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ARTICLE INFO ABSTRACT

Dataset link: https://dados.ons.org.br/dataset/
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Accurate forecasting of the useful volume of a hydroelectric reservoir is essential for energy planning and
water resource management. To address this challenge, this paper proposes a novel Harmonic-Multiscale
Kolmogorov-Arnold Network forecasting model. The model integrates sinusoidal (Sin) basis functions to
model global oscillatory patterns and wavelet (Wav) bases to capture localized transient features within the
Kolmogorov Arnold Network (KAN) framework (SinWavKAN). This hybrid representation enhances feature
expressiveness by jointly modeling smooth long-term dependencies and short-term irregular dynamics. The
input signals are first denoised using the Empirical Wavelet Transform (EWT) to isolate informative modes from
noise, and the SinWavKAN’s hyperparameters are optimized via an Adaptive Tree-structured Parzen Estimator
(ATPE). An ablation study confirmed the synergistic superiority of the sinusoidal-wavelet combination over
other basis functions. Compared to state-of-the-art KAN variants (e.g., fastKAN, PyKAN, WavKAN), the
proposed architecture, named in short Opt-EWT-SinWavKAN, demonstrated a reduction in mean absolute error
by approximately 85%-93% across forecasting horizons from 1 to 30 days. The results conclusively show that
the Opt-EWT-SinWavKAN provides a more reliable approach for hydroelectric reservoir volume forecasting.
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methods [5]. However, these methods often fail to capture the complex
interdependencies between connected reservoirs, particularly in re-

1. Introduction

Hydroelectric power accounts for 47.8% of Brazil’s total energy
generation capacity, which generated 225,386 MW in 2024, making it
the backbone of the country’s electrical power system [1]. The reliable
operation of this extensive hydroelectric network depends on effective
reservoir management strategies since reservoirs are, in many cases,
interconnected. A key challenge in this domain is accurately predict-

gions with dense hydroelectric networks, resulting in poor performance
in forecasting [6].

From an operational perspective, improving forecasting perfor-
mance over horizons of 1 to 30 days has direct implications for
hydroelectric system management. More reliable short and medium-

ing the useful volume of reservoirs, which directly impacts power
generation capacity and system reliability [2].

The useful volume of a reservoir represents its operational water
storage capacity and serves as an indicator of its potential for power
generation [3], considering that poor resource management can re-
sult in energy crises [4]. Traditional approaches to reservoir volume
prediction have primarily relied on time series analysis and statistical

term reservoir volume predictions can support generation dispatch
planning, allowing operators to better allocate water resources ac-
cording to expected inflows and demand conditions [7]. Improved
forecasts may also help reduce unnecessary spill events by enabling
earlier operational adjustments, thereby increasing energy efficiency
and minimizing water losses. In addition, more accurate predictions
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contribute to risk mitigation by supporting proactive decision-making
in situations involving drought conditions or flood risks, improving
both system reliability and safety [8].

Kolmogorov Arnold Network (KAN)-based models have recently
gained significant attention in time series forecasting due to their
strong expressive power and ability to model complex nonlinear re-
lationships [9]. However, the growing popularity of KAN has also
led to the emergence of numerous architectural variations [10], each
emphasizing different functional bases, parameterizations, and training
strategies, which makes their direct application to real-world problems
non-trivial [11].

In the context of useful volume forecasting in hydroelectric power
plants, no single KAN variant is universally optimal, since the dynamics
involve seasonal patterns, long-term dependencies, and abrupt regime
changes driven by hydrological and operational factors. An optimized
hybrid KAN model, combining complementary representations within a
unified framework, can better capture these heterogeneous dynamics,
leading to improved accuracy and robustness compared to individual
KAN formulations when applied to operational forecasting tasks in
hydroelectric systems.

Despite recent advances in hydrological forecasting and the emer-
gence of KAN variants, there remains a lack of hybrid architectures
capable of simultaneously capturing global periodic behavior, localized
transient dynamics, and noise robustness in long-horizon reservoir
volume prediction. In particular, existing approaches typically address
representation learning, denoising, and hyperparameter optimization
as separate steps, which may limit their effectiveness when applied
to complex, nonstationary hydrological time series. To address this
gap, this work investigates the following research question: Can a uni-
fied harmonic multiscale KAN architecture, combined with empirical
wavelet-based denoising and adaptive hyperparameter optimization,
improve the accuracy and robustness of hydroelectric reservoir useful
volume forecasting? To answer this question, we propose a hybrid
framework designed to integrate spectral and multiresolution repre-
sentations within the KAN paradigm, and we evaluate its effective-
ness through benchmarking and ablation studies against state-of-the-art
forecasting models.

The proposed Harmonic Multiscale Kolmogorov Arnold Network is
a KAN architecture in which each univariate edge function is modeled
through a joint harmonic and multiscale representation, integrating
Sinusoidal spectral components with Wavelet bases; based on these
functions, our model is named SinWavKAN. The harmonic branch
captures smooth global oscillatory behavior through a flexible spectral
expansion that generalizes classical Sinusoidal parameterizations, while
the multiscale branch introduces localized basis functions with learn-
able scales and translations, enabling the modeling of nonstationary
and transient dynamics across multiple resolutions.

By embedding both representations within the Kolmogorov-Arnold
additive framework, SinWavKAN preserves theoretical consistency
while substantially increasing expressive power, allowing the network
to simultaneously represent long-term periodic structures and localized
variations that are typical in complex time series such as hydrological
signals. To further improve the model, we performed hypertuning
by an Adaptive Tree-structured Parzen Estimator (ATPE), ensuring its
best setup. Additionally, we considered the Empirical Wavelet Trans-
form (EWT) for signal denoising. Based on that, our model, named
Opt-EWT-SinWavKAN, makes the following key contributions:

» Novel Hybrid KAN Architecture: Proposes the Harmonic-Multi-
scale Kolmogorov-Arnold Network, a new model that integrates
sinusoidal expansions and wavelet bases within a unified frame-
work to simultaneously model global oscillatory patterns and
localized transient dynamics in hydrological time series.
Integrated Denoising Preprocessing: Incorporates the EWT as
a dedicated signal processing step to filter high-frequency noise
from reservoir data, enhancing the model’s ability to learn un-
derlying trends and improving forecast robustness.
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» Adaptive Hyperparameter Optimization: Employs ATPE to au-
tomatically tune the critical hyperparameters of SinWavKAN
(e.g., number of harmonics and wavelets), ensuring an optimal
model configuration without manual trial-and-error.
Comprehensive Ablation Study: Conducts an extensive abla-
tion analysis to validate the design choices, demonstrating the
superior synergy between sinusoidal and wavelet components
over other basis functions (e.g., Fourier, Chebyshev, Radial Basis
Function (RBF)) and establishing the rationale for the proposed
hybrid approach.

Rigorous Experimental Benchmarking: Provides an exhaustive
evaluation against multiple state-of-the-art KAN models across
various forecasting horizons (1-30 days) and input window sizes,
showing consistent and substantial performance gains (e.g., MAE
reductions of 85%-93%).

Demonstrated Practical Superiority: Confirms that the pro-
posed model achieves significantly slower error growth with in-
creasing prediction horizon, highlighting its enhanced capability
for long-term forecasting and its potential for real-world applica-
tion in hydroelectric reservoir management and energy planning.

The combination of sinusoidal and wavelet bases is motivated by the
physical characteristics of reservoir volume dynamics, which typically
include both periodic and transient behaviors. Sinusoidal functions are
well-suited to represent seasonal and long-term hydrological cycles,
while wavelet bases are effective for modeling localized variations
caused by abrupt inflow changes and operational interventions. By inte-
grating these two representations, the proposed SinWavKAN provides a
theoretically consistent multiscale modeling approach that reflects the
nonstationary and heterogeneous nature of reservoir dynamics, rather
than relying solely on empirical performance improvements.

The use of EWT in the proposed framework is motivated not only
by its ability to reduce high-frequency noise but also by its capacity
to enhance the multiscale structure of the input signal in a way that
is consistent with the SinWavKAN architecture. By decomposing the
reservoir time series into frequency bands and reconstructing the signal
from the most informative modes, EWT allows the model to focus on
the dominant temporal patterns while attenuating stochastic fluctua-
tions that may degrade learning stability. This preprocessing step also
reinforces the architectural design of SinWavKAN, since the denoised
signal better exposes both the global oscillatory components captured
by the sinusoidal basis and the localized variations modeled by the
wavelet basis.

The novelty of the proposed approach lies in the structural formu-
lation of a harmonic multiscale KAN architecture in which sinusoidal
and wavelet bases are jointly embedded as complementary univariate
function representations within the Kolmogorov-Arnold framework.
While elements such as wavelet preprocessing, KAN variants, and
ATPE-based hyperparameter optimization have been explored individ-
ually in previous studies, their unified formulation in a single inter-
pretable architecture designed specifically for multiscale hydrological
forecasting represents the main conceptual contribution of this work.
In particular, the proposed SinWavKAN advances the KAN design by
explicitly structuring the edge functions to simultaneously capture
global spectral behavior and localized temporal variations, providing
a more physically consistent representation of nonstationary reservoir
dynamics.

Unlike FourierKAN, WavKAN, or SirenKAN, which rely on a single
type of functional basis, the proposed approach introduces a dual rep-
resentation in which global spectral functions and localized multiscale
functions are jointly learned within the same edge mapping. This design
changes the functional approximation strategy from a single basis
expansion to a cooperative decomposition, where different function
families are explicitly assigned complementary representational roles.
As a result, the contribution is not only empirical, but structural, as it
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extends the KAN formulation toward multi-basis functional represen-
tations specifically designed for nonstationary time series, providing a
clearer theoretical distinction from existing single-basis KAN variants.

The rest of this paper is organized as follows: Section 2 provides
background about hydropower inflow analysis. Section 3 explains how
the water balance works in hydroelectric power plants. Section 4
details our methodology for forecasting useful levels of dams. Section 5
presents experimental results and analysis. Finally, Section 6 concludes
the paper and discusses future research directions. Considering the vast
nomenclature used in the field, for standardization.

2. Related works

Hydropower systems, especially in interconnected cascaded reser-
voirs like those in Brazil, are increasingly vulnerable to climate variabil-
ity, inflow uncertainty, and operational interdependencies. Traditional
process-based hydrological models have long been used to quantify
how precipitation seasonality and rising temperatures influence reser-
voir recharge and overall hydropower reliability [12]. While effective
for broad sensitivity analyses, these approaches often struggle with the
nonlinear and non-stationary nature of real-world hydroclimatic data.

The rise of artificial intelligence and Machine Learning (ML) has
shifted the focus toward more flexible, data-driven forecasting. Recur-
rent neural networks and transformers, for example, have improved
inflow predictions at hydroelectric plants by better capturing temporal
dependencies linked to dam level fluctuations and energy planning
needs [13]. Building on this, ensemble methods such as Random For-
est (RF) have proven particularly effective for reservoir inflow and
hydropower production simulation. Obahoundje et al. [14] demon-
strated this by using lagged hydroclimatic predictors (precipitation and
temperature), k-fold cross-validation, and iterative feature refinement,
achieving Pearson correlations above 0.90 for inflow and 0.80 for
energy generation on monthly datasets, highlighting RF’s strength in
modeling nonlinear relationships even with limited data.

Beyond short-term forecasting, research has explored the practical
value of imperfect long-term inflow predictions in operational settings.
Shu et al. [15] showed through simulations that even low-accuracy
forecasts can deliver substantial benefits (annual generation gains of
14.86-29.58 million kWh) when operational rules tolerate errors or
when forecast biases align consistently with actual trends, emphasizing
the role of inherent system resilience.

To explicitly handle inflow uncertainty in large cascade systems,
probabilistic frameworks have gained traction. Lei et al. [16] em-
ployed copula-based synthetic runoff generation and Gibbs sampling
to model dependencies, then used a mean-variance approach to bal-
ance energy generation against ecological risk, revealing that modest
energy sacrifices (e.g., 1% reduction) can yield significant ecological
improvements (6.14% risk decrease). Similarly, Zhao et al. [17] inte-
grated uncertainty into scenario-based multi-stage optimization via a
multi-agent reinforcement learning progressive optimality algorithm,
enabling robust policies that coordinate spatial storage and tempo-
ral trajectories more effectively than deterministic baselines, while
maintaining computational feasibility.

Other studies have addressed specific operational challenges in
cascades. Zhang et al. [18] developed a river-aware framework for
daily-regulated plants, using peak-shaving control and Alpha shapes
to derive practical release rules that mitigate upstream-downstream
effects. Yang et al. [19] applied an enhanced Chimp optimization algo-
rithm for long-term scheduling across diverse hydrological regimes, re-
ducing spillage and boosting generation (9.83-20.12% increases when
forecasts meet skill thresholds). Broader climate-related risks have
also been examined: Huang et al. [20] quantified compound extremes
(flood-to-drought transitions), linking them to generation losses and
greater resilience in highly regulated plants; Zhou et al. [21] attributed
uncertainty sources in cascades under climate change, showing domi-
nant roles for hydrological models in flood seasons; and He et al. [22]
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proposed dynamic seasonal flood-limited levels to improve generation
(3.16% increase) with minimal added flood risk.

The economic value of forecasts has been assessed as well. Liu
et al. [23] used stochastic dynamic programming to show reliability
gains of 33.89% from 10-day-ahead predictions, with Bayesian variants
further enhancing robustness against bias. For computational scala-
bility in large systems, Niu et al. [24] accelerated the Progressive
Optimality Algorithm (POA) via Long Short-Term Memory (LSTM)-
coupled response surfaces, cutting runtime by 79.2% in dry-runoff
scenarios.

Hyperparameter tuning methods have gained increasing attention
in scientific research due to their ability to significantly improve the
performance and robustness of ML models. As modern predictive archi-
tectures become more complex and highly sensitive to parameter con-
figurations, the selection of appropriate hyperparameters emerges as a
step in achieving reliable and reproducible results [25]. Consequently,
optimization strategies such as Bayesian optimization, evolutionary
algorithms, and multi-agent optimization approaches are being widely
adopted across different tasks. These methods enable automated ex-
ploration of the search space, reducing manual effort while improving
model performance.

Recent advances in interpretable deep learning, particularly KANs,
offer promising alternatives for hydrological time series by replacing
fixed activations with learnable splines for better nonlinearity cap-
ture and transparency. Applications include streamflow forecasting
where KANs outperform Transformers in short horizons [26], hybrid
KAN-LSTM models for permafrost-affected rivers [27], and attention-
enhanced variants for water level prediction [28]. Wavelet-based exten-
sions (e.g., Wav-KAN) further improve multi-scale handling [29], while
EWT denoising has boosted reservoir/streamflow models in hybrid
setups [30]. Hyperparameter tuning via ATPE has also shown efficiency
in complex ML tasks [31]. An overview of the principal contributions
in the literature on forecasting hydropower inflows and reservoir vol-
umes, as well as on the optimization of cascaded hydropower systems,
is presented in Table 1.

Despite these developments, key gaps remain: Most approaches treat
forecasting and optimization in isolation, with limited integration of
advanced interpretable models (like hybrid KANs), explicit denoising
(EWT), and adaptive tuning (ATPE) for long-horizon, non-stationary
reservoir volume prediction under real operational uncertainty. This
work addresses these by introducing Opt-EWT-SinWavKAN, a novel
Harmonic-Multiscale KAN that unifies sinusoidal global patterns and
wavelet transients, denoised via EWT and optimized with ATPE, to
deliver superior accuracy and robustness for hydroelectric dam useful
volume forecasting.

3. Problem definition

The rainfall-runoff simulation outcomes are fed into the chain
for the weekly price of settlement of differences forecasting, which
keeps the electrical system economically stable for the operator [13].
The Brazilian National System Operator (ONS) uses the Soil Moisture
Accounting Procedure (SMAP) mathematical approach in their weekly
natural inflow forecast for the monthly operation program [34]. Besides
the economic aspect, the flooding issue is widely discussed, being a
serious problem due to the inability of rainfall in southern Brazil to flow
during rainy periods [35]. This makes flow control, which is directly
related to the level of the dam, very important for energy planning and
the safety of the dam and its surroundings [36].

3.1. SMAP model

The SMAP needs daily potential evapotranspiration rates (E, ),
observed daily average flows (Q,p,), and forecasted and observed
daily precipitation as inputs for its operating mode [37]. Using a
weighted average of readings from individual rainfall stations, the
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Table 1
Summary of key related works on hydropower inflow/reservoir volume forecasting and cascade optimization.

Reference  Approach/Model Key Focus/Application Main Results/Strengths Limitations/Gaps

[12] Process-based hydrological Inflow sensitivity to climate Quantifies precipitation/temperature Limited handling of
models variability impacts on recharge/reliability nonlinear/non-stationary dynamics

[13,30] Recurrent Neural Networks, Inflow forecasting for dam Improved temporal dependency capture May struggle with extremes/long
Transformers levels/energy planning horizons without hybrids

[14] RF k-fold cross validation with  Reservoir inflow & Pearson corr. >0.90 (inflow), >0.80 Relies on limited predictors; less
lagged inputs hydropower production (energy); strong on monthly data effective for extremes/long leads

[15] Operational simulations with Value of long-term forecasts in ~ Gains 14-30 GWh/year even with low Benefits conditional on bias alignment;
imperfect forecasts cascades accuracy; error tolerance via rules higher accuracy yields more

[16] Copula + Gibbs sampling + Probabilistic risk in large 1% energy sacrifice —» 6.14% ecological =~ Computationally intensive for very large
mean-variance risk cascades risk reduction systems

[17] Multi-agent + progressive Scenario-based robust Risk-robust policies; efficient action Focus on coordination; limited explicit
optimality multi-stage scheduling space compression denoising/interpretability

[18] River-aware peak-shaving + Upstream-downstream effects Mitigates oscillations; derives practical Short-term focus; less on long-horizon
Alpha shapes in daily-regulated plants release rules uncertainty

[19] Improved Chimp optimization = Long-term cascade scheduling Reduced spillage; 9.83-20.12% Metaheuristic; may not scale to extreme
method across regimes generation increase with good forecasts uncertainty

[20,21] Global simulations + Compound extremes & climate  Losses 9%-11%; seasonal uncertainty Diagnostic; limited predictive integration
uncertainty attribution change impacts breakdown (40% in floods)

[22] Dynamic seasonal Flood season policies in 3.16% generation increase with marginal Policy-focused; assumes good seasonal
flood-limited levels cascades flood risk data

[23] Stochastic dynamic Economic value of 10-day 33.89% reliability increase; Bayesian Synthetic forecasts; bias sensitivity
programming forecasts improves robustness

[24] Response surface-based POA +  Scalable multireservoir 79.2% computation reduction Acceleration focus; less on
LSTM optimization interpretability

[26,27,32]  Kolmogorov-Arnold Networks Streamflow/runoff/water level  Superior short-term performance; Emerging in hydrology; limited
(KAN, hybrids, attention) forecasting Nash-Sutcliffe Efficiency up to >0.95 long-horizon/multi-scale hybrids

[30] Signal decomposition by EWT  Multi-step streamflow in Reduced errors in forecasting floods via Decomposition-specific; not unified with
+ reservoir computing Brazilian plants denoising advanced networks

[31] Adaptive Tree-structured Hyperparameter tuning in Computing efficient in high-dimensional ~ General; few hydrology-specific
Parzen Estimator ML/time series spaces applications

[33] Mixture of experts (MoE) Hydroelectric reservoir volume EWT + HeadComposer + MoE improves  Higher model complexity and

enhanced transformer

prediction

feature extraction

computational cost

model computes the basin-wide average daily precipitation, P, given
by:

Py(t) = P,(t)ke, + Py(key + - + P,(D)ke,,. €}

The average rainfall in the basin at time ¢ is represented by P,(7),
while the observed rainfall at every location is indicated by
P,(1), Py(1), ..., P,(1). The spatial representation weights for each station
are represented by the coefficients ke, ke,, ..., ke,, which ensure that
their sum equals 1, according to:

key + key + keg + -+ + ke, = 1. 2

The model then uses the following equation to determine the rainfall
that is thought to be indicative of the day #(P,(r)), which is made up of
a weighting of P,(¢) of various times:

Py(t) = [Py(t — mk(t — n)+-++ Py(Ok() + Py(t + Dk(t + 1)+ Py(r + 2k(1+2)]
()

where n are days used in the weighting procedure, and k(¢ — n),
..., k(t), k(t + 1), k(t + 2) are the temporal weights. To ensure the basin’s
water balance, the P,(r) is multiplied by the factor P, (rainfall com-
pensation coefficient) [38]. This yields the average precipitation in the
basin Precp(t), which the model will take into account at that moment,

Precp(t) = Py(t) - Peos. (C))

3.2. Water balance

The deterministic physical model (SMAP) is used for water balance,
which is based on dividing the flow into surface runoff and subsurface
runoff. The model stores each kind of runoff in hypothetical reservoirs
that specify the form and length of the flows [39]. The operation of
the Brazilian electrical system has been planned in large part thanks to

this model. With Q representing the flow between the reservoirs and
the precipitation on time E,), Fig. 1 illustrates this method.

The part of surface runoff is moved to the surface reservoir (Ry,,),
where water transfer (marg) to the lowland reservoir (R,,,,) and surface
runoff (E; and E,;) are computed. The last one serves as a buffer for
drainage channels and includes a calculation of the lowland surface
runoff (E,,) and an evaporation component (£,,,,,). The part that pen-
etrates the soil is the distinction between surface runoff and rain pre-
cipitation. Assuming the soil field capacity limit has not been reached,
it is moved to the reservoir (R,,;), where the real evapotranspiration
(E,) part is extracted, and also transmitted to the underground reservoir
(R,,;) through recharge (R,.). Subsurface runoff (E,), which is the
amount of water that seeps into the soil and replenishes groundwater,
is computed in the R, reservoir [25].

The useful volume of hydroelectric dams is crucial for research in
many industries, especially the electrical industry and flood control.
Planning the operation of the hydroelectric power plants of the inter-
connected electrical power grid is made possible by a reliable flow
estimate and dam level [40]. Forecasting both short- and long-term
generation and spillover is part of this planning. The interconnection
between the reservoirs motivates the use of graph-based models since
the reservoirs are connected.

3.3. Volume management

The ONS’s operation programming division publishes the daily plant
operation program, an electro-energetic program for power plant oper-
ation [41]. Along with the forecast of the conditions for the operation
of the reservoirs, this program includes the additions or modifications
of operational limitations of the national energy generation and trans-
mission facilities, the forecast of daily load, and the programming of
automatic generation control.
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Fig. 1. Water balance used model.

The ONS is responsible for the reservoirs’ running during the hy-
dropower plant’s regular operations. Under alert conditions, the opera-
tion supervisor is in charge of the reservoir’s control, and in emergency
situations, the plant management is in charge of the reservoir’s oper-
ation and control. When there are critical flood inflows or when the
safety of the plant’s facilities or the surrounding area is at risk, the
management must establish operational instructions for carrying out
the operations [25].

The difference in water flow from the dam, considering the accu-
mulated flow (F,.), which is determined by the difference between
the affluent flow (F,;;) and the defluent flow (Fp,), provides the basis
for controlling the water level of the hydroelectric plant, calculated
according to:

Face(t) = Fapp (1) — Fper (0. %)

The dam’s level rises when Fj¢; > Fp, due to the difference in
water flow through the plant. Downstream flow (Fp,,), which is the
turbine flow (Fr,,) added to spilled flow (Fg;), is produced by the Fp.¢,
as follows:

FDOW(I) = FTur(t) + FSpi(t)' (6)

Given that the upstream flow (Fyy,) is connected to the affluent
flow, the water drop (Fy,) is a metric to measure when the plant has
the capacity to turbine the water and thus generate energy, given by:

Fiyai (1) = Fyps (1) — Fpow (0. )

The flows cause the dam’s level to vary with respect to its capac-
ity, which is also referred to as the plant’s useful volume. Utilizing
Egs. (5), (6), and (7), the variation in the dam’s useful volume is
determined [38]. For all of the analyses in this paper, the useful volume
of each power plant is the data used in this paper.

4. Methodology

In this section, the methodology of the proposed Opt-EWT-SinWav-
KAN is explained. Given the problem definition concerning how the
volume is considered in the Brazilian electrical power system, as previ-
ously explained in Section 3. The proposed hybrid model is presented
here (see complete pipeline in Fig. 2), where the EWT (Section 4.1),
SinWavKAN (Section 4.2), and ATPE (Section 4.3) are explained.

In the proposed method, preprocessing is initially carried out to
decompose the signal. After this initial stage, the proposed Harmonic-
Multiscale Kolmogorov—Arnold Network, in short SinWavKAN model,
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Raw reservoir data
Hourly useful volume (ONS)

Stage 1 — Signal denoising (EWT)
Fourier transform Maxima detection Filter bank
Spectrum F(w) Segment bands Build yin(w), gn(w)

Mode decompose Reconstruct signal
20 modes (n =0...19) Drop highest mode

¢ Denoised (t)

Z-score normalisation - sliding window

v

Stage 2 — SinWavKAN model

Input lifting
Reshape x — [B x 1 xd x 1]

Sinusoidal branch Wavelet branch
As-sin(wx + @), K freqs Av-y((x-T)/s), L wavelets

[ Feature engineering ]

Aggregate ys Aggregate yw
Sum over d, K KAN output y Sum overd, L
y=ys+yw+b
v

Stage 3 — Hyperparameter optimisation (ATPE)

Evaluate trial Partition D Update 6
Compute RMSE loss Dgood / Dbad at y Argmax {(x)/g(x)
Iterate until convergence

¥

[ Forecast output ]

Useful volume y (horizon 1-30 days)

Fig. 2. Proposed method pipeline.

is applied to predict the useful volume of hydroelectric plants. More
details on the techniques used to build this structure are presented here.

4.1. Data preprocessing and feature engineering (EWT)

The empirical Wavelets process begins by segmenting the signal’s
Fourier spectrum into contiguous frequency bands. This segmentation is
achieved through the detection of local maxima in the spectrum, which
indicates the presence of dominant frequency bands [42]. Once the
spectrum is partitioned, empirical Wavelets are constructed as bandpass
filters for each segment. These filters are designed to capture the
features of the signal within their respective frequency bands, enabling
a representation of the signal’s intrinsic modes [43].

Empirical scaling q§,,(a)) and the empirical Wavelets ,(w) functions
are given by:

1, if |lo| £ @, — 1,
q’3,,(w):<cos(%ﬁ(|w'_2%+r")>, ifw, -1, <ol <w0,+1, 8)
n
0, otherwise.
1’ if w, +1, < |w| < Dpil ~ Tptls

cos (

A 21,
v, (CU) = B n+1
" sin (zﬂ (_le ;T)"+T" )) s

n

z |0l ~®ns1+Tns1 i
3B . - . if Opy = Tyl < |l S Wy t+ Tyys

S

ifw,-1,<|o|l <w,+7,

[N]

0, otherwise.
(C)]

where the f(x) is an arbitrary function, so that:

ﬂ(x):{o’ %foO, and p(x)+ p(1 —x)=1,Vx € [0, 1]. (10)
1, ifx>1,
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Choosing 7, proportional to w, : 7, = yw, where 0 < y < 1, then
V > 0, and Egs. (8) and (9) can be simplified to:

1, if lo| < -7,
¢, (@) ={ cos (%ﬂ (%)) , if(l-pw, <ol <A +7w, Q1)

0, otherwise.

1, if (1+pw, <ol <d-7rw,,,

—(1- .
. B cos(%ﬂ(%)), if (1=-pw,y <ol <A+ w0,
L zp (el if (1-pw, <ol <1 +7)
P — , o, < |o| < Y)Wy,
0, otherwise.

12)

Based on y,(w) and <13,,(a>), the Empirical Wavelet Transform (EWT)

(WfE (n,1)) can be defined [44]. The coefficients are determined by the
internal products of the empirical Wavelets, according to:

WEmD = (fw,) = / F@wG Dz, as)
W \V
= (Fw,@) . as

and the scaling function’s inner product with the approximation coef-
ficients is given by:

WEOD=(.0) = [ 1@BG= 1. as)
~ -\
= (f@d@) (16)

where ¥, (w) and q@,,(cu) are given by Egs. (11) and (12). The reconstruc-
tion is obtained by:

fn= WfE(O, ) * () + i WfE(", 1) y, (1) @a7)
n:]lv .
=(WFo.0d @+ Y W, wm(m) . (18)
The empirical mode fzzils given by:
Jo® = WEQO.1) % ). 19
fi® = WfE(k, 1) %y (D). (20)

Algorithm 1 details the implementation of the EWT process applied
to our reservoir data. The algorithm employs scale-space representa-
tion for robust maxima detection in the Fourier domain, followed by
adaptive filter bank construction with optimized transition bands (y
parameter). For each of the parameters (useful volume, inflow, and nat-
ural energy inflow), the EWT was applied using a significance threshold
0 to discriminate between informative modes and noise components.
All numerical features are standardized using z-score normalization:
worm = %Y where x (mean of x values) and ¢ (standard deviation)
are calculated per feature across the training dataset [45].

X

In this paper, the EWT is applied using the EWT 1D function available
in the ewtpy library. The EWT decomposes the original time series
of natural flow into N adaptive frequency subbands, which is the
hyperparameter used to define the smoothing level. For the denoising
procedure, the highest frequency component is excluded from the
reconstruction process, and the denoised signal is then obtained by
summing the remaining N — 1 components.

The EWT decomposition was applied to the complete dataset prior
to model training because it is used as a deterministic signal decompo-
sition step rather than a learned transformation. The objective of this
preprocessing stage is to separate the signal into frequency bands and
remove high-frequency noise components, which depend on the global
spectral characteristics of the reservoir dynamics rather than on the
prediction targets.
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Algorithm 1 EWT for reservoir data filtering.

Input: Time series data x(¢r) for each reservoir parameter (useful volume,
inflow, natural energy inflow)
Output: Filtered time series data (1)

/* Phase 1: Fourier spectrum segmentation */

2(w) < Flx(@)] ; /* Compute Fourier transform */

|#(w)| < magnitude of %(w) 2 « {|X()| : ® €[0,7]} ; /* Normalized
frequency range */

{w;}}, — DetectLocalMaxima(2) ; /* Scale-space approach */

/* Phase 2: Boundary detection */
fori—1to N—1do
@l 2 /* Midpoint between adjacent maxima */

id omid7 .
Q; < [, 0™ ] 5

/* Define frequency support */
end

/* Phase 3: Build empirical Wavelet filter bank */

for i < 1to N do

y;(w) < BuildTransitionFunction(w, £2;, y) ;
width */

/* y is transition

end

/* Phase 4: Signal decomposition and filtering */
for i <1 to N do

| Wi < F 3@ yi@)]
end

/* Extract empirical mode */

/* Phase 5: Reconstruction with selected modes */

S « SelectSignificantModes({Wff(i,r)}i’il, 0 ; /* 0 is significance
threshold */

20 < Xies WiGLD 5

return X(7)

/* Reconstructed filtered signal */

Since EWT does not use label information and does not involve
parameter learning related to the forecasting task, it was treated as a
signal conditioning procedure similar to filtering operations commonly
applied in hydrological time series analysis. The decomposition is fixed
before model training and does not adapt based on model performance,
which reduces the risk of indirect information leakage. Nevertheless,
this design choice aims to ensure stable frequency band identifica-
tion across the entire observation period and to avoid inconsistencies
that could arise from independently decomposing shorter temporal
segments.

4.2. Harmonic-multiscale Kolmogorov-arnold network (SinWavKAN)

We propose the Harmonic-Multiscale Kolmogorov—Arnold Network,
a KAN architecture in which each univariate edge function is pa-
rameterized by a combination of harmonic spectral components by
Sinusoidal expansion and multiscale Wavelets (Mexican hat Wavelet),
called in short as SinWavKAN. The architecture of the proposed
SinWavKAN is presented in Fig. 3. The harmonic component provides
a flexible spectral representation that subsumes Sinusoidal expansions
while remaining agnostic to a specific trigonometric parameterization,
enabling smooth modeling of global oscillatory structure.

The multiscale component introduces localized basis functions with
learnable scales and translations, allowing the network to capture non-
stationary and spatially localized variations across multiple resolutions,
a principle well established in signal processing theory. By embedding
these representations within the Kolmogorov-Arnold framework, the
model preserves the additive structure of univariate edge functions,
ensuring interpretability and theoretical grounding while significantly
enhancing expressive capacity.

According to the Kolmogorov-Arnold representation theorem, any
continuous multivariate function (f : [0, 1]¢ — R) can be expressed as a
finite superposition of univariate nonlinear functions and linear combi-
nations. Modern KANs operationalize this principle by replacing fixed
nonlinearities with learnable univariate functions acting on individual
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y=y(s) +y(w)

Output y

Final prediction

Fig. 3. SinWavKAN architecture: A Harmonic-Multiscale Kolmogorov-Arnold
Network.

input coordinates [46]. In this framework, each output component of
a KAN is written as

d

[0=Y ¢,,()+ by, (39)
i=1

where ¢;; : R — R are learnable univariate functions and b; is a bias

term.

The proposed SinWavKAN model instantiates each ¢;; as an ex-
plicit parametric expansion combining Sinusoidal and Wavelet bases,
yielding an analytically tractable and interpretable realization of KANs.
For each output dimension j and input dimension i, the associated
univariate function ¢;; is defined as

;1) = B () + 1 (), (22)

where qbs‘“ and d)‘”a" denote Sinusoidal and Wavelet components, re-
spectlvely This addltlve decomposition aligns with the KAN philosophy
of explicitly modeling and visualizing each univariate interaction.

4.2.1. Sinusoidal expansion within KANs

The Sinusoidal component is defined as
Pin(x) = Z A sin(@) 14X + k) (23)
where K = ng.q is the number of Sinusoidal atoms.

From a KAN perspective, this expansion can be interpreted as a
learned Fourier-like basis for each univariate function. Unlike classi-
cal KAN implementations based on splines or piecewise polynomials,
the Sinusoidal parameterization provides a smooth, globally supported
basis with explicitly learnable frequencies and phases. The derivative
of qﬁj‘{‘ with respect to the input is given by

K
d . .
= 2‘1 ATT® 08 (@ X + k) @4
k=
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which remains bounded and non-vanishing for a wide range of frequen-
cies, supporting stable gradient propagation during training.

4.2.2. Wavelet expansion as local KAN basis

To complement the global support of Sinusoidal functions, the
Wavelet component introduces localized basis functions. Using the
Mexican hat Wavelet y, the Wavelet component is defined as

wav S w X =Tl
¢j’,-a (X)=2A aﬂ//(—), (25)
=1 Sjid
with L = nyayelets-
The Mexican Hat Wavelet

v = (1= Pexp(-17) 26)

satisfies f]R w(t)dt = 0, which ensures sensitivity to local variations
rather than constant offsets. The scale parameters are constrained to

be positive via s;;, = exp(c;,,), which ensures differentiability and
numerical stability.

4.2.3. Unified KAN mapping
Substituting the univariate expansions into the KAN formulation
yields

K L

d
Xi—=Tjil
£ = X | D AT sin(y%; +¢,xk>+IZ}AY?YW(—Sﬂ )]“’r

i=1 k=1
27)

This expression explicitly satisfies the Kolmogorov-Arnold struc-
tural constraint, as all nonlinearities are univariate and all multivariate
interactions arise solely through summation. The Sinusoidal basis pro-
vides dense coverage of smooth function spaces, while the Wavelet
basis enables sparse representation of localized irregularities. Their
joint use allows each ¢;; to adapt its smoothness locally, which is
not possible with spline-based KANs using a fixed knot structure. The
pseudocode of the SinWaveKAN is presented in Algorithm 2.

Under mild regularity assumptions, the combined basis forms a
universal approximator for continuous univariate functions on compact
domains. Consequently, the full SinWavKAN model inherits univer-
sal approximation properties for multivariate functions through the
Kolmogorov-Arnold construction.

Each learned function ¢;; can be directly visualized and analyzed,
preserving one of the central advantages of KANs. The separation
between Sinusoidal and Wavelet components further allows decompo-
sition of learned relationships into global oscillatory behavior and lo-
calized features. SinWavKAN realizes a Kolmogorov—-Arnold Network in
which univariate edge functions are parameterized by adaptive spectral
and multiscale bases. This design preserves the theoretical guarantees
of KANs while significantly enhancing their expressive capacity for
nonstationary and multiscale phenomena.

4.3. Adaptive tree-structured parzen estimator

Adaptive Tree-structured Parzen Estimator, abbreviated as ATPE, is
a sequential model-based optimization method designed to solve black
box optimization problems of the form

* = arg min f(x), (28)
xeX

where X ¢ R? denotes the search space and f(x) is an expensive to
evaluate objective function.

ATPE builds upon the tree-structured Parzen Estimator framework
by introducing adaptive mechanisms that dynamically adjust the sam-
pling strategy according to the observed performance of previous eval-
uations. The algorithm models the conditional probability distribution
of the hyperparameters given the objective value, expressed as p(x | y),
where y = f(x). The observed set of evaluations D = {(xyYL, is
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Algorithm 2 SinWaveKAN forward propagation

Input: Input signal x € R®, number of sinusoidal components N, number

of wavelet components N,
Output: Network output y € REX?
/* Phase 1: Input lifting */
X < Reshape(x,Bx 1xdx1)
/* Phase 2: Sinusoidal (SIREN) basis expansion */
for i < 1 to o do

for j < 1 to d do
for k < 1to N, do
| din(®) < @, sin(w; %, + @y0)

end
end
end
. N -
3 Zjer Ty %)
/* Phase 3: Wavelet (Mexican hat) basis expansion */

s < exp(i) 5 /* Positive scale parameter */
for i < 1 to o do
for j < 1 tod do
for k < 1 to N, do
X — Tijk
Lijk <

- 5 1,
” V(X)) < a;f;k (1 — Iijk>exp<—§tilk>

end
end

end

w N, -
i < 27:1 2l vin(x))
/* Phase 4: KAN aggregation */
y; < y; +y}" if bias is enabled then

| vyt
end
return y

partitioned using a performance threshold y*, typically defined as a
quantile y € (0,1) of the observed objective values. This induces two
disjoint subsets

Dgood = {Xi | Yi < y*}v (29)
Dpaq = {x; | 3 > y"}. (30)

Using these subsets, ATPE constructs two nonparametric density
estimators

£(x) =px |y <y, @31
g(x) = px |y >y"), (32)

which are commonly modeled using Parzen window estimators with
adaptive kernel bandwidths.

The optimization objective is reformulated by maximizing the ex-
pected improvement [47], which under the TPE formulation is equiva-
lent to maximizing the ratio
x* = arg max @ (33)

x g(x)

ATPE extends this formulation by dynamically adapting several
internal parameters of the estimator during the optimization process.
These adaptations include the quantile parameter y, the kernel band-
widths of the Parzen estimators, and the sampling weights associated
with individual dimensions of x. The adaptive behavior is driven by
empirical statistics extracted from D, such as the variance of objective
values and the relative importance of each hyperparameter [48].

Let 9 denote the set of internal modeling parameters of the estima-
tor. ATPE updates 0 at each iteration ¢ according to

00+D = A(9®, D), 34

where A(-) represents an adaptive update rule learned from previ-
ous optimization trajectories. By continuously refining the probabilis-
tic model and its hyperparameters, ATPE achieves a more efficient
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exploration—-exploitation trade-off compared to static TPE, leading to
faster convergence and improved robustness in high-dimensional and
heterogeneous search spaces [49].

5. Results

In this section, we present the results of applying our proposed
model. First, an ablation study is presented to prove that the choice
of each technique is worth it, and well combined to achieve the best
hybrid architecture considering the raw signal. After that, we present
the results of signal denoising and hypertuning. Based on an optimized
architecture, we present an evaluation of the horizon variation and
window size to feed our prediction model, followed by a benchmarking
and generalization analysis, and a statistical assessment.

5.1. Experimental setup

The experimental evaluation was conducted on a computational
environment (Google Colab) designed to ensure reproducibility and
adequate performance for training and validation of the proposed mod-
els. The system was equipped with 12.7GB of system random access
memory and 112.6 GB of available disk storage, which were sufficient to
handle the dataset, intermediate artifacts, and model checkpoints gen-
erated during the experiments. All models were trained and evaluated
using an NVIDIA T4 graphics processing unit.

This hardware configuration was kept fixed across all experiments
to guarantee fair comparison among models in terms of predictive
accuracy, computational cost, and model complexity. The number of
parameters corresponds to the total count of trainable weights in
each model, while the training time and validation time, expressed
in seconds, quantify the computational efficiency of the learning and
evaluation processes on the adopted hardware.

The model is constructed using a sliding window strategy with a
multiple-step-ahead forecasting horizon, using an 80% training and
20% testing split. The architectural configuration is defined by the
number of sinusoidal components (n_freq) and wavelet components
(n_wavelets), both treated as tunable structural hyperparameters,
together with an optional bias term.

The training process is conducted using a supervised learning proce-
dure implemented in PyTorch, where model parameters are optimized
through gradient-based learning. The hyperparameter optimization is
performed using the ATPE, considering a search space defined by
n_freq € [4,64], n_wavelets € [4,64] with increments of 4, and a
binary bias inclusion parameter. A total of 50 optimization trials are
conducted, where each candidate configuration is evaluated based on
the Root Mean Square Error (RMSE) computed on the test set. The
optimization objective is defined to minimize this error, ensuring a fair
comparison between architectural configurations.

5.1.1. Evaluation metrics

Model performance was assessed using standard regression metrics,
namely the RMSE, the Mean Absolute Error (MAE), and the Symmetric
Mean Absolute Percentage Error (SMAPE), together with the number of
trainable parameters and the computational time required for training
and validation.

RMSE emphasizes large prediction errors due to the quadratic
penalty, making it suitable for detecting significant deviations. MAE
measures the average absolute error and provides an interpretable
assessment of overall prediction performance with lower sensitivity
to outliers. SMAPE evaluates the relative prediction error in per-
centage form while maintaining symmetry between overestimation
and underestimation, enabling fair comparisons across different signal
magnitudes [49].
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Table 2
Ablation study for Fourier, radial basis, Chebyshev, Sinusoidal representation, Wavelet, and ReLU activation functions.
F R C S w RL RMSE MAE SMAPE Params Training Inference
(%) time (s) time (s)
v X X X X X 3.53x10"! 2.39x10"! 7.82x10! 1.61x10? 9.61x10! 1.82x1073
X v X X X X 1.65x107! 1.18x107! 4.44x10' 2.41x10? 1.63 1.57x1073
X X v X X X 3.94x107! 2.76x10"! 9.33x10! 4.10x10! 4.70x107! 1.12x1073
X X X v X X 1.52x107! 9.81x10~2 3.74x10! 2.41x10? 9.62x10~! 1.30x1073
X X X X v X 1.69x107! 1.25x107! 4.46x10! 2.41x10? 2.67 2.36x1073
x X x X x v 1.94x107! 1.46x107! 5.47x10! 1.61x10? 7.44x10! 9.47x107*
v v X X X X 3.42x107! 2.20x107! 6.61x10! 4.01x10? 2.45 2.57x1073
v X v X X X 3.29x10"! 2.19x107! 6.50%10! 2.01x10? 1.35 2.62x1073
v X x v x X 3.91x10"! 2.53x10~! 7.54x10! 4.01x10? 2.16 3.19x1073
v X X X v X 3.31x107! 2.14x10"! 6.99x10! 4.01x10? 3.85 3.56x1073
v X X X X v 3.03x107! 1.96x107! 6.42x10! 3.21x10? 1.59 2.34x1073
X v v X X X 2.19x107! 1.41x107! 5.37x10! 2.81x10% 1.87 2.63x1073
x v x v X X 1.45x107! 9.59x1072 4.00x10! 4.81x10? 2.53 2.59x1073
X v X X v X 2.07x107! 1.47x107! 5.19x10! 4.81x10? 4.49 3.64x1073
X v X X X v 1.70x107! 1.15x107! 4.51x10! 4.01x10? 2.16 2.39x1073
x X v v X X 1.82x107! 1.11x107! 4.40x10' 2.81x10? 1.47 2.39x1073
X X v X v X 1.88x107! 1.20x107! 4.46x10! 2.81x10? 3.31 3.18x1073
X X v X X v 1.92x107! 1.25x107! 4.79%10! 2.01x10? 1.21 2.04x1073
x X x v v X 1.25x107! 8.42x1072 3.39x10! 4.81x10? 4.05 3.98x1073
X X X v X v 2.02x107! 1.38x107! 5.05x10! 4.01x10? 1.82 2.14x1073
X X X X v v 2.27x107! 1.67x107! 5.69x10! 4.01x10? 3.34 3.04x1073
v v v X X X 3.71x107! 2.37x10~! 7.05x10! 4.41x10? 2.83 3.90x1073
v v x v X X 2.88x107! 1.82x107! 5.66x10! 6.41x10% 3.48 4.70x1073
v v X X v X 1.80x107! 1.21x107! 5.13x10! 6.41x10? 5.23 5.07x1073
v v X X X v 3.30x107! 2.30x10~! 7.30x10! 5.61x10% 3.02 3.50x1073
v X v v x X 3.12x107! 2.03x10~! 6.32x10! 4.41x10? 2.38 3.37x1073
v X v X v X 2.82x107! 1.79x107! 6.38x10! 4.41x10? 4.54 4.62x1073
v X v X X v 3.40x10"! 2.28x107! 7.11x10! 3.61x10? 2.08 3.17x1073
v X x v v X 1.89x107! 1.30x107! 4.75x10' 6.41x10? 4.58 4.71x1073
v X X v X v 2.25x107! 1.35x107! 5.10x10! 5.61x10% 2.68 5.13x1073
v X X X v v 2.63x107! 1.68x107! 6.28x10! 5.61x10? 4.81 4.46x1073

Given a set of ground truth values { yi}iji , and corresponding pre-
dictions {J;} ,Ii » these metrics are defined as

RMSE = (35)
MAE = (36)
=1
N N
sMAPE = 120 3 [ = 5l 37)

N &yl + 150 /2

5.1.2. Compared models

To evaluate the effectiveness of the proposed model, comparisons
are conducted against several variants of KAN based architectures, in-
cluding the Standard KAN (StandardKAN) [50], the Fast KAN
(fastKAN) [51], the Efficient KAN (efficientKAN) [52], the Rectified
Linear Unit based KAN (ReLUKAN), the Sinusoidal Representation KAN
(SirenKAN), the Chebyshev Polynomial based KAN (ChebyKAN) [53],
the Wavelet based KAN (WavKAN), the Radial Basis Function KAN
(RBFKAN) [54], and the Fourier series based KAN (FourierKAN) [55].
These models were selected because they represent distinct functional
basis expansions and architectural adaptations of the Kolmogorov-
Arnold framework, providing a comprehensive and representative co-
operative analysis for assessing the performance and computational
efficiency of the proposed approach.

To conduct benchmarking, we compare the proposed Opt-EWT-
SinWavKAN with state-of-the-art models from different architecture
families. These include Multilayer Perceptron-based models, such as
Time series Dense Encoder (TiDE) [56], Neural Hierarchical Interpola-
tion for Time Series Forecasting (NHITS) [57], Neural Basis Expansion
Analysis for Time Series Forecasting (N-BEATS) [58], N-BEATS ex-
tended with exogenous variables (N-BEATSx) [59], Time-Series Mixer
(TSMixer), and TSMixerx.

We also consider RNN-based models, including Dilated RNN (Dilat-
edRNN) [60] and Vanilla RNN (VanillaRNN), Long Short Term Mem-
ory networks (LSTM) [61], Gated Recurrent Units (GRU) [62], and
Deep Autoregressive models (DeepAR) [63]. In addition, Transformer-
based models are evaluated, such as the Temporal Fusion Transformer
(TFT) [64], Informer [65], iTransformer [66], Patch Time Series Trans-
former (PatchTST) [67], and Frequency Enhanced Decomposed Trans-
former (FEDformer) [68]. Finally, we include Convolutional Neural
Network-based models, namely the Temporal Convolutional Network
(TCN) [69], Bidirectional TCN (BiTCN) [70], and TimesNet [71].

5.1.3. Dataset

The FUNDAO hydroelectric plant was considered for this study,
serving as the basis for comparative analyses. In addition, the SEGREDO
and FOZ DO CHAPECO plants were considered for a generalization
analysis of the model proposed in this paper. The data from these three
hydroelectric power plants is publicly available at: https://dados.ons.
org.br/dataset/ear-diario-por-reservatorio (accessed on February 06,
2026). The data used in this study considers hourly measurements of
val_volumeutil, with a total of 19,656 samples corresponding to a
period from 2022-09-03, 23:59:00 to 2024-11-30, 23:59:00.

The FUNDAQO Hydroelectric Power Plant (HPP), located on the
Jordao River, has an installed capacity ranging from approximately
124 MW. Commissioned around 2006, it supplies electricity to the
southwestern region of Parand, between the municipalities of Pinhao
and Foz do Jordao. The Governador Ney Aminthas de Barros Braga
Hydroelectric Power Plant, also known as SEGREDQO HPP, is a facility
operated by Copel on the Iguacu River, with an installed capacity of
1260 MW, providing energy to nearly three million people. The FOZ
DO CHAPECO HPP is notable for its 598 m long and 48 m high dam
with an installed capacity of 855 MW, which was the first in Brazil to
adopt an asphalt core technique.


https://dados.ons.org.br/dataset/ear-diario-por-reservatorio
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https://dados.ons.org.br/dataset/ear-diario-por-reservatorio

S.F. Stefenon et al.

Energy 356 (2026) 141214

Table 3
Ablation study (continued).
F R C S w RL RMSE MAE SMAPE Params Training Inference
(%) time (s) time (s)
X v v v X X 2.13x10"! 1.44x107! 5.23x10! 5.21x10? 2.92 3.74x1073
X v v X v X 3.18x10"! 2.02x107! 6.57x10! 5.21x10? 4.65 4.79%x1073
X v v x X v 2.11x107! 1.33x107! 4.74x10! 4.41x10? 3.17 3.20x1073
X v X v v X 2.62x107! 2.04x107! 6.15x10! 7.21x10? 5.13 4.76x1073
X v X v X v 1.43x107! 9.20x1072 3.57x10! 6.41x10? 3.09 3.35x1073
x v X x v v 1.45x107! 1.00x107! 3.98x10! 6.41x10% 5.09 4.27x1073
X X v v v X 2.38x107! 1.48x107! 5.53x10! 5.21x10? 4.34 4.64x1073
X X v v X v 1.62x107! 1.04x107! 3.91x10! 4.41x10? 2.30 3.05x1073
x X v X v v 2.24x10! 1.46x10"! 5.30x10! 4.41x10? 4.22 5.65x1073
X X X v v v 1.73x107! 1.05x107! 4.43x10! 6.41x10? 4.54 4.56x1073
v v v v X X 3.30x10"! 2.14x107! 6.38x10! 6.81x10? 3.72 6.74x1073
v v v X v X 2.71x10"! 1.74x107! 5.64x10! 6.81x10? 5.82 6.07x1073
v v v X X v 3.44x10"! 2.19x107! 6.44x10! 6.01x10? 3.47 4.36x1073
v v X v v X 2.65x10"! 1.77x107! 6.36x10! 8.81x10? 6.07 8.29x1073
v v X v X v 2.34x107! 1.51x107! 4.90x10! 8.01x10? 4.38 4.52x1073
v v X X v v 3.38x10"! 2.16x107! 6.49x10! 8.01x10? 5.64 6.41x1073
v X v v v X 2.65x10"! 1.83x107! 5.84x10! 6.81x10? 5.59 5.57x1073
v X v v X v 2.46x107! 1.65x107! 5.77x10! 6.01x10? 3.17 4.34x1073
v X v x v v 2.24x107! 1.55x10~! 5.55x10! 6.01x10? 4.80 5.17x1073
v X X v v v 3.01x10"! 1.89x107! 5.95x10! 8.01x10? 5.67 5.40%x1073
X v v v v X 1.99x107! 1.25x107! 4.49x10! 7.61x10? 5.51 5.67x1073
X v v v X v 2.95x10"! 2.07x107! 6.63x10! 6.81x10? 3.77 5.93x1073
X v v X v v 1.90x107! 1.13x107! 4.46x10! 6.81x10? 5.59 5.11x1073
X v X v v v 1.71x107! 1.13x107! 3.98x10! 8.81x10? 5.82 6.08x1073
X X v v v v 2.33x10"! 1.49x107! 5.91x10! 6.81x10? 5.39 5.95x1073
v v v v v X 3.35x10"! 2.14x107! 7.20x10! 9.21x10? 6.50 9.07x1073
v v v v X v 2.23x107! 1.39x107! 5.20x10! 8.41x10? 5.02 5.52x1073
v v v X v v 2.62x107! 1.68x107! 5.54x10! 8.41x10? 6.25 6.65x1073
v v X v v v 2.35x10"! 1.52x107! 5.35x10! 1.04x10° 7.21 6.21x1073
v X v v v v 3.50x10"! 2.35x107! 7.33x10! 8.41x10? 5.90 6.61x1073
X v v v v v 2.12x107! 1.43x107! 4.96x10! 9.21x10? 6.93 5.95x1073
v v v v v v 3.27x107! 2.04x107! 6.21x10! 1.08x10° 7.36 7.50x1073

5.2. Structure design by ablation study

Tables 2 and 3 report a comprehensive ablation study evaluating
different combinations of basis functions and activation mechanisms,
namely Fourier (F), radial basis functions (R), Chebyshev polynomi-
als (C), Sinusoidal representation networks (S), Wavelets (W), and
the ReLU activation (RL). The results reveal a clear dependency of
predictive performance on the choice and combination of functional
components, as measured by RMSE, MAE, and SMAPE, as well as on
model complexity and computational cost.

Considering single component configurations in Table 2, models
based solely on Sinusoidal representation and R exhibit the best pre-
dictive accuracy among individual bases, with the Sinusoidal repre-
sentation configuration achieving RMSE = 1.52 x 10~! and SMAPE =
3.74x10', outperforming Fourier, Chebyshev, Wavelet, and ReLU alone.
In contrast, Chebyshev-only and Fourier-only models present noticeably
higher errors, indicating limited expressive power when used in isola-
tion. In terms of efficiency, Chebyshev and ReLU configurations require
fewer parameters and shorter training times, highlighting a tradeoff
between accuracy and model compactness.

When combining two components, consistent performance gains
are observed in several cases. In particular, the radial basis functions
combined with the sinusoidal representation significantly improves
accuracy compared to either component alone, while maintaining a
moderate increase in parameter count. The most notable result in Table
2 is obtained using a combination of Sinusoidal representation and
Wavelets, which achieves the best overall performance with RMSE =
125 x 107!, MAE = 8.42 x 1072, and SMAPE = 3.39 x 10'. This
suggests a strong complementarity between Sinusoidal representations
and Wavelet bases, where Sinusoidal representation captures global
periodic patterns, and W enhances localized time—frequency features.
However, this accuracy gain comes at the cost of increased model size
and longer training and validation times.

Table 3 extends the analysis to more complex combinations involv-
ing three or more components. Overall, adding further bases generally
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increases the number of parameters and computational cost, while ac-
curacy improvements are not always guaranteed. Although some multi-
component configurations yield competitive RMSE and MAE values,
none consistently surpass the Sinusoidal representation and Wavelets
combination observed in Table 2. In fact, fully combined models incor-
porating all components tend to suffer from degraded performance, sug-
gesting overparameterization and optimization difficulty. These results
indicate that carefully selected hybrid representations can outperform
both simple and overly complex architectures.

In summary, the experimental results demonstrate that Sinusoidal-
based models play a central role in achieving lower error, particularly
when combined with Wavelet representations. While richer combina-
tions increase expressive capacity, the best tradeoff between accuracy,
efficiency, and stability is obtained with a limited number of comple-
mentary bases rather than exhaustive combinations. Our architecture,
based on the use of Sinusoidal representation and Wavelets (the rea-
son why it is called SinWavKAN), is innovative, as it combines two
techniques to achieve an enhanced hybrid KAN method.

5.3. Signal denoising analysis

The purpose of noise suppression using EWT is to enable the model
to focus on the variation trend, which has a greater influence, rather
than on noise. The EWT decomposes the signals in various modes as
presented in Fig. 4A for the first 5 modes, considering a total of 20
modes; when they are combined, the result is the original signal. To
remove noise from this signal, the highest frequency is disregarded (see
Fig. 4B), and thus the filter is implemented. The challenge in applying
this filter is to define the level of decomposition necessary for the
highest frequency to be representative in relation to noise reduction
and not a fundamental part of the signal.

We decompose the signal into 10 to 60 modes and subtract the
highest frequency from the decomposition; the results are shown in Fig.
5. When 10 modes are used, the last one is subtracted, meaning that
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Fig. 5. Denoising based on EWT considering a decomposition using: (A) 10 modes, (B) 20 modes, (C) 30 modes, (D) 40 modes, (E) 50 modes, (F) 60 modes.

the reconstructed signal has 9 modes; in this case, the filter becomes
too intense, reducing some fundamental frequencies of the signal,
which is not the objective of this decomposition. When the signal is
composed of 20 modes, i.e., 19 modes of this decomposition are used
to reconstruct the original signal, promising results are achieved, with
the signal following the variation trend with acceptable fluctuation,
thus reducing the necessary noise. When 30 or more modes are used
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for decomposition, removing the mode with the highest frequency is
not sufficient to attenuate the signal, so the signal remains very close
to the original signal. For this reason, 20 modes were used for signal
decomposition during filter application.

Proper filter tuning is essential for the model to focus on the signal
appropriately. The higher the noise level, the more difficult it will be
to predict the variation using the proposed model. Thus, filter tuning
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improves the predictive ability of the model, which is the purpose of
this work. The filtered signal presented in this subsection is considered
for future analysis in relation to the use of the proposed model.

5.4. Hypertuning study

The main hyperparameters of the SinWavKAN model are the num-
ber of harmonics employed and the number of wavelets, since these
components constitute the fundamental principle of the model. Manu-
ally adjusting these hyperparameters may lead to the selection of inade-
quate or suboptimal values. For this reason, an automatic optimization
procedure based on hypertuning is adopted.

During the optimization process, multiple combinations of hyper-
parameter configurations are iteratively evaluated until the minimum
value of the defined loss function is achieved. In this work, the adopted
metric is the root mean square error RMSE. The trials conducted
throughout the optimization process are presented in Fig. 6. Whenever
a new hyperparameter combination outperforms all previously tested
configurations, the model stores these values, which are then defined
as optimal.

In the optimization process, an optimal number of 28 wavelets was
obtained, using 64 frequencies, with the bias term enabled. Fig. 7
presents a performance analysis based on the comparison between the
number of wavelets and the number of frequencies. The results indicate
that the best performance associated with the number of frequencies
occurs in the range from 10 to 64. In contrast, the best values related to
the number of wavelets are distributed across different configurations,
suggesting a lower sensitivity of the model to this hyperparameter
within the evaluated range. The optimal values obtained from this
optimization process are used in the subsequent analyses presented in
this paper.

Considering this optimized configuration, the Opt-EWT-SinWavKAN
model is retrained and evaluated in comparison with other models.
These results are presented in the next subsection. The prediction
example in relation to the original signal is shown in Fig. 8, where the
forecasts are 30 steps ahead using 80% of the data for training and 20%
for testing. The results show that the predictions are quite promising
with low variability, which is promising for use in the field.

5.5. KAN-based models analysis

To perform benchmarking, we compare the prediction horizons
of the proposed Opt-EWT-SinWavKAN model with other KAN-based
models in Section 5.5.1. In addition, in Section 5.5.2, the influence of
data usage is analyzed through window size.

12

Energy 356 (2026) 141214

60 0.585
0.525
R 0.465
kS
o 0.405
§ 40 2
z 0.345 C
© ")
— d wu
g 30 0.285 &
£ 0.225
=2 20
0.165
10 A 0.105
0.045

20 30 40 50
Number of harmonic frequencies

10

Fig. 7. Loss value (RMSE) for variation of number of wavelets and frequencies.

5.5.1. Horizon evaluation

Tables 4 and 5 analyze the effect of increasing the forecasting hori-
zon from 1 up to 30. A clear and systematic degradation in performance
is observed for all baseline models as the horizon increases, while the
proposed method exhibits a markedly slower error growth rate. In these
experiments, a window size of 5 was considered as the comparative
standard.

At horizon equal to 1 (see Tables 4), the proposed model achieves an
MAE of 1.96x10~2, compared to 1.36x10~! for the best baseline fastKAN.
This corresponds to an absolute reduction of 1.16 x 10! and a relative
improvement of approximately 85.6%. In RMSE terms, the reduction
from 9.24x1072 to 1.68x 1072 represents an 81.8% improvement. SMAPE
is reduced from 38.5 to 8.81, yielding a relative decrease of 77.1%.

When the horizon increases to 3, baseline MAE values rise to the
range 2.07x 1071-2.26x 10! for fastKAN and efficientKAN, whereas the
proposed model maintains an MAE of 1.95x 10~2. This corresponds to a
reduction of approximately 90.6% relative to fastKAN. RMSE follows a
similar trend, decreasing from 1.44x107! to 1.48x1072, which is nearly a
one order of magnitude reduction. SMAPE is reduced from values above
52 to 10.3, confirming strong robustness to short multi-step forecasting.

At horizon equal to 5, all baseline models exceed 2.4 x 10~! in
MAE, while the proposed approach remains at 2.33 x 102, Compared
to fastKAN, this represents a relative MAE reduction of 90.6%, and
compared to StandardKAN, the reduction exceeds 93.6%. RMSE shows
consistent behavior, with the proposed model achieving 1.79 x 1072
versus 1.75 x 107! for fastKAN, corresponding to a 89.8% reduction.
SMAPE is reduced from approximately 58-62 down to 10.4.

For a horizon equal to 10, the numerical gap remains substantial.
The proposed model records an MAE of 2.70 x 1072, whereas the best
baseline remains above 2.90x10~!. This corresponds to an improvement
of approximately 90.7%. RMSE decreases from 2.00 x 107! to 1.97 x
1072, yielding a relative reduction of 90.2%. SMAPE decreases from
values close to 65-70 to 10.6, reinforcing the stability of the proposed
architecture under increasing prediction horizons.

For longer horizons reported in Table 5, the relative advantage
remains pronounced, although absolute errors increase for all models.
At horizon equal to 15, the proposed method achieves an MAE of
3.50 x 1072, while the strongest baseline fastKAN reports 3.20 x 1071,
This corresponds to an 89.1% MAE reduction. RMSE decreases from
2.31 x 107! to 2.48 x 1072, yielding an 89.3% reduction. SMAPE is
reduced from approximately 71 to 13.4, corresponding to an 81.1%
decrease. At horizon equal to 20, baseline MAE values cluster around
3.30 x 107! to 3.36 x 10~!, whereas the proposed model maintains
3.87 x 1072, This yields an MAE reduction of approximately 88.4%.
RMSE is reduced from 2.45 x 10~! to 2.59 x 1072, corresponding to an
89.4% reduction. SMAPE decreases from about 75 to 13.8, representing
an 81.6% improvement.
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Table 4
Horizon analysis of KAN-based models (very short-term).
Horizon Model MAE RMSE SMAPE Params Training Inference
(%) time (s) time (s)
1 StandardKAN 3.56x107! 2.62x107! 8.68x10! 9.70x10! 9.06x107! 2.25x1073
FastKAN 1.36x107! 9.24x1072 3.85x10! 1.12x10* 1.14x10! 9.68x1073
EfficientKAN 1.93x107! 1.30x107! 4.91x10! 1.22x10* 5.50x10! 5.62x1072
ReLUKAN 2.98x10"! 2.27x107! 7.85%10! 1.61x10? 6.77x10! 9.37x10~*
SirenKAN 2.24x107! 1.47x107! 5.51x10! 2.41x10? 9.29x10~! 3.26x1073
ChebyKAN 7.36x10~! 4.43x10"! 1.51x10? 4.10x10' 6.12x10"! 1.80x1073
WavKAN 1.86x107! 1.31x107! 4.99x10! 2.41x10? 2.63 2.05x1073
RBFKAN 2.56x10"! 1.84x107! 6.50%10! 2.41x10? 1.39 1.40x1073
FourierKAN 2.57x10"! 1.78x107! 5.70x10! 1.61x10? 6.86x10~! 4.20%x1073
Opt-EWT-SinWavKAN 1.96x1072 1.68x1072 8.81 1.38x10° 1.07x10! 7.47x1073
3 StandardKAN 3.69x10~! 2.77x107! 9.50%10' 2.59x10? 3.06 6.77x1073
fastKAN 2.07x10! 1.44x107! 5.24x10! 1.17x10* 1.30x10! 1.06x1072
efficientKAN 2.26x107! 1.56x107! 5.50x10" 1.28x10* 5.63x10! 9.32x102
ReLUKAN 2.67x107! 2.01x10"! 6.70x10! 4.83x10? 2.31 2.31x1073
SirenKAN 2.56x10"! 1.73x107! 6.05x10' 7.23x10? 3.27 2.89x1073
ChebyKAN 8.15x10~! 4.31x107! 1.12x10% 1.23x10? 6.85x10~! 1.54x1073
WavKAN 2.58x107! 1.85x107! 6.16x10! 7.23x10? 9.00 5.88x1073
RBFKAN 2.24x107! 1.62x107! 5.62x10! 7.23x10? 4.68 4.55x1073
FourierKAN 3.58x10"! 2.46x10! 8.10x10! 4.83x10? 1.86 2.81x1073
Opt-EWT-SinWavKAN 1.95x1072 1.48x1072 1.03x10! 4.14x10° 3.96x10! 2.30x10~2
5 StandardKAN 3.65x10~! 2.78x10"! 9.70x10' 4.21x10? 2.36 1.93x1073
fastKAN 2.49x10"! 1.75x107! 6.20%10! 1.23x10* 1.15x10! 1.06x1072
efficientKAN 2.53x107! 1.76x107! 5.96x10! 1.34x10* 5.56x10! 6.19x1072
ReLUKAN 3.25x10"! 2.49x10"! 8.03x10' 8.05x10? 3.87 4.03x1073
SirenKAN 2.61x10! 1.77x107! 6.05x10! 1.20x10° 5.83 5.89x1073
ChebyKAN 8.40x10~! 4.49x10"! 1.11x10* 2.05x10? 1.18 1.71x1073
WavKAN 2.44x10"! 1.66x107! 5.81x10! 1.20x10° 1.48x10! 9.57x1073
RBFKAN 2.94x10"! 2.09x10~! 6.62x10! 1.20x10° 8.00 6.20x1073
FourierKAN 3.56x10"! 2.44x107! 7.63x10! 8.05x10? 2.90 3.84x1073
Opt-EWT-SinWavKAN 2.33x1072 1.79x1072 1.04x10" 6.90x10% 1.09x10? 3.68x1072
10 StandardKAN 4.23x10"! 3.36x107! 1.30x10% 8.26x10? 4.54 3.30x1073
fastKAN 2.96x10"! 2.11x107! 6.93%x10! 1.38x10* 1.21x10! 1.04x1072
efficientKAN 3.02x10~! 2.16x10"! 6.82x10! 1.50x10* 5.59x10! 9.97x1072
ReLUKAN 3.41x10"! 2.59%x10"! 8.40x10! 1.61x10° 8.29 8.06x1073
SirenKAN 3.11x107! 2.15x107! 6.94x10' 2.41x10° 1.17x10! 9.40x1073
ChebyKAN 7.23x107! 4.23x10"! 1.18x10? 4.10x10? 1.40 2.67x1073
WavKAN 3.03x10~! 2.17x107! 6.76x10' 2.41x10° 3.06x10! 1.96x102
RBFKAN 3.18x10~! 2.30x10"! 7.01x10! 2.41x10° 1.62x10! 1.09x10~2
FourierKAN 3.69x107! 2.59x107! 7.87x10! 1.61x10° 5.14 6.71x1073
Opt-EWT-SinWavKAN 2.70%x1072 1.97x1072 1.06x10! 1.38x10* 2.59x10% 8.85x1072

For the most challenging cases, horizons equal to 25 and 30, the
proposed model continues to outperform all competitors by large mar-
gins. At horizon equal to 25, the MAE reduction relative to fastKAN
is approximately 85.3%, while at horizon equal to 30 it remains close
to 84.3%. RMSE reductions remain above 85% in both cases. SMAPE,
which exceeds 75 for all baseline methods, is constrained below 18.2
by the proposed approach.

The numerical evidence across all horizons demonstrates that the
proposed method consistently achieves error reductions between 80%
and 93% relative to the strongest KAN-based baselines. Most impor-
tantly, the slope of error growth with respect to the prediction horizon
is significantly smaller, indicating superior long-range temporal gener-
alization. Although this performance gain is accompanied by increased

13

parameter counts and training time for large horizons, the magnitude of
the accuracy improvements is disproportionally large, confirming that
the proposed architecture delivers a fundamentally different accuracy
scaling behavior rather than a marginal refinement of existing KAN
variants.

5.5.2. Window evaluation

Table 6 reports the forecasting performance considering different
window sizes and multiple KAN-based architectures. The results high-
light clear and consistent trends across all evaluation metrics. For
Window equal to 5, the proposed model achieves an MAE of 1.78x 1072,
whereas the best competing baseline fastKAN reports 1.36 x 10~!. This
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Table 5
Horizon analysis of KAN-based models (short-term).
Horizon Model MAE RMSE SMAPE Params Training Inference
(%) time (s) time (s)
15 StandardKAN 4.22x107! 3.34x107! 1.26x10% 1.23x10° 6.13 4.33x1073
fastKAN 3.20x10"! 2.31x10"! 7.15x10' 1.52x10* 1.18x10! 1.09x102
efficientKAN 3.27x107! 2.40x10! 7.27x10! 1.66x10* 5.52x10! 9.32x1072
ReLUKAN 3.31x10"! 2.47x107! 7.64x10! 2.42x10° 1.33x10! 1.43x1072
SirenKAN 3.30x10"! 2.33x10"! 7.35x10! 3.62x10° 1.98x10! 1.82x1072
ChebyKAN 9.92x10~! 5.51x10"! 1.35x10? 6.15x10? 2.35 3.22x1073
WavKAN 3.35x10"! 2.45x10"! 7.30%x10! 3.62x10° 9.45x10! 3.30x102
RBFKAN 3.51x10"! 2.57x107! 7.66x10! 3.62x10° 4.63x10! 1.79x1072
FourierKAN 3.98x10~! 2.85x10"! 8.23x10' 2.42x10° 7.66 1.01x102
Opt-EWT-SinWavKAN 3.50%x1072 2.48x1072 1.34x10! 2.07x10* 3.87x10* 1.28x107!
20 StandardKAN 4.05x10"! 3.17x107! 1.14x10? 1.64x10° 7.62 5.86x1073
fastKAN 3.34x10"! 2.45x10"! 7.49x10' 1.67x10* 1.19x10! 1.17x1072
efficientKAN 3.36x10"! 2.49x107! 7.40%10! 1.82x10* 5.57x10! 6.64x1072
ReLUKAN 3.55x10"! 2.69x107! 8.65x10! 3.22x10° 2.27x10! 1.63x1072
SirenKAN 3.52x10"! 2.55x10"! 7.85x10! 4.82x10° 3.16x10! 2.07x1072
ChebyKAN 8.37x10~! 4.59%x10"! 1.24x10? 8.20x10? 3.40 5.55x1073
WavKAN 3.46x10"! 2.55x107! 7.47x10! 4.82x10° 1.48x10? 4.25x1072
RBFKAN 3.59x10~! 2.66x10"! 7.80x10' 4.82x10° 6.79x10! 3.06x1072
FourierKAN 3.95x10"! 2.89x10"! 8.31x10! 3.22x10° 1.17x10! 1.11x1072
Opt-EWT-SinWavKAN 3.87x1072 2.59x1072 1.38x10! 2.76x10* 5.29x10? 2.28x107!
25 StandardKAN 4.08x10"! 3.19x107! 1.14x10? 2.04x10% 9.63 6.99x1073
fastKAN 3.48x10"! 2.59%x10~! 7.73%x10! 1.81x10* 1.20x10! 1.06x1072
efficientKAN 3.45x10"! 2.59%10"! 7.59x10! 1.98x10* 5.61x10! 5.99x10~2
ReLUKAN 3.70x10"! 2.81x10"! 8.91x10' 4.02x10% 5.16x10! 1.97x102
SirenKAN 3.62x10"! 2.67x107! 8.13x10! 6.02x10° 6.21x10! 2.51x1072
ChebyKAN 9.46x10~! 5.17x107! 1.34x10* 1.02x10° 3.63 4.84x1073
WavKAN 3.51x10"! 2.61x10"! 7.60x10' 6.02x10% 2.01x10% 5.95x1072
RBFKAN 3.60x10"! 2.69x10"! 7.84x10! 6.02x10% 1.07x10? 3.36x1072
FourierKAN 3.96x10"! 2.90x10"! 8.26x10! 4.02x10° 3.29x10! 1.41x1072
Opt-EWT-SinWavKAN 5.12x1072 3.43x1072 1.78x10" 3.45x10* 6.59%10% 4.23x107!
30 StandardKAN 4.04x10"! 3.17x107! 1.12x10? 2.45x103 2.87x10! 8.16x1073
fastKAN 3.54x10"! 2.64x107! 7.89x10! 1.96x10* 1.18x10! 1.00x1072
efficientKAN 3.48x107! 2.62x107! 7.63x10' 2.14x10* 5.58x10! 5.95x1072
ReLUKAN 3.66x10"! 2.78x10"! 8.81x10! 4.83x10° 3.32x10! 3.03x1072
SirenKAN 3.64x10"! 2.69x10"! 8.17x10! 7.23x10° 6.27x10! 3.44x1072
ChebyKAN 8.92x10~! 5.17x107! 1.35x10? 1.23x10° 4.61 5.35x1073
WavKAN 3.59x10~! 2.68x10"! 7.71x10! 7.23x10% 2.17x10* 6.94x1072
RBFKAN 3.64x10"! 2.72x107! 7.92x10! 7.23x10% 1.09x10? 4.05x1072
FourierKAN 4.03x10"! 2.98x107! 8.41x10! 4.83x10° 1.62x10! 1.67x1072
Opt-EWT-SinWavKAN 5.57x1072 3.65x1072 1.82x10' 4.14x10* 7.89x10% 4.06x10"!

corresponds to an absolute reduction of 1.18 x 10~! and a relative im-
provement of approximately 86.9% in MAE. A similar trend is observed
for RMSE, which decreases from 9.24 x 10~2 with fastKAN to 1.30x 1072,
yielding a relative reduction close to 85.9%. In terms of SMAPE, the
proposed approach reaches 8.35, while the closest competitor remains
above 38, representing a reduction of nearly 78%. These gains are
achieved with 1.38 x 10 parameters, which is roughly one order of
magnitude about eight times smaller than fastKAN.

For a window equal to 10, the numerical advantage remains strong.
The proposed model attains an MAE of 1.74 x 10~2 compared to 1.76 x
107! for WavKAN. This corresponds to an approximate tenfold reduc-
tion in MAE. The RMSE drops from values around 1.15 x 10~ for
WavKAN to 7.98 x 1073, which represents a relative decrease of about
92.9%. SMAPE is reduced from values in the range of 44 to 46 down to
6.40, confirming a consistent and substantial numerical improvement.

When the window size increases to 25, the overall error levels
rise for all models, but the proposed method still delivers the lowest
metrics. Its MAE of 1.36x 107! is lower than the best competing baseline
SirenKAN at 1.66 x 10~!, corresponding to a relative improvement of
approximately 18.1%. For RMSE, the reduction is from 1.19 x 10~! to
9.64 x 1072, which corresponds to an improvement of about 19.0%.
SMAPE decreases from roughly 47 to 42.9, yielding a reduction close
to 9.5%.

For the largest configuration, a window equal to 50, the contrast
becomes even clearer. This corresponds to an absolute reduction of
1.59 x 107! and a relative improvement of approximately 85.0%. The
RMSE shows a similar behavior, decreasing from 1.25 x 107! to 2.08 x

14

1072, which represents an 83.4% reduction. In terms of SMAPE, the
proposed approach reaches 16.2, whereas most baselines remain be-
tween 49 and 90, indicating reductions that range from about 67% to
over 80%. Although the parameter count increases to 1.38x 10* and the
training time rises accordingly, the numerical accuracy gains remain
disproportionally large when compared to the additional computational
cost.

A quantitative comparison across all window sizes shows that the
proposed method consistently reduces MAE and RMSE by factors rang-
ing from about 5 to more than 10 relative to the best competing KAN
variants for small and large windows, while still maintaining noticeable
improvements for intermediate window sizes. These numerical margins
clearly demonstrate that the performance gains are not marginal but
substantial and systematic across all evaluated configurations.

5.6. Benchmarking and generalization analysis

The benchmarking analysis evaluates the predictive capability and
computational efficiency of the proposed model across three distinct
hydrological datasets, namely FUNDAQ (Table 7), SEGREDOQ (Table 8),
and FOZ DO CHAPECO (Table 9). The comparison includes a wide range
of state of the art deep learning forecasting architectures represent-
ing different modeling paradigms, including MLP-based, convolutional,
recurrent, and transformer-based approaches. The evaluation metrics
comprise RMSE, MAE, and SMAPE, which quantify forecasting ac-
curacy, while training and inference times measure computational
performance.
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Table 6
Window size analysis of KAN-based models.
Window Model MAE RMSE SMAPE Params Training Inference
(%) time (s) time (s)
5 StandardKAN 3.83x107! 2.99x107! 1.10%10? 9.70x10! 9.49x10! 8.88x107*
fastKAN 1.36x107! 9.24x1072 3.85x10! 1.12x10* 1.09x10! 1.18x102
efficientKAN 1.93x107! 1.30x107! 4.91x10! 1.22x10* 5.52x10! 5.55x1072
ReLUKAN 2.98x107! 2.27x107! 7.85x10! 1.61x10? 6.26x10"! 8.88x10~*
SirenKAN 2.24x107! 1.47x107! 5.51x10! 2.41x10? 8.43x107! 3.12x1073
ChebyKAN 7.36x107! 4.43x107! 1.51x10? 4.10x10' 4.13x107! 1.05x1073
WavKAN 1.86x107! 1.31x107! 4.99x10! 2.41x10? 2.36 1.97x1073
RBFKAN 2.56x107! 1.84x107! 6.50%10! 2.41x10? 1.47 1.45x1073
FourierKAN 2.57x107! 1.78x107! 5.70x10! 1.61x10? 8.52x10"! 5.24x1073
Opt-EWT-SinWavKAN 1.78x1072 1.30x1072 8.35 1.38x10° 1.25x10! 6.85x1073
10 StandardKAN 2.91x10~! 2.13x107! 7.40x10! 1.77x10? 1.33 1.52x1073
fastKAN 2.17x107! 1.63x107! 5.75x10! 1.26x10* 1.22x10! 1.13x1072
efficientKAN 2.02x107! 1.39x107! 5.14x10! 1.38x10* 5.76x10! 6.24x1072
ReLUKAN 2.60x107! 2.01x107! 6.63x10! 3.21x10? 1.27 1.45x1073
SirenKAN 1.83x107! 1.21x107! 4.46x10! 4.81x10? 1.95 2.11x1073
ChebyKAN 1.06 3.82x10"! 1.01x10? 8.10x10! 7.86x107! 1.91x1073
WavKAN 1.76x107! 1.15%x107! 4.56x10! 4.81x10? 5.50 5.28x1073
RBFKAN 1.97x107! 1.47x107! 5.22x10! 4.81x10? 3.10 2.48x1073
FourierKAN 4.72x107! 3.23x107! 8.76x10! 3.21x10? 1.61 2.74x1073
Opt-EWT-SinWavKAN 1.74x1072 7.98x1073 6.40 2.76x10% 2.72x10! 1.50x1072
25 StandardKAN 2.76x107! 2.12x107! 6.95x10! 4.17x10? 3.75 3.21x1073
fastKAN 2.28x107! 1.75x107! 6.20x10! 1.70x10* 1.46x10" 1.82x1072
efficientKAN 2.16x107! 1.53x107! 5.60x10! 1.86x10* 6.29x10! 7.58x1072
ReLUKAN 3.26x107! 2.48x10"! 7.62x10! 8.01x10? 3.92 4.67x1073
SirenKAN 1.66x107! 1.19x107! 4.74x10! 1.20x10° 4.77 4.23x1073
ChebyKAN 1.68 8.79x107! 1.52x10? 2.01x10? 2.21 4.59x1073
WavKAN 2.14x107! 1.52x107! 5.48x10! 1.20x10° 1.46x10! 9.01x1073
RBFKAN 2.15x107! 1.48x107! 5.58x10! 1.20x10° 7.72 5.08x1073
FourierKAN 5.69x107! 4.16x10"! 9.88x10! 8.01x10? 4.32 5.96x1073
Opt-EWT-SinWavKAN 1.36x107! 9.64x1072 4.29%10! 6.90x10% 1.23x10? 4.15x1072
50 StandardKAN 3.57x107! 2.72x107! 9.05x10! 8.17x10? 7.87 6.53x1073
fastKAN 2.67x107! 2.07x107! 6.88x10! 2.42x10* 1.87x10! 1.64x1072
efficientKAN 2.44x107! 1.77x107! 6.18x10! 2.66x10* 7.29%10' 1.00x107!
ReLUKAN 2.71x107! 2.03x10"! 6.47x10! 1.60x10° 7.88 6.88x1073
SirenKAN 3.94x107! 2.97x107! 8.59x10! 2.40x10° 1.07x10! 8.71x1073
ChebyKAN 2.76 1.44 1.54x10? 4.01x10? 4.77 8.92x1073
WavKAN 2.38x10~! 1.65x107! 6.02x10! 2.40x10% 4.43x10' 2.20x1072
RBFKAN 4.01x107! 3.03x10"! 8.70x10! 2.40x10° 1.57x10! 1.11x1072
FourierKAN 7.74x107! 5.86x107! 1.17x10? 1.60x10° 8.89 1.35x1072
Opt-EWT-SinWavKAN 2.80x1072 2.08x1072 1.62x10! 1.38x10* 2.49x10? 7.52x1072
Table 7
Comparative analysis for FUNDAO dataset.
Model RMSE MAE SMAPE Training Inference
(%) time (s) time (s)
TSMixer 6.20x10~! 5.49x10"! 1.02x10% 7.58 4.45x10"!
iTransformer 4.75%x107! 3.96x10"! 9.07x10! 1.20x10! 4.04x107!
TSMixerx 3.12x10~! 2.72x107! 8.25x10! 9.05 1.97x107!
TFT 3.39x10~! 2.94x10"! 9.91x10! 7.02 1.86x107!
VanillaRNN 7.05x10~! 6.44x10"! 1.09x10* 3.55 1.48x107!
DilatedRNN 6.76x10"! 6.35x10"! 1.11x10? 5.47 1.79x107!
NHITS 3.25x10~! 2.80x10~! 8.27x10! 4.10 1.69x107!
TCN 2.93x10"! 2.56x10"! 8.08x10! 3.98 2.15x107!
BiTCN 5.99x10~! 5.25x10"! 1.01x10? 4.09 1.49x107!
LSTM 7.30x10~! 6.99x10~! 1.15x10? 4.89 1.42x107!
NBEATS 3.04x10"! 2.79x10"! 8.60x10! 4.32 1.66x107!
NBEATSx 3.04x107! 2.79%x10"! 8.60x10! 4.14 2.24x107!
GRU 7.22x107! 6.86x10"! 1.14x10? 4.12 1.45x107!
Informer 6.02x10"! 5.19x10"! 9.98x10! 7.59 1.84x107!
TiDE 3.82x107! 3.21x107! 1.07x10% 4.06 1.66x107!
PatchTST 3.36x10"! 2.88x10"! 1.08x10? 5.90 1.52x107!
FEDformer 4.71x10! 3.91x10"! 9.02x10! 6.91 1.67x107!
DeepAR 8.21x107! 8.01x107! 1.21x10% 4.20 2.04x107!
TimesNet 3.30x10~! 3.09x10~! 9.82x10' 1.59x10! 1.83x107!
SinWaveKAN 2.70x10"! 1.68x107! 5.74x10! 1.58x10? 1.32x107!
Opt-EWT-SinWavKAN 2.40x1072 1.82x1072 9.39 1.29x10% 7.56x1072

For the FUNDAQ dataset (results presented in Table 7), the proposed
model demonstrates a substantial performance improvement compared
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to all baseline methods. The obtained RMSE of 2.40 x 10~2 and MAE of
1.82 x 1072 are approximately one order of magnitude lower than the
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Table 8
Comparative analysis for SEGREDO dataset.
Model RMSE MAE SMAPE Training Inference
(%) time (s) time (s)
TSMixer 2.15x107! 2.12x10"! 3.31x10! 1.97x10! 1.56x107!
iTransformer 1.23x107! 1.21x107! 2.03x10' 5.91 2.10x10"!
TSMixerx 1.35x107! 1.34x107! 2.23x10! 4.14 1.76x107!
TFT 1.59x107! 1.58x107! 2.58x10! 7.59 1.48x107!
VanillaRNN 2.16x10"! 2.15x10"! 3.36x10! 3.30 1.58x107!
DilatedRNN 2.16x10"! 2.15x10"! 3.35x10! 5.53 1.28x107!
NHITS 1.16x107! 1.15x107! 1.94x10! 4.04 1.44x107!
TCN 1.57x107! 1.54x107! 2.53x10! 3.48 1.92x107!
BiTCN 1.98x107! 1.97x107! 3.12x10! 3.69 1.51x107!
LSTM 2.14x10"! 2.13x107! 3.34x10! 3.76 1.35x107!
NBEATS 1.06x107! 1.05%x107! 1.79x10! 3.95 1.63x107!
NBEATSx 1.06x107! 1.05x107! 1.79x10! 4.10 1.71x107!
GRU 2.16x10~! 2.16x10"! 3.37x10! 3.51 1.53x107!
Informer 2.02x10"! 1.97x107! 3.11x10! 8.45 1.91x107!
TiDE 2.32x10~! 2.14x107! 4.19x10' 3.78 1.28x107!
PatchTST 8.32x1072 7.81x1072 1.36x10! 5.81 1.76x107!
FEDformer 1.65x107! 1.62x107! 2.64x10! 1.11x10! 2.45x10"!
DeepAR 8.27x107! 7.47x107! 7.75x10! 6.09 4.27x107!
TimesNet 1.07x107! 1.03x107! 1.76x10! 1.64x10! 3.71x10"!
SinWaveKAN 1.23x107! 9.52x1072 2.32x10! 1.34x10? 8.11x1072
Opt-EWT-SinWavKAN 6.40x10~2 4.36x1072 9.98 1.35x10? 7.20x1072
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second-best-performing models, such as TCN, NBEATS, and TSMixerx,
which present RMSE values around 3.0 x 10~!. Similarly, the SMAPE
value of 9.39 significantly outperforms competing approaches, whose
SMAPE values remain above 80. These results indicate that the pro-
posed architecture captures complex nonlinear temporal dynamics with
considerably higher precision. Although the training time of 1.29 x 10?
seconds is larger than most baseline models, the inference time of
7.56 x 1072 seconds remains competitive and suitable for real-time
applications. The results suggest that the additional training complexity
enables the model to learn more expressive temporal representations,
resulting in superior forecasting accuracy.

The standalone SinWaveKAN model, without the EWT preprocess-
ing stage, demonstrates competitive predictive performance across
the three hydropower datasets, particularly considering its relatively
simple architectural design based purely on sinusoidal and wavelet-
inspired basis learning. For the FUNDAO dataset, SinWaveKAN achieves
the best overall performance among all baseline models, reaching an
RMSE of 2.70 x 10~!, MAE of 1.68 x 10~!, and SMAPE of 5.74 x 10'%,
clearly outperforming strong competitors such as TCN, NHITS, and
NBEATS.

For the SEGREDQ dataset (see Table 8), the proposed model again
achieves the best overall performance across all error metrics. The
RMSE and MAE values of 6.40x 102 and 4.36 x 1072, respectively, out-
perform strong transformer-based and patch-based models, including
PatchTST and NBEATS, which represent the strongest baselines for this
dataset. The SMAPE value of 9.98 further confirms the robustness of the
proposed model, demonstrating superior relative error performance un-
der varying magnitude scales. The training time of approximately 1.35x
10% seconds is comparable to other high-capacity architectures, while
the inference time of 7.20 x 10~2 seconds is among the fastest meth-
ods, indicating that the model maintains efficient forward propagation
despite its increased representational power.

For the SEGREDO dataset, SinWaveKAN remains competitive, ob-
taining an RMSE of 1.23 x 107! and MAE of 9.52 x 1072, although
slightly inferior to PatchTST and NBEATS, while still maintaining lower
inference time compared to most transformer-based approaches. The
consistency of these results across both FUNDAO and SEGREDQO datasets
highlights the strong generalization capability of the proposed frame-
work.

For the FOZ DO CHAPECO dataset (see Table 9), which exhibits
different temporal patterns and statistical characteristics, the proposed
model continues to outperform all comparison methods in terms of
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RMSE and MAE, achieving values of 4.83 x 1072 and 3.84 x 1072
respectively. The SMAPE value of 2.06 x 10! remains competitive with
the best baseline models, demonstrating reliable relative forecasting
performance. Although certain models, such as NHITS and NBEATS,
achieve competitive SMAPE values, their absolute error metrics remain
significantly higher than those obtained by the proposed method. The
training time remains consistent with the previous datasets, while the
inference time of 5.09 x 10~2 seconds represents the fastest among all
evaluated methods, reinforcing the practical applicability of the model
for operational forecasting environments.

In the more challenging FOZ DO CHAPECO dataset, the standalone
SinWaveKAN model shows reduced accuracy (RMSE of 3.66x10~1), sug-
gesting that highly complex temporal dynamics may require additional
preprocessing or decomposition strategies. These results indicate that
even without signal decomposition, SinWaveKAN is capable of achiev-
ing strong forecasting performance, validating the effectiveness of si-
nusoidal and wavelet-inspired functional representations for learning
temporal patterns.

From a global perspective, the results demonstrate that recurrent
architectures such as RNN, GRU, and LSTM generally present infe-
rior performance across all datasets, indicating limitations in captur-
ing long term temporal dependencies and complex nonlinear inter-
actions present in hydrological time series. Transformer-based mod-
els, including iTransformer, Informer, FEDformer, and PatchTST, pro-
vide improved accuracy but remain less competitive than the pro-
posed approach, suggesting that attention mechanisms alone may not
fully capture the multi-scale temporal structures inherent in reservoir
data. Similarly, convolutional and MLP-based models such as TCN,
NHITS, NBEATS, and TSMixer variants show strong baseline perfor-
mance but consistently fall short of the predictive accuracy achieved
by the proposed architecture.

The results show that the complementarity between sinusoidal and
wavelet components arises from their different roles in time—frequency
representation. Sinusoidal bases are effective for modeling global low-
frequency periodic patterns, while wavelet bases capture localized
high-frequency and transient variations. This creates a functional de-
composition in which each basis represents different signal character-
istics, reducing redundancy and improving approximation efficiency.
Within SinWavKAN, this leads to a more expressive representation
where sinusoidal components model the global structure and wavelets
act as localized corrections.
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Table 9

Comparative analysis for FOZ DO CHAPECO dataset.
Model RMSE MAE SMAPE Training Inference

(%) time (s) time (s)

TSMixer 5.56x10"! 5.34x10"! 4.19x10' 7.89 1.82
iTransformer 2.86x10"! 2.21x10"! 2.04x10' 9.54 2.26x10"!
TSMixerx 3.13x10"! 2.56x10"! 2.31x10! 7.94 1.44x107!
TFT 2.53x10"! 2.09x10"! 1.95x10! 6.37 1.95x107!
VanillaRNN 3.26x107! 2.77x107! 2.45x10! 3.60 1.39x107!
DilatedRNN 4.23x10"! 3.79x10! 3.19x10! 5.76 1.42x107!
NHITS 2.13x10"! 1.71x107! 1.64x10" 4.23 2.03x10"!
TCN 3.49x10~! 2.81x107! 2.47x10! 3.89 1.30x107!
BiTCN 4.54x10"! 4.23x10"! 3.50x10! 4.38 1.97x107!
LSTM 3.46x10~! 3.33x10"! 2.86x10! 3.96 1.57x107!
NBEATS 2.01x107! 1.63x107! 1.57x10! 3.86 1.67x107!
NBEATSx 2.01x10~! 1.63x107! 1.57x10! 3.78 1.93x107!
GRU 2.53x10~! 2.40x10"! 2.16x10! 3.51 1.82x107!
Informer 3.45x10"! 3.12x107! 2.72x10! 8.01 1.67x107!
TiDE 7.06x10"! 5.01x10"! 6.13x10' 3.46 1.87x107!
PatchTST 2.85x10~! 2.39x10"! 2.19x10! 5.27 1.91x107!
FEDformer 3.32x107! 2.67x107! 2.26x10! 6.61 1.68x107!
DeepAR 7.23x107! 6.83x10"! 5.02x10! 4.47 2.16x107!
TimesNet 2.26x10"! 1.78x107! 1.71x10! 1.64x10! 2.32x10"!
SinWaveKAN 3.66x10"! 2.60x10"! 6.93x10! 1.46x10% 6.08x1072
Opt-EWT-SinWavKAN 4.83x1072 3.84x1072 2.06x10' 1.36x10? 5.09x1072

Table 10

Wilcoxon signed-rank test against the best mean model for RMSE.
Compared model Avg. Rank Mean p-value Holm p-value Significant
Opt-EWT-SinWavKAN 1 2.26x107! - - -
TCN 2 2.79%x10"! 1.78x10713 3.73x1071 Yes
MLP 3 2.97x107! 1.54x10712 2.61x10~!! Yes
NBEATS 4 3.04x107! 1.54x10712 2.61x107!! Yes
NBEATSx 5 3.04x10"! 1.54x107"2 2.61x107"! Yes
TSMixerx 6 3.12x10"! 1.54x107"2 2.61x10°!! Yes
NHITS 7 3.25x107! 1.54x107"2 2.61x107!! Yes
TimesNet 8 3.29x107! 1.78x10713 3.73x10~14 Yes
PatchTST 9 3.36x10"! 1.54x107"2 2.61x107"! Yes
TFT 10 3.40x10"! 1.54x10712 2.61x10~!! Yes
TiDE 11 3.82x107! 1.54x10712 2.61x107!! Yes
iTransformer 12 4.48x10"! 1.54x10712 2.61x10~!! Yes
FEDformer 13 4.71x107! 1.78x10713 3.73x10714 Yes
BiTCN 14 5.99x10"! 7.54x10-10 1.51x10~° Yes
Informer 15 6.03x10"! 1.78x10713 3.73x10~14 Yes
TSMixer 16 6.20x10! 1.54x10712 2.61x10~! Yes
DilatedRNN 17 6.76x10"! 1.54x107"2 2.61x107!! Yes
RNN 18 6.99x10"! 1.54x107"2 2.61x107!! Yes
GRU 19 7.15x10"! 1.54x107"2 2.61x107"! Yes
LSTM 20 7.28x107! 1.54x10712 2.61x10~!! Yes
DeepAR 21 8.21x107! 1.54x10712 2.61x10~!! Yes

The benchmarking results confirm that the proposed model pro-
vides superior forecasting accuracy, strong generalization across het-
erogeneous hydrological datasets, and efficient inference performance.
The consistent improvements across multiple evaluation metrics and
datasets indicate that the model effectively captures both local and
global temporal dependencies while maintaining practical computa-
tional efficiency. These findings highlight the robustness and scalability
of the proposed architecture for real-world hydrological forecasting
applications.

5.7. Statistical assessment

Tables 10, 11, and 12 present the results of the Wilcoxon signed
rank test performed to assess the statistical significance of the perfor-
mance differences between Opt-EWT-SinWavKAN and the competing
forecasting models for RMSE, MAE, and SMAPE, respectively. The
analysis shows that the proposed model achieves the best average rank
and the lowest mean error values across all evaluated metrics.

As shown in Table 10, Opt-EWT-SinWavKAN obtains the lowest
RMSE (2.2558 x 10~!) and rank equal to 1, while the second best model
(TCN) presents a considerably higher error (2.7910x 10~1). All pairwise
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comparisons resulted in extremely small p values (ranging from 7.5364x
10710 t0 1.7764x 10~15), and the Holm post hoc correction confirms that
all differences remain statistically significant. These results indicate
that the RMSE improvements provided by the proposed model are
statistically robust.

A consistent behavior can be observed in Table 11, where Opt-EWT-
SinWavKAN again achieves the best rank and the lowest MAE (1.4508 x
10~1). The closest competitor (TCN) shows a substantially higher MAE
(2.4864 x 1071), corresponding to an increase of approximately 71%.
The Wilcoxon test and Holm correction confirm statistical significance
against all compared models, demonstrating that the error reductions
are consistent across different experimental runs.

Similarly, Table 12 shows that Opt-EWT-SinWavKAN achieves the
lowest SMAPE (5.3862 x 10'), while all other models present errors
above 8.1101 x 10!. The associated p values and Holm corrected values
again confirm statistical significance in all comparisons. This confirms
that the proposed model provides superior relative error performance
in addition to absolute error reductions.

From a methodological perspective, these results suggest that the
integration of Empirical Wavelet Transform optimization with the Sin-
WavKAN architecture improves the representation of temporal patterns
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Table 11

Wilcoxon signed-rank test against the best mean model for MAE.
Compared model Avg. Rank Mean p-value Holm p-value Significant
Opt-EWT-SinWavKAN 1 1.45x107! - - -
TCN 2 2.49x10"! 7.49x10-10 2.88x10~° Yes
MLP 3 2.70x10"! 1.54x107"2 2.92x10°!! Yes
TSMixerx 4 2.72x107! 1.54x10712 2.92x10~!! Yes
NBEATSx 5 2.79x107! 1.54x10"12 2.92x107! Yes
NBEATS 6 2.79%x10"! 1.54x107"2 2.92x10°!! Yes
NHITS 7 2.80x10"! 1.54x107"2 2.92x10!! Yes
PatchTST 8 2.88x10"! 1.54x10712 2.92x107!! Yes
TFT 9 3.00x10"! 1.54x107"2 2.92x10°!! Yes
TimesNet 10 3.08x10~! 7.43x10-10 2.88x10~Y Yes
TiDE 11 3.21x10"! 1.54x107"2 2.92x107!! Yes
FEDformer 12 3.91x107! 1.78x10715 3.73x10714 Yes
iTransformer 13 4.01x10! 1.54x10712 2.92x10~1 Yes
Informer 14 5.19x10"! 1.78x10713 3.73x10714 Yes
BiTCN 15 5.25x107! 7.21x10710 2.88x107° Yes
TSMixer 16 5.49x10"! 1.54x107"2 2.92x10°!! Yes
DilatedRNN 17 6.35x10! 1.54x10712 2.92x10~1! Yes
RNN 18 6.37x107! 1.54x10712 2.92x107!! Yes
GRU 19 6.76x10"! 1.54x10712 2.92x10°!! Yes
LSTM 20 6.97x10"! 1.54x107"2 2.92x10!! Yes
DeepAR 21 8.01x10~! 1.54x107"2 2.92x107!! Yes

Table 12

Wilcoxon signed-rank test against the best mean model for SMAPE (%).
Compared model Avg. Rank Mean p-value Holm p-value Significant
Opt-EWT-SinWavKAN 1 5.39x10' - - -
TCN 2 8.11x10! 1.78x10715 3.73x10~14 Yes
TSMixerx 3 8.25x10! 1.54x107"2 2.77x10711 Yes
NHITS 4 8.27x10! 1.54x107"2 2.77x1071 Yes
MLP 5 8.39x10! 1.54x10712 2.77x1071 Yes
NBEATS 6 8.60x10' 1.54x107"2 2.77x107"1 Yes
NBEATSx 7 8.60x10! 1.54x107"2 2.77x10711 Yes
FEDformer 8 9.02x10! 1.78x10713 3.73x1071 Yes
iTransformer 9 9.43x10! 1.54x10712 2.77x10~1 Yes
TimesNet 10 9.81x10! 7.55x10~10 2.25x107° Yes
TFT 11 9.95x10! 1.54x10712 2.77x107!! Yes
Informer 12 9.98x10! 1.78x10713 3.73x10~1 Yes
BiTCN 13 1.01x10? 7.49x10710 2.25x107° Yes
TSMixer 14 1.02x10% 1.54x10712 2.77x107! Yes
TiDE 15 1.07x10? 1.54x10712 2.77x1071 Yes
PatchTST 16 1.08x10? 1.54x107"2 2.77x107"1 Yes
RNN 17 1.09x10? 1.54x107"2 2.77x1071 Yes
DilatedRNN 18 1.11x10? 1.54x107"2 2.77x1071 Yes
GRU 19 1.13x10? 1.54x10712 2.77x10711 Yes
LSTM 20 1.14x10? 1.54x107"2 2.77x10711 Yes
DeepAR 21 1.21x10? 1.54x107"2 2.77x1071 Yes

and reduces forecasting uncertainty. Moreover, the consistency of sta-
tistical significance across RMSE, MAE, and SMAPE indicates that
the performance gains are not metric dependent but instead reflect a
general improvement in predictive capability.

The statistical analysis demonstrates that Opt-EWT-SinWavKAN sig-
nificantly outperforms all evaluated deep learning baselines, including
transformer-based models (Informer, FEDformer, PatchTST, TimesNet,
iTransformer), MLP-based architectures (TSMixer, TSMixerx), and re-
current models (LSTM, GRU, RNN, DilatedRNN, DeepAR). The com-
bination of superior ranking, lower mean errors, and statistically sig-
nificant differences confirms the effectiveness and robustness of the
proposed forecasting framework.

5.8. Limitations

While the proposed SinWavKAN model demonstrates superior per-
formance, some limitations should be acknowledged:

+ Computational Complexity: The combination of EWT denoising,
ATPE hyperparameter optimization, and the hybrid SinWavKAN
architecture results in higher computational costs during train-
ing compared to simpler KAN variants or traditional forecasting

models, which may hinder real-time deployment in resource-
constrained environments.

Interpretability Trade-off: Although KANs are generally more
interpretable than standard deep neural networks, the added
complexity of the hybrid sinusoidal-wavelet basis functions may
obscure clear insights into individual predictive factors compared
to simpler, monotonic models.

Limited Exogenous Variables: The current model focuses on his-
torical volume and inflow data. It does not explicitly incorporate
mid- to long-term exogenous variables such as detailed climate
model outputs, land-use changes, or long-term climate oscillation
indices, which could improve long-horizon forecasts.
Generalization to Extreme Events: While the model handles
normal and high-variability periods well, its performance dur-
ing unprecedented extreme events (e.g., historic floods or mega-
droughts) remains untested, as such events are rarely captured in
historical training data.

6. Conclusion

This paper presents a novel hybrid Harmonic-Multiscale Kolmo-
gorov—-Arnold Network forecasting model, called SinWavKAN, for pre-
dicting the useful volume of hydroelectric dams, a critical variable for
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energy planning and reservoir management. By integrating sinusoidal
expansions for capturing global oscillatory patterns and wavelet bases
for modeling localized, non-stationary dynamics within the Kolmo-
gorov—-Arnold framework, the proposed model achieves an expressive
and interpretable architecture tailored for complex hydrological time
series.

The proposed methodology incorporates EWT as a preprocessing
step to denoise the input signals, effectively isolating informative
modes from noise and enhancing the model’s ability to learn under-
lying trends. Furthermore, hyperparameter optimization via the ATPE
ensures an optimal configuration of harmonic and wavelet components.
Considering the input denoising by EWT and model optimization by
APTE, we called our approach Opt-EWT-SinWavKAN.

Experimental results demonstrate the superiority of the proposed
model over existing KAN-based models across multiple forecasting
horizons and input window sizes. The ablation study confirms the
synergistic effect of combining sinusoidal and wavelet representations,
which together yield the lowest prediction errors (RMSE, MAE, SMAPE)
while maintaining reasonable model complexity. Notably, Opt-EWT-
SinWavKAN exhibited significantly slower error growth with increas-
ing forecast horizons, highlighting its robustness for both short- and
long-term predictions.

This work contributes an innovative, hybrid KAN architecture that
effectively addresses the challenges of non-stationarity, multiscale dy-
namics, and noise in hydroelectric reservoir volume forecasting. The
proposed framework not only advances the state-of-the-art in time
series forecasting for energy systems but also offers a flexible, in-
terpretable modeling approach applicable to other domains involving
complex temporal dependencies. Future research may explore extend-
ing Opt-EWT-SinWavKAN to multivariate forecasting, integrating exter-
nal climatic variables, and deploying the model in real-time reservoir
management systems.
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