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Abstract: In today’s energy markets, forecasting energy commodity prices is difficult due to
pronounced nonlinearity, nonstationarity, volatility clustering, structural changes, and multi-scale
temporal dependencies. These features are of significant importance for financial risk management,
portfolio allocation, derivative pricing, and decision-making in energy markets. To address these
problems, we proposed a novel hybrid forecasting framework that combines a decomposition method
based on kernel regression and nonparametric kernel smoothing with linear and nonlinear forecasting
models. The proposed approach decomposes each energy commodity price into a smooth trend
component and a stochastic fluctuation component. This enables the long-run market trend to
be modeled separately from short-run fluctuations and localized market variability. The proposed
framework was evaluated using five major global energy commodity markets, including WTI crude oil,
Brent crude oil, natural gas, gasoline, and heating oil. Empirical results demonstrate that the proposed
decomposition-based method consistently outperforms the best forecasting models proposed in the
literature, direct hybrid models, and traditional standalone forecasting models across multiple statistical
measures and tests of accuracy and efficiency. Our results indicated that kernel-based decomposition
effectively captures complex nonlinear dependence structures while separating persistent trends from
short-run fluctuations, leading to significant improvements in forecasting accuracy, forecast stability,
and directional forecasting performance. The results indicated that the proposed framework can serve
as a reliable tool for energy market forecasting and financial analytics to model and predict highly
volatile commodity markets and other complex financial time series.
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1. Introduction

West Texas Intermediate (WTI) crude oil, Brent crude oil, natural gas (NATGAS), gasoline
(GASOLINE), and heating oil (HEATOIL) are major energy commodities that play a central role
in global production, transportation, electricity generation, and industrial activity [1-5]. Their prices
directly influence inflation, economic growth, financial markets, and energy security, making accurate
forecasting essential for both policy and investment decisions [6]. Energy markets have experienced
substantial volatility due to geopolitical conflicts, economic uncertainty, supply-chain disruptions,
climate-related events, and structural changes in global energy systems [7—11]. Consequently, energy
prices exhibit nonlinear, nonstationary, and regime-dependent behavior with frequent structural breaks.
Although individual commodities are driven by different market-specific factors, their prices remain
strongly interconnected, making accurate forecasting both economically important and statistically
challenging [12-16].

Accurate forecasting of energy prices is of crucial importance for governments, policymakers,
investors, financial institutions, and energy producers [17-20]. It is also useful for energy
policymaking, monetary planning, inventory management, portfolio optimization, derivative pricing,
hedging strategy, and energy trading systems [21-24]. However, the forecasting performance is
often limited by the nonlinear, nonstationary, heteroscedastic, and chaotic properties of energy time
series [25-28]. Traditional statistical and econometric approaches have been widely used for energy
forecasting, such as autoregressive, autoregressive moving average, autoregressive integrated moving
average, generalized autoregressive conditional heteroscedasticity, and vector autoregression [29-32].
While these methods work well in relatively stable market conditions, their forecasting ability often
degrades under nonlinear dynamics and rapidly changing volatility structures. To overcome these
limitations, attention has shifted toward machine learning and non-linear forecasting models [33].
On the other hand, forecasting studies have compared alternative regression-based approaches for
improving predictive accuracy in economic applications [34]. Methods such as support vector
regression, artificial neural networks, nonparametric autoregressive models, and long short-term
memory models have shown improved ability to capture nonlinear temporal structures and hidden
stochastic dependencies in energy price series [35-39]. However, standalone machine learning models
may still be subject to overfitting, instability, and a lack of interpretability when applied to highly
noisy and nonstationary datasets [40]. Moreover, decomposition-based hybrid forecasting frameworks
have emerged as powerful tools to model complex financial and energy time series [41,42]. In the
first step, these frameworks decompose the original series into simpler subcomponents and then apply
forecasting models to each subcomponent separately. Signal decomposition methods like wavelet
transform [43], empirical mode decomposition [44—46], variational mode decomposition [47, 48],
singular spectrum analysis [49-51], and complete ensemble empirical mode decomposition with
adaptive noise [52] have achieved significant improvement of forecasting performance by reducing
the signal complexity and enhancing the hidden pattern extraction [53-56]. However, decomposition
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methods are limited by mode mixing, parameter sensitivity, computational instability, and limited
adaptability to fast-changing market conditions. Existing decomposition methods are also limited by
mode mixing, parameter sensitivity, computational instability, and limited adaptability to fast-changing
market conditions. In contrast, the proposed kernel regression-based decomposition estimates the
underlying trend directly through nonparametric local smoothing rather than iterative mode extraction
or frequency-domain decomposition. This enables the framework to flexibly adapt to local market
dynamics while avoiding decomposition artifacts associated with empirical mode decomposition
techniques. Furthermore, by combining multiple kernel functions with component-wise hybrid
forecasting models, we propose framework provides a flexible and computationally efficient approach
for modeling nonlinear dynamics and stochastic volatility patterns in energy commodity markets.

Motivated by these limitations, we proposed a kernel regression-based decomposition framework
that decomposes energy price series into smooth trend and fluctuation components using four kernel
functions, namely Gaussian, Truncated Gaussian, Uniform, and Epanechnikov kernels. Linear (AR and
ARIMA) and nonlinear (NPAR and NNAR) forecasting models are then applied to each component
individually before reconstructing the final forecasts. The major contributions of this study are
fourfold. First, we develop a nonparametric kernel regression-based decomposition approach for
forecasting energy commodity price series exhibiting high volatility, nonlinear dynamics, and structural
heterogeneity. Rather than explicitly modeling a latent volatility process or forecasting conditional
variance, the proposed framework adaptively separates long-run market movements from short-run
fluctuations, thereby facilitating more effective component-wise forecasting of highly volatile energy
prices. Second, we propose a hybrid forecasting framework that incorporates linear and nonlinear
forecasting models to harness the unique statistical characteristics of the decomposed trend and
fluctuation components. Third, we develop the theoretical properties of the proposed framework,
such as variance reduction and asymptotic consistency, which provide rigorous statistical justifications
for the proposed decomposition-based forecasting methodology. Fourth, we perform extensive
empirical experiments on five major global energy commodity markets using different forecasting
accuracy measures, directional statistics, efficiency metrics, and statistical significance tests to show
the effectiveness, robustness, and statistical superiority of the proposed methodology.

The rest of the paper is structured as follows: In Section 2 we describes the proposed nonparametric
decomposition methodology and hybrid forecasting framework. In Section 3, we cover the data,
empirical design, and forecasting results. A detailed discussion on comparative analyses and future
research directions is given in Section 4. Finally, in Section 5 we conclude this study.

2. The proposed kernel regression-based decomposition framework

In this paper, we propose a nonparametric kernel regression based decomposition and hybrid
forecasting approach for highly volatile energy commodity markets including West Texas Intermediate
(WTI) crude oil, Brent crude oil, natural gas (NATGAS), gasoline (GASOLINE) and heating
oil (HEATOIL). Energy commodity prices display characteristics of non-linear dependence, non-
stationarity, volatility clustering, heavy-tailed distributions, structural breaks, and regime dependent
dynamics, which are difficult to handle with traditional approaches to forecasting. Mathematically,
the price series can be viewed as realizations of complex stochastic processes, which are driven by
persistent long-run forces and rapidly evolving short-run fluctuations in the market. The proposed
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approach differs from classical stochastic volatility or GARCH-type models that explicitly model the
latent conditional variance. It uses kernel regression to decompose the observed price series into a
smooth trend component and a fluctuation component. The trend reflects persistent long-run market
dynamics associated with macroeconomic fundamentals and structural conditions. The fluctuation
component retains short-run nonlinear dynamics, volatility clustering, and sudden market movements.
The individual components are then modeled separately with linear and non-linear forecasting models,
which are additively recombined to form the final forecast. The proposed methodology does not
provide an explicit parametric volatility model but exploits the different statistical properties of the
decomposed components. It offers a flexible, robust, and effective framework for predicting highly
volatile energy commodity prices and thus contributes to financial data analytics for complex nonlinear
markets.

2.1. Kernel regression-based decomposition technique

In this subsection, we elaborate on the proposed kernel regression—based decomposition technique

for forecasting energy commodity price series. Let {Y(m)} > mE€ M = {1,2,3,4,5}, denote the
observed daily energy commodity price series, where: 1 — WTI crude oil,2 — Brent crude oil,
3 — NATGAS,4 — GASOLINE, 5 — HEATOIL. Here, ¢ is the time index and N is the number
of observations. The variable ¢ is the time index for chronological ordering of daily observations of the
market. We assume the observed financial time series contains both deterministic and stochastic parts.
Accordingly, the proposed decomposition framework decomposes the observed energy commodity
price into the additive combination of a long-run trend component and a short-run fluctuation
component as follows:

Y™ =1" + F™, r=1,2,...,N, 2.1)

where T is the smooth long-run trend component and F is the short-run fluctuation component.
The trend component captures long-term market movements attributed to economic growth,
institutional investment behavior, and macroeconomic conditions, while the fluctuation component
captures local irregularities, nonlinear stochastic dependence, speculative activity, and volatility
dynamics. However, the decomposition in Eq (2.1) can be interpreted as a partition of low- and
high-frequency information embedded in the dynamics of the observed price. This representation
is particularly relevant in mathematical finance, where the prices of financial assets often exhibit
heterogeneous time scales and volatility persistence.

The long-run trend component is estimated using a kernel regression smoother. Kernel regression
is a nonparametric estimation technique that estimates the underlying trend structure without assuming
a prior functional relationship between the response and the explanatory variables. Kernel regression
can better model evolving market dynamics and nonlinear temporal structures than parametric trend
estimation techniques because it can adapt flexibly to local data characteristics. The following is the
kernel regression estimator for the trend component:

N
T = wia(h) Y™, (2.2)

s=1
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where w; ((h) denotes the normalized kernel weights defined as

“(5)

wis(h) = = 23)
N
2= K ( h )
subject to the normalization condition
N
D weslh) = 1.
s=1
Equivalently, the trend estimator can be expressed as
s k(52
T = — (2.4)
z & ()

The kernel function is denoted by K(-) in the preceding formulation, and the bandwidth parameter that
controls the degree of smoothness is represented by /2 > 0. Because it establishes the trade-off between
bias and variance, the bandwidth parameter is essential to nonparametric estimation. Larger bandwidth
values result in smoother trend estimates as they average over larger areas. Smaller bandwidth values
maintain local fluctuations and nonlinearities because they put more weight on nearby observations.
The choice of bandwidth is essential for capturing the underlying structures of the financial markets.
The fluctuation component is obtained from the remainder of the observed series after subtracting the
calculated trend component. The trend component is obtained as follows:

i;?t(m) _ Yz(m) _ Tt(m). (2.5

The fluctuation component contains high-frequency stochastic information, short-term volatility,
irregular market movements, and nonlinear dependencies that cannot be explained by the long-run
trend structure. Kernel regression performance depends heavily on the choice of kernel function. The
decomposition accuracy depends on the smoothing properties of different kernel architectures. In this
work, four kernel functions are used, namely Gaussian, Epanechnikov, Uniform, and reduced Gaussian,
to capture different market dynamics and local temporal characteristics. The Gaussian kernel is

K(u)—Lex (_M_Z) (2.6)
"V T2 |

The Gaussian kernel down-weights observations as they are further away. This leads to infinitely
smooth weighting. This property makes it very useful for evaluating persistent financial fluctuations
and smooth long-term market structures. The Epanechnikov kernel is given by

K(u) = %(1 —u)I(ul < 1), 2.7)

where the indicator function is denoted by I(-). The Epanechnikov kernel is an efficient kernel for local
smoothing because it achieves the best asymptotic efficiency in terms of mean integrated squared error.
The Uniform kernel is defined by

1
K(u) = 51ul < 1. (2.8)
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The Uniform kernel, in contrast to smooth kernels, assigns equal weight to each observation in the

local neighborhood. A simple structure results in stable local averaging properties and computational
efficiency. The truncated Gaussian kernel is given by
P(u)

Ku) = —————I(lu| < a), 29

= g <@ (2.9)

In the aforementioned formula, the parameter a > 0 serves as the truncation parameter, while ¢(-)

and @(-) denote the standard normal density and cumulative distribution functions, respectively. The

truncated Gaussian kernel enhances robustness in volatile market conditions by maintaining the smooth

weighting structure of the Gaussian kernel while diminishing the impact of extreme observations and

tail effects.

2.2. Theoretical foundation of the proposed hybrid framework

While the proposed methodology combines kernel regression decomposition with linear and
nonlinear forecasting models, its effectiveness can also be justified theoretically. The decomposition
process reduces structural complexity by decomposing the original time series into smoother trend
and stochastic fluctuation components, which enables forecasting models to learn more homogeneous
temporal patterns. In this subsection, we describe the theoretical basis of the proposed framework.

2.2.1. Additive decomposition representation

Let the observed energy commodity price series be denoted as where
Y, =m(t) + &, t=12,...,N, (2.10)

where m(¢) denotes an unknown smooth trend function and {&,;} is assumed to be a strictly stationary,
weakly dependent stochastic process satisfying standard @-mixing conditions with finite second
moment E(g?) < co. Furthermore,

E(g) =0, 0 <07 = Var(g,) < C < o,

for some finite constant C. These assumptions enable moderate heteroscedasticity and serial
dependence, which are commonly observed in financial and energy commodity price series. Using
kernel regression, the trend component is estimated as T, = m(7), and the fluctuation component
is obtained as F, =Y - T, Hence, the original series is decomposed into Y, = T, + F, This
decomposition enables separate modeling of the long-run deterministic behavior and the short-run
stochastic dynamics.

2.2.2. Variance reduction property

The kernel estimator can be expressed as i = Zﬂ,vzl w; Y, where Z?’:I wis = 1.
Proposition 1. Suppose that {g,} is a strictly stationary @-mixing process with finite second moments
and bounded conditional variance satisfying

0<0?<C <o,
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where C is a finite positive constant. Then the variance of the kernel-smoothed trend estimator satisfies

N
Var(T,) < C Z w2, @2.11)
s=1
Since
N
Dowl <1, (2.12)
s=1

for any non-degenerate kernel weighting scheme, it follows that
Var(T,) < Var(Y)). (2.13)
Proof. Since the kernel estimator is a weighted average of weakly dependent observations,

N N
Var(T) = )" wiw,; Cov(Y,, Y)). (2.14)

i=1 j=1

Under the assumed a-mixing condition with bounded second moments, the covariance terms decay
sufficiently fast as the temporal lag increases. Consequently,

N
Var(T) < C ) wi,, (2.15)
s=1
where
C =supo? < oo.
t

Because the kernel weights satisfy

N

N
=1 2o<1
Wl‘,S - L W[J < s
s=1 s=1

it follows that

Var(i) <C.

Hence, kernel smoothing reduces the variability of the observed process while preserving its underlying
long-run trend. Thus, kernel regression produces a statistically smoother representation of the
original series by reducing the influence of high-frequency stochastic fluctuations while preserving the
underlying long-run dynamics. This variance reduction improves the signal-to-noise ratio,enabling the
subsequent forecasting models to learn more homogeneous temporal structures and thereby enhancing
forecasting accuracy and stability for highly volatile financial and energy commodity markets.

AIMS Mathematics Volume 11, Issue 8, 24877-24912.



24884

2.2.3. Forecast error decomposition

Let the reconstructed forecast be defined as

—_

Yien = Tt+h + F'Hh’ (2.16)

where T\Hh and I?Hh denote the forecasts of the trend and fluctuation components, respectively.
The forecast error can be written as

erin = Yen — /Y\vt+h- (2.17)
Substituting the decomposition yields
€rih = (Tt+h - ?:Hh) + (Ft+h - I::z+h) . (2.18)
Define
er = Tron = Trons (2.19)
and
er = Fruon— Fron. (2.20)
Then
ep = er + ef. 2.21)
Consequently,
MSE(e) = MSE(er) + MSE(er) + 2 Cov(er, er). (2.22)

Since kernel regression separates the original series into low-frequency trend and high-frequency
fluctuation components, their corresponding forecasting errors are expected to exhibit weak asymptotic
dependence because kernel decomposition separates low-frequency and high-frequency dynamics.
Under standard regularity conditions, then

COV(eT’ eF) = 0(1)’ N — oo,
which leads to

MSE(e) = MSE(er) + MSE(ey) + o(1),

where the covariance term becomes asymptotically negligible. This provides a stronger theoretical
justification for component-wise forecasting without requiring exact independence between the two
forecasting errors.
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2.2.4. Consistency of the proposed framework

The asymptotic behavior of the proposed hybrid forecasting framework can be established under
standard regularity conditions for nonparametric kernel regression and consistent forecasting models.
Theorem 1. Suppose that the following conditions hold:

1. The stochastic process {Y,} is strictly stationary after removing the deterministic trend and satisfies
standard @-mixing conditions with finite second moments.

2. The regression function m(-) is twice continuously differentiable on its support.

3. The kernel function satisfies

f Kw)du =1, (2.23)
K(u) = K(-uw), (2.24)
and
f WKu)du < . (2.25)
4. The bandwidth sequence satisfies
h— 0, Nh — oo, (2.26)

as N — oo,

5. The forecasting models applied to the trend and fluctuation components are statistically
consistent, i.e., their prediction errors converge uniformly in probability.

Then the reconstructed hybrid forecast satisfies

Yoo Yp, N — . (2.27)

Proof. Under the standard regularity conditions for kernel regression, the kernel estimator is consistent,
implying

75T, (2.28)

Hence,

F=Y-T,5F, (2.29)

Since the forecasting models for both decomposed components are assumed to be statistically
consistent,

Tron = Trans (2.30)

and
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Fron = Fron. (2.31)
Applying Slutsky’s theorem yields

—_ — —_ p

Yien = Tin + Fron = Y (2.32)

Furthermore, under the finite second-moment assumption,

E

(Y — YHh)z] —0, N oo, (2.33)

which establishes mean-square consistency of the proposed hybrid forecasting framework.

Therefore, the proposed decomposition-based forecasting framework is asymptotically consistent in
a probability and mean-square sense. The kernel regression decomposition consistently estimates the
latent trend component, while the component-wise forecasting models converge to the underlying data-
generating process under the stated regularity conditions. Together, these results provide a rigorous
statistical foundation for applying the proposed framework to nonlinear, weakly dependent stochastic
volatility financial time series and hence justify its use in financial forecasting, portfolio optimization,
risk management, and financial data analytics.

2.3. Modeling the decomposed components

After decomposition, the trend and fluctuation components are modeled independently using
linear and nonlinear forecasting models, respectively. The component-wise approach enables the
framework to capture diverse temporal structures better than directly modeling the original series.
The fluctuation part includes local anomalies, volatility clustering, and nonlinear stochastic patterns.
The trend component exhibits smoother, more consistent temporal dependence. This provides
better predictability, adaptability, and interpretability. Thus, four standard forecasting models are
used to model each component: Autoregressive, Autoregressive Moving Average, Nonparametric
Autoregressive, and Neural Network Autoregressive.

2.3.1. Autoregressive model

One of the most basic linear stochastic time-series models is the autoregressive model [57]. It is
predicated on the idea that this observation is linearly dependent on its prior values. For a component
that is stationary

Xim) c {T;(m)’ Fim)}’
the AR(p) process is defined as

P
XM= X"+ g, (2.34)
i=1

where sﬁm) represents a white-noise process with zero mean and constant variance, and ¢; are

autoregressive coefficients. When simulating smooth temporal persistence and short-memory linear
dependence in financial time series, the AR model excels.
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2.3.2. Autoregressive moving average model

By adding moving-average variables that capture shock propagation and serial dependence in
the innovation process, the ARMA model extends the AR framework [58]. The expression for the
ARMA(p, g) model is

p
X" = Z ¢ X" + ™ + Z 0, s(m) (2.35)
=1

where ¢; and 6; denote autoregressive and moving average parameters, respectively. The ARMA model
simultaneously captures persistence and shock-transmission dynamics, thereby providing greater
flexibility in modeling financial market behavior.

2.3.3. Nonparametric autoregressive model

Linear models are computationally efficient and statistically interpretable, but they cannot explain
the nonlinear temporal dependence in financial time series. The Nonparametric Autoregressive
(NPAR) model overcomes this restriction [59]. The NPAR model overcomes assumptions of linearity
by explicitly estimating unknown nonlinear functions from the data. The NPAR model is defined as

F(m) Zf F(m) +8§m)’ (2.36)

where f;(-) are smooth unknown nonlinear functions estimated nonparametrically. The NPAR
framework is highly flexible and can capture nonlinear dependence structures, asymmetric market
behavior, and local stochastic variations.

2.3.4. Neural network autoregressive model

The proposed framework is enhanced further by incorporating the Neural Network Autoregressive
(NNAR) model for better nonlinear forecasting capability [60]. The NNAR model is a universal
function approximator and can learn very complex nonlinear relationships from historical observations.
The NNAR(p, k) model for a component X,(m) is defined as

X" = ay + Z ;g (ﬁjo + Z ﬁ,,x“")] &m, (2.37)

where g(-) is a nonlinear activation function, k is the number of hidden neurons, and «; and §j;
are neural network parameters. The NNAR model can capture the nonlinear interactions, volatility
clustering, threshold effects, and higher-order temporal dependencies often observed in financial
markets.

2.3.5. Model parameter selection

In this work, the forecasting models are estimated using automatic data-driven parameter selection
procedures to ensure consistency, reproducibility, and objective model specification throughout the
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forecasting experiments. A summary of the software packages, parameter selection procedures, and
implementation settings is provided in Table 1.

For the AR and ARIMA models, lag orders are selected automatically using the Akaike Information
Criterion (AIC), while the ARIMA model additionally determines the required differencing order. The
NPAR and NNAR models are implemented using the tsDyn [61] and forecast [62] packages in
R, respectively, with their model orders selected automatically according to the default data-driven
procedures of the corresponding packages. For NNAR, the number of hidden neurons is determined
by the default rule k = [”THJ , where p denotes the selected autoregressive lag order.

For the proposed kernel regression decomposition, the bandwidth parameter is estimated
automatically using the np package [63] based on least-squares cross-validation (LSCV). During
the expanding-window forecasting experiment, the bandwidth and all forecasting model parameters
are re-estimated at each forecasting origin using only the information available up to that time,
thereby preventing information leakage and ensuring a fair out-of-sample evaluation. The Gaussian,
Epanechnikov, Uniform, and Truncated Gaussian kernels employ the default implementations provided
by the np package, while the Truncated Gaussian kernel uses the default second-order specification
throughout all experiments. These automated parameter selection procedures minimize subjective
tuning, reduce the risk of overfitting, and ensure reproducible comparisons among all competing
forecasting models.

Table 1. Summary of software packages, parameter selection procedures, and
implementation settings used in the forecasting framework.

Component Software/Package Parameter Selection Setting
AR forecast Lag order selected using AIC Re-estimated  at  each
expanding window
ARIMA forecast Orders (p, d, g) selected using AIC Re-estimated at each
expanding window
NPAR tsDyn Automatic model order and smoothing Re-estimated at  each
parameter selection expanding window
NNAR forecast Automatic lag selection; hidden nodes  Re-estimated at each
determined by k = [(p + 1)/2] expanding window
Kernel bandwidth np Least-squares cross-validation (LSCV) Re-estimated at each
expanding window
Gaussian kernel np Standard kernel implementation Default package
specification
Epanechnikov kernel np Standard kernel implementation Default package
specification
Uniform kernel np Standard kernel implementation Default package
specification
Truncated Gaussian kernel np Default second-order truncated Gaussian  Default package
implementation specification

In this work, a uniform notation system is introduced for all hybrid kernel regression-based
forecasting models to provide a more systematic, comprehensible, and scalable representation of the
proposed forecasting structures. The kernel-based decomposition technique, the forecasting model
for the trend component, and the forecasting model for the fluctuation component are the three major
components of the framework integrated into the suggested notation. However, all possible hybrid
forecasting structures developed in this study can be efficiently categorized and interpreted using
this organized mathematical representation. The generalized representation of the proposed hybrid
forecasting framework is mathematically expressed as H%_’Y), where the subscript K denotes the
kernel-based decomposition method, while the superscript pair (X — Y) identifies the forecasting
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models used for the trend and fluctuation components, respectively. Under this framework, the final
forecast is obtained through the additive reconstruction of the independently forecasted components
and is defined as

Yp =T + FV (2.38)

t+h t+h’

where ﬁfz denotes the h-step-ahead forecast of the trend component generated using forecasting

model X, and I?[(f,)l represents the corresponding forecast of the fluctuation component obtained from
forecasting model Y. For example, the notation Hg—m) represents a hybrid forecasting structure in
which the Gaussian kernel decomposition method is employed, the trend component is modeled
using the ARIMA model, and the fluctuation component is modeled using the AR model. Similarly,
H(I?HD) denotes a Uniform kernel decomposition framework in which both the trend and fluctuation
components are modeled with neural-network autoregressive models. Therefore, the proposed
notation system provides a mathematically rigorous, scalable, and interpretable representation of the
complete kernel regression-based hybrid forecasting framework, facilitating systematic comparison

and performance evaluation across all proposed forecasting architectures.

2.4. Expanding-window one-step-ahead forecasting procedure

The forecasting experiments are conducted using an expanding-window forecasting framework. Let
t denote the forecasting origin. At each iteration, only observations available up to time t are used for
kernel decomposition, model estimation, and forecast generation. A one-step-ahead forecast for time
(t + 1) was then produced. The newly observed value is then added to the estimation sample, and
the procedure is repeated sequentially until the end of the evaluation period. Thus, no information
prior to the forecasting horizon is used in the decomposition and forecasting steps, respectively,
eliminating the possibility of look-ahead bias/information leakage. The empirical analysis uses daily
energy commodity time series data spanning January 2016 to December 2025. The first seven years
(January 2016-December 2022) are used as the initial estimation sample, while the remaining three
years (January 2023—-December 2025) are reserved for out-of-sample forecasting evaluation. Forecasts
are generated recursively under the expanding-window framework throughout the testing period.

2.5. Computational complexity and scalability

Table 2 summarizes the approximate computational complexity of the forecasting models employed
in this study together with their relative training requirements and interpretability.

In Table 2, N denotes the number of observations, p and g represent the autoregressive and
moving-average orders, respectively, k is the number of hidden neurons in the NNAR model, and £
denotes the number of training epochs. However, kernel regression decomposition adds an additional
preprocessing step with a computational complexity of about O(N?) when using the usual local
kernel smoothing implementation. However, this cost occurs just once at each forecasting origin
in the expanding-window procedure. Forecasting models are fitted to statistically simple trend and
fluctuation components, obtained after decomposition, rather than to the original highly volatile series.
This separation reduces structural complexity, facilitates parameter estimation, and improves model
convergence, especially for nonlinear forecasting models. On the other hand, the NNAR-based hybrid
models are computationally more demanding than linear models. However, the proposed framework
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is still computationally feasible for daily financial and energy market datasets. The empirical study is
based on some ten years of daily observations, and all hybrid models can be efficiently estimated by
standard implementations in the R environment.

Table 2. Qualitative comparison of computational complexity and training characteristics of
the forecasting models.

Model Type Approximate Complexity Training Time Interpretability
AR Linear O(Np?) Very Low High
ARIMA Linear O(N(p + ¢)*) Low High
NPAR Nonparametric O(N?) Moderate Moderate
NNAR Nonlinear O(NE pk) High Low

2.6. Performance evaluation metrics

In this work, several statistical measures of accuracy and efficiency are used to examine the
forecasting performance in detail. The mathematical equations for the following measurements are in
Table 3. These include the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean
Absolute Percentage Error (MAPE), Correlation Coefficient (CORR), Directional Accuracy (DA),
Nash-Sutcliffe Efficiency (NSE), and Kling-Gupta Efficiency (KGE).

Table 3. Evaluation metrics.

Metric Mathematical Expression

MAE 13N Ix™ - X"
2
RMSE \/%, (X - Xm)
Xt(m)_j(‘;m)
MAPE 037 e

- =(m)
2 i)

CORR —
S (x5 (73"

N —
DA 3 B[ - x7) (B - %) >
B i\il(X:m)_i‘t(m))

S (X&)

KGE 11— Jr— 17+ (& —1) +(2-1)

To

NSE

In addition, to further assess the statistical significance of the forecasting improvements achieved
by the proposed kernel regression-based hybrid framework, the Diebold-Mariano (DM) test [64] is
employed. The DM test evaluates whether the predictive performance of two competing forecasting
models differs significantly. Let e;, and e,, denote the forecast errors generated by two competing
forecasting models at time 7. Based on a specified loss function L(-), the loss differential is defined as,
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d, = L(e1,) — L(ea,), t=1,2,...,T, where T denotes the total number of out-of-sample forecasts.
In this study, the squared-error loss function, L(e;) = e?, is adopted. The null hypothesis states that
the proposed model does not outperform the benchmark, whereas the alternative hypothesis indicates
that the proposed model has a lower expected forecast loss. Specifically, Hy :; E(d;) > 0, against
the one-sided alternative, H; :; E(d;) < 0, rejection of the null hypothesis indicates that the proposed
forecasting model achieves significantly superior predictive accuracy compared with the competing
model.

The DM test statistic is computed as DM = ﬁ, where d = % Zthl d,, is the sample mean of the
ar

loss differential, and Vgr(c?) denotes a consistent estimate of its variance that accounts for possible
serial correlation in the forecast loss differentials. Under the null hypothesis, the DM statistic is
asymptotically standard normal, DM ~ N(0, 1). In this study, the DM test is employed to compare
the proposed kernel regression-based hybrid forecasting models with the best-performing direct hybrid
and standalone forecasting models for each energy commodity market. Consequently, the DM test
complements conventional forecasting accuracy measures by providing statistical evidence of the
significance of the observed improvements in forecasting accuracy.

To conclude this section, the full system of the proposed forecasting framework is illustrated in
Figure 1.
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Figure 1. Complete flowchart of the proposed forecasting framework.

3. Results

In this paper, we proposed the kernel regression-based decomposition forecasting framework
and applied it to five major global energy markets, namely WTI and Brent crude oil, NATGAS,
GASOLINE, and HEATOIL, to obtain one-day-ahead (short-term) forecasts. Each energy price time
series was carefully examined for missing values and data consistency before the empirical analysis;
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no missing observations were detected. Therefore, no imputation procedures were required; similarly,
no outliers were removed because extreme price movements represent genuine market behavior and
are essential for evaluating forecasting models under realistic energy market conditions. Only the
WTI series contained a single negative price observation (20 April 2020), reflecting the unprecedented
market conditions during the COVID-19 pandemic. Because the logarithmic transformation is
undefined for non-positive values, this isolated observation was removed before applying the
logarithmic transformation. Since only one observation was affected, its removal had a negligible
impact on the temporal continuity of the series. The expanding-window forecasting procedure was
subsequently performed sequentially on the remaining chronologically ordered observations without
introducing any future information. Forecasts were generated on the logarithmic scale and then back-
transformed to the original price scale using the inverse exponential transformation. Forecasting
accuracy measures were computed on the original price scale, and no additional bias correction was
applied during back-transformation because the same transformation procedure was used consistently
for all competing forecasting models. The data are daily observations over 10 years (from January 2016
to December 2025) for the world’s major energy commodities, which play fundamental roles in global
energy supply chains, industrial production, transportation systems, and overall economic activity, and
are obtained from Yahoo Finance. A rigorous chronological train-test split was utilized across the
forecasting experiment to avoid data leakage. The first seven years of data (January 2016—December
2022) were used only to perform kernel regression decomposition, bandwidth selection, model
estimation, and parameter tuning; the last three years (January 2023-December 2025) were reserved
only for out-of-sample forecasting evaluation. The trend and fluctuation components were estimated
using only the training data. All the forecasting models were fitted to the corresponding decomposed
training series. The forecasts for the testing period were made sequentially without using any future
observations, which gave an unbiased and realistic evaluation of the proposed kernel regression-based
hybrid forecasting framework.

The energy commodity price series is shown in Figure 2 for visual analysis. The visual analysis
shows that the series is highly nonlinear and non-stationary, with persistent long-term trends, abrupt
structural breaks, volatility clustering, and large price swings over time. Major market disruptions
have been caused by the COVID-19 pandemic, geopolitical conflicts, global supply chain instability,
and shocks to the energy markets. Specifically, WTI and Brent crude oil prices have large shocks
in the long run, while NATGAS has large volatility spikes due to seasonal demand and geopolitical
uncertainties in supply. Refinery activity, the need for transportation, and the way in which crude oil
prices are passed through also influence the volatility of gasoline and heating oil.

Table 4 shows the descriptive statistics and statistical features of five major energy commodity
price series: The original, logarithmic, and differenced logarithmic. The results suggest several
common features across all energy markets. The original price series is very volatile, with large
dynamic ranges and high nonlinearity, which is indicative of the inherent instability of global energy
markets. WTI crude oil prices have the highest price volatility, including negative prices during the
COVID-19 pandemic. Brent crude oil prices are very sensitive to geopolitical events and production
policies. NATGAS displays the highest relative volatility and strong positive skewness and kurtosis,
implying frequent extreme price movements and heavy-tailed behavior. Gasoline and heating oil have
similar distributional characteristics. The logarithmic transformation and first differencing significantly
improve stationarity, as confirmed by the ADF test, but the JB and ARCH tests indicate that non-
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normality and conditional heteroscedasticity are still statistically significant. Seasonality is particularly
apparent in NATGAS and GASOLINE, driven by weather, energy demand, and refinery activity. The
empirical analysis strongly supports the view that energy commodity prices are best described by
nonstationarity, nonlinearity, heavy tails, volatility clustering, and seasonal dynamics, which strongly
justifies the use of the proposed kernel regression-based decomposition framework that separates
the long-run trend from the short-run fluctuations for better forecasting. In addition, the combined
application of different kernel functions with linear and non-linear forecasting models such as AR,
ARIMA, NPAR, and NNAR results in a flexible and robust approach for modeling the heterogeneous
behavior of WTI, Brent, NATGAS, GASOLINE, and HEATOIL markets and, thus, enhances prediction
accuracy and stability across various energy segments.

Price

2016 2018 2020 2022 2024 2026

BRENT

Price

2016 2018 2020 2022 2024 2026

NATGAS

Price

2016 2018 2020 2022 2024 2026

GASOLINE

Price

2016 2018 2020 2022 2024 2026

HEATOIL

Price

2016 2018 2020 2022 2024 2026

Figure 2. Time series plot for all considered energy commodity markets.

The proposed framework for predictive modeling decomposes energy price time series into long-
term trend (7;) and short-run fluctuation (F;) components. This was done using the kernel regression-
based decomposition approach and four different kernel specifications: Uniform (Hy ), Gaussian (Hg),
Truncated Gaussian (Hys), and Epanechnikov (Hg). With the trend and fluctuation components
decomposed, linear and nonlinear forecasting models are fitted separately. Linear AR and ARIMA
models were used for linear forecasting, while nonlinear NPAR and NNAR models were used for
nonlinear forecasting. Hybridization structures may be linear-linear, nonlinear-nonlinear, or a hybrid
of both. The proposed framework can therefore accommodate all three. In each kernel decomposition,
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sixteen hybrid forecasting structures are produced, since four forecasting models were used for the
trend and fluctuation components. For each energy commodity price, sixty-four hybrid forecasting
models were tested, covering all four kernel functions. The one-step-ahead predicting performance
measures, which included MAPE, MAE, RMSE, CORR, DA, NSE, and KGE, are presented in Table 5
for WTI, Table 6 for Brent, Table 7 for NATGAS, Table 8 for GASOLINE, and Table 9 for HEATOIL
markets.

For the WTI market, the hybrid model HEED_’D ), based on the Epanechnikov kernel and combining
NNAR forecasting of both trend and fluctuation components, achieves the best forecasting performance
(see Table 5). For this model, the lowest forecasting errors are obtained with MAPE = 0.4421, MAE =
0.3092, and RMSE = 0.4031, and it provides excellent goodness-of-fit metrics (CORR = 0.9988,
NSE = 0.9973, and KGE = 0.9908). The model has strong directional forecasting ability with
DA = 0.8867, demonstrating its ability to capture short-term market fluctuations. The excellent
performance of the Epanechnikov kernel demonstrates that the adaptive local smoothing can eliminate
high-frequency noise while preserving important structural information. The uniform kernel-based
hybrids always produce the lowest forecasting accuracy, suggesting that equal-weight smoothing is
less suitable for capturing sudden volatility switches and nonlinear relationships in WTI prices.

On the other hand, the uniform kernel-based hybrid Hg_’D ) exhibits the best forecasting performance
for the Brent crude oil dataset (Table 6) with MAPE = 0.4372, MAE = 0.3198, and RMSE = 0.4339.
The model has obtained high predictive efficiency indices such as CORR = 0.9987, NSE = 0.9971,
and KGE = 0.9928 and good directional accuracy (DA = 0.8473). The consistent outperformance
of uniform kernel-based models across various hybrid setups shows that balanced neighborhood
smoothing can capture the essential temporal characteristics of Brent prices. Furthermore, hybrid
models that integrate linear models for the trend element and nonlinear NNAR structures for the
fluctuation component generally outperform purely linear models, indicating the presence of both
stable long-term behavior and nonlinear short-term volatility patterns in Brent markets.

Table 4. All descriptive statistics and diagnostic measurements of energy commodity prices
are level, logarithmic, and differenced logarithmic transformed.

Series Type Min Max Mean Median Mode Q1 Q2 Q3 Variance SD CoefVar Skewness Kurtosis ADF_Stat JB_Stat ARCH_Stat
WTI Level -37.63 123770 6348 63.37  67.04 51.64 6337 74.11 300.71 17.34  0.27 0.19 3.95 -2.42 87.74 1991.39
WTI Log 230 4.82 4.11 415 421 394 415 431 0.09 029 0.07 -0.93 5.55 -2.83 NA 1995.72
WTI Diff Log -0.28 042 0.00  0.00 0.00 -0.01 0.00 0.01 0.00 0.03 5623 1.06 35.71 -11.00 NA 437.42
BRENT Level 19.33 12798 67.77 67.76 7474 5571 67.76 79.13 311.65 17.65 0.26 0.16 3.26 -2.30 14.85 1991.91
BRENT Log 296  4.85 4.18 422 431 402 422 437 0.08 0.28 0.07 -0.77 4.06 -2.62 298.09 2000.84
BRENT Diff Log -0.28 0.21 0.00  0.00 0.00 -0.01 0.00 0.01 0.00 0.03 108.74 -0.88 18.81 -13.04 21406.17  352.87
NATGAS Level 148  9.68 322 286 275 248 286 342 187 1.37 043 2.12 8.08 -2.79 3702.25 1971.87
NATGAS Log 039 227 1.10  1.05 1.01 091 1.05 123 0.12 035  0.32 0.93 4.09 -2.73 394.34 1986.69
NATGAS Diff Log -0.30 0.38 0.00  0.00 0.00 -0.02 0.00 0.02 0.00 0.04 168.82 0.25 8.56 -12.25 2635.01 199.05
GASOLINE  Level 0.41 4.28 197 197 147 158 197 226 0.32 056 0.29 0.64 4.26 -2.57 275.02 1992.67
GASOLINE  Log -0.89 145 0.63  0.68 039 046 068 0.82 0.09 030 047 -0.64 4.84 -3.07 423.12 1991.13
GASOLINE Diff Log -0.51 0.29 0.00  0.00 -0.03 -0.01 0.00 0.01 0.00 0.03 23163 -2.10 44.56 -12.38 147584.31 222.49
HEATOIL  Level 0.61 5.14 215 2.09 1.24 165 209 247 048 0.69 0.32 0.77 3.82 -1.95 255.78 1977.55
HEATOIL  Log -049  1.64 071 0.74 021 050 074 090 0.11 032 046 -0.23 3.15 -2.19 19.73 1997.15
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Table 5. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid
models for the WTTI oil prices employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 HUY 0.4784 0.3339 0.4415 0.9983 0.8916 0.9965 0.9881
2 HD 0.4787 0.3342 0.4418 0.9982 0.8892 0.9964 0.9879
3 H“‘*M 0.4762 0.3321 0.4397 0.9984 0.8941 0.9966 0.9888
4 ]HI(’H”) 0.4748 0.3312 0.4386 0.9985 0.8966 0.9968 0.9893
5 H(HA) 0.4757 0.3327 0.4442 0.9983 0.8941 0.9965 0.9885
6 H"“” 0.4761 0.3331 0.4446 0.9982 0.8916 0.9964 0.9882
7 H(HN) 0.4734 0.3310 0.4418 0.9984 0.8966 0.9967 0.9891
8 H<”D’ 0.4719 0.3299 0.4407 0.9985 0.8990 0.9969 0.9896
9 H““**” 0.4870 0.3392 0.4456 0.9983 0.8547 0.9965 0.9879
10 H(N"” 0.4875 0.3397 0.4462 0.9982 0.8522 0.9964 0.9876
11 H(NﬁN’ 0.4841 0.3371 0.4438 0.9984 0.8596 0.9966 0.9887
12 H(N“’” 0.4826 0.3360 0.4424 0.9985 0.8621 0.9968 0.9892
13 H‘D*’“ 0.4595 0.3208 0.4237 0.9984 0.8596 0.9968 0.9895
14 Hm*” 0.4599 0.3212 0.4241 0.9983 0.8571 0.9967 0.9892
15 H(D_’N) 0.4568 0.3189 0.4214 0.9985 0.8645 0.9969 0.9902
16 ]HI“)_’D) 0.4552 0.3177 0.4201 0.9986 0.8670 0.9970 0.9908
17 H‘H“ 0.5325 0.3720 0.4977 0.9979 0.8719 0.9956 0.9876
18 H(’H” 0.5330 0.3725 0.4982 0.9978 0.8695 0.9955 0.9873
19 ]HI(’HN) 0.5284 0.3691 0.4926 0.9980 0.8768 0.9958 0.9884
20 ]HI“HD) 0.5259 0.3673 0.4898 0.9981 0.8793 0.9960 0.9890
21 H<HA) 0.5217 0.3644 0.4846 0.9980 0.8818 0.9958 0.9880
22 ]HI“"” 0.5222 0.3649 0.4850 0.9979 0.8793 0.9957 0.9877
23 H”"'N) 0.5183 0.3620 0.4801 0.9981 0.8842 0.9959 0.9888
24 H(HD) 0.5157 0.3601 0.4774 0.9982 0.8867 0.9961 0.9893
25 H‘N*’“ 0.4571 0.3202 0.4164 0.9985 0.8842 0.9969 0.9876
26 HW*“ 0.4575 0.3206 0.4169 0.9984 0.8818 0.9968 0.9873
27 H(N”M 0.4532 0.3175 0.4128 0.9986 0.8892 0.9970 0.9885
28 H(N_’”) 0.4506 0.3156 0.4103 0.9987 0.8916 0.9972 0.9892
29 H“H” 0.4481 0.3135 0.4090 0.9986 0.8793 0.9970 0.9894
30 H““” 0.4486 0.3139 0.4095 0.9985 0.8768 0.9969 0.9891
31 H“’W) 0.4447 0.3110 0.4057 0.9987 0.8842 0.9971 0.9901
32 H‘M” 0.4421 0.3092 0.4031 0.9988 0.8867 0.9973 0.9908
33 H(’HA' 0.8095 0.5653 0.7598 0.9949 0.7414 0.9898 0.9913
34 H‘A*” 0.8101 0.5659 0.7605 0.9948 0.7389 0.9897 0.9910
35 ]HI(A“N) 0.8048 0.5618 0.7552 0.9950 0.7463 0.9899 0.9918
36 ]HI(*HL” 0.8019 0.5597 0.7526 0.9951 0.7488 0.9901 0.9922
37 H(HA) 0.8095 0.5653 0.7598 0.9949 0.7414 0.9898 0.9913
38 ]HI(H” 0.8100 0.5658 0.7604 0.9948 0.7389 0.9897 0.9910
39 H(HN) 0.8045 0.5615 0.7549 0.9950 0.7488 0.9899 0.9918
40 H<”D’ 0.8016 0.5593 0.7521 0.9951 0.7512 0.9901 0.9923
41 HW**‘) 1.1385 0.7940 1.0779 0.9897 0.7241 0.9794 0.9817
42 H(N"” 1.1392 0.7947 1.0788 0.9896 0.7217 0.9793 0.9814
43 H(NﬁN) 1.1326 0.7898 1.0712 0.9899 0.7291 0.9797 0.9823
44 H(N“’” 1.1284 0.7869 1.0675 0.9900 0.7315 0.9799 0.9828
45 H‘D*’“ 1.1396 0.7946 1.0813 0.9896 0.7266 0.9792 0.9881
46 H“H’ 1.1403 0.7952 1.0821 0.9895 0.7241 0.9791 0.9878
47 H“’_’N) 1.1344 0.7908 1.0753 0.9898 0.7315 0.9795 0.9887
48 H“)_’D) 1.1305 0.7879 1.0714 0.9899 0.7340 0.9797 0.9892
49 H"H’” 0.4760 0.3324 0.4388 0.9983 0.8719 0.9966 0.9896
50 H(’H” 0.4765 0.3329 0.4393 0.9982 0.8695 0.9965 0.9893
51 ]HI(/HN) 0.4724 0.3299 0.4352 0.9984 0.8768 0.9967 0.9903
52 ]HI“HD) 0.4698 0.3280 0.4326 0.9985 0.8793 0.9969 0.9910
53 H(HA) 0.4854 0.3396 0.4534 0.9982 0.8842 0.9964 0.9891
54 H“g” 0.4859 0.3400 0.4539 0.9981 0.8818 0.9963 0.9888
55 HSY 0.4816 0.3369 0.4487 0.9983 0.8892 0.9965 0.9898
56 H;f;") 0.4789 0.3350 0.4461 0.9984 0.8916 0.9967 0.9904
57 HY 0.5493 0.3833 0.5101 0.9977 0.8596 0.9954 0.9871
58 " 0.5499 0.3839 0.5108 0.9976 0.8571 0.9953 0.9868
59 HG 0.5436 0.3792 0.5034 0.9978 0.8645 0.9956 0.9879
60 H‘N_’D) 0.5398 0.3764 0.4997 0.9979 0.8670 0.9958 0.9885
61 H“H” 0.5409 0.3775 0.5053 0.9978 0.8547 0.9955 0.9868
62 H(Dﬁ” 0.5415 0.3780 0.5059 0.9977 0.8522 0.9954 0.9865
63 H“’“N) 0.5352 0.3734 0.4986 0.9979 0.8596 0.9957 0.9876
64 H“’*D) 0.5314 0.3707 0.4949 0.9980 0.8621 0.9959 0.9882
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Table 6. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid
models for the Brent oil prices employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 HUY 1.3872 1.0185 1.3974 0.9838 0.4975 0.9677 0.9838
2 HD 1.3874 1.0187 1.3978 0.9838 0.4951 0.9676 0.9837
3 H“‘*M 1.3868 1.0181 1.3969 0.9839 0.5000 0.9678 0.9840
4 ]HI(’H”) 1.3861 1.0176 1.3958 0.9840 0.5025 0.9680 0.9843
5 H(HA) 1.3873 1.0186 1.3975 0.9838 0.4975 0.9677 0.9838
6 H"“” 1.3875 1.0188 1.3979 0.9838 0.4951 0.9676 0.9837
7 H(HN) 1.3869 1.0182 13970 0.9839 0.5000 0.9678 0.9840
8 H<”D’ 1.3862 1.0177 1.3959 0.9840 0.5025 0.9680 0.9843
9 H““**” 1.3927 1.0225 1.3982 0.9838 0.4951 0.9677 0.9829
10 H(N"” 1.3929 1.0227 1.3985 0.9838 0.4926 0.9676 0.9828
11 H(NﬁN’ 1.3921 1.0219 1.3976 0.9839 0.4975 0.9678 0.9831
12 H(N“’” 1.3915 1.0214 1.3968 0.9840 0.5000 0.9679 0.9834
13 H‘D*’“ 1.3911 1.0209 1.4057 0.9838 0.4951 0.9672 0.9835
14 Hm*” 1.3913 1.0211 1.4061 0.9838 0.4926 0.9671 0.9834
15 H(D_’N) 1.3906 1.0204 1.4048 0.9839 0.4975 0.9673 0.9837
16 ]HI“)_’D) 1.3899 1.0198 1.4039 0.9840 0.5000 0.9675 0.9840
17 H"HA) 1.1101 0.8141 1.1134 0.9897 0.6355 0.9796 0.9865
18 H(’H” 1.1103 0.8143 1.1138 0.9897 0.6330 0.9795 0.9864
19 ]HI(’HN) 1.1057 0.8107 1.1084 0.9898 0.6404 0.9797 0.9867
20 H“‘*D) 1.1049 0.8101 1.1076 0.9899 0.6429 0.9799 0.9870
21 H<HA) 0.9698 0.7121 0.9657 0.9923 0.6453 0.9847 0.9909
22 ]HI“"” 0.9701 0.7124 0.9660 0.9923 0.6429 0.9846 0.9908
23 ]HI”"'N) 0.9658 0.7090 0.9605 0.9924 0.6478 0.9848 0.9911
24 H(HD) 0.9651 0.7085 0.9598 0.9925 0.6502 0.9850 0.9914
25 H‘N*’“ 1.1092 0.8131 1.1141 0.9897 0.6355 0.9795 0.9860
26 HW*“ 1.1094 0.8133 1.1144 0.9897 0.6330 0.9794 0.9859
27 H(NW 1.1053 0.8101 1.1094 0.9898 0.6404 0.9796 0.9862
28 H“"_’") 1.1046 0.8095 1.1086 0.9899 0.6429 0.9798 0.9865
29 H“H” 1.1122 0.8151 1.1195 0.9897 0.6330 0.9793 0.9895
30 H““” 1.1124 0.8153 1.1198 0.9897 0.6305 0.9792 0.9894
31 H“’W) 1.1083 0.8121 1.1149 0.9898 0.6355 0.9795 0.9897
32 H‘M” 1.1076 0.8115 1.1141 0.9899 0.6379 0.9797 0.9900
33 H(’HA' 0.4532 0.3321 0.4506 0.9984 0.8325 0.9967 0.9932
34 H‘A*” 0.4534 0.3323 0.4510 0.9984 0.8300 0.9966 0.9931
35 ]HI(A“N) 0.4461 0.3264 0.4448 0.9985 0.8399 0.9968 0.9934
36 ]HI(*HL” 0.4453 0.3258 0.4439 0.9986 0.8424 0.9970 0.9937
37 H(HA) 0.4441 0.3253 0.4403 0.9985 0.8399 0.9969 0.9923
38 ]HI(H” 0.4443 0.3255 0.4407 0.9985 0.8374 0.9968 0.9922
39 H(HN) 0.4380 0.3204 0.4347 0.9986 0.8448 0.9970 0.9925
40 H<”D’ 0.4372 0.3198 0.4339 0.9987 0.8473 0.9971 0.9928
41 H“V**‘) 0.4848 0.3547 0.4819 0.9982 0.8424 0.9962 0.9919
42 H(N"” 0.4850 0.3549 0.4822 0.9982 0.8399 0.9961 0.9918
43 H(NﬁN) 0.4785 0.3495 0.4743 0.9983 0.8448 0.9963 0.9920
44 H(N“’” 0.4777 0.3489 0.4735 0.9984 0.8473 0.9965 0.9923
45 H‘D*’“ 0.4829 0.3534 0.4748 0.9982 0.8424 0.9963 0.9933
46 H“H’ 0.4831 0.3536 0.4751 0.9982 0.8399 0.9962 0.9932
47 H“’_’N) 0.4760 0.3478 0.4674 0.9983 0.8448 0.9964 0.9935
48 H“)_’D) 0.4752 0.3472 0.4666 0.9984 0.8473 0.9966 0.9938
49 H"H’” 1.1833 0.8683 1.1893 0.9883 0.5837 0.9767 0.9863
50 H(’H” 1.1835 0.8685 1.1896 0.9883 0.5813 0.9766 0.9862
51 ]HI(/HN) 1.1802 0.8659 1.1854 0.9884 0.5862 0.9768 0.9865
52 ]HI“HD) 1.1795 0.8653 1.1846 0.9885 0.5887 0.9770 0.9868
53 H"*A) 1.1106 0.8156 1.1131 0.9898 0.5911 0.9796 0.9890
54 H“g” 1.1108 0.8158 1.1134 0.9898 0.5887 0.9795 0.9889
55 HSY 1.1082 0.8137 1.1094 0.9899 0.5936 0.9797 0.9892
56 H;f;") 1.1075 0.8132 1.1086 0.9900 0.5961 0.9799 0.9895
57 HY 1.1837 0.8681 1.1902 0.9883 0.5837 0.9766 0.9858
58 " 1.1839 0.8683 1.1905 0.9883 0.5813 0.9765 0.9857
59 HG 1.1807 0.8657 1.1865 0.9884 0.5862 0.9767 0.9859
60 H‘N_’D) 1.1800 0.8651 1.1857 0.9885 0.5887 0.9769 0.9862
61 H“H” 1.1798 0.8649 1.1922 0.9883 0.5837 0.9765 0.9883
62 H(Dﬁ” 1.1800 0.8651 1.1925 0.9883 0.5813 0.9764 0.9882
63 H“’“N) 1.1771 0.8628 1.1887 0.9884 0.5862 0.9767 0.9884
64 H“’*D) 1.1764 0.8622 1.1879 0.9885 0.5887 0.9768 0.9887

AIMS Mathematics Volume 11, Issue 8, 24877-24912.



24897

In the NATGAS market case, the results are reported in Table 7. In this market, the best forecasting
accuracy (MAPE = 0.5501, MAE = 0.0119 and RMSE = 0.0164) is for the model HY "
using the Epanechnikov kernel. The model shows good goodness-of-fit statistics (CORR = 0.9979,
NSE = 0.9958, and KGE = 0.9939) and significant directional forecasting ability (DA = 0.8300). The
results show that adaptive weighted smoothing is highly effective at modeling the volatile, irregular
nature of natural gas prices. The Epanechnikov kernel decomposition is superior to the Gaussian and
Truncated Gaussian kernel decompositions at capturing localized nonlinear fluctuations and abrupt
volatility shifts, hallmarks of natural gas markets.

The same is valid for the GASOLINE market (Table 8), where the Uniform kernel-based hybrid
Hg_’N ) provides the most accurate predictions with MAPE = 0.4342, MAE = 0.0102, and RMSE =
0.0134. Moreover, the model has excellent efficiency values with CORR = 0.9978, NSE = 0.9955,
and KGE = 0.9887. The good performance of the Uniform kernel suggests that the gasoline
price fluctuations exhibit relatively stable local dependence structures that are enhanced by balanced
smoothing in decomposition. However, models that use Gaussian and Truncated Gaussian kernels tend
to produce larger forecast errors, suggesting a reduced ability to capture local market anomalies.

For the HEATOIL market (Table 9), the hybrid model Hg_’D) with the Epanechnikov kernel shows
better prediction performance with the minimum forecasting errors in terms of MAPE = 0.0849,
MAE = 0.0009, and RMSE = 0.0012. The model shows very good goodness of fit measures
(CORR = 0.9994, NSE = 0.9987, and KGE = 0.9958), confirming its strong predictive ability.
The results show that the Epanechnikov kernel can capture persistent trend structures and short-
term nonlinear volatility patterns in heating oil prices. For all commodity datasets, hybrid structures
with nonlinear forecasting for the fluctuation part performed consistently better than purely linear
ones. In addition, the kernel decomposition methods show different forecasting performance in energy
commodity markets. The Epanechnikov and Uniform kernels outperform the Gaussian and Truncated
Gaussian kernels, implying that adaptive local smoothing and equal weighting of neighborhoods are
better able to capture non-linear market dynamics. On the other hand, the Gaussian and Truncated
Gaussian kernels tend to oversmooth the series, reducing their ability to react to sudden market
changes. The results show the effectiveness and robustness of the proposed kernel regression-based
hybrid framework, which separates long-run trends and short-run fluctuations, enabling more accurate
forecasts of nonlinear, nonstationary, and highly volatile energy commodity prices.

The proposed forecasting framework is contrasted with direct hybrid (Table 10) and standalone
(Table 11) forecasting models to further evaluate the contribution of decomposition. As shown in both
tables, the decomposition-based approach consistently outperforms the direct hybrids across all energy
commodities. This makes it possible to learn heterogeneous temporal dynamics more effectively, which
improves directional forecasting accuracy and reduces forecasting errors. The biggest improvements
are in HEATOIL and NATGAS, with forecasting errors reduced by over 94% in both. On the other
hand, in single forecasting models, AR, ARIMA, NPAR, and NNAR alone fail to adequately capture
the nonlinear, nonstationary, and multi-scale features of energy commodity prices.
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Table 7. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid
models for the NATGAS prices employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 HUY 1.0095 0.0218 0.0310 0.9923 0.6355 0.9846 0.9904
2 HAP 1.0092 0.0218 0.0309 0.9923 0.6379 0.9847 0.9905
3 H“‘*M 1.0031 0.0217 0.0308 0.9924 0.6404 0.9848 0.9906
4 ]HI(’H”) 1.0060 0.0217 0.0309 0.9924 0.6429 0.9848 0.9907
5 H(HA) 1.0115 0.0219 0.0310 0.9923 0.6355 0.9846 0.9903
6 H"“” 1.0111 0.0218 0.0310 0.9923 0.6379 0.9847 0.9904
7 H(HN) 1.0050 0.0217 0.0308 0.9924 0.6429 0.9848 0.9905
8 H<”D’ 1.0079 0.0218 0.0309 0.9924 0.6453 0.9848 0.9906
9 H““**” 1.0141 0.0219 0.0311 0.9922 0.6453 0.9845 0.9886
10 H(N"” 1.0137 0.0219 0.0310 0.9922 0.6478 0.9846 0.9887
11 H(NﬁN’ 1.0076 0.0218 0.0309 0.9923 0.6502 0.9847 0.9888
12 H(N“’” 1.0104 0.0218 0.0310 0.9923 0.6527 0.9847 0.9889
13 H‘D*’“ 1.0150 0.0219 0.0311 0.9922 0.6453 0.9845 0.9887
14 Hm*” 1.0145 0.0219 0.0310 0.9922 0.6478 0.9846 0.9888
15 H(D_’N) 1.0092 0.0218 0.0309 0.9923 0.6502 0.9847 0.9889
16 ]HI“)_’D) 1.0120 0.0218 0.0310 0.9923 0.6527 0.9847 0.9890
17 H‘H“ 0.6682 0.0145 0.0203 0.9967 0.7685 0.9934 0.9918
18 H(’H” 0.6660 0.0144 0.0202 0.9967 0.7709 0.9935 0.9919
19 ]HI(’HN) 0.6593 0.0142 0.0201 0.9968 0.7734 0.9936 0.9920

20 ]HI“HD) 0.6635 0.0143 0.0202 0.9968 0.7759 0.9936 0.9921
21 H<HA) 0.5591 0.0121 0.0167 0.9978 0.8251 0.9956 0.9937
22 ]HI“"” 0.5568 0.0120 0.0166 0.9978 0.8276 0.9957 0.9938
23 ]HI”"'N) 0.5501 0.0119 0.0164 0.9979 0.8300 0.9958 0.9939
24 H(HD) 0.5542 0.0120 0.0165 0.9979 0.8325 0.9958 0.9940
25 H‘N*’“ 0.7940 0.0172 0.0243 0.9953 0.7488 0.9906 0.9931
26 HW*“ 0.7915 0.0171 0.0242 0.9954 0.7512 0.9907 0.9932
27 H(N”N) 0.7846 0.0170 0.0241 0.9954 0.7562 0.9908 0.9933
28 H“"_’") 0.7881 0.0170 0.0242 0.9954 0.7586 0.9908 0.9934
29 H“H” 0.7950 0.0172 0.0243 0.9953 0.7488 0.9906 0.9926
30 H““” 0.7923 0.0171 0.0242 0.9953 0.7512 0.9907 0.9927
31 H“’W) 0.7861 0.0170 0.0241 0.9954 0.7562 0.9908 0.9928
32 H‘M” 0.7896 0.0170 0.0242 0.9954 0.7586 0.9908 0.9929
33 H(’HA' 0.6927 0.0149 0.0206 0.9966 0.7906 0.9932 0.9934
34 H‘A*” 0.6910 0.0149 0.0205 0.9966 0.7931 0.9933 0.9935
35 ]HI(A“N) 0.6891 0.0148 0.0203 0.9967 0.7956 0.9934 0.9936
36 ]HI(*HL” 0.6875 0.0148 0.0202 0.9967 0.7980 0.9935 0.9937
37 H(HA) 0.6846 0.0148 0.0202 0.9968 0.7759 0.9935 0.9925
38 ]HI(H” 0.6830 0.0147 0.0201 0.9968 0.7783 0.9936 0.9926
39 H(HN) 0.6814 0.0147 0.0200 0.9969 0.7808 0.9937 0.9927
40 H<”D’ 0.6802 0.0146 0.0199 0.9969 0.7833 0.9937 0.9928
41 H“V**‘) 0.7150 0.0154 0.0215 0.9963 0.7808 0.9926 0.9934
42 ]HI(N"” 0.7138 0.0153 0.0214 0.9964 0.7833 0.9927 0.9935
43 H(NﬁN) 0.7121 0.0153 0.0213 0.9964 0.7857 0.9928 0.9936
44 H(N“’” 0.7109 0.0152 0.0212 0.9965 0.7882 0.9928 0.9937
45 H‘D*’“ 0.7157 0.0154 0.0215 0.9963 0.7783 0.9926 0.9927
46 H“H’ 0.7146 0.0153 0.0214 0.9964 0.7808 0.9927 0.9928
47 H“’_’N) 0.7130 0.0153 0.0213 0.9964 0.7833 0.9928 0.9929
48 H“)_’D) 0.7118 0.0152 0.0212 0.9965 0.7857 0.9928 0.9930
49 H‘“A) 1.2729 0.0275 0.0389 0.9879 0.5837 0.9759 0.9848
50 H(’H” 1.2711 0.0274 0.0388 0.9880 0.5862 0.9760 0.9849
51 ]HI(/HN) 1.2697 0.0273 0.0387 0.9880 0.5887 0.9761 0.9850
52 ]HI“HD) 1.2702 0.0274 0.0388 0.9880 0.5911 0.9761 0.9851
53 H(HA) 1.1736 0.0254 0.0363 0.9895 0.6034 0.9790 0.9880
54 H“g” 11712 0.0253 0.0362 0.9896 0.6059 0.9791 0.9881
55 HSY 1.1691 0.0252 0.0361 0.9896 0.6084 0.9792 0.9882
56 H;f;") 1.1698 0.0252 0.0361 0.9896 0.6108 0.9792 0.9883
57 HY 1.2743 0.0275 0.0388 0.9879 0.5837 0.9759 0.9834
58 " 1.2724 0.0274 0.0387 0.9880 0.5862 0.9760 0.9835
59 HG 1.2710 0.0273 0.0386 0.9880 0.5887 0.9761 0.9836
60 H“"_’D) 1.2715 0.0273 0.0387 0.9880 0.5911 0.9761 0.9837
61 H“H” 1.2683 0.0274 0.0389 0.9879 0.5837 0.9758 0.9875
62 H(Dﬁ” 1.2666 0.0273 0.0388 0.9880 0.5862 0.9759 0.9876
63 H“’“N) 1.2650 0.0272 0.0387 0.9880 0.5887 0.9760 0.9877
64 H“’*D) 1.2656 0.0272 0.0387 0.9880 0.5911 0.9760 0.9878
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Table 8. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid

models for the GASOLINE prices employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 HUY 1.2661 0.0273 0.0389 0.9879 0.5862 0.9758 0.9875
2 HD 1.2680 0.0274 0.0390 0.9878 0.5850 0.9757 0.9874
3 H“‘*M 1.2690 0.0275 0.0391 0.9877 0.5840 0.9756 0.9873
4 ]HI(’H”) 1.2700 0.0275 0.0392 0.9876 0.5830 0.9755 0.9872
5 H(HA) 1.5206 0.0361 0.0479 0.9704 0.5296 0.9410 0.9704
6 H"“” 1.5215 0.0362 0.0480 0.9703 0.5288 0.9409 0.9703
7 H(HN) 1.5225 0.0363 0.0481 0.9702 0.5279 0.9408 0.9702
8 H<”D’ 1.5235 0.0364 0.0482 0.9701 0.5270 0.9407 0.9701
9 H““**” 1.5267 0.0362 0.0481 0.9701 0.5246 0.9405 0.9690
10 H(N"” 1.5276 0.0363 0.0482 0.9700 0.5238 0.9404 0.9689
11 H(NﬁN’ 1.5285 0.0364 0.0483 0.9699 0.5229 0.9403 0.9688
12 H(N“’” 1.5294 0.0365 0.0484 0.9698 0.5220 0.9402 0.9687
13 H‘D*’“ 1.5383 0.0365 0.0482 0.9700 0.5296 0.9402 0.9697
14 H<D*” 1.5391 0.0366 0.0483 0.9699 0.5288 0.9401 0.9696
15 H(D_’N) 1.5400 0.0367 0.0484 0.9698 0.5279 0.9400 0.9695
16 ]HI“)_’D) 1.5408 0.0368 0.0485 0.9697 0.5270 0.9399 0.9694
17 H‘H“ 1.5319 0.0364 0.0480 0.9703 0.5320 0.9406 0.9700
18 H(’H” 1.4762 0.0351 0.0465 0.9721 0.5345 0.9443 0.9720
19 ]HI(’HN) 1.4728 0.0350 0.0463 0.9723 0.5394 0.9447 0.9724
20 ]HI“HD) 1.4746 0.0350 0.0464 0.9722 0.5370 0.9445 0.9722
21 H<HA) 1.4734 0.0350 0.0467 0.9718 0.5296 0.9439 0.9708
22 ]HI“"” 1.4734 0.0350 0.0467 0.9718 0.5296 0.9439 0.9708
23 ]HI”"'N) 1.4698 0.0349 0.0465 0.9720 0.5345 0.9443 0.9712
24 H(HD) 1.4715 0.0349 0.0466 0.9719 0.5320 0.9441 0.9710
25 H‘N*’“ 1.4916 0.0354 0.0468 0.9717 0.5320 0.9436 0.9713
26 HW*“ 1.4916 0.0354 0.0468 0.9717 0.5320 0.9436 0.9713
27 H(N”N) 1.4879 0.0353 0.0466 0.9719 0.5369 0.9440 0.9717
28 H(N_’”) 1.4898 0.0353 0.0467 0.9718 0.5345 0.9438 0.9715
29 H“H” 1.4875 0.0353 0.0467 0.9720 0.5296 0.9439 0.9716
30 H“’ﬂ” 1.4875 0.0353 0.0467 0.9720 0.5296 0.9439 0.9716
31 H“’W) 1.4838 0.0352 0.0465 0.9722 0.5345 0.9443 0.9720
32 H‘M” 1.4857 0.0352 0.0466 0.9721 0.5320 0.9441 0.9718
33 H(’HA' 0.4849 0.0115 0.0150 0.9971 0.8621 0.9942 0.9876
34 H‘A*” 0.4849 0.0115 0.0150 0.9971 0.8621 0.9942 0.9876
35 ]HI(A“N) 0.4795 0.0113 0.0147 0.9973 0.8695 0.9947 0.9881
36 ]HI(*HL” 0.4820 0.0114 0.0148 0.9972 0.8670 0.9945 0.9879
37 H(HA) 0.4395 0.0104 0.0137 0.9976 0.8695 0.9951 0.9882
38 ]HI(H” 0.4395 0.0104 0.0137 0.9976 0.8695 0.9951 0.9882
39 H(HN) 0.4342 0.0102 0.0134 0.9978 0.8744 0.9955 0.9887
40 H<”D’ 0.4368 0.0103 0.0135 0.9977 0.8719 0.9953 0.9885
41 H“V**‘) 0.4571 0.0108 0.0141 0.9974 0.8498 0.9948 0.9920
42 H(N"” 0.4571 0.0108 0.0141 0.9974 0.8498 0.9948 0.9920
43 H(NﬁN) 0.4516 0.0106 0.0138 0.9976 0.8571 0.9952 0.9924
44 H(N“’” 0.4543 0.0107 0.0139 0.9975 0.8547 0.9950 0.9922
45 H‘D*’“ 0.4654 0.0110 0.0145 0.9973 0.8571 0.9946 0.9900
46 H“H’ 0.4654 0.0110 0.0145 0.9973 0.8571 0.9946 0.9900
47 H“’_’N) 0.4598 0.0108 0.0142 0.9975 0.8620 0.9950 0.9905
48 H“)_’D) 0.4625 0.0109 0.0143 0.9974 0.8596 0.9948 0.9903
49 H"H’” 1.2392 0.0294 0.0389 0.9805 0.5961 0.9610 0.9803
50 H(’H” 1.2392 0.0294 0.0389 0.9805 0.5961 0.9610 0.9803
51 ]HI(/HN) 1.2348 0.0292 0.0386 0.9808 0.6034 0.9615 0.9808
52 ]HI“HD) 1.2369 0.0293 0.0387 0.9807 0.6010 0.9613 0.9806
53 H(HA) 12113 0.0288 0.0384 0.9809 0.6108 0.9621 0.9787
54 H“g” 12113 0.0288 0.0384 0.9809 0.6108 0.9621 0.9787
55 HSY 1.2069 0.0286 0.0381 0.9812 0.6182 0.9626 0.9791
56 H;f;") 1.2090 0.0287 0.0382 0.9811 0.6157 0.9624 0.9789
57 HY 1.3351 0.0318 0.0416 0.9775 0.5837 0.9553 0.9767
58 " 1.3351 0.0318 0.0416 0.9775 0.5837 0.9553 0.9767
59 HG 1.3308 0.0316 0.0413 0.9778 0.5911 0.9558 0.9772
60 H‘N_’D) 1.3329 0.0317 0.0414 0.9777 0.5887 0.9556 0.9770
61 H“H” 1.3519 0.0321 0.0422 0.9776 0.5788 0.9540 0.9758
62 H(Dﬁ” 13519 0.0321 0.0422 0.9776 0.5788 0.9540 0.9758
63 H“’“N) 1.3475 0.0319 0.0419 0.9779 0.5862 0.9545 0.9762
64 H“’*D) 1.3497 0.0320 0.0420 0.9778 0.5837 0.9543 0.9760
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Table 9. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid
models for the HEATOIL prices employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 HUY 0.3684 0.0048 0.0063 0.9855 0.5000 0.9711 0.9854
2 HD 0.3687 0.0049 0.0064 0.9854 0.4975 0.9709 0.9851
3 H“‘*M 0.3679 0.0047 0.0062 0.9857 0.5025 0.9713 0.9858
4 ]HI(’H”) 0.3674 0.0046 0.0061 0.9859 0.5050 0.9715 0.9862
5 H(HA) 0.3684 0.0048 0.0063 0.9855 0.5000 0.9711 0.9854
6 H"“” 0.3688 0.0049 0.0064 0.9854 0.4975 0.9708 0.9850
7 H(HN) 0.3678 0.0047 0.0062 0.9857 0.5025 0.9713 0.9859
8 H<”D’ 0.3672 0.0046 0.0061 0.9859 0.5050 0.9716 0.9863
9 H““**” 0.3706 0.0048 0.0063 0.9854 0.5000 0.9708 0.9828
10 H(N"” 0.3709 0.0049 0.0064 0.9853 0.4975 0.9706 0.9825
11 H(NﬁN’ 0.3701 0.0047 0.0062 0.9856 0.5025 0.9710 0.9832
12 H(N“’” 0.3696 0.0046 0.0061 0.9858 0.5050 0.9712 0.9836
13 H‘D*’“ 0.3691 0.0048 0.0063 0.9855 0.5000 0.9709 0.9854
14 H<D*” 0.3694 0.0049 0.0064 0.9854 0.4975 0.9707 0.9851
15 H(D_’N) 0.3686 0.0047 0.0062 0.9857 0.5025 0.9711 0.9858
16 ]HI“)_’D) 0.3681 0.0046 0.0061 0.9859 0.5050 0.9713 0.9862
17 H‘H“ 0.1204 0.0016 0.0020 0.9986 0.8424 0.9971 0.9936
18 H(’H” 0.1207 0.0017 0.0021 0.9985 0.8399 0.9970 0.9933
19 ]HI(’HN) 0.1198 0.0015 0.0019 0.9987 0.8473 0.9972 0.9940
20 ]HI“HD) 0.1189 0.0014 0.0018 0.9988 0.8498 0.9974 0.9944
21 H<HA) 0.0862 0.0011 0.0014 0.9992 0.8892 0.9985 0.9950
22 H“_’” 0.0865 0.0012 0.0015 0.9991 0.8867 0.9984 0.9947
23 ]HI”"'N) 0.0857 0.0010 0.0013 0.9993 0.8941 0.9986 0.9954
24 H(HD) 0.0849 0.0009 0.0012 0.9994 0.8966 0.9987 0.9958
25 H‘N*’“ 0.1449 0.0019 0.0024 0.9979 0.8030 0.9956 0.9917
26 HW*“ 0.1453 0.0020 0.0025 0.9978 0.8005 0.9954 0.9914
27 H(N”N) 0.1438 0.0018 0.0023 0.9980 0.8079 0.9958 0.9921
28 H“"_’") 0.1426 0.0017 0.0022 0.9981 0.8103 0.9960 0.9925
29 H“H” 0.1413 0.0018 0.0024 0.9979 0.7956 0.9959 0.9923
30 H“’ﬂ” 0.1417 0.0019 0.0025 0.9978 0.7931 0.9957 0.9920
31 H“’W) 0.1405 0.0017 0.0023 0.9980 0.8005 0.9960 0.9927
32 H‘M” 0.1394 0.0016 0.0022 0.9982 0.8030 0.9962 0.9931
33 H(’HA' 0.1215 0.0016 0.0020 0.9986 0.8227 0.9971 0.9931
34 H‘A*“ 0.1218 0.0017 0.0021 0.9985 0.8202 0.9970 0.9928
35 ]HI(A“N) 0.1209 0.0015 0.0019 0.9987 0.8276 0.9972 0.9935
36 ]HI(*HL” 0.1201 0.0014 0.0018 0.9988 0.8300 0.9974 0.9939
37 H(HA) 0.1077 0.0014 0.0018 0.9989 0.8522 0.9977 0.9934
38 ]HI(H” 0.1080 0.0015 0.0019 0.9988 0.8498 0.9976 0.9931
39 H(HN) 0.1071 0.0013 0.0017 0.9990 0.8571 0.9978 0.9938
40 H<”D’ 0.1064 0.0012 0.0016 0.9991 0.8596 0.9980 0.9942
41 H“V**‘) 0.1214 0.0016 0.0020 0.9986 0.8276 0.9971 0.9909
42 H(N"” 0.1217 0.0017 0.0021 0.9985 0.8251 0.9970 0.9906
43 H(NﬁN) 0.1207 0.0015 0.0019 0.9987 0.8300 0.9972 0.9913
44 H(N“’” 0.1199 0.0014 0.0018 0.9988 0.8325 0.9974 0.9917
45 H‘D*’“ 0.1200 0.0016 0.0020 0.9986 0.8153 0.9972 0.9917
46 H“H’ 0.1203 0.0017 0.0021 0.9985 0.8128 0.9971 0.9914
47 H“’_’N) 0.1191 0.0015 0.0019 0.9987 0.8177 0.9973 0.9921
48 H“)_’D) 0.1182 0.0014 0.0018 0.9988 0.8202 0.9975 0.9925
49 H"H’” 0.2851 0.0037 0.0049 0.9913 0.6256 0.9827 0.9884
50 H(’H” 0.2855 0.0038 0.0050 0.9912 0.6232 0.9825 0.9881
51 ]HI(/HN) 0.2843 0.0036 0.0048 0.9915 0.6281 0.9829 0.9888
52 ]HI“HD) 0.2834 0.0035 0.0047 0.9917 0.6305 0.9831 0.9892
53 H(HA) 0.2663 0.0035 0.0045 0.9925 0.6133 0.9850 0.9912
54 H“g” 0.2667 0.0036 0.0046 0.9924 0.6108 0.9848 0.9909
55 HSY 0.2652 0.0034 0.0044 0.9926 0.6182 0.9852 0.9916
56 H;f;") 0.2640 0.0033 0.0043 0.9928 0.6207 0.9855 0.9920
57 HY 0.2859 0.0037 0.0049 0.9913 0.6256 0.9826 0.9865
58 " 0.2863 0.0038 0.0050 0.9912 0.6232 0.9824 0.9862
59 HG 0.2850 0.0036 0.0048 0.9915 0.6281 0.9828 0.9869
60 H‘N_’D) 0.2841 0.0035 0.0047 0.9917 0.6305 0.9830 0.9873
61 H“H” 0.2847 0.0037 0.0048 0.9914 0.6256 0.9828 0.9901
62 H(Dﬁ” 0.2851 0.0038 0.0049 0.9913 0.6232 0.9826 0.9898
63 H“’“N) 0.2839 0.0036 0.0047 0.9916 0.6281 0.9830 0.9905
64 H“’*D) 0.2830 0.0035 0.0046 0.9918 0.6305 0.9832 0.9910
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Table 10. Out-of-sample one-step-ahead forecasting performance of direct hybrid models
across different energy commodity markets.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
WTI
1 AR+AR 1.5528 1.0862 1.4635 0.9811 0.6124 0.9628 0.9815
2 ARIMA+AR 1.5684 1.0974 1.4842 0.9804 0.5987 0.9609 0.9801
3 NPAR+AR 1.5551 1.0873 1.4641 0.9810 0.6108 0.9625 0.9812
4 NNAR+AR 1.5638 1.0938 1.4768 0.9809 0.6060 0.9618 0.9808
5 AR+ARIMA 1.5684 1.0974 1.4842 0.9804 0.5987 0.9609 0.9801
6 ARIMA+ARIMA 1.6215 1.1346 1.5298 0.9790 0.5715 0.9558 0.9774
7 NPAR-+ARIMA 1.5702 1.0985 1.4851 0.9803 0.5963 0.9606 0.9799
8 NNAR-+ARIMA 1.5791 1.1052 1.4954 0.9802 0.5911 0.9598 0.9795
9 AR+NPAR 1.5551 1.0873 1.4641 0.9810 0.6108 0.9625 0.9812
10 ARIMA+NPAR 1.5702 1.0985 1.4851 0.9803 0.5963 0.9606 0.9799
11 NPAR+NPAR 1.5609 1.0912 1.4672 0.9809 0.6046 0.9620 0.9809
12 NNAR+NPAR 1.5674 1.0960 1.4761 0.9808 0.6009 0.9613 0.9805
13 AR+NNAR 1.5638 1.0938 1.4768 0.9809 0.6060 0.9618 0.9808
14 ARIMA+NNAR 1.5791 1.1052 1.4954 0.9802 0.5911 0.9598 0.9795
15 NPAR+NNAR 1.5674 1.0960 1.4761 0.9808 0.6009 0.9613 0.9805
16 NNAR+NNAR 1.5852 1.1098 1.4992 0.9801 0.5862 0.9589 0.9790
BRENT
17 AR+AR 1.3824 1.0148 1.3924 0.9840 0.6487 0.9684 0.9845
18 ARIMA+AR 1.3826 1.0150 1.3926 0.9839 0.6478 0.9682 0.9843
19 NPAR+AR 1.3841 1.0162 1.3930 0.9839 0.6465 0.9680 0.9841
20 NNAR+AR 1.3850 1.0170 1.3968 0.9838 0.6429 0.9674 0.9838
21 AR+ARIMA 1.3826 1.0150 1.3926 0.9839 0.6478 0.9682 0.9843
22 ARIMA+ARIMA 1.3830 1.0153 1.3931 0.9839 0.6469 0.9680 0.9841
23 NPAR+ARIMA 1.3843 1.0164 1.3934 0.9838 0.6453 0.9678 0.9840
24 NNAR-+ARIMA 1.3853 1.0172 1.3971 0.9838 0.6416 0.9672 0.9837
25 AR+NPAR 1.3841 1.0162 1.3930 0.9839 0.6465 0.9680 0.9841
26 ARIMA+NPAR 1.3843 1.0164 1.3934 0.9838 0.6453 0.9678 0.9840
27 NPAR-+NPAR 1.3870 1.0185 1.3948 0.9838 0.6430 0.9675 0.9838
28 NNAR+NPAR 1.3881 1.0192 1.3980 0.9837 0.6392 0.9668 0.9834
29 AR+NNAR 1.3850 1.0170 1.3968 0.9838 0.6429 0.9674 0.9838
30 ARIMA+NNAR 1.3853 1.0172 1.3971 0.9838 0.6416 0.9672 0.9837
31 NPAR+NNAR 1.3881 1.0192 1.3980 0.9837 0.6392 0.9668 0.9834
32 NNAR+NNAR 1.3896 1.0201 1.4026 0.9837 0.6355 0.9661 0.9831
NATGAS
33 AR+AR 3.8982 0.1184 0.1579 0.9821 0.6034 0.9640 0.9818
34 ARIMA+AR 3.8925 0.1181 0.1574 0.9822 0.6108 0.9648 0.9823
35 NPAR+AR 3.9031 0.1185 0.1578 0.9820 0.6010 0.9637 0.9816
36 NNAR+AR 3.9102 0.1187 0.1579 0.9820 0.5985 0.9634 0.9815
37 AR+ARIMA 3.8925 0.1181 0.1574 0.9822 0.6108 0.9648 0.9823
38 ARIMA+ARIMA 3.9148 0.1189 0.1580 0.9819 0.5961 0.9630 0.9812
39 NPAR-+ARIMA 3.8974 0.1183 0.1575 0.9821 0.6060 0.9643 0.9820
40 NNAR-+ARIMA 3.9055 0.1185 0.1573 0.9821 0.6046 0.9645 0.9821
41 AR+NPAR 3.9031 0.1185 0.1578 0.9820 0.6010 0.9637 0.9816
42 ARIMA+NPAR 3.8974 0.1183 0.1575 0.9821 0.6060 0.9643 0.9820
43 NPAR-+NPAR 3.9182 0.1190 0.1581 0.9819 0.5936 0.9628 0.9810
44 NNAR+NPAR 3.9254 0.1192 0.1580 0.9818 0.5911 0.9626 0.9808
45 AR+NNAR 3.9102 0.1187 0.1579 0.9820 0.5985 0.9634 0.9815
46 ARIMA+NNAR 3.9055 0.1185 0.1573 0.9821 0.6046 0.9645 0.9821
47 NPAR+NNAR 3.9254 0.1192 0.1580 0.9818 0.5911 0.9626 0.9808
48 NNAR+NNAR 3.9410 0.1196 0.1582 0.9817 0.5862 0.9619 0.9803
GASOLINE
49 AR+AR 1.4998 0.0322 0.0461 0.9830 0.6487 0.9678 0.9836
50 ARIMA+AR 1.5001 0.0322 0.0462 0.9829 0.6478 0.9676 0.9834
51 NPAR+AR 1.5008 0.0323 0.0461 0.9829 0.6465 0.9677 0.9835
52 NNAR-+AR 1.4982 0.0322 0.0462 0.9829 0.6469 0.9675 0.9833
53 AR+ARIMA 1.5001 0.0322 0.0462 0.9829 0.6478 0.9676 0.9834
54 ARIMA+ARIMA 1.5005 0.0323 0.0462 0.9828 0.6460 0.9673 0.9831
55 NPAR-+ARIMA 1.5010 0.0323 0.0461 0.9828 0.6453 0.9674 0.9832
56 NNAR-+ARIMA 1.4985 0.0322 0.0462 0.9828 0.6458 0.9672 0.9830
57 AR+NPAR 1.5008 0.0323 0.0461 0.9829 0.6465 0.9677 0.9835
58 ARIMA+NPAR 1.5010 0.0323 0.0461 0.9828 0.6453 0.9674 0.9832
59 NPAR-+NPAR 1.5018 0.0324 0.0462 0.9828 0.6429 0.9670 0.9829
60 NNAR+NPAR 1.4991 0.0323 0.0463 0.9828 0.6441 0.9669 0.9828
61 AR+NNAR 1.4982 0.0322 0.0462 0.9829 0.6469 0.9675 0.9833
62 ARIMA+NNAR 1.4985 0.0322 0.0462 0.9828 0.6458 0.9672 0.9830
63 NPAR+NNAR 1.4991 0.0323 0.0463 0.9828 0.6441 0.9669 0.9828
64 NNAR+NNAR 1.4979 0.0322 0.0464 0.9827 0.6430 0.9667 0.9826
HEATOIL

65 AR+AR 1.5152 0.0358 0.0475 0.9708 0.5478 0.9422 0.9712
66 ARIMA+AR 1.5141 0.0357 0.0474 0.9709 0.5527 0.9428 0.9716
67 NPAR+AR 1.5218 0.0359 0.0475 0.9707 0.5448 0.9420 0.9710
68 NNAR+AR 1.5195 0.0359 0.0476 0.9707 0.5424 0.9418 0.9708
69 AR+ARIMA 1.5141 0.0357 0.0474 0.9709 0.5527 0.9428 0.9716
70 ARIMA+ARIMA 1.5206 0.0359 0.0477 0.9706 0.5399 0.9414 0.9705
71 NPAR+ARIMA 1.5227 0.0360 0.0475 0.9706 0.5412 0.9419 0.9709
72 NNAR+ARIMA 1.5208 0.0359 0.0476 0.9706 0.5400 0.9416 0.9707
73 AR+NPAR 1.5218 0.0359 0.0475 0.9707 0.5448 0.9420 0.9710
74 ARIMA+NPAR 1.5227 0.0360 0.0475 0.9706 0.5412 0.9419 0.9709
75 NPAR-+NPAR 1.532 0.0362 0.0479 0.9703 0.5345 0.9408 0.9701
76 NNAR+NPAR 1.5290 0.0361 0.0478 0.9705 0.5370 0.9411 0.9703
77 AR+NNAR 1.5195 0.0359 0.0476 0.9707 0.5424 0.9418 0.9708
78 ARIMA+NNAR 1.5208 0.0359 0.0476 0.9706 0.5400 0.9416 0.9707
79 NPAR+NNAR 1.5290 0.0361 0.0478 0.9705 0.5370 0.9411 0.9703
80 NNAR+NNAR 1.5281 0.0361 0.0478 0.9704 0.5357 0.9409 0.9702
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Table 11. Out-of-sample one-step-ahead forecasting performance of individual models
(without decomposition) across different commodity markets.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
WTI
1 NPAR 1.5656 1.0943 1.4723 0.9835 0.9807 0.9608 0.9706
2 NNAR 1.5907 1.1130 1.5067 0.9829 0.9808 0.9594 0.9691
3 AR 1.6170 1.1317 1.5295 0.9818 0.9791 0.9571 0.9663
4 ARIMA 1.6204 1.1340 1.5309 0.9815 0.9791 0.9568 0.9659
BRENT
5 AR 1.3879 1.0192 1.3986 0.9862 0.9837 0.9679 0.9758
6 ARIMA 1.3881 1.0194 1.3987 0.9860 0.9837 0.9677 0.9755
7 NPAR 1.3932 1.0231 1.3988 0.9857 0.9837 0.9674 0.9752
8 NNAR 1.3946 1.0240 1.4099 0.9852 0.9836 0.9663 0.9739
NATGAS
9 AR 3.9234 0.1193 0.1588 0.9848 0.9818 0.9635 0.9711
10 ARIMA 3.9254 0.1193 0.1588 0.9846 0.9818 0.9633 0.9708
11 NPAR 3.9259 0.1193 0.1592 0.9843 0.9817 0.9629 0.9703
12 NNAR 3.9561 0.1200 0.1600 0.9837 0.9815 0.9618 0.9689
GASOLINE
13 NNAR 1.5037 0.0325 0.0467 0.9846 0.9826 0.9645 0.9722
14 AR 1.5061 0.0326 0.0466 0.9848 0.9826 0.9647 0.9724
15 ARIMA 1.5062 0.0326 0.0466 0.9847 0.9826 0.9646 0.9723
16 NPAR 1.5067 0.0326 0.0465 0.9850 0.9826 0.9649 0.9727
HEATOIL

17 AR 1.5207 0.0361 0.0479 0.9726 0.9704 0.9438 0.9542
18 ARIMA 1.5246 0.0362 0.0480 0.9721 0.9701 0.9431 0.9534
19 NPAR 1.5384 0.0365 0.0482 0.9714 0.9700 0.9422 0.9521
20 NNAR 1.5298 0.0363 0.0480 0.9719 0.9704 0.9429 0.9530

In addition to the conventional forecasting accuracy measures (MAPE, MAE, RMSE, CORR, NSE,
KGE, and directional accuracy), the DM test was employed to determine whether the forecasting
improvements achieved by the proposed kernel regression-based hybrid models are statistically
significant relative to the best-performing direct hybrid and standalone benchmark models. The DM
test was computed using the complete set of out-of-sample forecasts generated during the expanding-
window evaluation period. The resulting pairwise DM test p-values are reported in Table 12. Before
discussing the results in Table 12, note that the reported values correspond to one-sided Diebold-
Mariano tests. Since the alternative hypothesis depends on the ordering of the competing forecasting
models, the resulting p-values are directional and therefore are not expected to be symmetric. A p-
value smaller than 0.05 indicates that the forecasting model in the corresponding row significantly
outperforms the model in the corresponding column, whereas larger p-values indicate insufficient
statistical evidence to conclude that the row model provides superior predictive performance.

For the WTI crude oil market, the leading kernel regression-based hybrid models (Hg)_’D ), Hg)_)D ),
and H(TAG_’ D)y exhibit relatively large pairwise p-values, indicating statistically comparable forecasting
performance. However, each model significantly outperforms the conventional AR+AR and NPAR
benchmark models, whereas H(&‘_’D) is significantly inferior to the leading kernel-based configurations.
A similar pattern is observed for the Brent crude oil market, where the proposed hybrid models
are statistically comparable to one another while consistently outperforming the AR+AR and AR
benchmark models.

The same trend is evident for the NATGAS, GASOLINE, and HEATOIL markets. The proposed
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kernel regression-based hybrid models consistently achieve statistically significant improvements over
the corresponding direct hybrid and standalone benchmark models, whereas the differences among the
leading kernel-based configurations are generally insignificant. Overall, the DM test provides strong
statistical evidence supporting the effectiveness and robustness of the proposed kernel regression-based
decomposition framework across all five energy commodity markets. These findings are consistent
with the forecasting accuracy results and confirm that the observed reductions in forecasting errors
represent genuine improvements in predictive performance rather than random variation.

Table 12. The DM test results (p-values) comparing the proposed hybrid models with the
best direct hybrid and standalone benchmark models across the five energy markets.

WTI
Models HPP HOPP HETD HY AR+AR NPAR
HPP) - 0.62 0.01 0.78 0.001 0.001
HP™P 0.38 - 0.01 0.71 0.001 0.001
H)™D 0.99 0.99 - 0.98 0.020 0.015
Hy” 0.22 0.29 0.02 - 0.001 0.001
AR+AR 0999 0999 0980  0.999 - 0.85
NPAR 0999 0999 0985  0.999 0.15 -
BRENT
Models HS? HEPD BHOP B AR+AR AR
HY™D - 0.08  0.001 0.04 0.001 0.001
HP 0.92 - 0.001 0.05 0.001 0.001
HI~P 0.999 0999 - 0.999 0.001 0.001
H,;” 0.96 095  0.001 - 0.001 0.001
AR+AR 0999 0999 0999  0.999 - 0.86
AR 0999 0999 0999  0.999 0.14 -
NATGAS
Models HEY wHEY ®HPY BTV ARIMA+AR AR
HE~Y - 0.21 0.001 0.34 0.001 0.001
HY 0.79 - 0.001 0.18 0.001 0.001
H{™Y 0.999  0.999 - 0.999 0.001 0.001
HyZN 0.66 0.82  0.001 - 0.001 0.001
ARIMA+AR 0999 0999 0999  0.999 - 0.72
AR 0999 0999 0999  0.999 0.28 -
GASOLINE
Models HA? HEPP BV HIZM NNAR+NNAR  NPAR
HY™D - 0.18  0.001 0.30 0.001 0.001
H{P 0.82 - 0.001 0.22 0.001 0.001
H{~Y 0.999  0.999 - 0.999 0.001 0.001
H Y 0.70 0.78 0.001 - 0.001 0.001
NNAR+NNAR 0999 0999 0999  0.999 - 0.88
NPAR 0999 0999 0999  0.999 0.12 -
HEATOIL
Models goP o men o geh gPeh ARIMA+AR AR
HE™D - 0.001 0.01 0.02 0.001 0.001
H;~” 0.999 - 0.18  0.001 0.001 0.001
H” 0.99 0.82 - 0.001 0.001 0.001
HYP 0.98 0.999  0.999 - 0.001 0.001
ARIMA+AR 0999 0999 0999  0.999 - 0.75
AR 0999 0999 0999  0.999 0.25 -
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4. Discussion, limitation, and future directions

In this section, the performance of the proposed kernel regression-based hybrid forecasting
framework is examined by comparing it with some representative state-of-the-art forecasting models
reported in the literature for the five major energy commodity markets. The comparison is performed
using the widely accepted forecasting accuracy measures, MAPE, MAE, and RMSE, where smaller
values indicate better predictive performance. In addition to the numerical comparison, in this section,
we explain the observed forecasting improvement and highlight the methodological features that
lead to the proposed decomposition-based framework’s better performance. The proposed kernel
regression decomposition framework consistently provides the lowest forecasting errors across all
energy commodity markets investigated in this study, as summarized in Table 13. For the WTI crude
oil market, the proposed Hg)_’D ) model achieves the lowest forecasting errors with MAPE = 0.40310,
MAE = 0.30920, and RMSE = 0.44210. The proposed framework reduces MAPE by about 18%
compared to the strongest competing model, SRFxy [65], and also achieves considerable reductions
in both MAE and RMSE. Improvements with respect to HPF23 [66] are even larger, demonstrating
the ability of the kernel regression decomposition to separate the long-run price trend from short-run
stochastic fluctuations. The decomposition enables the hybrid forecasting models to better learn the
heterogeneous temporal dynamics of crude oil prices and thus improve the forecasting accuracy. On
the other hand, forecasting for Brent crude oil also improves in a similar fashion. The proposed Hg_)D )
model yields significantly lower forecasting errors compared to all the competing forecasting methods,
viz., HPF23 [66], C23 [67], SRFxy [65], and LRNPAR [68]. The proposed framework reduces the
MAPE by about 9% compared to the strongest benchmark, while reducing both MAE and RMSE.
The Brent crude oil price series exhibits persistent long-run movements and highly nonlinear short-
run volatility, as Brent crude oil is a proxy for global oil market conditions and is strongly affected
by geopolitical events, production policies, and international demand. The adaptive kernel regression
method is used for decomposing these distinct temporal structures effectively, and the hybrid models
are able to better describe both parts.

The improvements in forecasting are even more dramatic for the natural gas market. The
proposed H{' " model achieves MAPE=0.01340, MAE=0.01020, and RMSE=0.43420, which are
all significantly better than other benchmark methods. The proposed framework reduces MAPE by
~36% compared to the strongest competing model, SRFxy [65]. Natural gas prices show pronounced
seasonality, weather-dependent demand, storage effects, and sudden supply shocks, leading to very
erratic market behavior. Kernel regression—-based decomposition can separate the long-run market
trend from short-run fluctuations, enabling forecasting models to better capture complex nonlinear
dynamics. The same improvements are observed for the gasoline market, where the proposed
framework always provides the lowest forecasting errors across all evaluation measures. The proposed
approach improves the accuracy of component-wise forecasts by separating out the localized market
fluctuations associated with refinery operations, crude oil prices, and transportation demand from the
underlying trend. Similarly, the proposed model Hg_’D ) performs best in the heating oil market with
MAPE = 0.00160, MAE = 0.00120, and RMSE = 0.10640. The proposed framework reduces MAPE
by about 43% compared to the strongest benchmark SRFxy [65] while significantly improving MAE
and RMSE. The results show that the kernel regression-based decomposition framework proposed in
this paper delivers reliably robust and accurate forecasts in energy commodity markets with differing
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volatility characteristics and market structures.

Table 13. Comparison of the best-performing proposed hybrid model with representative
forecasting models reported in the literature across the five energy price markets.

Market Model MAPE MAE  RMSE
HP”P (Proposed)  0.40310  0.30920  0.44210
HPF23 [66] 0.59240 042311  0.53250
WTI €23 [67] 0.51320  0.40030  0.50940
SRFxy [65] 049121 039016  0.49210
LRNPAR [68] 0.50613  0.39118  0.49852
H{™ (Proposed)  0.43390  0.31980  0.43720
HPF23 [66] 0.58690  0.42680  0.53980
BRENT €23 [67] 0.51240 038750  0.49860
SRFxy [65] 047680  0.35960  0.47190
LRNPAR [68] 049560 037140  0.48670
HU™Y (Proposed)  0.01340  0.01020  0.43420
HPF23 [66] 0.02870  0.02140 057130
NATGAS €23 [67] 0.02380  0.01850  0.52260
SRFxy [65] 0.02090  0.01570  0.48620
LRNPAR [68] 0.02230  0.01690  0.50180
H/™Y (Proposed) ~ 0.01340  0.01020  0.43420
HPF23 [66] 0.02950  0.02210  0.57940
GASOLINE (23 [67] 0.02460  0.01890  0.53150
SRFxy [65] 0.02160  0.01610  0.49280
LRNPAR [68] 0.02290  0.01730  0.50640
H{™ (Proposed)  0.00160  0.00120  0.10640
HPF23 [66] 0.00430  0.00320  0.15870
HEATOIL ~ C23[67] 0.00350  0.00270  0.14160
SRFxy [65] 0.00280  0.00200  0.12750
LRNPAR [68] 0.00310  0.00230  0.13340

Besides the standard measures of forecasting accuracy, the DM test was also used to check whether
the improvements in the forecast provided by the proposed kernel regression-based hybrid framework
are statistically significant. The results of the pairwise DM test comparing the proposed framework
with representative forecasting models reported in the literature are given in Table 14. The comparisons
using the proposed hybrid models for all markets yield consistently small p-values (usually between
0.001 and 0.003), indicating strong statistical evidence that the forecast improvements are not due
to random variation. On the other hand, the pairwise comparisons of the benchmark forecasting
models show much larger p-values, indicating that the differences between the competing models
are statistically insignificant in most cases. Our results show that the proposed kernel regression-
based decomposition framework consistently outperforms existing forecasting approaches in terms
of forecasting errors and statistically significant improvements across different energy commodity
markets.

The proposed decomposition framework has several practical implications for financial data
analytics and decision-making in energy markets. Better predictions of energy commodity prices
will help investors and portfolio managers improve asset allocation and portfolio diversification by
anticipating market movements and volatility regimes. The framework also supports risk management
by providing more precise forecasts of future price movements that can be used to hedge and price
derivatives in volatile market situations. Better short-term forecasts help energy producers, traders,
and utility companies with inventory planning, production scheduling, and trading strategies, reducing
exposure to adverse price fluctuations. Furthermore, the proposed methodology can be useful for
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market surveillance, early detection of abnormal price movements, and assessment of energy market
stability for policymakers and regulatory authorities. Besides the forecasting accuracy, the practical
examples show that the proposed framework is useful as an analytical tool for decision support in
modern energy and financial markets.

Table 14. The DM test results compare the best-performing proposed hybrid model against
representative forecasting models reported in the literature across the five energy price

markets.
WTI
Models HP™P  HPF23[66] C23[67] SRFxy[65] LRNPAR [68]
HP™P - 0.001 0.002 0.003 0.002
HPE23 [66] 0.999 - 0.210 0.110 0.190
C23 [67] 0.998 0.790 - 0.270 0.420
SRFxy [65] 0.997 0.890 0.730 - 0.340
LRNPAR [68]  0.998 0.810 0.580 0.660 -
BRENT
Models H/””  HPF23[66] C23[67] SRFxy[65] LRNPAR [68]
™ - 0.001 0.002 0.003 0.002
HPF23 [66] 0.999 - 0.200 0.100 0.210
C23 [67] 0.998 0.800 - 0.260 0.400
SRFxy [65] 0.997 0.900 0.740 - 0.330
LRNPAR [68]  0.998 0.790 0.600 0.670 -
NATGAS
Models H/™™  HPF23[66] C23[67] SRFxy[65] LRNPAR [68]
H{~Y - 0.001 0.001 0.002 0.002
HPF23 [66] 0.999 - 0.220 0.120 0.240
C23 [67] 0.999 0.780 - 0.280 0.430
SRFxy [65] 0.998 0.880 0.720 - 0.350
LRNPAR [68]  0.998 0.760 0.570 0.650 -
GASOLINE
Models H/”"  HPF23[66] C23[67] SRFxy[65] LRNPAR [68]
H{~Y - 0.001 0.001 0.002 0.002
HPEF23 [66] 0.999 - 0.230 0.110 0.250
C23 [67] 0.999 0.770 - 0.270 0.410
SRFxy [65] 0.998 0.890 0.730 - 0.340
LRNPAR [68]  0.998 0.750 0.590 0.660 -
HEATOIL
Models H/””  HPF23[66] C23[67] SRFxy[65] LRNPAR [68]
H{~? - 0.001 0.002 0.003 0.002
HPF23 [66] 0.999 - 0.190 0.100 0.220
C23 [67] 0.998 0.810 - 0.250 0.390
SRFxy [65] 0.997 0.900 0.750 - 0.320
LRNPAR [68]  0.998 0.780 0.610 0.680 -

Our results indicate that the proposed framework consistently outperforms representative
forecasting methods across the five energy commodity markets considered in this study. Nevertheless,
several limitations should be acknowledged. The empirical analysis is restricted to five energy
commodity markets, one-step-ahead forecasting, and univariate commodity price series. Therefore,
the reported findings should not be generalized to multivariate forecasting settings, other commodity
markets, or longer forecasting horizons without further validation. The proposed kernel regression
decomposition is robust and adaptable for the datasets considered here. However, its forecasting
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performance might be affected by structural breaks, extreme market conditions, and major geopolitical
events. Future research will be directed toward extending the proposed framework to multistep and
multivariate forecasting by integrating relevant exogenous variables such as macroeconomic indicators,
inventory levels, weather conditions, and geopolitical risk measures. The robustness of the proposed
framework during major disruptions in the financial and energy markets will also be evaluated.
Another promising direction is to combine the proposed decomposition framework with regime-
switching models, GARCH-type volatility models, deep learning architectures (e.g., LSTM, GRU,
and Transformer networks), and advanced machine learning methods to further improve forecasting
performance in complex energy markets.

5. Concluding remarks

In this paper, we propose a kernel regression-based decomposition and hybrid forecasting
framework for major energy commodity markets such as WTI crude oil, Brent crude oil, natural
gas, gasoline, and heating oil. By decomposing each series into trend and fluctuation components
and applying linear and nonlinear forecasting techniques to each part separately, the framework
can identify key features of energy price dynamics, such as nonlinearity, nonstationarity, volatility
clustering, and short-run changes. Empirical results show that the proposed decomposition-based
framework outperforms the independent and direct hybrid models for all the energy commodities
studied. Generally, the Epanechnikov and Uniform kernels provide the most accurate predictions.
This shows the power of local adaptive smoothing in uncovering important market structures from
noisy energy price data. The results confirm the multi-scale nature of energy commodity prices from
a financial data modeling and analytical standpoint. Morever, the multi-scale nature is characterized
by persistent long-term trends and nonlinear short-term fluctuations. The proposed framework enables
segmentation of these components, improving forecasting precision, prediction consistency, and model
robustness.
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