVE_P) and Naive Seasonal Persistence (NAIVE_S), over a 2-hour timespan.

algorithm. The overall horizon estimate is obtained by averaging these individual h; values. This procedure is
repeated for each power signal and test area (a total of 12 times), resulting in a vector: [13, 15, 16, 12, 15, 11, 16,
18, 15, 17, 17, 13]. The final threshold is then obtained by taking the average of these values and conservatively
reducing it by the standard deviation. The result is approximately 12.6, which corresponds to a timespan of about
2 hours.

Results within the 2-hour-ahead time horizon

Table 10 shows that VMDMS outperforms both benchmark methods VMD and MVMD over a two-hour forecast
horizon, resulting in a more accurate solution when the forecasting is less affected by chaotic fluctuations. This
result is confirmed when comparing VMDMS with the naive forecasting solutions as represented in Figure 8.
Results are presented in Table 11.

Conclusions

This paper addressed the topic of accurate electric load forecasting for ship energy management, a key area
for optimizing efficiency in large passenger ships and aligning them with recent international decarbonization
policies.

The focus of this work was to define a novel methodology for multi-step-ahead forecasting by combining
a new technique for multivariate time series decomposition with an ANN architecture to achieve improved
accuracy. We introduced the VMDMS algorithm, which performs multivariate input decomposition by grouping
modes with similar central frequencies. This grouping allowed to leverage the most cooperative modes for the
forecasting task. After decomposing the multivariate time series, the resulting components were selectively used
as input for a simple yet effective forecasting model based on an LSTM and the outputs were then recomposed
to generate an overall power time series prediction.

To evaluate the proposed approach, we conducted multiple tests using electric load power time series data
from a large, real-world passenger ship. The results demonstrate a forecasting performance gain over univariate
(1-1) forecasting across an 8-hour horizon. Notably, within the first 2 hours, where the adverse effects of the
inherent chaotic behavior of iterative multistep forecasting are less pronounced, our method outperforms
MVMD?, an alternative multivariate VMD approach.
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This capability proves particularly valuable for energy managers who must optimize ship resources. They
can rely on high-quality forecasting over the 8-hour horizon while simultaneously benefiting from more
accurate predictions within the shorter 2-hour horizon, enabling them to fine-tune their decisions in response
to potentially more stringent operational requirements.

Looking ahead to further research, while the proposed method appears to generally outperform the 1-1
forecasting case and all the other benchmarks (MVMD and the two naive approaches considered in this work) in
the 2h horizon, the presence of situations where that is not the case, suggests the possibility of further refinement
of the partition procedure. This refinement will include analyses of the modes’ phase shift in order to identify
possible causality relationships among the time series variables.

A particularly interesting aspect concerns the interaction between multi-step iterative forecasting and
its increasing influence on chaotic trends in the resulting solution. While this effect is evident in VMD and
VMDMS, it appears less severe in MVMD. This is especially noticeable when comparing results over the 8-hour
horizon with respect to the 2-hour horizon. The findings suggest that aligning the frequencies of cooperative
modes may influence these chaotic dynamics, opening up new research avenues to investigate the relationships
among these aspects.

Data availability

The data that support the findings of this study are available from Fincantieri Group, but restrictions apply to the
availability of these data, which were used under license for the current study, and so are not publicly available.
Data are however available from the authors upon reasonable request to the corresponding author and with
permission of Fincantieri Group.
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