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ABSTRACT Accurate photovoltaic (PV) power forecasting remains challenging due to nonlinear dynamics,
rapid weather variations, and multi-scale temporal dependencies. This paper proposes ConvChebyKAN,
a hybrid deep learning architecture that integrates multi-scale causal convolutions, Chebyshev polynomial
parameterized Kolmogorov Arnold networks (KANs), and conformal prediction to improve both
deterministic and probabilistic forecasting performance. The multi-scale convolutional module captures
short-term fluctuations and long-term temporal dependencies, while the Chebyshev-based KAN improves
nonlinear representation capability and numerical stability. A multi-objective hyperparameter optimization
strategy based on Pareto efficiency and TOPSIS ranking is used to jointly optimize forecasting accuracy,
prediction interval sharpness, and coverage reliability. The model is evaluated using real photovoltaic
generation and meteorological data from four seasonal datasets and forecasting horizons from 1 to 48 hours
ahead. ConvChebyKAN reaches an MAE of 149.13 kWh, RMSE of 227.34 kWh, R2 of 98.2%, and sMAPE
of 6.21%, outperforming KAN and other machine learning models. These results show that the proposed
architecture effectively captures multi-scale temporal patterns while providing reliable uncertainty estimates,
supporting PV forecasting applications in power system operation and energy management.

INDEX TERMS Conformal prediction, deep learning, Kolmogorov-Arnold networks, multi-objective
optimization, photovoltaic power forecasting.

I. INTRODUCTION
The increasing penetration of photovoltaic (PV) generation
has amplified the operational challenges associated with its

The associate editor coordinating the review of this manuscript and

approving it for publication was Jolanta Mizera-Pietraszko .

inherent variability, motivating the development of accurate
and reliable short-term forecasting methods [1]. Although
forecasting performance has improved substantially in recent
years, PV generation remains difficult to predict due to
the combination of smooth diurnal cycles and abrupt,
short-lived fluctuations caused by rapidly changing weather
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conditions. These dynamics require models capable of
capturing multi-scale temporal behavior while remaining
robust to noise and inconsistent atmospheric patterns [2].

Standard machine learning (ML) and deep learning (DL)
models, including neural networks [3], convolutional [4],
transformer [5], and other models, provide strong base-
lines, yet often face persistent limitations. First, many
architectures struggle to simultaneously learn long-term
diurnal structure and sharp local transients, leading to
error accumulation across forecasting horizons [6]. Second,
models that rely solely on fixed activation functions or
spline-based parameterizations may become numerically
unstable or overly smooth under noisy PV measurements.
Also, uncertainty quantification is frequently treated as a
separate task, resulting in unreliable or poorly calibrated
prediction intervals that limit practical use in grid operation
and energy management [7]. Ahmad et al. [8] highlight that
the use of artificial intelligence (AI) models can significantly
improve the accuracy of solar irradiance forecasts. This
enables more efficient operation of PV systems, reducing
waste and increasing grid reliability. Recently,Wang et al. [9]
proposed a physics-informed neural network with tempera-
ture correction to improve PV power prediction under varying
meteorological conditions.

These gaps motivate the need for a unified forecasting
framework that combines expressive functional approxima-
tion, efficient multi-scale feature extraction, and principled
interval calibration. To address this challenge, this study
proposes a hybrid model named Convolutional Cheby-
shev Kolmogorov-Arnold network (ConvChebyKAN) that
integrates causal multi-scale convolutions with a flexible
Kolmogorov-Arnold network (KAN) and a Chebyshev-
parameterized essence. The convolution module processes
lagged PV power and meteorological variables (clouds,
irradiance, temperature, and wind) over multiple window
lengths to capture both rapid fluctuations and longer trends
using historical data, while the functional-approximation
layers represent broader nonlinear patterns with improved
numerical stability [10].
KAN enhances standardmultilayer Perceptrons (MLPs) by

replacing fixed activation functions with learnable, univariate
spline operators along the edges [11]. This architectural shift
leverages the Kolmogorov-Arnold theorem to offer a superior
function approximation, leading to models that are often
more compact, achieve comparable accuracy, and possess
inherent interpretability due to the direct visualization of
each univariate function [12]. Previous work has examined
KAN for nonlinear regression, surrogate modeling [13],
and time-series forecasting in general [14], while only a
few studies have applied it to PV power forecasting [15],
[16], Chebyshev-parameterized variants, in particular, remain
unexplored.

While KAN offers strong nonlinear approximation capa-
bilities, its direct application to time-series forecasting
remains limited due to the lack of mechanisms for
hierarchical temporal feature extraction. The proposed

ConvChebyKAN architecture addresses this limitation by
integrating causal multi-scale convolutions with Chebyshev-
parameterized functional mappings, enabling simultaneous
modeling of short-term fluctuations and long-term diurnal
dynamics.

ConvChebyKAN combines multi-objective hyperparam-
eter optimization with uncertainty quantification through
conformal prediction, building 90% reliable prediction
intervals on a training set. The optimization minimizes
the mean absolute error (MAE) of validation and the
prediction interval metrics’ width and absolute coverage
error, filtering candidate configurations through a Pareto set
and ranking them with the TOPSIS to balance accuracy,
interval narrowing, and coverage.

Data from a Brazilian PV plant are used, covering four
seasons and six forecast time horizons from 1 to 48 hours
ahead. ConvChebyKAN is compared with ML and DL
models, and forecast performance is evaluated using MAE,
mean squared error (RMSE), coefficient of determination
(R2), and symmetric mean absolute percent error (sMAPE),
while uncertainty quantification is assessed using forecast
interval sharpness and marginal coverage.

The main contributions of this study are summarized as
follows:

• Proposal of a hybrid forecasting model that integrates
multiscale causal convolutions with a Chebyshev-
parameterized KAN, called ConvChebyKAN, enhanc-
ing the model’s ability to jointly capture smooth diurnal
behavior and rapid transient fluctuations in PV energy
forecasting.

• Development of a functional structure possible by
Chebyshev parameterization, which mitigates the prob-
lems of numerical instability and excessive smoothing
commonly observed in traditional deep neural networks
and spline-based activation schemes.

• The use of a multi-objective learning strategy and
model selection based on Pareto efficiency and TOPSIS
classification allows balanced optimization of determin-
istic accuracy, interval sharpness, and coverage across
multiple forecast horizons.

• A principled distribution-free interval estimation
approach using split conformal prediction to generate
well-calibrated prediction intervals, ensuring reliable
coverage under diverse irradiance conditions.

• A seasonal and multihorizon evaluation, demonstrating
that the ConvChebyKAN model delivers improvements
in performance metrics relative to established ML and
DL baselines.

• Analysis of horizon-dependent forecasting behavior
across four distinct seasonal regimes, revealing per-
formance degradation patterns and identifying horizon
ranges where hybrid architectures outperform other
forecasting methods.

Thus, this study addresses three persistent challenges in
PV forecasting: (i) capturing multi-scale temporal dynamics,
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(ii) ensuring numerical stability in functional neural architec-
tures, and (iii) producing calibrated uncertainty estimates.

The remainder of this paper is organized as follows.
Section II reviews related work concerning PV forecasting
using ML, hybrid, and ensemble models. Next, Section III
details the proposed methodology, which covers the data,
the models, and the multi-objective conformal framework.
Section IV then presents the numerical results and offers
a comparative analysis. To conclude, Section V provides a
synthesis of our results and implications.

II. RELATED WORKS
This section reviews recent advances in PV power fore-
casting, emphasizing comparative evidence across modeling
paradigms. The literature is organized into four main
categories: (i) ML, (ii) DL, (iii) hybrid and ensemble models,
and (iv) probabilistic and multi-objective forecasting. This
structure highlights recurring methodological limitations and
clarifies how the proposed model builds upon and extends
existing work.

ML models, such as support vector machines (SVMs)
[17], artificial neural networks (ANNs), and tree-based
ensembles [18], established the foundation for nonlinear
PV forecasting. SVM and ANNs components have been
integrated with sky-imaging techniques to mitigate weather-
driven variability [19], while decision-tree ensembles have
been applied to ultra-short-term irradiance forecasting with
fast retraining and feature selection [20]. Physics-informed
strategies combining ML models with simplified physical
representations have also demonstrated consistent benefits
for multi-day horizons [21]. Although effective under stable
weather conditions, these approaches often struggle with
rapid transients and exhibit limited capacity to model
long-range dependencies-issues that motivated the transition
toward DL-based architectures.

DL models have advanced PV forecasting by capturing
richer temporal patterns and integrating exogenous meteo-
rological signals [22]. Convolutional neural network (CNN)
models have been used to extract sky-image features for
short-term forecasting [23], while recurrent neural network
(RNN) and long short-term memory (LSTM) architec-
tures have proven effective for medium- and long-term
horizons, including monthly forecasting across multiple
sites [24]. Gated recurrent unit and extreme gradient boosting
(GRU-XGBoost) hybridization has shown improvements in
multi-day hourly forecasting [25].
Specialized CNN variants, such as SolarNet [26], incor-

porate parallel pooling to enhance robustness across seasons.
Studies comparing a range of statistical and DL models [27]
show that DL methods generally outperform classical base-
lines, but performance remains sensitive to the choice of
horizon, input composition, and irradiance regime. Despite
these gains, deep networks may oversmooth fine-scale
fluctuations or require careful architectural tuning to avoid
overfitting and numerical instability gaps thatmotivate hybrid

designs integrating multiscale feature extraction and more
flexible nonlinear approximators.

Hybrid models combine complementary forecasting com-
ponents to better handle the multi-scale nature of PV data.
LSTM combinedwith a discrete greymodel has been used for
day-ahead forecasting under non-ideal conditions [28], while
CNN-LSTM ensembles have been applied to multi-dataset
irradiance prediction [29]. Autoregressive integrated moving
average [30] (ARIMA) with ANN hybrids have shown gains
in daily radiation forecasting [31]. More recent architectures
combine LSTMwith temporal convolutional networks (TCN)
to capture both long- and short-term dynamics [32]. Bi-
LSTM ensembles incorporating weather, panel characteris-
tics, and spatiotemporal interactions have been proposed for
short- and long-term prediction [33]. Hybrid models that
decompose signals before forecasting, such as variational
mode decomposition (VMD) [34] or adaptive mode decom-
position withML optimization [35] show strong performance
by separating smooth and oscillatory components.

Recent studies emphasize the role of hybrid and
ensemble architectures in advancing PV power forecast-
ing. Hybrid recurrent-convolutional models such as the
ensemble-optimized BiGRU of Dai et al. [36] combine
feature selection, attention mechanisms, and bagging to
improve short-term accuracy across sites with differing envi-
ronmental profiles. Multimodal ensemble strategies further
reinforce this trend: Ma et al. [37] demonstrate that com-
bining meteorological variables, all-sky imagery, and power
measurements within a stacked ensemble enhances ultra-
short-term prediction performance. Multi-scale frameworks,
including physics-constrained decomposition models [38]
and wavelet-informed Transformer architectures [39], lever-
age structured temporal representations to enhance stability
under variable irradiance. However, these hybrid and multi-
scale approaches often require complex coordination between
multiple components and still lack a unified framework
capable of jointly capturing multiscale temporal structure,
nonlinear expressiveness, and uncertainty characterization.

Ensuring reliable performance under rapidly changing
atmospheric conditions remains an important challenge, even
as the previous studies primarily generate deterministic
forecasts. Ensemble aggregation [36], [37] provides partial
robustness by reducing sensitivity to noise, missing informa-
tion, and localized disturbances, while decomposition-based
architectures [38] and wavelet-Transformer hybrids [39]
improve stability by isolating scale-specific components and
clarifying the influence of meteorological drivers. Yet these
methods address uncertainty only implicitly and do not yield
calibrated uncertainty sets. This limitation motivates the
integration of post-hoc, distribution-free techniques, such as
conformal prediction, which can complement deterministic
forecasting architectures with adaptive and valid uncertainty
intervals without modifying their internal structure.

Multi-objective optimization has emerged as a com-
plementary direction: PV forecasting systems optimized
for Pareto tradeoffs have shown improved accuracy and
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robustness across horizons [34], while energy manage-
ment studies incorporate ML-based forecasting into cost-
optimization frameworks [40]. Despite these advances, most
probabilistic or multi-objective methods treat uncertainty
estimation as a separate post-processing step rather than
integrating it into the forecasting architecture.

Based on previous literature, it is noted that forecast
accuracy improves with models that explicitly capture non-
linear temporal dynamics, integrate multiscale information,
or combine complementary learning modules. However,
existing approaches generally face limitations such as
(i) difficulty in modeling smooth diurnal cycles and abrupt,
short-duration transients in a single architecture, (ii) limited
numerical flexibility of deep networks, which often rely on
fixed activation functions or spline-based parameterizations
with stability constraints, and (iii) uncertainty quantification
treated as an external component, leading to inconsistent or
poorly calibrated forecast intervals.

Motivated by these gaps, the present study proposes
a unified forecasting model that integrates multiscale
causal convolutions, a Chebyshev-parameterized KAN, and
a multi-objective conformal forecasting framework. The
hybrid model ConvChebyKAN aims to provide stable,
interpretable, and accurate deterministic forecasts, offering
uncertainty estimates across different horizons and seasonal
regimes.

III. MATERIALS AND METHODOLOGY
This section presents the methodological framework adopted
for PV energy forecasting. It covers the complete workflow,
including data acquisition and preprocessing, with emphasis
on outlier treatment and data normalization, followed by
the feature selection procedure. The theoretical basis and
experimental design of the proposed model are then detailed,
and the benchmark models used for comparative evaluation
are introduced.

A. DATA ACQUISITION AND EXPLORATORY DATA
ANALYSIS
The subsections that follow detail the data preparation
procedures adopted in this study. The characteristics of the
data sources are first described to contextualize the dataset,
followed by the data-cleaning steps used to ensure integrity
and consistency. Subsequently, all variables are standardized
through z-score scaling to place them on a comparable scale,
and a feature selection strategy based on the φK correlation is
applied to identify the most informative predictors for model
development.

This study uses an original time-series dataset from the
PLIN Energia solar plant in Loanda, Paraná, Brazil (latitude
−22.90835◦, longitude −53.112785◦; elevation 495 m),
whose geographic position is shown in Figure 1, with the
red marker indicating the plant’s exact location. The plant
consists of five 1 MW lots, with a total inverter capacity
of 5 MW and an installed capacity of 6.65 MWp, comprising
16 400 PV modules rated at 400 W each.

FIGURE 1. Geographical location of the PLIN solar plant.

Measurements were collected at 1-minute frequency from
December 21, 2021, to December 20, 2022. The record
is segmented into summer, autumn, winter, and spring,
with 90, 91, 94, and 89 days, respectively. Daily analysis
is restricted to 06:00-18:00 to ensure consistent diurnal
coverage. Seasonal sample counts are 1,080 (summer), 1,104
(autumn), 1,128 (winter), and 1,068 (spring). Series were
resampled to 1-hour intervals to facilitate analysis while
preserving diurnal structure.

Plant-side variables comprise PV power (kWh) and panel
temperature (◦C). Meteorological exogenous variables were
obtained from the Open-Meteo Historical Weather API
(Application Programming Interface) and time-aligned to the
plant measurements at matched timestamps (Loanda, PR).
The weather set includes relative humidity (2 m), cloud
cover, wind gusts (10 m), wind speed (10 m), air temperature
(2 m), and shortwave radiation (global horizontal irradiance).
All variables were concatenated into a single time-aligned
dataset. The overview of the plant is shown in Figure 2.

FIGURE 2. Aerial view of the PV arrays of the PLIN solar plant.

Table 1 presents the descriptive statistics of PV power gen-
eration and associated meteorological variables across four
seasons. Each dataset includes global horizontal irradiance
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TABLE 1. Descriptive statistics of seasonal environmental and PV power variables.

(GHI), panel temperature (Tpanel), air temperature (Tair ),
wind speed (WS), wind gusts (WG), and relative humidity
(RH). The seasonal samples range from 1,068 to 1,128
observations. Results show that spring exhibits the highest
mean PV power (2,741.54 kWh), while summer presents the
highest irradiance (584.47 W/m2), corresponding to elevated
panel and air temperatures. In contrast, autumn presents the
lowest irradiance and PV output, while winter demonstrates
slightly higher wind speeds and gusts, indicating greater
atmospheric turbulence. Relative humidity remains within
moderate ranges, approximately 55.23-63.50%, throughout
the year, with minimal skewness and kurtosis, suggesting
near-normal distributions.

GHI exhibits a distinct seasonal pattern, reaching its
maximum during summer, mean of 584.47 W/m2, followed
by spring, 563.50 W/m2, while autumn and winter present
substantially lower and comparable averages, 393.67 and
392.36 W/m2, respectively. The mean PV power generation
mirrors this trend, attaining its highest values in spring
and summer, 2,741.54 and 2,639.98 kWh, respectively,
and declining during winter and autumn to 2,466.24 and
2,376.03 kWh. The slightly reduced PV output in summer
compared to spring is consistent with the higher average
module temperature observed in this period, 45.48 ◦C in
summer versus 40.08 ◦C in spring, which negatively affects
conversion efficiency. The variability of these parameters
also reflects the seasonal regimes, GHI has its largest
standard deviation in summer, 298.81 W/m2, whereas PV
power output shows greater variability in autumn and
winter, 1,645.79 and 1,587.96 kWh, respectively, with

summer displaying comparatively more stable generation
levels.

Wind conditions have marked seasonal variability, inten-
sifying during the colder months and weakening in summer.
Relative humidity reaches its maximum in autumn, 63.50%,
and minimum in winter, 55.23%. The statistical distributions
of PV power, global horizontal irradiance, and temperature
are generally mildly left-skewed with light tails and negative
kurtosis, while RH exhibits positive skewness across all
seasons. Near-zero minimum values of GHI and PV power
during autumn and winter indicate the occurrence of daytime
periods with very low solar irradiance under overcast condi-
tions. Overall, the data highlight clear seasonal dependencies
between irradiance, temperature, and PV power generation,
confirming that thermal and radiative effects significantly
influence PV performance and system efficiency.

The ridgeline plots in Figure 3 visualize the seasonal
probability distributions of all variables, complementing
the descriptive statistics presented previously. Rather than
summarizing central tendencies, these density curves reveal
the spread, multimodality, and distributional shifts that
characterize each season, providing additional insight into the
variability of irradiance, temperature, wind conditions, and
PV output.

For PV power and GHI (Figures 3a and 3b, respectively),
spring displays a distinct concentration of higher values,
reflecting the combination of clear-sky conditions and
moderate temperatures that support efficient energy conver-
sion. Summer shows a wider distribution of values because
highmodule temperatures reduce the efficiency of PV energy,
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FIGURE 3. Ridgeline density plots of the seasonal distributions for: (a) PV power, (b) GHI, (c) wind gust, (d) wind speed, (e) relative humidity, (f) panel
temperature, and (g) air temperature.

and the daily irradiance fluctuates more strongly, leading
to greater dispersion in the PV power. The air and panel
temperature distributions (Figures 3g and 3f, respectively)
reflect this behavior, with summer showing an extended
range towards higher temperatures and reduced cooling.
Winter remains limited to lower temperatures because weaker
sunlight and colder ambient air constrain thermal conditions.

Wind speed and gusts (Figures 3d and 3c, respectively)
shift to higher and more variable values in winter, consistent
with the more active weather patterns of the cold season,
when stronger pressure gradients and frontal passages
increase wind intensity. In summer, both variables remain
concentrated at low values due to calmer and more stable
atmospheric conditions. Relative humidity (Figure 3e) shows
a wider distribution in autumn, consistent with frequent
transitions between warm and cold air masses, while winter

presents a narrower range at lower humidity levels because
colder air retains less water vapor.

1) DATA CLEANING
Outliers were detected using the interquartile range (IQR)
method applied independently to each hour of the day. For
a given hour h, the first and third quartiles computed over the
trainingwindow are denoted asQ1(h) andQ3(h), respectively,
with

IQR(h) = Q3(h) − Q1(h). (1)

Observations at hour, h, were flagged as outliers when
xt < Q1(h) − 1.5,IQR(h) or xt > Q3(h) + 1.5IQR(h).
Detected outliers were removed and replaced with the hour-
of-day mean computed on the training split, preserving the
typical diurnal profile while repairing isolated anomalies.
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2) NORMALIZATION
To normalize the data, all variables were scaled using the
z-score defined by

zt =
xt − µ

σ
, (2)

where µ and σ are the mean and standard deviation,
respectively, estimated on the training split for each variable
individually.

3) FEATURE SELECTION
The correlation (φK ) is employed as the ranking criteria for
feature selection [41], motivated by the need to go beyond the
limitations of the standard Pearson correlation, which mea-
sures the strength of linear relationships, often insufficient
for capturing the complex, non-linear dependencies inherent
in PV power generation [42]. For each candidate predictor Xj
(with j indexing all predictors) and the target variable Y , the
relationship is represented through an r×c contingency table
constructed using adaptive binning for continuous variables.
Given a sample size n, the observed Pearson chi-square
statistic χ2

obs, and the corresponding independence (bias-
corrected) term χ2

ind, the φK value is derived accordingly.

φK (Xj,Y ) =

√
max

(
0, χ2

obs − χ2
ind

)
nmin(r − 1, c− 1)

, (3)

where r and c are the numbers of bins/categories for Xj and
Y , respectively, and min(r − 1, c− 1) is the effective degrees
of freedom.

Figure 4 presents the φK correlation matrices by season,
illustrating the degree of association between meteorological
parameters and PV power generation. The selected predictors
were GHI, module, and air temperatures (Tpanel, Tair), wind
speed and gusts (WS, WG), and relative humidity (RH). The
following predictors: global radiation, cloud-cover fraction,
surface pressure, and precipitation were also evaluated but
removed due to redundant associations.

In Spring, PV relates most to Tpanel at 0.846 with GHI close
at 0.820, and WG reaches 0.687, indicating meaningful wind
effects in this season. In Summer, GHI leads at 0.879 while
Tpanel is 0.842 and RH and Tair rise to 0.666 and 0.677,
pointing to stronger atmospheric modulation when irradiance
is high. In Autumn, Tpanel is 0.814, and GHI is 0.804,
a narrow gap that suggests thermal and irradiance drivers
are nearly balanced as conditions cool. In Winter, Tpanel
is 0.864 and GHI is 0.852, and WS climbs to 0.703, the
seasonal maximum, highlighting that wind contributes more
variance alongside the core irradiance-temperature pair in
cold conditions.

B. PROPOSED MODEL ConvChebyKAN
The forecasting stage is structured around the proposed
ConvChebyKAN architecture, which constitutes the central
contribution of this study and is presented in detail in
the following subsection. To provide a comprehensive

performance assessment, a diverse set of comparative fore-
casting models is additionally employed, spanning linear
regularized regressors, ensemble-based learners, and state-
of-the-art deep-learning approaches. ConvChebyKAN is
formulated as an extension of the KAN. For completeness,
the original KAN formulation is presented first to estab-
lish the mathematical structure upon which the proposed
architecture is developed. The subsequent subsection details
the modifications introduced in ConvChebyKAN, including
the incorporation of causal multi-scale convolutions and the
replacement of spline-based edge functions with Chebyshev
polynomial parameterizations.

KANwas proposed by Liu et al. [43], which has its founda-
tion in the Kolmogorov-Arnold representation theorem [44],
[45] stating that any multivariate continuous function can be
decomposed into a sum of univariate continuous functions.
KANs represent an appropriate alternative to traditional
MLPs and their variants, offering wide-ranging application
potential in tasks like time-series forecasting [46], [47], [48],
[49], [50]. Mathematically, the Kolmogorov-Arnold repre-
sentation theorem can be expressed as an approximation [51]:

f (x1, x2, x3, . . . , xn) =

2n+1∑
q=1

φq

 n∑
p=1

ϕq,p(xp)

 , (4)

where each φq : R → R and ϕq,p : [0, 1] → R is
a continuous univariate function that maps input variables
into a result through a sum of simpler continuous functions.
The expression

∑n
p=1 ϕq,p(xp) shows how the univariate

functions are combined. The quantity of these univariate
functions is inherently limited by the number of input
features. Specifically, for a model with n input features,
only 2n + 1 univariate functions are required to accurately
represent a continuous function.

Liu et al. [43] expanded the Kolmogorov-Arnold repre-
sentation to networks of arbitrary depth. This representation
is extended by composing the outer functions φq with the
inner functions ϕq,p across layers. The network architecture
is defined by an integer array [n0, n1, . . . , nL], where nL
represents the number of neurons in the L-th layer. Each layer
transforms an input vector xl ∈ Rnl into an output vector
xl+1 ∈ Rnl+1 :

xl+1 =

 ϕ1,1,l · · · ϕ1,nl ,l
...

. . .
...

ϕnl+1,1,l · · · ϕnl+1,nl ,l

 xl . (5)

The function matrix for each layer l is designated as 8l ,
with

8l =

 ϕl,1,1(·) · · · ϕl,1,nl (·)
...

. . .
...

ϕl,nl+1,1(·) · · · ϕl,nl+1,nl (·)

 . (6)

In each l-th layer, the activation value of a neuron in the
following layer is computed as the sum of the post-activation
values from the previous layer. This hierarchical composition
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FIGURE 4. φk correlation matrices by season.

allows KAN to approximate complex multivariate functions
via a sequence of recursive operations. The overall mapping
can be written compactly as

KAN(x) =
(
8L−1 ◦ 8L−2 ◦ · · · ◦ 80

)
x. (7)

The mathematical description of the layerwise aggregation
follows:

f (x) =

nL∑
iL=1

φiL

(
x(L)iL

)
, (8)

where every intermediate scalar activation x(L)iL is generated
recursively by summing nonlinear transformations applied to
outputs from the prior layer:

x(L)iL =

nL−1∑
iL−1=1

ϕL−1,iL ,iL−1

(
x(L−1)
iL−1

)
. (9)

In the original implementation of KAN [43], each layer
combines spline functions (piecewise polynomials) with
sigmoid linear unit (SiLU) activations, enabling adaptable
function approximation. A general L-layer KAN can be
expressed elementwise as

xl+1,j =

nl∑
i=1

φl,j,i
(
xl,i

)
, (10)

where φl,j,i are spline-based univariate activation functions
defined along the edges. These layer-by-layer transforma-
tions generate the final output.

Figure 5 illustrates a schematic of the KAN architec-
ture, which incorporates the layered transformation process
outlined earlier. Each level in the KAN framework applies
learnable, spline-based functions to inputs, replacing fixed
weights with adaptable nonlinear mappings. This enables
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FIGURE 5. Structural overview of the KAN architecture.

KANs to approximate complex, nonlinear functions by
capturing intricate dependencies across multiple levels.

The hybrid ConvChebyKAN model proposed in this
study extends the spline-based KAN architecture through
two targeted enhancements for time-series forecasting.
First, a causal multi-scale one-dimensional convolutional
(Conv1D) front-end is introduced to extract hierarchical
temporal representations from the input sequence while
strictly enforcing causality, ensuring that predictions depend
exclusively on past observations. Second, the spline-based
functional mappings within the KAN backbone are refor-
mulated using a Chebyshev polynomial parameterization.
This substitution leverages the orthogonality and favorable
conditioning of the Chebyshev basis to mitigate numeri-
cal instabilities and overfitting commonly associated with
spline interpolation. The additive compositional structure
inherent to the KAN framework is preserved, allowing
ConvChebyKAN to maintain its theoretical expressiveness
while improving robustness, stability, and generalization
performance.

Let xt ∈ RF be the vector of F exogenous variables
at time t , and define the length-L lag window X t−L+1:t =

[xt−L+1, . . . , xt ] ∈ RL×F . The Conv1D front end stacks R
strictly causal temporal convolutions along the time axis of
X t−L+1:t . Each block uses a kernel of length k and a dilation
d , with causality enforced by prefixing d(k− 1) zeros so that
indices beyond time t are never accessed. A generic update at
time t can be written as

ht =
k−1∑
i=0

W ixt−id + b,with d(k−1) zeros padded at the start,

(11)

whereW i and b are learnable parameters. Multi-scale recep-
tive fields arise from using multiple (kr , dr ) configurations,
enabling the model to capture both smooth diurnal dynamics
and sharp high-frequency fluctuations.

In the backbone, each KAN edge function is reparameter-
ized using Chebyshev polynomials of the first kind. Let Ts(u)
denote the polynomials defined on [−1, 1] with

T0(u) = 1, T1(u) = u, Ts+1(u) = 2uTs(u) − Ts−1(u).
(12)

Each univariate mapping takes the form

φℓ,j,i(xℓ,i) =

m∑
s=0

aℓ,j,i,sTs
(
αℓ,ixℓ,i + βℓ,i

)
, (13)

where the coefficients aℓ,j,i,s and scaling parameters
(αℓ,i, βℓ,i) are learned. The Chebyshev expansion improves
conditioning, avoids knot selection, and reduces sensitivity
to boundary behavior.

Figure 6 presents the full ConvChebyKAN architecture,
showing the lagged inputs, causal convolutional pathways,
and the Chebyshev-parameterized KAN backbone. In sum-
mary, ConvChebyKAN preserves the functional design of
KAN while introducing multi-scale causal convolutions and
a polynomial reparameterization that improves numerical
stability and forecasting performance.

C. BASELINE MODELS
For comparative evaluation, a set of established forecasting
models is employed to contextualize the performance of
the proposed ConvChebyKAN architecture. The benchmark
group includes the KAN [43], [44], [45], [46], [47], [48],
[49], [50], [51], used here as the principal nonlinear reference
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FIGURE 6. Structural overview of the ConvChebyKAN architecture.

due to its functional-compositional formulation. In addition,
classical linear models such as Ridge regression [52] and
LASSO [53] are considered to assess the contribution of reg-
ularization and sparsity in high-dimensional predictor spaces.
Ensemble-based approaches [54], including AdaBoost are
incorporated to capture nonlinear relationships through
boosted decision structures. An MLP is used as a baseline
neural estimator, providing a generic nonlinear counterpart
devoid of explicit temporal modeling.

To represent state-of-the-art deep-learning architectures
for time-series forecasting, the evaluation further includes
neural hierarchical interpolation for time series (NHITS)
[55], [56], [57], which combines hierarchical multi-rate
processing, and patch time series transformer (PatchTST) [3],
[58], a transformer-based model leveraging patch tokeniza-
tion to capture long-range temporal dependencies.

D. PERFORMANCE METRICS
The selection of the optimal forecasting model was guided by
MAE, and after three other statistical performance indicators,
including RMSE, R2, and sMAPE were evaluated [59].
The MAE is defined as:

MAE =
1
n

n∑
t=1

|ŷt − yt |. (14)

where n denotes the total number of test predictions, y and ŷ
are the observed and forecast PV power, respectively, and ȳ
denotes the sample mean of the test set. This metric quantifies
the average absolute forecast deviation, expressed in the
original units of PV power, providing a directly interpretable
measure of error magnitude [60]. In contrast to squared-error

metrics, MAE is less sensitive to infrequent, extreme forecast
errors.

The RMSE is given by:

RMSE =

√√√√1
n

n∑
t=1

(ŷt − yt )2. (15)

By squaring the errors prior to averaging, RMSE
assigns a disproportionately higher weight to larger devia-
tions. This property is advantageous in applications where
high-magnitude errors are associated with significant oper-
ational costs or safety risks [61]. RMSE is reported in the
original units, facilitating direct comparison with physical
system tolerances [42].
The R2 is calculated as:

R2 = 1 −

∑n
t=1(ŷt − yt )2∑n
t=1(yt − ȳ)2

. (16)

This statistic represents the proportion of variance in
the observed data explained by the forecasts. It permits
scale-free comparison across different datasets or forecasting
contexts. Note that R2 values can be negative, indicating
that the model’s predictive performance is inferior to that of
a simple mean predictor. This can occur during prolonged
low-variance periods or when forecasts are systematically
biased.

The sMAPE is defined as:

sMAPE =
100%
n

n∑
t=1

|ŷt − yt |
(|yt | + |ŷt |)/2

. (17)

sMAPE expresses the forecast error as a percentage, nor-
malized by the average of the observed and predicted values.
This scale-invariance allows for meaningful comparisons
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across time series of differingmagnitudes. In practice, a small
constant ε > 0 is often added to the denominator to ensure
numerical stability when both |yt | and |ŷt | are near zero.

E. PREDICTIVE UNCERTAINTY METRICS
Split conformal prediction [62] is applied to the disjoint
calibration set. The nonconformity scores are defined as the
absolute residuals:

st = |yt − ŷt |, (18)

where yt denotes the observed value and ŷt the corresponding
point forecast at time t . The conformal radius q̂0.10 is then
estimated as the empirical 0.90 quantile of the nonconformity
scores {st } computed over the calibration set. Prediction
intervals (PI) for a new forecast ŷτ are constructed as:

PIτ = [ŷτ − q̂0.10, ŷτ + q̂0.10], (19)

This procedure preserves the original point forecasts and,
under the assumption of exchangeability between future
observations and the calibration sample, guarantees marginal
coverage at the nominal level in finite samples.

To evaluate the interval forecasts, the statistical properties
of the prediction intervals are assessed. Let Ct = [Lt ,Ut ]
denote the prediction interval generated at time t , where Lt
and Ut represent the lower and upper bounds, respectively.
The marginal coverage (MC) quantifies the empirical proba-
bility that the true observation falls within its corresponding
prediction interval:

MC =
1
n

n∑
t=1

I{yt ∈ Ct }, (20)

where I{·} denotes the indicator function, yt is the true
observation at time t , and n is the total number of
observations. This metric evaluates the statistical calibration
of the uncertainty quantification. The model is considered
well-calibrated when its marginal coverage approximates the
nominal confidence level α (e.g., α = 0.9 for 90% coverage)
[63].

The average sharpness (AS) measures the mean width of
the prediction intervals:

AS =
1
n

n∑
t=1

(Ut − Lt ), (21)

where Ut and Lt are defined as above. Sharpness character-
izes the precision of the predictive uncertainty, with narrower
intervals indicating more precise predictions [64]. For a fixed
coverage level, intervals with smaller widths are preferred
as they convey more actionable information. Consequently,
coverage and sharpness metrics should be evaluated jointly
to characterize the fundamental trade-off between reliability
and precision in conformal prediction frameworks.

The miscoverage for the nominal 90% coverage level is
defined as:

Miscoverage0.90 =
∣∣MCcal

− 0.90
∣∣. (22)

The MCcal represents the empirical marginal coverage
computed over all calibration points under the one-step-
ahead forecasting scheme. To obtain a more granular and
lower-variance estimate of the residual distribution on the
calibration set, forecasts are generated using a one-step-
ahead strategy with fully overlapping origins. This ensures
that every timestamp in the calibration set contributes to the
collection of nonconformity scores {st }.

In the multi-objective hyperparameter tuning pro-
cess, the prediction-interval metrics, specifically AS and
Miscoverage0.90, are evaluated over the entire calibration set
simultaneously. This design stabilizes the estimation of the
conformal quantile q̂0.10 and yields more precise estimates of
both marginal coverage and interval width. While this one-
step-ahead calibration prioritizes the stability of the empirical
quantiles, it should be noted that error accumulation at longer
horizons may influence the reported marginal coverage
values, making horizon-specific conformal calibration a
relevant direction for future research.

F. EXPERIMENTAL SETUP
The input signals include lagged PV power and, when
applicable, time-aligned lagged meteorological exogenous
variables previously mentioned. The baseline machine-
learning models: AdaBoost, LASSO, Ridge, and MLP,
together with PatchTST and NHITS, are trained in a univari-
ate configuration using only lagged PV power. In contrast,
KAN and ConvChebyKAN use multivariate inputs that
combine lagged PVpowerwith the exogenous variables listed
in Table 1.
This configuration aligns with the modeling paradigms

commonly adopted in the literature for these respective
architectures. The baseline models are employed to estab-
lish performance benchmarks by capturing autoregressive
temporal dependencies from historical lags. Conversely, the
KAN-based architectures are leveraged specifically for their
capacity to interpret sequential complex, high-dimensional
interactions between PV power generation and exogenous
meteorological features.

The input window length L defines the sequence of
values provided to each model by specifying how many
past observations are used as predictors. For instance, when
L = 3, the model receives the three most recent observations
at times t − 3, t − 2, and t − 1 to forecast values beyond
t . In the multivariate setting, the same window is applied to
every input channel so that, for instance, L = 3 provides
{PVt−3:t−1} together with aligned triplets for the previously
mentioned exogenous variables. The value of L is selected
separately for eachmodel through hyperparameter tuning. All
models are evaluated at forecasting horizons of 1, 3, 6, 12, 24,
and 48 steps ahead.

1) FORECASTING STRATEGIES
Two distinct multi-step forecasting strategies are established:
recursive forecasting and the multiple-input multiple-output
(MIMO) approach. The primary difference lies in the
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mechanism by which multi-step horizons are generated. The
selection of a strategy is dictated by the output structure of the
specific model and its inherent capability to predict multiple
steps concurrently [65].

• Recursive forecasting: A one-step-ahead predictive
model is first estimated, then the forecast obtained for
time t + 1 is subsequently fed back into the model
as an input to generate the prediction for t + 2. This
iterative process continues until the forecasting horizon
H is reached, thereby constructing the complete forecast
vector in a stepwisemanner. Since each forecast depends
on previously predicted values, errors may propagate
and accumulate over successive steps. This recursive
forecasting strategy is applied to the baseline ML
models AdaBoost, LASSO, Ridge, and MLP, which
are inherently single-output. Training a one-step model
and iteratively extending it across horizons provides a
consistent approach tomulti-step forecastingwithout the
need for multi-output architectures [66].

• MIMO: A single model maps the input window
xt−L+1:t directly to the entire future horizon ŷt+1:t+H
in one forward pass. All forecast steps are generated at
once from the same set of past observations, avoiding
recursive feedback and limiting stepwise error accumu-
lation while allowing dependencies across horizons to
be learned jointly. Within this framework, KAN and
ConvChebyKAN are trained with multivariate inputs
composed of lagged PV power and the previously
mentioned exogenous variables. PatchTST and NHITS
follow the same strategy while using a univariate input
that contains only PV power lags [67].

Figure 7 illustrates the multiple input multiple output
configuration adopted for PV power forecasting, where the
input consists of a window of length L, constructed from
hourly daytime observations recorded between 7 and 18 h,
resulting in twelve samples per calendar day. Each step
represents one hour in the filtered series; hence, a single
daytime period corresponds to twelve samples.

The model produces an H -step forecast vector in a single
forward pass, predicting all future values simultaneously
from the same input block without any recursive feedback.
Three forecasting horizons are considered to examine the
relationship between input size and prediction range. For
H = 48, equivalent to four daytime days ahead, the input
length equals the forecast horizon (L = 48). Similarly,
for H = 24, the same relationship is maintained over two
daytime days. Conversely, for H = 12, the model predicts
one daytime day ahead while using an input twice as long
(L = 24). This extended input window enables the model
to capture longer-term contextual dependencies and enhances
temporal consistency across consecutive days.

2) HYPERPARAMETER TUNING
Hyperparameter optimization is performed with the Bayesian
optimization algorithm [68], considering the tree-structured

Parzen estimator (TPE) [69]. TPE is a sequential model-based
optimization approach that probabilistically models ‘‘good’’
and ‘‘bad’’ regions of the search space, dynamically
proposing hyperparameter configurations with high expected
improvement based on previous trials. The three-criteria
minimization over the hyperparameter space is performed
using the same calibration metrics defined in Sec. III-E:

min
θ∈2

(
MAEval(θ ), AScal(θ ), Miscoverage0.90(θ )

)
, (23)

where θ denotes a hyperparameter configuration, MAEval
is the validation MAE, AScal is the Average Sharpness
computed on the calibration set, and Miscoverage0.90(θ ) is
defined in Eq. (22) as

∣∣MCcal(θ )−0.90
∣∣, withMCcal denoting

the Marginal Coverage on the calibration set.
To enhance computational efficiency, trials are executed

concurrently through multiprocessing. In this distributed
TPE framework, multiple workers interface with a shared
study database, each executing an identical processing
pipeline. The pipeline comprises the following steps: feature
standardization using statistical parameters derived from
the training set, model training on the training set, com-
putation of validation MAE by aggregating all validation
forecasts, calibration of prediction intervals on the dedicated
calibration set, and finally, logging the three objective
values.

The TPE sampler operates by constructing kernel density
estimates from the historical records of completed trials.
Subsequently, it samples new hyperparameter configurations
that maximize the expected improvement (EI) criterion,
effectively balancing exploration and exploitation in the
search space. Following the evaluation, non-dominated
solutions are identified to form the Pareto-optimal set. The
TOPSIS [70] is then applied to rank these Pareto-optimal
configurations, enabling the selection of a single optimal
hyperparameter set for each distinct seasonal period and
forecasting horizon.

3) TOPSIS RANKING
TOPSIS ranks alternatives by favoring those that are
simultaneously closest to an ideal point and farthest from an
anti-ideal point in objective space. After Pareto filtering, the
remaining trials are scored on the three minimized objectives.
Each objective column is normalized and equally weighted
to form a three-dimensional vector vi for configuration i. The
ideal point a∗ collects the columnwise minima and the anti-
ideal a− the columnwise maxima. The ranking is driven by
the closeness coefficient

Ci =
∥vi − a−

∥2

∥vi − a−∥2 + ∥vi − a∗∥2
, (24)

which increases as a configuration moves nearer the ideal and
farther from the anti-ideal. Candidates are ordered by Ci in
descending order; the top-ranked configuration is retained per
season and horizon.
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FIGURE 7. Schematic representation of the MIMO framework for multi-horizon forecasting.

4) CROSS VALIDATION STRATEGY
The forecasting procedure follows strict temporal causality
and blocks any information leakage across all splits. The
time series is divided into four contiguous segments: training,
validation, calibration, and test. At each forecast origin, the
model consumes an input window of length L built from
hourly daytime observations between 7 and 18 h, which
yields twelve samples per daytime day, and outputs a H -
step forecast vector. All preprocessing statistics, such as the
parameters used for standardization, are computed on the
training segment only and then held fixed for the remaining
stages.

During validation and test, the forecast origins advance
with strideH . This produces non-overlappingH -step forecast
blocks. The choice of stride H prevents reuse of future
observations inside a block and avoids double counting of
the same outcomes. It replicates deployment, where each
decision yields a full H -step forecast and the next decision
is taken only after those H steps have elapsed. Metrics
are computed by pooling all forecast-observation pairs from
the validation and test segments under this non-overlapping
protocol.

During calibration, the forecast origins advance with
unit stride. This produces overlapping input windows and,
therefore, a residual at every timestamp. The choice of

unit stride increases the number of residuals, which yields
more stable empirical quantiles for conformal prediction. The
denser sampling reduces variance in the estimated quantiles
and improves the reliability of the target coverage. Final test
metrics are reported by pooling all forecast-observation pairs
over the test segment under the same causal protocol. Figure 8
presents the complete workflow of the proposed frame-
work, encompassing data preprocessing, feature engineering,
model training, multi-objective hyperparameter optimization
via Pareto screening and TOPSIS ranking, conformal predic-
tion interval calibration, and final performance evaluation.

IV. RESULTS AND DISCUSSION
This section presents the results, covering the computa-
tional setup, seasonal data partitioning, and hyperparameter
configurations. Multi-objective optimization trade-offs are
discussed, followed by forecast performance comparisons
with baselines across seasons and horizons. Representa-
tive test cases and horizon-specific performance are also
analyzed.

A. COMPUTATIONAL SETUP
Experiments were run in JupyterLab on Ubuntu 22.04.3 with
Python 3.10, using a workstation with an Intel Core i9-
10900X CPU, 32 GB RAM, and an NVIDIA RTX 2080

81182 VOLUME 14, 2026



L. D. A. Takara et al.: Multi-Scale Convolutional Chebyshev KANs Using Conformal Prediction

FIGURE 8. Comprehensive experimental and modeling workflow for PV power forecasting.

TABLE 2. Chronological partitioning of seasonal datasets into training
(54%), validation (18%), calibration (10%), and testing subsets (18%),
12 samples/day.

SUPER GPU. Classical baselines (linear and tree mod-
els) used MLForecast with scikit-learn, while sequence
models (KAN, ConvChebyKAN, NHITS, PatchTST) used
NeuralForecast (PyTorch). ConvChebyKAN, not yet in
NeuralForecast, was implemented from scratch by extending
BaseModel with Chebyshev KAN layers and a multi-scale
causal Conv1d front-end. Hyperparameters were optimized
via TPE, and rolling-origin cross-validation was applied.
Training followed default library practices.

B. STRUCTURED DATA SPLITTING
Each seasonal time series was chronologically partitioned
into four non-overlapping and contiguous segments: training,
validation, calibration, and testing. The models were fitted
using the training subset, while the validation subset was
employed to assess point-forecast accuracy during the
hyperparameter optimization process. The calibration subset
was used exclusively to adjust the prediction intervals,
and the testing subset was reserved for the final model
evaluation. This partitioning strategy ensures the prevention
of information leakage, preserves temporal causality, and is
applied consistently across all seasons and forecast horizons.

Table 2 describes the distribution of samples used for
model training, validation, calibration, and testing across
the four seasonal datasets, considering a sampling rate of
12 observations per day. The number of total samples per
season ranges, with proportional splits ensuring temporal
consistency and preventing data overlap between subsets.

The training subset represents approximately half of each
seasonal dataset, providing sufficient data for model fitting.

The validation subset contains around 18% of the data,
used for hyperparameter optimization and point-forecast
performance assessment. The calibration subset, about 10%,
is dedicated exclusively to tuning prediction intervals, while
the remaining samples form the testing subset for unbiased
evaluation. This consistent partitioning framework across all
seasons preserves chronological order and ensures compa-
rability of forecasting results while maintaining temporal
causality and preventing information leakage.

C. ANALYSIS OF MODEL HYPERPARAMETERS
The hyperparameter search space was systematically
explored using the TPE over 100 full iterative trials, without
employing any early stopping mechanism. To improve
computational efficiency, the procedure was parallelized
across 4-6 worker nodes, each assigned batches of five
trial configurations, enabling up to 20-30 simultaneous
model fittings and evaluations. Selection of configurations
was guided by a composite loss function designed to
approximate the Pareto frontier across three critical metrics:
point forecast accuracy (measured by MAE), sharpness of
the 90% prediction intervals (mean width), and calibration
(empirical coverage relative to the nominal 0.90 level).
This multi-objective strategy ensured the identification
of a model exhibiting a balanced trade-off among these
properties, rather than one over-optimized for a single
criterion.

Table 3 details the hyperparameter search ranges and
season-specific averages, with H denoting the forecast
horizon in hours and kH representing an input window of
k times the horizon. Optimal windows converged to 2H
in spring and summer, 5H in autumn, and 4H in winter,
reflecting increased historical memory needs in autumn and
winter. The ConvChebyKAN model employs a shallow,
causal multi-scale Conv1D front-end with dilations of 1-2
to cover the input window without skipping significant
history. Autumn configurations include a third kernel-scale
branch to capture longer patterns, while summer and winter
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TABLE 3. Search space range and optimized hyperparameters to adjust the prediction models.

increase base channel counts to enhance feature extraction
for complex dynamics. Depth remains limited,ms_depth= 2,
except 3 in autumn, with capacity expanded via channels and
scale branches. The Chebyshev KAN backbone maintains
a single hidden layer (hidden size: 64-128) with seasonally
adjusted polynomial degrees: 6-8 in spring/summer for sharp
nonlinearities, and 4 in winter for smoother mappings.
Capacity is thus selectively increased based on seasonal data
demands, using stable Chebyshev polynomial expansions
instead of deeper architectures.

D. PARETO-OPTIMAL TRADE-OFFS IN PV POWER
FORECASTING
Figure 9 illustrates the seasonal multi-objective Pareto
fronts obtained for the day-ahead PV power forecasting
task. Each panel corresponds to a different season (a)
spring, (b) summer, (c) autumn, and (d) winter, and
displays the trade-offs among three objectives, the Mean
Absolute Error of validation (MAEval), representing point-
forecast accuracy; average sharpness (AS), quantifying
the mean width of the 90% prediction intervals, and
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FIGURE 9. Seasonal multi-objective Pareto fronts for day-ahead forecasting.

miscoverage (|Coverage-0.90|), measuring deviation from
the nominal confidence level. The figure highlights ref-
erence points in each Pareto set: the best solutions for
MAEval, Miscoverage0.90, AS, and the TOPSIS-selected
compromise configuration. The ConvChebyKAN model
consistently achieves balanced performance, with the
TOPSIS-selected solutions residing in regions of the Pareto
fronts that ensure robustness without sacrificing interval
calibration.

In spring, the Pareto front reveals a gradual trade-off
between interval sharpness and coverage, with MAEval
remaining relatively stable. As AS decreases, the miscov-
erage initially changes slowly, then rises sharply beyond
a turning point, reflecting the well-known calibration-
sharpness trade-off described in forecast evaluation literature.
This non-linear evolution follows the calibration-sharpness
relation described by Gneiting et al. [71], where after a
certain point, gains in sharpness require concessions in
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TABLE 4. Performance evaluation of photovoltaic power multi-step ahead forecasting models in the spring.

calibration, even if accuracy is essentially stable. The shape
of the front indicates that accuracy gains can be maintained
up to a threshold before calibration begins to deteriorate.

For summer, the front exhibits a nearly linear relationship
between AS and miscoverage, suggesting a proportional
compromise between interval width and reliability. The lim-
ited dispersion ofMAEval values indicates that point-forecast
accuracy is less sensitive to hyperparameter variations under
high-irradiance, low-variability conditions typical of this
season. The selected compromise lies on an intermediate
segment of the front, balancing precision and uncertainty
calibration.

In autumn, a broader Pareto region emerges, reflecting
increased variability in both AS and miscoverage. The
slopes of the front vary across subregions, implying that

certain configurations prioritize sharper intervals at the
expense of calibration, while others achieve more balanced
uncertainty quantification. The weak correlation between
MAEval and the other objectives highlights the independence
of deterministic accuracy from interval calibration during
transition seasons characterized by unstable irradiance.

In winter, all three objectives evolve in a coordinated
manner, with minimal variation in MAEval and near-parallel
movement of AS and miscoverage. The compactness of
the front and the proximity of reference points suggest
that the optimization yielded a set of solutions of com-
parable quality, where further tuning offers diminishing
returns. This coherence likely reflects the lower irradi-
ance dynamics and more predictable generation profiles in
wintertime.

81186 VOLUME 14, 2026



L. D. A. Takara et al.: Multi-Scale Convolutional Chebyshev KANs Using Conformal Prediction

TABLE 5. Performance evaluation of photovoltaic power multi-step ahead forecasting models in the summer.

E. ANALYSIS OF PERFORMANCE METRICS
Tables 4-7 summarize the forecasting performance of nine
models across six prediction horizons (hours ahead) and four
seasonal datasets. For each season, the models are ordered by
MAE, which serves as the primary ranking criterion.

The reported metrics includeMAE and RMSE asmeasures
of point-forecast accuracy, R2 as the explained variance,
sMAPE as a scale-free indicator of percentage accuracy,
marginal coverage as the empirical proportion of observations
within the nominal 90% conformal prediction interval,
and average sharpness as the mean interval width. Rank
1 indicates the best-performing model per horizon, and
the best values are highlighted in bold. According to
the comparative results summarized in the tables, Con-
vChebyKAN demonstrates the most balanced performance,

achieving lower forecast MAE/RMSE, competitive sMAPE,
and near-nominal uncertainty calibration with compact
conformal intervals.

ConvChebyKAN provides higher predictive stabil-
ity and reliability compared to baselines. Its hybrid
convolutional-Chebyshev architecture enhances local feature
extraction while preserving the global functional approxi-
mation, enabling effective modeling of the nonlinear and
nonstationary dynamics characteristic of solar irradiance.
This design supports a favorable trade-off between accuracy
(MAE, RMSE, sMAPE) and interval-based uncertainty
assessment (marginal coverage, average sharpness), aligning
with previous evidence that hybrid or physics-informed
architectures tend to outperform purely data-driven models
under variable PV conditions [29]. Recent developments in
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TABLE 6. Performance evaluation of PV power multi-step ahead forecasting models in the autumn.

KAN have also demonstrated that operator-based parameter-
izations improve time-series modeling by capturing nonlinear
temporal dependencies more efficiently [15]. The integration
of a Chebyshev polynomial basis with convolutional layers
offers additional numerical stability and expressiveness, thus
providing a principled framework for multi-scale temporal
representation and cross-variable fusion.

In the spring season, ConvChebyKAN achieves the
lowest errors and highest R2 values on all horizons
while maintaining favorable sMAPE scores. This period
is characterized by rapid irradiance fluctuations and high
variability, conditions under which transformer-based and
tree-based models typically exhibit greater dispersion and
reduced temporal consistency. ConvChebyKAN mitigates
such effects through its multi-scale convolutional filters,

which stabilize predictions and limit error propagation
across horizons. Compared with the baseline KAN, the
inclusion of local convolutional filtering enables sharper and
well-calibrated conformal intervals, enhancing performance
under rapidly changing irradiance regimes.

During summer, which exhibits strong irradiance and
regular diurnal patterns, ConvChebyKAN maintains its
superior performance across all horizons. The model
consistently achieves lower forecast errors and higher
R2 values than both KAN and machine-learning base-
lines, particularly for extended horizons where long-range
temporal dependencies are more relevant. The sMAPE
values remain competitive, confirming that improvements
are not limited to absolute-scale metrics. The confor-
mal intervals remain narrow and close to the nominal
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TABLE 7. Performance evaluation of photovoltaic power multi-step ahead forecasting models in the winter.

90% coverage level, indicating accurate uncertainty cali-
bration. This combination of precision and reliability is
critical for operational planning during high-generation
periods and aligns with previous studies highlighting the
role of structured temporal priors in maintaining forecast
stability [29].

In autumn, when irradiance decreases and atmospheric
variability increases, ConvChebyKAN continues to exhibit
generalization performance. The extended receptive field
provided by its multi-scale convolutional architecture cap-
tures slower transitions between cloudy and clear-sky
periods, maintaining low MAE, RMSE, and sMAPE values
across horizons. Marginal coverage tends to increase slightly,
reflecting a calibrated response to greater uncertainty rather
than a degradation in predictive accuracy. Compared to

KAN and NHITS, ConvChebyKAN maintains a more stable
relationship between interval width and empirical coverage,
indicating robustness to transitional seasonal regimes.

Lastly, in the winter season, characterized by reduced solar
input and shorter daylight periods, ConvChebyKAN once
again obtains superior point forecasting and interval-based
consistency. The model achieves the lowest MAE and highest
R2 values while preserving competitive sMAPE scores and
coverage close to the nominal level. The conformal intervals
remain relatively narrow even at longer horizons, suggesting
a stable and consistent uncertainty estimation process.
Competing models, such as tree-based and transformer archi-
tectures, tend to overestimate uncertainty, producing overly
wide intervals. ConvChebyKAN effectively mitigates this
issue, achieving a balanced trade-off between sharpness and
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FIGURE 10. PV power forecasting results on the test-set day with the
largest MAE at 48-hour-ahead horizon for spring.

FIGURE 11. PV power forecasting results on the test-set day with the
largest MAE at 48-hour-ahead horizon for summer.

calibration. In general, these results confirm the adaptability
of the model in diverse seasonal conditions and its capacity
to maintain reliable forecasts throughout varying irradiance
regimes.

F. ANALYSIS OF MODEL PERFORMANCE
Figures 10 to 13 present the PV power forecasting results
for the test-set day exhibiting the largest reduction in MAE
achieved by the proposed ConvChebyKAN model relative to
the KAN baseline at the 48-hour-ahead prediction horizon.
The figure encompasses all four seasons, Figure 10 spring,
Figure 11 summer, Figure 12 autumn, and Figure 13 winter,
allowing a comparative evaluation of model performance
under varying irradiance and atmospheric regimes.

In spring and autumn, characterized by high intra-day
variability due to transient cloud cover, ConvChebyKAN
effectively suppresses oscillations near peak generation hours
and mitigates error accumulation following short-term irra-
diance drops. This improved temporal coherence results in
smoother forecasts that remain closely aligned with observed
power output. During summer, when irradiance is strong
and diurnal patterns are more regular, ConvChebyKAN
maintains alignment even during rapid irradiance fluctua-
tions, avoiding the underestimation bias exhibited by KAN

FIGURE 12. PV power forecasting results on the test-set day with the
largest MAE at 48-hour-ahead horizon for autumn.

FIGURE 13. PV power forecasting results on the test-set day with the
largest MAE at 48-hour-ahead horizon for winter.

FIGURE 14. Observed and predicted PV power for the test set at 48 hours
ahead during the spring season.

during post-dip recovery phases. The model demonstrates
superior adaptability to rapid transitions between high and
low generation levels, reflecting enhanced responsiveness
to meteorological dynamics. In winter, with lower solar
input and shorter daylight periods, ConvChebyKAN exhibits
accurate delineation of the generationwindow,with improved
synchronization between the predicted and observed start
and end times of production. The amplitude bias observed
in KAN is notably reduced, indicating a more faithful
reconstruction of the diurnal generation profile.
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FIGURE 15. Observed and predicted PV power for the test set at 48 hours
ahead during the summer season.

FIGURE 16. Observed and predicted PV power for the test set at 48 hours
ahead during the autumn season.

FIGURE 17. Observed and predicted PV power for the test set at 48 hours
ahead during the winter season.

Across all seasons, the uncertainty bands generated by
ConvChebyKAN remain compact while maintaining cover-
age close to the nominal 90% confidence level, signifying an
effective balance between sharpness and calibration. These
qualitative observations corroborate the quantitative results
reported in previous section, confirming that the proposed
model reduces large local errors, enhances temporal stability,
and delivers reliable uncertainty quantification across diverse
seasonal and meteorological conditions.

Figures 14 and 15 show the PV power forecasts generated
by the ConvChebyKAN model over the last seven days
of spring and summer, respectively, while 16 and 17
present analogous results of autumn and winter, respectively,
across 48 hours ahead. The figures illustrate how predictive
performance evolves with increasing lead time under varying
irradiance regimes.

At the longest horizon, 48 hours ahead, forecast degra-
dation becomes more evident, particularly under variable
irradiance conditions such as those in spring (see Figure 14)
and autumn (see Figure 16), where rapid weather transi-
tions introduce non-linearities difficult to extrapolate. Still,
ConvChebyKAN demonstrates consistent performance, with
predicted curves maintaining realistic diurnal structure and
bounded errors. In summer (see Figure 15), with stable
and high irradiance, forecast accuracy remains high even at
extended horizons, whereas winter (see Figure 17) exhibits
reduced generation levels and slightly larger uncertainty
bands due to shorter daylight duration and higher atmospheric
variability.

V. CONCLUSION
Accurate PV power forecasting is essential for supporting
reliable operation and scheduling in modern power systems
with increasing penetration of renewable energy. However,
the strong intermittency, nonlinear dynamics, and multi-scale
temporal variability of solar generation pose significant chal-
lenges to conventional forecasting approaches. To address
these issues, this study introduced ConvChebyKAN, a hybrid
forecasting framework that integrates a causal multi-scale
convolutional architecture with a Chebyshev-parameterized
KAN and conformal prediction. The proposed framework
was designed to enhance both deterministic forecasting
accuracy and probabilistic reliability by combining hier-
archical temporal feature extraction with stable functional
representation and calibrated uncertainty estimation.

Compared with conventional ML and DL forecasting
methods, the proposed framework exhibits several important
characteristics:

1) Multi-scale temporal feature extraction. The causal
convolutional front-end was designed to capture tem-
poral patterns at different scales, enabling the model
to simultaneously represent smooth diurnal generation
cycles and rapid fluctuations caused by short-term
meteorological variations. This multi-scale structure
significantly improved the model’s ability to represent
the complex dynamics inherent in PV power genera-
tion.

2) Stable functional representation using Chebyshev-
parameterized KAN. The KAN was parameterized
using Chebyshev polynomials instead of traditional
spline-based functions. This modification improved
numerical stability and provided a more robust non-
linear representation of the relationships between
meteorological inputs and PV power output.

3) Balanced optimization of deterministic and proba-
bilistic performance. A multi-objective optimization
framework based on Pareto screening and TOPSIS
ranking was employed to identify optimal model
configurations. This strategy ensured that the selected
model simultaneously achieved high determinis-
tic accuracy and reliable probabilistic forecasting
performance.
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4) Reliable uncertainty quantification through confor-
mal prediction. The integration of split conformal
prediction enabled the generation of calibrated predic-
tion intervals without imposing strong distributional
assumptions. As a result, the forecasting framework
provided reliable probabilistic information that is
essential for risk-aware decision-making in power
system operations.

Real-world data from a PV plant in Brazil were used
to evaluate the proposed approach under multiple seasonal
conditions and forecasting horizons. The experimental results
demonstrated the following main conclusions:

1) ConvChebyKAN consistently achieved superior deter-
ministic forecasting accuracy. Across all seasons and
forecasting horizons, the proposed model produced the
lowest MAE and the highest R2 values compared with
benchmark models, including several state-of-the-art
ML andDL approaches. Average improvements ranged
from 3-12% for day-ahead forecasts and 10-32% for
four-day-ahead horizons relative to the baseline KAN
model.

2) The multi-scale convolutional architecture effectively
captured complex temporal dynamics. The experimen-
tal analysis indicated that the convolutional feature
extraction stage played a critical role in modeling both
rapid fluctuations and smooth periodic patterns in PV
generation. This capability significantly enhanced fore-
casting accuracy across varying climatic conditions.

3) The conformal prediction framework produced reliable
and well-calibrated prediction intervals. The generated
90% prediction intervals remained well-calibrated and
sufficiently sharp, confirming that the model can pro-
vide accurate probabilistic forecasts while maintaining
meaningful uncertainty quantification under diverse
seasonal conditions.

4) The proposed framework demonstrated strong practical
potential for operational PV forecasting. By simulta-
neously providing accurate point forecasts and reliable
prediction intervals, ConvChebyKAN offers valuable
support for operational decision-making processes
such as generation scheduling, reserve allocation, and
renewable integration in modern power systems.

Future work will focus on several extensions of the
proposed framework. First, additional datasets from differ-
ent geographical regions and climatic conditions will be
incorporated to further evaluate the generalization capability
and robustness of the model. Second, improvements in
computational efficiency and model complexity will be
explored to enhance real-time forecasting performance.
Finally, integrating the proposed forecasting framework into
energy management and power system scheduling strategies
represents an important direction for future research, enabling
a more comprehensive assessment of the operational value
of advanced PV forecasting methods in real-world power
systems.
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