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Abstract

Reliable electric load forecasting is an important engineering problem for power-system
planning, grid stability, and mission-critical energy management. This paper presents a
symmetry-aware simulation and modeling framework for medium-range electric load
forecasting under noisy and uncertain operating conditions. The proposed approach com-
bines a Multi-Model Partitioning Filter (MMPF) with Nonlinear Autoregressive Exogenous
(NARX) submodels, while two adaptive optimization strategies, genetic algorithm-based
resource allocation (GARA) and Particle Swarm Optimization (PSO), are used to optimize
the contribution weights of the parallel predictors. The modeling process uses real com-
mercial power-system data and evaluates the forecasting framework over April–September
2025. To simulate realistic engineering disturbances, correlated symmetric Gaussian noise
is injected into the testing phase under moderate and heavy noise scenarios. The cyclic
symmetry of temporal variables, such as hours and months, is preserved through unit-circle
encoding, while the symmetry and asymmetry of residual error symmetric distributions
are examined through scatter plot analysis. As for the context of forecasting residuals
as diagnostic signals, it is important to transfer symmetry properties that can be used to
evaluate the behavior of optimized predictors, along with the cyclic encoding of inputs.
This means that by implementing residual-symmetry analysis, the conclusion that GARA
and PSO produce concentrated, balanced, and biased errors under moderate noise and
heavily correlated noise conditions can be achieved. Finally, our results show that both
GARA and PSO improve the robustness of the hybrid MMPF-NARX model, but PSO con-
sistently achieves lower MAPE values, smoother convergence, and lower computational
burden. The optimal configuration is obtained with nine NARX submodels, beyond which
additional model complexity offers no meaningful performance gain. Overall, the study
shows that symmetry-aware modeling, adaptive optimization, and noise-based simulation
can support more reliable forecasting in modern power-system engineering applications.

Keywords: adaptive weight allocation; electric load forecasting; Genetic Algorithm (GA);
hybrid forecasting framework; medium-range forecasting; Multi-Model Partitioning Filter
(MMPF); noise robustness; Nonlinear Autoregressive Exogenous (NARX); Particle Swarm
Optimization (PSO); power-system optimization
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1. Introduction
For the planning of power systems and their reliable operation, electric load forecasting

is necessary. The likelihood of prediction failures, notwithstanding their actual failure,
can change the content of predictions. As such, the operational/reliability factor that is
embedded in predictions creates a larger buffer that requires measurement and increases
costs while reducing reliability scheduling. A more accurate prediction leads to a smaller
buffer and less reliability. The ARIMA approach, whether hybrid or baseline, is a common
load-forecasting method [1,2]. As such, the growing use of renewable energy sources
and demand-side variability might increase the nonlinear characteristics of modern grids.
Moreover, recent machine-learning and ensemble load-forecasting techniques deal with the
nonlinearities present in the demand variability. This is important, as it provides additional
robustness against changing conditions in the grid [3,4].

Classical approaches—for example, ARIMA models—have been widely used in load-
forecasting problems in the past but are no longer sufficient. Since they are mostly linear
models, they show poor performance for nonlinear and asymmetrical stochastic oscillations
in modern energy demand [1,5]. Many hybrid forecasting models have been proposed to
address these issues. The combination of artificial neural networks with multi-variable
linear regression and support vector regression via fuzzy logic has been presented in [3]
and in [6]. This method achieves better results than any of its parts. An alternative
paper [4] delivers a hybrid framework that utilizes intelligent optimization algorithms to
fine-tune the relevant weights and select key features effective for enhancing prediction
accuracy [7]. Comparative analyses demonstrate that tree-based machine-learning models,
namely random forests and gradient boosting, and recurrent neural networks achieve
superior performance than traditional ARIMA models under nonlinear load patterns [5,8].

To handle symmetrical and asymmetrical uncertainties in modern energy demand,
ensemble-based and probabilistic forecasting methods have gained significant prominence.
Recent research has shown that combining a large set of potential forecasts, each one
generated with different parameter settings, improves scalability and precision, especially
in medium-range forecasting [9,10]. As such, the same framework should not only be used
but also expanded in implementing and integrating various predictors, such as random
forests and Gradient Boosting Decision Trees. Moreover, recent studies, such as Ref. [11],
have suggested that using traditional methods like quantile regression and Kernel Density
Estimation for developing full load-forecasting probability symmetric distributions enable
us to provide an optimal and more reliable risk evaluation than traditional classic point
forecasts [12,13]. In addition, it is worth mentioning that the study [14] expands the
previous notion and suggests that early economic warning signs and industrial indicators
must be taken into consideration when building hybrid networks. Specifically, these feature
properties are important, as they assist in maintaining high accuracy scores while ensuring
that the patterns keep shifting near the critical load turning points [15].

Additionally, another important aspect to consider is the incremental adaptation of
advanced state-space models, as well as the careful data preparation methods used to
ensure stability of operation in smart grids. Analytically, recent studies have showcased
that the use of conditional hidden semi-Markov models can be used to manage uncertain
demand behaviors by monitoring and detecting random changes in electricity demand.
As a result, these models can provide a real-case study’s point of view in terms of their
operation, as shown by [16,17], as they enable the system to split into different operating
states and thus enable us to examine how long each state lasts. Specifically, although they
are characterized by strong performance, they are severely associated with in-depth data
cleaning, preprocessing analysis, and overfitting techniques to ensure optimal training. A
typical example of this statement is when a Gaussian filter is applied to smart meter data
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with an aim to provide a data cleaning method for eliminating noise from outliers or generic
transmission error [1,18]. As evident from the above-mentioned examples [9,11,14,16], most
contemporary power networks focus on reliability and providing fault-tolerant operation
by combining optimal design principles while considering the need for continuous and
flexible optimization during all cycles of operation and processing.

On the one hand, an interesting technique is Particle Swarm Optimization (PSO),
which is used extensively within the industry and academia alike to tune forecasting
models. Specifically, it is commonly found in ARIMA models [1]; complex Artificial
Intelligence (AI), such as Neural Networks (NNs) [19–21]; and general support vector
machines (SVMs) [22–24]. Specifically, most of this research showcases the various ways
that PSO can assist in terms of convergence and forecasting accuracy while handling large
parameter spaces efficiently. More specifically, PSO specializing in artificial NNs is of
particular interest, as it can achieve superior short-term forecasting than traditional NN
structures [19,20]. Additionally, PSO can be fused with SVMs to develop systems with
augmented generalization models and stabler predictions [22,24]. For example, some
systems with these characteristics have been implemented with gray models and wavelet-
based methods that aim to improve results in cases of nonlinear behavior data samples [25].
Lastly, PSO can also be found in long-term load forecasting [26] and parameter estimation
in power systems [27], as it is well-regarded and used widely due to its simplicity in usage,
decreased need for a high number of hyperparameters, and rapid convergence [28].

On the other hand, even though PSO is one of the most well-known and applied hybrid
methods, there has not been much talk in terms of its use with probabilistic multi-model
filtering structures, such as the Multi-Model Partitioning Filter (MMPF). Specifically, the
hybrid MMPF-NARX architecture principles have not been studied extensively, although
there are some interesting notions, such as assigning different weights to several nonlinear
submodels that run in a distributed parallel operation. An example of this can be found
in genetic algorithms (GAs), where adaptive optimization processing has been applied in
many works, such as in [29,30]. Analytically, GAs are defined as systems that operate by
embedding crossover and mutation operators that provide global search capabilities while
at the same time introducing additional structural complexity and affecting convergence
system dynamics. On the contrary, one can argue that PSO uses a velocity/position update
mechanism that is often responsible for smoother convergence behavior, as indicated in
many works in forecasting, such as in [19,22,25].

As such, based on the above, our paper focuses on presenting two methods, one GA-
based and one PSO-based, that are to be fused with the same MMPF-NARX architecture
for adaptive weight optimization [31,32]. In terms of evaluating our proposed system, we
employ our test on both real and commercial power-system data [33]. Specifically, we aim
to showcase the methods’ technical merit by monitoring their robustness as correlated
Gaussian noise is introduced during our testing phases under moderate and heavy levels
to simulate real-case scenarios, and issue notices on modern commercial grids.

Our findings are interesting as, on various points, they can be interpreted as poten-
tially applicable in future mission-critical energy environments. Data quality is addressed
through an adaptive filtering preprocessing stage to enhance model resilience. Analytically,
it is worth noting that our comparison extends beyond the traditional testing of properties,
as it includes several important technical factors, such as forecasting accuracy (MAPE); con-
vergence behavior, e.g., the % Training MAPE per iteration; and performance consistency
across seven to 10 NARX subfilter configurations. As such, we validate our technical con-
tribution by attempting to determine whether PSO achieves a measurable benefit over GA
if they are both under the same umbrella of a probabilistic hybrid forecasting framework.
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Lastly, it is worth noting that the literature review shows that studies undertaken
on electric load forecasting mainly focused on improving the accuracy of some specific
time-series models, machine-learning predictors, probabilistic ensembles, adaptive filtering
schemes, and metaheuristic optimizations. However, three common constraints are yet
to be dealt with sufficiently. Initially, periodic time variables, such as hours and months,
are treated as reasonably standard numerical data, without the preservation of their time
invariance in an explicit sense. The integrity of many forecasting devices is studied under
defined test conditions, but it is not standard practice to examine their robustness to
regulated correlated noise interferences. One area where we see a plethora of studies is
the effect of parallel predictors on forecast error improvements. In third, while hybrid
and multi-model forecasting frameworks improve accuracy, the structured relationships
between the number of parallel predictors, model complexity, and forecasting performance
are not always studied. As such, the generalizations do not appear to be systematic
and informative.

Due to the aforementioned points, the objective of this research study is not just
limited to improving the forecasting accuracy but also in determining whether a hybrid
multi-model forecasting architecture possesses temporal symmetry and overall robustness
in the presence of moderate and heavily correlated noise conditions with unnecessary com-
plications. The MMPF-NARX framework proposed in this paper fills these voids through
the unit-circle encoding of cyclic variables, residual-symmetry analysis, correlated noise
testing, and a systematic comparison of 7–10 NARX submodel configurations optimized
through GARA and PSO. This is presented in Appendix A Table A1, which compares the
reviewed literature and presents the gaps this study will fill.

2. Methods
2.1. Multi-Model Partitioning Filter (MMPF)

Another crucial adaptive estimation method to consider is the Multi-Model Par-
titioning Filter (MMPF), which is developed for systems with nonlinear behavior and
time-changing dynamics [34]. Specifically, MMPFs operate in several parallel-running
models that focus not on a unique global predictor but rather on an individual level to
describe a local view of the system’s behavior on which they operate. This means that the
main drive behind MMPFs is to categorize the prediction task among different candidate
models, like the MapReduce algorithm classifier and stages. The main difference is that
their contribution is not to aggregate results but to adjust continuously based on how
well they perform and try to provide an accurate forecast according to their structure.
As such, they extend beyond the MapReduce paradigm, as their outputs are combined
with an adaptive weighting rule that is used to determine the weight of each model, i.e.,
the % it will affect each step of the final algorithm of operation [35]. As such, the goal of
MMPFs is the percentage of the effect of the result during a forecast instead of generic
aggregation modeling.

The weighting process is probabilistic. At each iteration, the prediction error of
every submodel is evaluated against the real value. Based on this residual information, a
symmetric likelihood function is calculated and used to update the posterior probability
associated with each model [36]. The weights are normalized to ensure that their sum
remains equal to one, preserving numerical stability and interpretability.

The optimal Minimum Mean Square Error (MMSE) estimate is given by:

x̂(k/k) = ∑M
i=1 x̂(k/k; θ) p(θ/k )dθ (1)
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The probabilities are calculated online in a recursive manner as follows:

p(θ/k) =
L(k/k; θ)

∑M
i=1 L(k/k; θ) p(θ/k − 1)dθ

(2)

where
L(k/k; θ) =

∣∣Py(k/k − 1; θ)
∣∣ 1

2 ·e(−0.5 ∥∼y(k/k−1;θ)∥ ·P−1
y (k/k−1;θ)) (3)

And P−1
y is calculated by the EKF equations.

The basic structure of MMPFs, with an Extended Kalman Filter (EKF) implement-
ing either ARMA or ARIMA models for forecasting purposes, is analytically presented
in [37–39]. It has also been effectively utilized for adaptive electric load forecasting using
empirical data [40], integrating it with support vector machines (SVMs), demonstrating
substantial enhancements in predictive accuracy [41,42].

2.2. MMPF–NARX

In the proposed method, the ARMA models implemented in each EKF in Figure 1 are
substituted by Nonlinear Autoregressive Exogenous (NARX) models. These models work
as nonlinear predictors within the MMPF (see Figure 2).

Figure 1. MMPF’s basic structure.

NARX subfilters are implemented in parallel to save computational time. They aim to
approximate the nonlinear relationship between the current and past electric load values,
using both autoregressive and external input variables.
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Figure 2. MMPF-NARX’s architecture.

The general form of each symmetric NARX submodel is expressed as:

∼
y(k) = Fi(y(k − 1, (y(k − 2), . . . , y(k − p), u(k − 1), . . . , u(k − q)) (4)

where Fi (·) represents the nonlinear vector of the ith submodel, and p and q are the
autoregressive and exogenous input vector orders, respectively. The predicted electric load
at time instant k, according to MMPF-NARX, is denoted as

∼
y i(k).

In this case study, the exogenous input vector u(k) is defined as:

u(k) =
[
sin

( 2πDhour(k)
24

)
, cos

( 2πDhour(k)
24

)
, Dweek(k) ,

sin
( 2πDmonth(k)

12

)
, cos

( 2πDmonth(k)
12

)
, y(k−6,k)

] (5)

where
Dhour (k) =

[
sin

( 2πDhour(k)
24

)
, cos

(
2πDhour(k)

24

)]
is the cyclic encoding of the hour of the

day (1–24).

Dmonth (k) =
[
sin

( 2πDmonth(k)
12

)
, cos

( 2πDmonth(k)
12

)]
is the cyclic encoding of the month of

the year (1–12).
Both are expressed in a unit circle.
This encoding prevents discontinuities (i.e., from 23:00 to 0:00, or from the 12th month

to the 1st). It effectively models the diurnal pattern of energy consumption.
Dweek (k) = the day of the week (1–7).
y(k−6,k) = the moving average of the load, over the past six hours, and is defined as:

1
6∑k−1

j=k−6 y(j)

Lastly, each NARX submodel minimizes its own mean-squared error:

Ji=
1
M∑M

k=1

(
y(k)− ∼

y i(k)
)2

(6)
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2.3. GARA

To improve the adaptive weight selection of the MMPF-NARX structure, a genetic
algorithm-based resource allocation (GARA) mechanism is added. The genetic algorithm
works with different candidate weight vectors. It optimizes them by minimizing a fitness
function based on forecasting error [43]. Through selection, crossover, and mutation
procedures, the population gradually moves toward an optimal combination of NARX
submodels, refining the probabilistic weighting provided by the MMPF [44].

The input to the genetic algorithm is the overall weighted output, as estimated by
MMPF-NARX.

Each chromosome represents a candidate weight vector:

W = [w1, w2,. . . wM] (7)

with ∑M
i=1 wi = 1, and wi ∈ [0,1,],

where M denotes the number of NARX submodels (7–10, depending on the configuration).

The first chromosome is initialized from the final vector of posterior probabilities as it
is estimated by the MMPF:

w1 = wMMPF-NARX = [p(θ1/k) . . .. p(θM/k)] (8)

with ∑M
i=1 wi = 1, and wi ∈ [0, 1].

The fitness function measuring the forecasting accuracy is given by:

f (W) =
1
N ∑N

k=1

∣∣∣y(k)− ∑M
i=1 wi

∼
y i(k)

∣∣∣2 (9)

The genetic algorithm evolves the population via selection, crossover, and mutation
until convergence. The mutation rate is defined as:

µt = µ0

(
1 − t

tmax

)
+ ε (10)

where

• µt = the mutation rate at generation t;
• µ0 = the initial mutation rate;
• tmax = the maximum number of generations;
• ε = the residual mutation term, ensuring minimal diversity near convergence.

In this study, µ0 is set to 0.1. This corresponds to a moderate mutation rate of 10%,
which helps to avoid early convergence and keeps a good level of exploration. The
weights assigned to each NARX submodel are optimized adaptively, so tmax was cho-
sen as 40. Finally, ε is set to 0.003 to introduce a small stochastic disturbance to maintain
diversity near convergence and avoid stagnation when fitness stops improving, without
reducing stability.

The optimal weight vector is given by:

W* = argmin f (W) (11)

And the final optimized forecast is expressed by:

ŷ (k/k)= ∑M
i=1 w∗

i
∼
y i(k) (12)

where w∗
i represents the optimal weight assigned to the ith NARX submodel.
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2.4. PSO

To examine whether swarm-based optimization offers measurable advantages over
evolutionary resource allocation, the GARA mechanism is replaced by a Particle Swarm
Optimization layer while preserving the same hybrid MMPF–NARX structure.

The input of the Particle Swarm Optimization (PSO) algorithm is the weighted pre-
diction structure produced by the MMPF–NARX framework. Each particle represents a
candidate weight vector:

W = [w1, w2,. . . wM] (13)

with ∑M
i=1(w i

)
= 1, and wi ∈ [0, 1],

where M denotes the number of NARX submodels (7–10 depending on the configuration).

In this work, the swarm consists of Np = 25 particles, which is sufficient given the
relatively low dimensionality of the weight vector. To preserve consistency with the
probabilistic structure of the MMPF–NARX framework, a hybrid initialization strategy
is adopted.

The first particle is initialized using the posterior probability vector estimated by
the MMPF:

x0
1 = wMMPF-NARX = [p(θ1/k . . . p)θM/k (14)

The remaining x0
j are randomly generated as wi~ U(0, 1) within the admissible region

and subsequently normalized to satisfy the unity-sum constraint ∑M
i=1 wi, ensuring that

each particle represents a valid convex combination.
Initial velocities are randomly assigned within a small symmetric interval v0

j ~ U(−vmax,
vmax), where vmax was set to 0.1 to prevent excessive oscillatory behavior and ensure stable
exploration within the bounded weight space.

The forecasting accuracy is evaluated using the same objective function defined for
the GA approach with Equation (9).

At iteration t, the velocity of the j-th particle is updated as:

vt+1
j = ωvt

j + c1r1

(
pt

j − xt
j

)
+ c2r2

(
gt

j − xt
j

)
(15)

where

• ω = the inertia weight;
• c1 and c2 = the acceleration coefficients;
• r1 and r2 ~ U(0, 1);
• pt

j = the personal best position of particle j;

• gt
j = the global best position of the swarm.

For this work, ω = 0.7 and c1 = c2 = 1.5, ensuring a balanced exploration and exploita-
tion trade-off.

As such, the position of each particle is updated according to

xt+1
j = xt

j + vt+1
j (16)

After each update, the negative weights are clipped to zero, the weights greater than
one are reduced to one, and the vector is renormalized as:

wt+1
i =

wt+1
i

∑M
i=1 wt+1

i

(17)
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The PSO algorithm terminates when either the maximum number of iterations
(tmax = 40) is reached or when the improvement in the global best fitness | f t+1

best − f t
best |

becomes less than 10−6. This tolerance ensures convergence stability without enforcing
excessive computational effort.

The final optimal weight vector and the final optimal forecast are given by
Equations (11) and (12), as given for the GARA case.

2.5. Data Preparation

The dataset covers the period from January 2020 to December 2025. It is arranged
in chronological order to keep the time structure of the load data. The data are split
sequentially. Approximately 60% is used to train the MMPF–NARX submodels, 20% is
used for validation, and the remaining 20% is reserved for testing and forecast evaluation.

To check how the proposed model works, anomalous measurements were inputted,
in which a disturbance was added only to the test subset. Specifically, we focused on
providing a distinct process in terms of training and validation, i.e., to ensure that, in all
stages, the model deployed does not learn from noisy, incomplete, or generally corrupted
data. As such, to achieve this, correlated Gaussian noise was chosen to be added to our
testing phases in an effort to simulate realistic measurement errors and sensor uncertainty
behavior. The full data flow of the proposed MMPF-NARX framework, including the
transition from weighted model outputs to the GARA or PSO stage, is summarized in
Figure 3.

Figure 3. MMPF-NARX’s data flow. Final weighted outputs become inputs for either GARA or PSO
for further processing and improvement.

Before feeding the raw load data into the MMPF-NARX framework, a data cleaning
process takes place. It is known that power grids’ real data are often corrupted or have
missing values due to sensor failures, communication lag, or maintenance. To ensure the
accuracy of the forecasting models, we implement a two-step preprocessing strategy.

The traditional 3σ (three-sigma) rule assumes a static mean and standard deviation.
However, electric load is non-stationary and follows daily and seasonal patterns. There-
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fore, we adopt an improved 3σ criterion based on an Exponentially Weighted Moving
Average (EWMA).

Instead of a fixed global mean, we calculate a local moving average that adapts to
the load’s trend. If a measurement z(k) satisfies the following condition, it is flagged as
an outlier:

|z(k)− µlocal(k)|> 3σlocal(k) (18)

where µlocal and σlocal represent the adaptive means and standard deviation at time k. As
such, errors should not take into account natural peak loads (midday peaks, for example)
while removing technical faults or spikes [45].

When outliers are removed, or missing intervals are found, there will be gaps in
the time series that need to be filled. As such, we can use Cubic Spline Interpolation
for this purpose. This means that the cubic spline connects the data points using third-
order polynomials. As such, this approach guarantees the continuity of both the first and
second derivatives of the load curve. Also, the continuity of symmetric signals is very
important for the NARX subfilters, as it enables the internal Kalman filters to keep on
smoothly interpolating the subfilter state, thus avoiding the prediction error exploding due
to discontinuities in the artificial data [46,47].

The forecasting testing period was selected as follows: January–February (Period 1),
April–May (Period 2), and August–September (Period 3). These snippets exhibit differ-
ent seasonal patterns. They also allow for a transparent assessment of medium-term
operational conditions.

To test the model’s robustness, two levels of correlated noise were selected:

• Moderately correlated noise: Correlation coefficient ρ = 0.95 and noise ratio = 0.25.
• Highly correlated noise: Correlation coefficient ρ = 0.98 and noise ratio = 0.50.

Each of these scenarios simulates the distortion of the data at various levels. They
allow us to visualize the performance change when more challenging conditions are added.

The proposed framework’s arrangement was also tested by altering the number of
parallel NARX submodels. Configurations consisting of 7, 8, 9, and 10 submodels were
implemented and evaluated under each noise level. This comparison shows how the
number of submodels, i.e., the proposed method’s complexity, affects forecasting accuracy,
robustness characteristics, and error behavior when measurement disturbances are present.

To assess the accuracy of the predictions, the Mean Absolute Percentage Error (MAPE)
is calculated as follows:

MAPE =
100%

n ∑n
i=1

∣∣∣∣ Ai − Pi
Ai

∣∣∣∣ (19)

where Ai is the actual value, Pi is the predicted value, and n is the total number of samples.
The percentage Training MAPE per iteration is used to examine the convergence

behavior of the optimization algorithms.

3. Results
As has been mentioned, the real data was injected with noise. Figures 4 and 5 depict

the effect of moderate and heavy noise on the data series. Similarly, Figures 6 and 7
present the forecasting performance of the PSO-based model under moderate and heavy
noise, while Figures 8 and 9 present the corresponding forecasting performance of the
GARA-based model under the same noise conditions. Moreover, Figures 10–12 show
the PSO error scatter plots for Period 1, Period 2, and Period 3 under moderate noise,
while Figures 13–15 show the same PSO error behavior under heavy noise. Furthermore,
Figures 16–18 present the GARA error scatter plots for the three periods under moderate
noise, while Figures 19–21 present the corresponding GARA error scatter plots under heavy
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noise. Lastly, Figures 22–24 compare the fitness training error per iteration of both methods
under moderate noise, while Figures 25–27 compare their fitness training error per iteration
under heavy noise.

Figure 4. Moderate noise scenario; correlation coefficient ρ = 0.95 and noise ratio = 0.25.

Figure 5. Heavy noise scenario; correlation coefficient ρ = 0.98 and noise ratio = 0.5.

Figure 6. Forecasting performance using PSO under the moderate noise scenario.
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Figure 7. Forecasting performance using PSO under the heavy noise scenario.

Figure 8. Forecasting performance using GARA under the moderate noise scenario.

Figure 9. Forecasting performance using GARA under the heavy noise scenario.
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Figure 10. Moderate noise scenario. PSO error scatter plot, Period 1.

Figure 11. Moderate noise scenario. PSO error scatter plot, Period 2.

Figure 12. Moderate noise scenario. PSO error scatter plot, Period 3.
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Figure 13. Heavy noise scenario. PSO error scatter plot, Period 1.

Figure 14. Heavy noise scenario. PSO error scatter plot, Period 2.

Figure 15. Heavy noise scenario. PSO error scatter plot, Period 3.
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Figure 16. Moderate noise scenario. GARA error scatter plot, Period 1.

Figure 17. Moderate noise scenario. GARA error scatter plot, Period 2.

Figure 18. Moderate noise scenario. GARA error scatter plot, Period 3.
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Figure 19. Heavy noise scenario. GARA error scatter plot, Period 1.

Figure 20. Heavy noise scenario. GARA error scatter plot, Period 2.

Figure 21. Heavy noise scenario. GARA error scatter plot, Period 3.
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Figure 22. Comparison of fitness training error per iteration for both methods. Moderate noise
scenario, Period 1.

Figure 23. Comparison of fitness training error per iteration for both methods. Moderate noise
scenario, Period 2.
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Figure 24. Comparison of fitness training error per iteration for both methods. Moderate noise
scenario, Period 3.

Figure 25. Comparison of fitness training error per iteration for both methods. Heavy noise scenario,
Period 1.
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Figure 26. Comparison of fitness training error per iteration for both methods. Heavy noise scenario,
Period 2.

Figure 27. Comparison of fitness training error per iteration for both methods. Heavy noise scenario,
Period 3.
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The two methods were tested for day-ahead prediction in a timeframe of two months.
Three different forecasting periods were selected. Period 1 corresponds to June–July 2025,
Period 2 to April May 2025, and Period 3 to August–September 2025.

4. Discussion
4.1. Comparative Evaluation of Optimization Strategies

The experimental results presented in Table 1 show that both GARA and PSO give
stable and reliable performance within the hybrid MMPF-NARX model. Analytically, our
results are promising, since during all our test cases, our two methods employed achieved
low MAPE values, thus showcasing their suitability for medium-term load forecasting in
complex and commercial grid conditions.

Table 1. An overview of our MAPEs for all the employed methods (including different noise scenarios).

Noise Scenario # of NARX Models (N)
MMPF-NARX

Behavior
GARA PSO

Medium

7 2.70% 2.30% Under-Capacity

8 2.42% 2.08% Improving

9 2.15% 2.02% Optimal

10 2.17% 2.06% Plateau

Heavy

7 3.1% 2.88% Under-Capacity

8 2.88% 2.58% Improving

9 2.55% 2.49% Optimal

10 2.61% 2.53% Plateau

However, a closer examination of the metrics reveals that the proposed PSO method
maintains a consistently better performance in all configurations. Specifically:

• The overall forecast accuracy regarding the noise level and the number of submodels
implemented rose from 2.4% to 14.8%. This is important in terms of the % MAPE for
PSO over GARA.

• In the “medium noise” optimal configuration (i.e., in Table 1 for N = 9), PSO reached a
value of 6.0%. This is important in terms of relative improvement, i.e., PSO’s 2.02% is
comparable to 2.15% for GARA, as indicated in Table 1.

• Similarly, in the “heavy noise” optimal configuration (i.e., in Table 1 for N = 9), PSO
achieved a reduced 2.4% forecasting error, indicating an accuracy improvement.

In conclusion, based on the above, our findings showcase that using PSO algorithms
can provide a more efficient fine-tuning submodule weight system. This is particularly
important in cases where even higher noise level conditions occur; GARA remains a robust
resource allocation method when under noise.

4.2. Non-Monotonic Relationship Between Filter Complexity and Accuracy

An important finding of our study is the connection between the number of parallel
NARX subfilters (N) and the forecasting accuracy results, which are not monotonic. Analyti-
cally, as presented in Table 1, the increased complexity is not connected to a sudden shift or
a continuous reduction in error. On the contrary, Table 2 suggests that hybrid models can
employ three different types of behavior.

As evident from Table 2, the NARX filter value exceeds an optimal value N (in this case,
N = 9) as the method tries to either over-parameterize or start modeling the noise outliers
as a symmetric signal. As a result, this behavior leads to reduced forecasting performance
due to noise values passing through our initial system to the forecasting analysis.
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Table 2. An overview of NARX models (N) on forecasting performance, i.e., a description of the
behavior based on different cases.

Case # of NARX
Models (N) Behavior Description

1. Complexity Deficit 7, 8
Higher error rates are observed. The model cannot fully
capture nonlinear oscillations and measurement noise. The
number of subfilters is not enough.

2. Optimal Complexity 9
Best performance for both optimization methods. The
diversity of subfilters is well-balanced. This gives a more
accurate representation of load dynamics.

3. Performance Plateau and Degradation 10

Error increases slightly (e.g., MAPE rises from 2.49% to
2.53% under heavy noise with PSO). Extra filters add
unnecessary parameters. This may cause overfitting and
reduce generalization ability.

4.3. Robustness and Practical Considerations

In terms of robustness and practical considerations, the MMPF-NARX framework
is an ideal solution derived from the results of our testing phases for various forecasting
periods and noise levels. Specifically, a performance gap between PSO and GARA is
indicated under heavy noise conditions and can be translated as a need for a swarm-
based, optimization-resilient solution. This could be beneficial for systems employing
critical operations in energy environments characterized by a high percentage of data
uncertainty. Lastly, in terms of our PSO training, the smoother convergence curves, in
association with better accuracy values, indicate that our proposed system can be used as a
rapid prototype or an efficient alternative in real-time application scenarios and test cases
requiring high-precision forecasts due to sensory device-related uncertainties.

4.4. Integration into Real-World Grid Operations: Computational Feasibility and Scalability

The MMPF-NARX framework proposed aims to perform two complementary func-
tions in a grid operation setting: network state forecasting and decision support for control
actions managing main grid disturbances. In a practical situation, this means that it shall
obtain historical and live data from SCADA systems, AMI, smart meters, weather forecasts
from weather services, and data from market or operational databases before passing
through the same preprocessing pipeline described above. As such, adaptive filtering
and interpolation are first applied for missing values, outliers, communication errors, and
abnormal readings of the sensors. Then, the cleaned time series serve as the input to the
MMPF–NARX forecasting layer, whose outputs can support day-ahead scheduling, reserve
planning, demand-response activation, and maintenance planning.

From an operational standpoint, the framework proposed can be integrated into ex-
isting energy management systems (EMSs), distribution management systems (DMSs),
or microgrid supervisory platforms. Specifically, the MMPF-NARX module would
run periodically—for example, every hour or every day, depending on the forecasting
horizon—and deliver updated load forecasts alongside error indicators and confidence
diagnostics. Due to the modular architecture suggested, it is important to note that the
operation does not need to supplant any existing utility tools with a new forecasting engine.
As a result, the data can be aggregated to existing platforms and control-room dashboards
through standard data interfaces as an analytics service. Finally, this is one of the main
technical contributions provided, as it makes the framework realistic for gradual adoption
in utility environments, where forecasting tools are typically designed to assist human
operators and scheduling algorithms rather than to execute control actions directly.

The architecture also supports computational efficiency. NARX submodels run in
parallel, and the final forecast is produced by adaptively weighing their outputs. With
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the parallel processing resources available, adding more submodels does not necessarily
increase execution time proportionally. As such, the optimization problem solved by either
GARA or PSO is also low-dimensional, since each candidate solution represents only a
weight vector over the available submodels. Analytically, our experimental results show
that configurations of seven to ten submodels produced high accuracy without requiring
an excessively large ensemble.

In addition, the comparison between GARA and PSO is also relevant for real-world
use. PSO showed smoother convergence and lower computational effort than GARA. This
is important in operational environments where forecasts must be updated continuously
and computational resources are shared with other monitoring and control applications;
this matter affects all processes and operations. For instance, GARA applies selection,
crossover, mutation, and population sorting functions. Contrarily, PSO utilizes only a
vector-based velocity update function and a position update function. For these reasons,
one can argue that PSO is a more suitable forecasting technique for repeat and near-real-
time cycles, whereas GARA can still be useful when there are no constraints on execution
time and wider explorations of the weight space are beneficial.

Lastly, another important factor to discuss is how scalability can be achieved through
spatial and hierarchical decomposition. In large power systems, the framework does not
need to be trained as a single model covering the entire grid. Instead, separate MMPF–
NARX modules can be assigned to individual feeders, substations, areas, customer clusters,
or microgrids, with their outputs aggregated at a higher operational level for regional
or system-wide forecasting. As such, our approach fits naturally with power network
topology and supports distributed computing across servers, edge devices, and cloud
infrastructure. Specifically, since the method uses multiple parallel submodels, additional
computational resources can be allocated selectively to areas with greater variability, higher
renewable penetration, or less reliable data.

4.5. Error Scatter Analysis and Symmetric Distribution Characteristics

The error scatter plots (Figures 10 and 12–21) provide a deeper insight into the nature
of the residuals produced by each optimization method. The differences observed include
the following.

1. PSO precision and concentration:

• The PSO error scatter plots (Figures 10 and 12–15) are tightly grouped around.
• This symmetric spread is smaller compared to GARA.
• PSO particles tend to move, or “swarm”, quickly toward the global best solution.
• This is happening because the particles follow their own experience as well as

the group’s.
• This swarm movement keeps forecasts close to each other and reduces the varia-

tion in errors.

2. GARA Balance Diversity:

• The GARA error scatter plots (Figures 16–21) show a wider symmetric spread
(greater variance).

• They appear more symmetrical and balanced atop the horizontal axis than the
PSO ones.

• The mutation process creates diversity in the genetic algorithm and prevents its
collapse into one solution.

• As a result, the errors are more uniform or are even symmetrically spread.
• Generally, they have bigger absolute values than the corresponding PSO ones,

though over time they are less systematically biased.
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• Using this feature can help avoid cumulative bias in longer-term operational
horizons.

The differences previously mentioned can be explained by the bias–variance trade-
off [48–50]. Due to the higher concentration of PSO on exploitation, its errors are fewer and
forecasting is more accurate [51]. On the other hand, GARA focuses on exploration and
diversity of the population via crossover and mutation. Due to this, this forecasting makes
more balanced errors but is not as accurate as PSO.

For mission-critical applications, this difference is essential [52]. Also, the difference is
critical for applications that we cannot afford to have a malfunction. As a result, tighter
PSO error scatter is more suitable when the main objective is to minimize absolute forecast
errors [53]. This means that at longer operational horizons, where cumulative bias ought
to be avoided [54], the more symmetrical characteristic of the GARA residual distribution
may be valuable.

4.6. Optimization Dynamics and Convergence Behavior

Another important factor to consider is the property characteristics of GARA and
PSO algorithms as presented in Figures 22–27, i.e., the illustrations of our “fitness training
error per iteration” curves. These illustrations provide insights into the internal dynamics
of each optimization strategy. They show that, initially, the error is reduced fast; the
final MAPE values are almost identical by the 40th iteration, and thus they perform very
well [55]. As such, these results act as validation for our test cases, whereby both approaches
employed can identify the best possible weight symmetric distribution for the hybrid
MMPF-NARX framework.

Moreover, in terms of the shared initialization based on the MMPF’s posterior prob-
abilities, all the methods start early on from a similar error baseline. However, there is a
distinct difference in their convergence path curves during the intermediate iterations.

1. PSO Smoothness and Stability

• Smoother and more stable convergence curves toward the global minimum.
• The error decreases more consistently.
• PSO updates particles using velocity and momentum [56], as described earlier.
• Each particle moves toward its own best and global best position, causing the

swarm to move smoothly.
• This prevents considerable fluctuations of the pattern.

2. GARA Oscillatory

• Between the 10th generation and 30th generation, the path is more oscillatory.
• The peaks indicate that some errors rise sharply on occasion but fall afterwards.
• The genetic algorithm possesses a stochastic nature for this reason [57].
• The addition of a mutation operator assures diversity and avoids convergence to

any one region for any long period of time, which helps in exploring better solu-
tions in the search space. Also, it creates spikes in performance during training.

The distinction in the convergence curves is the classic exploration–exploitation trade-
off [57]. GARA’s spikes indicate aggressive exploration, which sacrifices current accuracy
in favor of broadening the search across a wider region of the parameter space. Conversely,
PSO aims for an equitable exploitation of the available information, causing smoother
behavior [58–60].

4.7. Computational Burden

The computational burden was assessed by observing the error trajectories in
Figures 22–27. Although both algorithms were executed for 30 iterations, the effective
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convergence (i.e., the point where ∆Fitness < 10−4) occurred significantly earlier for PSO.
Mathematically, this is due to the velocity update rule (Equation (15)), which acts as a
first-order momentum filter, accelerating the search toward the global optimum. In contrast,
GARA’s computational burden is increased by the selection operator, which requires sorting
the entire population P in every generation, adding an O(PlogP) overhead that becomes
significant in real-time forecasting cycles. These computational differences are summa-
rized in Table 3, which compares GARA and PSO in terms of complexity per iteration,
convergence speed, FLOPs, memory overhead, and stability.

Table 3. Computational burden and convergence efficiency.

Metric GARA PSO Improvement (%)

Complexity per Iteration O(PlogP + P · L) O(P · L) ~25% Faster

Avg. Iterations to Convergence 26–30 14–18 ~45% Faster

Floating Point Ops (FLOPs) High (Sorting/Randomizing) Low
(Vector Addition) -

Memory Overhead Moderate (Population Buffer) Minimal
(Velocity Vectors) -

Stability (Figures 25–27) Stochastic
(High Variance)

Deterministic
(Low Var.) -

For GARA, the cost per iteration is higher due to the sorting and stochastic sampling:

CGARA ≈ Npop × (Ceval + Cselect + Ccross + Cmut) (20)

where Cselect involves sorting the population, typically given as:

O(PlogP) (21)

For PSO, the cost is lower because it only involves the vector arithmetic:

CPSO ≈ Npop ×
(

Ceval + Cvel_update + Cpos_update

)
(22)

where velocity/position updates are simple O(1) vector additions.
Consequently, the fact that both methods reach almost the same final training error

validates the robustness of the MMPF-NARX structure. Due to the lower computational
load, PSO’s smoother behavior may be desired for real-time energy management systems.
On the flip side, GARA continues to be effective for the long-term allocation of resources.

5. Conclusions
This article presents a framework for simulating and modeling power load forecasting

under uncertain conditions with symmetric and noisy data. A Multi-Model Partitioning Fil-
ter is combined with NARX submodels, with GARA and PSO used as adaptive optimization
strategies to determine the final contribution weights of the parallel predictors.

Our work aligns with simulations and modeling in engineering, as it evaluates the
forecasting framework under perturbation experiments. To approximate realistic measure-
ment uncertainty, sensor error, and imperfect grid conditions, the test data were corrupted
with correlated Gaussian noise. Cyclic temporal variables, such as hours and months, were
encoded using unit-circle representations, and forecast residual symmetry and asymmetry
were analyzed through error scatter plots.

The results showed that both GARA and PSO improved the robustness of the MMPF–
NARX framework. PSO performed better overall across most configurations, achieving
lower MAPEs, smoother convergence curves, and lower computational costs, making it
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well-suited to real-time or mission-critical energy applications. GARA remains valuable as
a strong evolutionary method, particularly where broader exploration of the weight space
is beneficial.

Another interesting finding is that forecasting accuracy did not improve simply by
increasing the number of NARX submodels. Nine submodels produced the best perfor-
mance, and adding more increased model complexity without meaningful benefit. In some
cases, additional submodels actually generalized worse under strong noise. This suggests
the framework must balance model diversity against over-parameterization.

In summary, symmetry-aware modeling, adaptive optimization, and noise-based sim-
ulation provide a reliable foundation for electric load forecasting in modern power-system
engineering. Future work should test the framework on larger datasets, demand symmetric
profiles incorporating renewable energy, and real-time smart grid deployments, and it
should examine more explicitly the relationship between residual symmetry, forecasting
bias, and long-term operational stability. As such, the results suggest that the proposed
system is an acceptable solution for application usage as a predictive layer to aid in decision-
making from an engineering implementation point of view. Specifically, the optimized
configuration of the MMPF-NARX framework by means of PSO can be used in practice
for grid operation when frequent forecast updates are required, with lower computational
burdens and stability in convergence. More specifically, this implementation should be
considered in the case of day-ahead scheduling reserve estimation, demand-response
planning, and operator situational awareness. Moreover, the GARA-based configuration re-
mains advantageous in scenarios that require the exploration of an expansive region of the
model-weight space. Similarly, offline planning cases or longer-horizon studies, according
to our findings, showcase that merely increasing the number of NARX submodels is not
guaranteed to yield improved results. Instead, the choice of model complexity should be
made after validation in a realistic noise situation. Notably, in these present experiments,
nine submodels offered the best compromise.

Lastly, as for future work, our framework provides a top-down approach for en-
gineers in the field to build on. Firstly, we provide a broad framework to account for
renewable-energy-related load and generation profiles, such as photovoltaic production,
wind generation, net-load variability, and weather-related demand patterns, and investi-
gate if the residual symmetry remains stable as renewable penetration tightens. Secondly,
the framework should be put through real deployments on the grid or testing through
near-real-time scenarios that involve continuous processing of smart meter, SCADA, AMI,
and weather data streams in real-time now that the academics have been resolved. Lastly,
intended verification in the future should analyze the frequency of updates and delays in
computing, the intervals for retraining, the delays in communication, and the workings of
fail-safes. Based on the above, these approaches of our framework will give researchers and
practitioners a clearer picture of how the proposed forecasting approach performs under
realistic circumstances.
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Appendix A
Appendix A.1. Derivation of MMPF Components

To align the theoretical framework with the physical problem of load forecasting, the
following quantities are defined for a specific model θ as a continuation of the Multi-Model
Partitioning Filter (MMPF) formulation, as presented in Equations (A1)–(A3).

The Innovation Covariance Py is calculated as:

Py(k|k − 1; θ) = HT(k|θ)P(k|k − 1; θ)H(k|θ) + R(k) (A1)

where R(k) denotes the measurement noise covariance.
The Innovation (Residual)

∼
y represents the prediction error:

∼
y(k|k − 1; θ) = y(k)− HT(k|θ)B(k + 1, k|θ)x̂(k|k − 1; θ) (A2)

where B (·) is the state transition matrix.
The Observation Vector HT for the NARX structure is given by:

HT(k|θ) = [y(k − 1), . . . , y(k − p), e(k − 1|θ), . . . , e(k − q|θ)] (A3)

where e(k|θ) is the local prediction error:

e(k|θ) = y(k)− HT(k|θ)x̂(k|k − 1; θ) (A4)

Appendix A.2. NARX Submodel Configuration and Implementation Details

Unlike linear ARMA models, the NARX models employed as nonlinear predictors
within the MMPF framework follow a Polynomial NARX, incorporating higher-order terms
of the past load values and residuals:

y(k) = ∑ aiy(k − i) + ∑ bje(k − j) + ∑ ∑ ci,jy(k − i)y(k − j) + . . . + u(k) (A5)

ai represents the autoregressive coefficients.
bj represents the moving average coefficients.
ci,j represents the nonlinear coefficients, which enable the model to capture complex

load dynamics.
u(k) is the exogenous input vector.
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The model order (p,q) is determined via the Akaike Information Criterion (AIC),
which focuses on preventing overfitting and minimizing computational latency according
to the Principle of Parsimony. The recursive estimation of the parameter vector [a, b, c] is
performed by the Extended Kalman Filter (EKF) through continuous linearization, ensuring
its adaptation to load variations.

Table A1 below summarizes the main research streams identified in the literature
review, their application focuses, their remaining limitations, and the way in which the
proposed MMPF–NARX framework addresses these gaps. This table is included to clarify
the research motivation of our study and to show that the proposed framework is positioned
not only as another hybrid forecasting model but as a symmetry-aware, noise-robust, and
complexity-controlled forecasting architecture.

Table A1. Summary of related forecasting streams and research gaps motivating the proposed
framework.

Research Stream Representative
Approaches

Main
Application Focus

Remaining
Limitations/Gaps How This Study Responds

Classical and hybrid
time-series
forecasting

ARIMA, ARIMA–PSO,
regression-based
hybrid models

Baseline and
short-/medium-term
load forecasting

Limited ability to represent
nonlinear demand patterns
and cyclic
temporal symmetry

Uses nonlinear NARX
submodels and unit-circle
encoding for cyclic
hour/month variables

Machine-learning
and deep-learning
forecasting

Random forests, gradient
boosting, RNN/LSTM,
ANN, SVM

Improved prediction
accuracy under
nonlinear
load behavior

Often emphasizes
point-forecast accuracy
without examining
residual symmetry or
error-distribution behavior

Evaluates both MAPE and
residual scatter behavior
under moderate and heavy
noise conditions

Probabilistic and
ensemble
forecasting

Ensemble models,
quantile regression,
kernel density estimation

Risk-aware forecasting
and uncertainty
representation

Distributional outputs are
useful, but residual
symmetry/asymmetry is
not commonly used as a
diagnostic criterion

Treats residual symmetry
and asymmetry as diagnostic
signals for comparing GARA
and PSO behavior

Adaptive filtering
and multi-model
forecasting

MMPF, EKF-based
adaptive models,
multi-model filtering

Dynamic model
adaptation and
weighted prediction

Limited integration with
nonlinear NARX
submodels and limited
analysis of temporal
symmetry preservation

Combines MMPF with
parallel NARX submodels
and adaptive
posterior-based weighting

GA/PSO-based
optimization

GA, PSO, PSO–ANN,
PSO–SVM, GA-based
weight tuning

Parameter tuning,
feature selection, and
adaptive
weight optimization

Few studies compare
GA/PSO under the same
MMPF–NARX structure
while also testing noise
robustness and
model-complexity effects

Compares GARA and PSO
under identical
MMPF–NARX settings,
moderate/heavy correlated
noise, and 7–10 submodel
configurations

This paper proposes a forecasting scheme that combines the MMPF and NARX models,
as summarized in Figure A1 below.

Lastly, in Table A2, we present a comparative analysis of various case studies, indicat-
ing their approaches, the main design principles behind their design, and the strengths and
weaknesses that were studied.

Table A2. Comparison based on approaches, main contributions, strengths, and limitations of recent
research.

Refs. Approaches Main Concept Strengths Limitations/Gaps

[1,2] ARIMA/ARIMA + PSO Linear time-series forecasting
with parameter tuning

Clear structure, easy
implementation

Limited performance under
nonlinear demand

[8] Random forests, gradient
boosting, RNN

Machine learning for nonlinear
load patterns

Superior to classical
ARIMA Higher computational cost
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Table A2. Cont.

Refs. Approaches Main Concept Strengths Limitations/Gaps

[9] Ensemble probabilistic
forecasting

Combination of
multiple forecasts

Improved scalability
and precision

Model management
complexity

[11] Quantile regression + KDE Full probability
distribution modeling Better risk evaluation Requires reliable

density estimation

[14] Hybrid with economic
indicators

Use of early warning and
industrial metrics

Improved performance
near turning points

Depending on external
data quality

[16] Conditional hidden
semi-Markov models

State-duration-based
load modeling

Captures dynamic
operating states Sensitive to preprocessing

[18] Gaussian filtering of smart
meter data Noise reduction before training Cleaner input data Additional

preprocessing step

[19–21] PSO + ANN Swarm optimization for
neural networks

Higher short-term
accuracy Possible local stagnation

[21,22] GA-based MMPF weight
optimization Evolutionary adaptive filtering Strong global search Oscillatory

convergence behavior

[22–24] PSO + SVM Swarm-based SVM tuning Improved generalization Increased training time

[25] PSO + gray/wavelet models Hybrid nonlinear forecasting Better nonlinear
handling Layered model complexity

[26] PSO for long-term
forecasting

Swarm tuning for
extended horizons Stable convergence Parameter sensitivity

[27] PSO in power-system
parameter estimation

Optimization of system
cost functions

Efficient
high-dimensional search Initialization sensitivity

[28] PSO theoretical analysis Exploration–exploitation balance Simple structure Trade-off not fully
eliminated

[38,39] Bias–variance analysis Theoretical explanation
of trade-off Conceptual clarity Does not prescribe the

optimal method

[61] ANN + regression + SVR
(fuzzy logic)

Hybrid combination of statistical
and AI predictors

Better than standalone
models Increased model complexity

[62] Hybrid with
intelligent optimization

Optimization for weight tuning
and feature selection Improved accuracy Depends on

optimizer efficiency

Figure A1. Hybrid MMPF–NARX forecasting architecture with GARA or PSO.
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