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Abstract: Reliable operation of modern power systems demands accurate forecasting. Errors can reduce resilience, 
especially in mission-critical military, defense, and strategic infrastructures. While hybrid forecasting models 
perform well under normal conditions, their robustness to noisy data still needs thorough evaluation. In this work, a 
sensitivity and robustness analysis of a novel adaptive hybrid forecasting framework is examined using two scenarios 
of correlated Gaussian noise. These scenarios were selected to represent measurement degradation, communication 
failures, and physical disturbances commonly encountered in resource-limited defense operational environments. 
The proposed hybrid method integrates the Multi Model Partitioning Filter, Nonlinear Autoregressive Exogenous 
models, and a Genetic Algorithm for Resource Allocation, with performance evaluated using real commercial data. 
The results highlight the successful performance of the proposed method and underline the importance of the 
sensitivity analysis as a validation process for forecasting methods intended for defense energy systems that need to 
remain highly reliable at all times. 
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1 Introduction 
Accurate forecasting is a essential for the reliable and 
safe operation of modern power systems. It helps with 
energy generation planning, reserve allocation, and 
system stability under continually changing operating 
conditions. Such requirements become stringent in 
autonomous grids, islanded microgrids, naval 
installations, and military facilities, where forecasting 
errors lead to undesired operational consequences, [1], 
[2]. 

Lately, the increasing penetration of renewable energy 

sources and the variation of load profiles have 
significantly increased the complexity of power system 
dynamics. Therefore, machine learning and hybrid 
forecasting approaches have been widely adopted, 
outperforming traditional forecasting methods, such as 
ARIMA-based approaches, which struggle to capture the 
nonlinear data characteristics of modern power systems, 
[3], [4], [5].  

 
1.1 Sensitivity Analysis 
A widely established assessment framework for 
quantifying how input uncertainty affects a system’s 
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outputs is sensitivity analysis (SA). In forecasting 
applications, SA has been applied to robustness 
evaluation under weather uncertainty, [1], uncertainty 
attribution in renewable power forecasting, [6], 
parameter tuning in neural networks, [7], and many 
more. The importance of SA in understanding model 
behavior under uncertainty, particularly in nonlinear and 
data-driven systems, is also emphasized in broad 
methodological reviews, [8], [9]. SA has also been used 
in evaluating the forecast robustness under groundwater 
systems, [10], showing how noise and measurement 
errors significantly affect predictive performance. 
Someone may come across similar findings in renewable 
energy bidding and market participation studies, where 
forecast errors influence operational and economic 
outcomes, [2], [11], [12]. 

 
1.2 Contribution of this work  
Based on the literature, SA focuses on parameter 
sensitivity (learning rates, network depth, etc.), input 
relevance ranking, weather driven uncertainty in 
renewable energy generation. Relatively few studies 
address how noise affects the forecasting performance, 
[8], [9].  

This paper extends prior hybrid forecasting work by 
introducing sensitivity analysis based on noisy data 
scenarios. Instead of modifying the model structure, 
controlled stochastic noise is applied to the input data to 
emulate realistic operational disturbances, including 
sensor inaccuracies, communication degradation, and 
cyber-physical perturbations. Different correlated 
Gaussian noise levels are examined to reflect increasing 
uncertainty conditions commonly encountered in 
military applications. 

 
 

2 Problem Reformulation 
The electric load forecasting task is redefined using an 
extension of the MMPF proposed in earlier studies, [13], 
[14]. In its standard formulation, the MMPF, partitions 
the estimation space into multiple parallel subfiters or 
submodels, each representing different characteristics of 
the system being investigated. Every submodel generates 
an independent probabilistic output estimate, and the 
final forecast is computed as a weighted combination of 
these individual results. 

In the proposed approach, the MMPF employs 
Nonlinear Autoregressive Exogenous (NARX) models 
rather than Kalman Filters (KF) or Extended Kalman 
Filters (EKF). Each submodel functions as a nonlinear 
predictor trained to estimate the electric load, while 

accounting for exogenous variables that represent 
external factors, such as time-related and weekly 
patterns. Additional variants of the MMPF can be found 
in [15], [16], [17], [18], [19], [20], [21].  

 
2.1 MMPF-NARX-GARA 
The MMPF structure based on EKF, shown in Figure 1, 
was introduced in [13]. Each MMPF is composed of a 
parallel set of EKFs, typically ten, although a larger 
number may be employed depending on the complexity 
of the application, all running independently at each 
iteration. Equal initial posterior probabilities are 
assigned to every model, and as the process evolves, the 
probability of the most accurate model tends to one, 
while the others approach zero. The overall estimate is 
then computed as a weighted combination of the outputs 
from all submodels. This configuration enables parallel 
execution, significantly reducing computational time in 
real-time or high-dimensional tasks.  

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

𝑥(𝜅|𝑘) = ∑ (𝑘|𝑘; 𝜃)𝜌(𝜃|𝑘) ⅆ𝜃𝑀
𝑖=1          

 (1) 
The probabilities are calculated online in a recursive 

manner as follows:  
𝑝(𝜃|𝑘) =

𝐿(𝑘|𝑘 ;𝜃)

∑ 𝐿(𝑘|𝑘 ; 𝜃)𝑝(𝜃|𝑘 − 1)𝑑𝜃
𝑀

𝑖=1

𝑝(𝜃|𝑘 − 1)  

 (2) 
where,  

𝐿 (𝑘|𝑘; 𝜃) =  |𝑃𝑧 (𝑘|𝑘 − 1; 𝜃)|
1
2  ∙ 

exp {−
1

2
 ‖𝑧̃(𝑘|𝑘 − 1; 𝜃)‖ ∙ 𝑃𝑧

−1 (𝑘|𝑘 − 1; 𝜃)}    
 (3) 

 

 
 

Fig. 1: Block diagram of MMPF+EKF. Every EKF 
implements an ARMA model.  
Source: created by the authors. 
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In the proposed method, instead of using ARMA 
models in every EKF in Figure 1, Nonlinear 
Autoregressive Exogenous (NARX) models are 
implemented. Each submodel acts as a nonlinear 
predictor within the MMPF structure, as shown in Figure 
2. The GARA module receives posterior probabilities 
from the MMPF and optimizes the weight allocation 
among the NARX submodels to minimize forecasting 
error. 

The parallel training of the several NARX submodels 
aims to approximate the nonlinear relationship between 
the present and past values of the electric load, using both 
autoregressive and exogenous variables. The general 
form of each NARX submodel is expressed as: 
𝑦̃i(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, p and q are the autoregressive and exogenous 
input vector orders, respectively. The predicted electric 
load at time instant k, by the MMPF-NARX, is denoted 
by 𝑦̃i(k). 

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

2𝜋𝐷ℎ𝑜𝑢𝑟

24
) , cos (

2𝜋𝐷ℎ𝑜𝑢𝑟

24
) , 𝐷𝑤𝑒𝑒𝑘(𝑘),   

sin (
2𝜋𝐷𝑚𝑜𝑛𝑡ℎ

24
) , cos (

2𝜋𝐷𝑚𝑜𝑛𝑡ℎ

24
), 𝑦(𝑘−6,𝑘)]      

 (5) 
where: 
 Dhour (k) is the current hour of the day (1–24) 
 Dmonth (k) represents the month of the year (1-12) 

both 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) is the day of the week (1–7) 
 𝑦(𝑘−6,𝑘)is the moving average of the load, over the 

past six hours, defined as: 1
6

∑ 𝑦(𝑗)𝑘−1
𝑗=𝑘−6  

Each NARX submodel minimizes its own mean-squared 
error:  

 
Fig. 2: The structure of the proposed MMPF-NARX-
GARA method.  
Source: created by the authors. 

𝐽𝑖=
1

𝑀
∑ (𝑦(𝑘) −  𝑦̃𝑖(𝑘))2𝑀

𝑘=1             
 (6) 

NARX has been successfully applied in load 
forecasting in several studies, [22], [23], [24], [25], [26].  
 

2.2 Adaptive Genetic Resource Allocation 

(GARA) 
Each chromosome represents a candidate weight 

vector: 
W = [𝑤1 , 𝑤2 ,… 𝑤𝑀 ],             
 (7) 
with ∑ 𝑤𝑖

𝑀
𝑖=1 )= 1, and 𝑤𝑖 ∈ [0,1] 

The first chromosome is initialized directly using the 
vector of posterior probabilities estimated by the MMPF:  
𝑦̃𝑘

(𝑖)
= 𝑦𝑘 − ℎ𝑖 (𝑥

𝑘1𝑘−𝑥

(𝑖)
)with ∑ 𝑤𝑖

𝑀
𝑖=1 )= 1, and 𝑤𝑖 ∈ 

[0,1]. 
The fitness function measuring the forecasting 

accuracy is given by:  
𝑓(𝑾) =  

1

𝑁
∑ |𝑦(𝑘) − ∑ 𝑤𝑖𝑦̃𝑖(𝑘)𝑀

𝑖=1 |
2𝑁

𝑘=1       
 (9) 

The Genetic Algorithm evolves the population 
through its typical procedures of selection, crossover, 
and mutation until convergence. The mutation rate is 
defined as  
𝜇𝑡 =  𝜇0 (1 −

𝑡

𝑡𝑚𝑎𝑥
) + 𝜀             

 (10) 
where,  
 μt = is the mutation rate at generation t 
 μ0 = is the initial mutation rate 
 tmax = maximum number of generations  
 𝜀 is the residual mutation term, ensuring minimal 

diversity near convergence 
In this study, the value of μ0 is 0.1. This leads to a 

moderate mutation (10%), preventing early convergence 
and keeping a balanced level of exploration. The weights 
assigned to each NARX submodel are adaptively 
optimized, so tmax was decided to be equal to 40. Finally, 
𝜀 was set to 0.003 to introduce a small stochastic 
disturbance for maintaining diversity near convergence 
and preventing stagnation when fitness plateaus, without 
affecting stability.  

The optimal weight vector is given by:  
𝑾∗ = 𝑎𝑟𝑔𝑚𝑖𝑛 𝑓(𝑾)              

 (11) 
and the final optimized forecast is expressed by  

𝑦̂ (𝑘/𝑘) = ∑ 𝑤𝑖
∗𝑀

𝑖=1 𝑦̃𝑖(𝑘)            

 (12) 
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where, 𝑤𝑖
∗ represents the optimal weight assigned to 

the ith NARX submodel.  
Genetic algorithms have also been widely used for 

optimizing forecasting models and improving prediction 
accuracy in energy forecasting problems, [27], [28], 
[29], [30], [31].  
 

2.3 Mathematical Reformulation for the 

proposed MMPF-NARX-GARA 
This section presents the theoretical formulation of the 
proposed method. The non-linear discrete-time state-
space form is given by:  
𝑥𝑘+1

(𝑖)
= 𝑓𝑖 (𝑥𝑘

(𝑖)
, 𝑢𝑘) + 𝑤𝑘

(𝑖)           
 (13) 
𝑦𝑘

(𝑖)
= ℎ𝑖 (𝑥𝑘

(𝑖)
) + 𝑢𝑘

(𝑖)              
 (14) 

where: 
 𝑥𝑘

(𝑖) is the internal state vector of the ith 
submodel 

 𝑢𝑘 represents the exogenous input vector 
 𝑦𝑘

(𝑖) is the predicted electric load 
 𝑤𝑘

(𝑖)is the zero mean process noise 
  𝑢𝑘

(𝑖) is the zero mean measurement noise 
The non linear mapping 𝑓𝑖(∙) corresponds to the 

NARX predictor, as indicated in Equation (4), therefore 
𝐹𝑖(∙) represents the non linear regression operator of 
each NARX submodel. 

Due to the non-linearities of the system under 
investigation, the EKF is implemented. To avoid any 
misconception with the 𝐹𝑖(∙), the Jacobian of the state 
transition function will be denoted as:  

𝐴𝑘
(𝑖)

=
𝜕𝑓𝑖(𝑥,𝑢)

𝜕𝑥
|
𝑘−1|𝑘−1 

𝑥(𝑖)

              

 (15) 
 And the measurement Jacobian as:  

𝐻𝑘
(𝑖)

=
𝜕ℎ𝑖(𝑥)

𝜕𝑥
|
𝑘|𝑘−1 

               

 (16) 
The prediction step now is given by equations (17)-

(23):  
𝑥𝑘|𝑘−1

(𝑖)
= 𝑓𝑖 (𝑥𝑘−1|𝑘−1

(𝑖)
, 𝑢𝑘)            

 (17) 

𝑃𝑘|𝑘−1
(𝑖̇)

= 𝐴𝑘
(𝑖)

𝑃𝑘−1|𝑘−1
(𝑖)

(𝐴𝑘
(𝑖)

)
𝑇

+ 𝑄𝑖         
 (18) 

The update is described by the following equations: 
Innovation: 𝑦̃𝑘

(𝑖)
= 𝑦𝑘 − ℎ𝑖 (𝑥𝑘|𝑘−1

(𝑖)
)        

 (19) 

Innovation Covariance: 𝑆𝑘
(𝑖)

= 𝐻𝑘
(𝑖)

𝑃𝑘|𝑘−1
(𝑖)

(𝐻𝑘
(𝑖)

)
𝑇

+ 𝑅𝑖

  (20) 

Kalman Gain: 𝐾𝑘
(𝑖)

= 𝑃𝑘|𝑘−1
(𝑖)

(𝐻𝑘
(𝑖)

)
𝑇

+ (𝑆𝑘
(𝑖)

)
−1

   
  (21) 
State Update: 𝑥𝑘|𝑘

(𝑖)
= 𝑥𝑘|𝑘−1

(𝑖)
+ 𝐾𝑘

(𝑖)
𝑦̃𝑘

(𝑖)       
 (22) 
Covariance Update: 𝑃𝑘|𝑘

(𝑖̇)
= (𝐼 −  𝐾𝑘

(𝑖)
𝐻𝑘

(𝑖)
) 𝑃𝑘|𝑘−1

(𝑖)    
 (23) 

This formulation ensures minimum mean square error 
estimation under noise assumptions. 

The MMPF posterior probabilities are calculated using 
Bayes’ rule: 
𝑝(𝜃𝑖|𝑌𝑘) =

𝑝(𝑦𝑘|𝜃𝑖,𝑌𝑘−1)𝑝(𝜃𝑖|𝑌𝑘−1)

𝛴𝐽=1
𝑀 𝑝(𝑦𝑘|𝜃𝑗,𝑌𝑘−1)𝑝(𝜃𝑗|𝑌𝑘−1)

         

 (24) 
where 

𝑝(𝑦𝑘|𝜃𝑖, 𝑌𝑘−1) =  𝒩 (0, 𝑆𝑘
(𝑖)

)            
 (25) 

The overall forecast is given by: 

𝑦̂𝑘 = ∑ 𝑝(𝜃𝑖|𝑌𝑘)𝑦̂𝑘
(𝑖)

𝑀

𝑖=1
           

 (26) 
In equations (24)-(26) 𝑌𝑘 = {𝑦1, 𝑦2, ⋯ , 𝑦𝑘} denoting 

the set of observations available up to time instant k. 

 

2.4 Stability of the MMPF-NARX architecture 
Assuming that each NARX model is BIBO stable: 

|𝑦𝑘
(𝑖)

| ≤ 𝐶𝑖       ∀𝑘               
 (27) 

The final forecast is a convex combination:  

𝑦̂𝑘 = ∑ 𝑤𝑖(𝑘)𝑦𝑘
(𝑖)

𝑀

𝑖=1
              

 (28) 
where 

 𝑤𝑖(𝑘) ≥ 0, ∑ 𝑤𝑖(𝑘)𝑀
𝑖=1 = 1           

 (29) 
Therefore,  

|𝑦̂𝑘| ≤ ∑ 𝑤𝑖(𝑘) |𝑦𝑘
(𝑖)

|𝑀
𝑖=1 ≤ ∑ 𝑤𝑖(𝑘)𝑀

𝑖=1 𝐶𝑖 ≤ max
𝑖

𝐶𝑖  
 (30) 

 So, the architecture remains BIBO stable provided 
that each submodel remains stable.  
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3 Data Preparation 
The dataset covers the period from January 2020 to 
December 2025 and is used sequentially to preserve 
temporal dependencies. Approximately 60% of the data 
is employed for training the MMPF–NARX submodels, 
20% for validation, and the remaining 20% for testing 
and prediction. Since the purpose of this work is to assess 
the robustness of the proposed method under 
measurement corruption, correlated Gaussian noise was 
added into the test segment (the 20% stated before), 
while the training and validation data sets were left 
noise-free. The prediction horizon is set to two months, 
January – February S1, April – May S2, August – 
September S3, corresponding to a medium-term load 
forecasting scenario and enabling, for the first time, an 
evaluation of the proposed hybrid method under such 
conditions. To assess robustness, 2 different noise 
scenarios were tested, namely: 
 Moderated Correlated Noise: correlation 

coefficient ρ = 0.95, noise ratio = 0.25. 
 Heavy Correlated Noise: correlation coefficient 

ρ = 0.98, noise ratio = 0.50. 
emulating measurement uncertainty and data 

degradation effects. 
Additionally, the proposed method will be tested using 

different numbers of NARX submodels. Specifically, 
different configurations implementing 7, 8, 9, and 10 
NARX submodels will be considered for each noise 
scenario. This analysis will assess how the number of 
NARX submodels implemented affects the accuracy of 
prediction, the robustness, and the error characteristics 
under noise conditions. 

Quantification of the model’s forecasting performance 
across these scenarios provides valuable insight into 
robustness margins, enabling assessment of whether its 
architecture is suitable for deployment in strategic 
energy systems.  

The electric load forecasting problem is reformulated 
based on the extension of the MMPF-NARX-GARA 
model as introduced in the previous section. The overall 
prediction is obtained as a weighted combination of these 
individual forecasts. 

In the proposed method, the MMPF implements 
Nonlinear Autoregressive Exogenous (NARX) models, 
instead of KF or EKF. Each submodel acts as a nonlinear 
predictor trained to model the electric load, incorporating 
exogenous variables that.  

 
 

4 Results 
To assess the accuracy of the predictions, the Mean 
Absolute Percentage Error (MAPE) is calculated. The 
MAPE is defined as  

MAPE = 100%

𝑛
 ∑ |

𝐴𝑖−𝑃𝑖

𝐴𝑖
|𝑛

𝑖=1              
 (31) where Ai is the actual value, Pi is the predicted 
value, and n is the total number of samples. 

Additionally, the Normalized Root Mean Square Error 
(NRMSE) is also calculated to quantify the deviation 
between the forecasted and the real values with increased 
sensitivity to large prediction errors. It is defined as:  

NRMSE = 1

𝐴̅
 √

1

𝑛
∑ (𝐴𝑖 − 𝑃𝑖)2𝑛

𝑖=1  × 100%     

 (32) 
Where 𝐴 is the average of the real values. The rest 

parameters are the same as for MAPE.  
 

4.1 Moderated Correlated Noise: correlation 

coefficient ρ = 0.95, noise ratio = 0.25. 

 

 
Fig. 3: January February 2025. Daily System Load for 
day ahead forecast, assessed by testing configurations 
with 7, 8, 9, and 10 NARX submodels.  
Source: created by the authors. 

 
Fig. 4: April May 2025. Daily System Load for day-
ahead forecast, assessed by testing configurations with 7, 
8, 9, and 10 NARX submodels. Source: created by the 
authors. 
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Fig. 5: August September 2025. Daily System Load for 
day-ahead forecast, assessed by testing configurations 
with 7, 8, 9, and 10 NARX submodels.  
Source: created by the authors. 
 

 
Fig. 6: Real and Forecasted Values for all testing 
configurations, January - February 2025.  
Source: created by the authors. 

 

 
Fig. 7: Real and Forecasted Values for all testing 
configurations, April - May 2025.  
Source: created by the authors. 

 
Figure 3, Figure 4, and Figure 5 depict the 

performance of the proposed method with different 
numbers of implemented NARX models. The 
architecture implementing 10 submodels is closer to real 
data than the rest.  

Figure 6, Figure 7, and Figure 8 depict that 
configurations using 8, 9, and 10 NARX submodels 
produce a narrower error distribution, with most values 
concentrated close to zero, while the configuration with 
7 submodels presents the largest absolute prediction 
errors. However, the difference between the 9 and 10 
submodel configurations is relatively small, meaning 
that the configuration with 9 NARX submodels can be 

considered optimum, providing a good balance between 
forecasting accuracy and computational cost. 

The proposed method exhibits a mean-reversion 
behavior, meaning that it underestimates higher load 
values and overestimates lower ones. This behavior 
reflects the smoothing effect induced by ensemble 
filtering and the use of mean-squared error-based 
training objectives. 

 

 
Fig. 8: Real and Forecasted Values for all testing 
configurations, August - September 2025. Source: 
created by the authors. 
 
Table 1: Scenario 1. Accuracy Metrics per 2-month 
testing period 

Number of 
NARX 

submodels 
implement

ed 

MAPE % 

S1 / S2 / 

S3 

Average 
MAPE

% 

NRMSE 
% 

S1 / S2 / S3 

Averag
e 

NRMS
E% 

7 
5.6/5.5/5.

5 5.50 6.4/6.6/6.5 6.50 

8 
3.9/3.6/3.

7 3.73 5.6/5.5/5.7  5.60 

9 
2.7/2.9/2.

8  2.80 3.3/3.2/3.2 3.23 

10 
2.1/2.6/2.

5 2.67 3.0/3.1/3.0  3.03 

Source: created by the authors. 

 
Table 2: Scenario 1. Regression Coefficient per 2-month 
testing period 

Number of 
NARX 

submodels 
implemented 

R2 (Figure 7, Figure 8, 

and Figure 9) 

S1 / S2 / S3 

Average R2 

7 0.63 / 0.66 / 0.64 0.64 
8 0.74 / 0.72 / 0.0.73 0.73 
9 0.76 / 0.78 / 0.77  0.77 

10 0.81 / 0.83 / 0.82 0.82 
Source: created by the authors. 
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Table 1 and Table 2 indicate that increasing the 
number of NARX submodels improves the performance 
across all test periods. This improvement becomes 
marginal beyond nine submodels. Therefore, the 
architecture implementing nine NARX submodels 
achieves a high level of robustness when compared to the 
one with ten submodels. Additionally, requires 
approximately 10% lower computational burden due to 
the implementation of one fewer model. 

Additionally, the performance of the 8-submodel 
architecture is acceptable (MAPE ranging from 3.6-
3.9%) and offers an overall 20% reduction in 
computational load compared to the ten-submodel 
configuration.  

Consequently, the nine NARX submodels 
configuration may be seen as a favorable trade-off 
between model complexity and forecasting accuracy.  

 
4.2 Heavy Correlated Noise: correlation 

coefficient ρ = 0.98, noise ratio = 0.50 
 

 
Fig. 9: January February 2025. Daily System Load for 
day-ahead forecast, assessed by testing configuration 
with 7, 8, 9 and 10 NARX submodels.  
Source: created by the authors. 

 

 
Fig. 10: April May 2025. Daily System Load for day-
ahead forecast, assessed by testing configurations with 7, 
8, 9, and 10 NARX submodels.  
Source: created by the authors. 

 
Fig. 11: August September 2025. Daily System Load for 
day-ahead forecast, assessed by testing configurations 
with 7, 8, 9, and 10 NARX submodels.  
Source: created by the authors. 
 

 
Fig. 12: Real and Forecasted Values for all testing 
configurations, January - February 2025.  
Source: created by the authors.  
 

 
Fig. 13: Real and Forecasted Values for all testing 
configurations, April - May 2025.  
Source: created by the authors. 
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Fig. 14: Real and Forecasted Values for all testing 
configurations, August - September 2025.  
Source: created by the authors. 

 

Table 3: Scenario 2. Accuracy Metrics per 2-month 
testing period 

Number of 
NARX 

submodels 
implement

ed 

MAPE 
% 

S1 / S2 / 

S3 

Averag
e 

MAPE
% 

NRMSE 
% 

S1 / S2 / 

S3 

Avera
ge 

NRMS
E% 

7 
5.8/5.6/5

.8 5.73 6.8/6.7/6.
7 6.77 

8 
3.9/4.1/3

.8 3.93 5.8/5.9/5.
8  5.83 

9 
2.8/2.9/2

.8  2.83 3.4/3.3/3.
3 3.33 

10 
2.7/2.8/2

.7 2.73 3.2/3.3/3.
2  3.23 

Source: created by the authors. 
 
Table 4: Scenario 2. Regression Coefficient per 2-month 
testing period 

Number of NARX 
submodels 

implemented 

R2 (Figure 7, 

Figure 8, and 

Figure 9) 

S1 / S2 / S3 

Average R2 

7 0.63 / 0.65 / 0.61 0.63 
8 0.72 / 0.72 / 0.70 0.71 
9 0.77 / 0.75 / 0.76  0.76 

10 0.81 / 0.78 / 0.79 0.79 
Source: created by the authors. 

 

The conclusions obtained for the second scenario 
(Table 3, and Table 4) under heavy noise are similar to 
the ones obtained for the first. As it is proven, the 
proposed algorithm maintains robust performance for 
configurations with 8, 9, and 10 NARX submodels, 
leading to a reduction in the computational burden by 

10% and 20% when 1 or 2 fewer NARX submodels are 
implemented. This feature is promising if the method is 
adapted to different applications demanding speed of 
convergence without a significant loss in accuracy. 
Similar results have been derived form Figure 9, Figure 
10, Figure 11, Figure 12, Figure 13, and Figure 14. 

Figure 15 depicts the performance improvement in 
terms of Average MAPE(%), Average NRMSE(%), and 
Average R2 per number of NARX submodels used and 
for the different noise levels. It becomes obvious that the 
plateau is reached after using 9 submodels.  

To assess the stability and the convergence of the 
GARA component, the Average Training MAPE (%) per 
iteration was calculated over 5 runs. Figure 16, Figure 
17, Figure 18, Figure 19, Figure 20, and Figure 21 depict 
the convergence behavior for different numbers of 
NARX models used and for different noise levels. They 
also depict a very fast decrease in training error during 
the initial iterations. Minor oscillations can be observed 
as well as small fluctuations at the final iterations due to 
the stochastic nature of the procedure. These phenomena 
are confined to a narrow range, indicating the stability of 
the approach. 

 

 
Fig. 15: Average MAPE(%), Average NRMSE(%), and 
Average R2 against model complexity. The plateau 
between 9 and 10 NARX submodel architecture is 
obvious.  
Source: created by the authors. 

 

 
Fig. 16: Average Training MAPE per Iteration – Season 
1 (Moderate Noise). Source: created by the authors.  
Source: created by the authors. 
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Fig. 17: Average Training MAPE per Iteration – Season 
2 (Moderate Noise).  
Source: created by the authors. 

 

 
Fig. 18: Average Training MAPE per Iteration – Season 
3 (Moderate Noise).  
Source: created by the authors. 

 
Fig. 19: Average Training MAPE per Iteration – Season 
1 (Heavy Noise.  
Source: created by the authors. 
 

 
Fig. 20: Average Training MAPE per Iteration – Season 
2 (Heavy Noise).  
Source: created by the authors. 

 

 
Fig. 21: Average Training MAPE per Iteration – Season 
3 (Heavy Noise).  
Source: created by the authors. 

 
 
5 Conclusions 
This paper investigates the robustness, sensitivity and 
stability of a hybrid MMPF–NARX–GARA forecasting 
method with the implementation of noise, which is 
representative in mission-critical energy systems. By 
introducing correlated Gaussian noise exclusively in the 
testing phase, the study provided a realistic sensitivity 
analysis without affecting the learning process. 

The results demonstrate that the proposed architecture 
maintains high accuracy even under heavy measurement 
degradation. Increasing the number of NARX submodels 
improves, as expected, the performance; however, 
architectures with eight and nine submodels achieved a 
good balance between robustness and computational 
efficiency with minimal loss in accuracy. 

Additionally, the improvement becomes marginal 
beyond nine submodels. These findings confirm the 
suitability of the proposed method for deployment in 
resource-constrained and defense-related energy 
applications where reliability is essential. 

Further work was introduced to demonstrate the BIBO 
stability of the architecture, provided that every 
individual submodel remains stable. This is an important 
parameter in critical infrastructures where forecasting 
reliability is crucial for operational stability. The 
convergence plots presented in Figure 16, Figure 17, 
Figure 18, Figure 19, Figure 20, and Figure 21 prove the 
stability of the proposed method, showing fast reduction 
of the training error and limited oscillatory behavior due 
to the stochastic nature of the genetic algorithm. 

Future work will focus on extending the sensitivity 
analysis to a wider range of noise scenarios, including 
different correlation structures and non-Gaussian 
disturbances, to further assess robustness margins and 
missing data scenarios. Additionally, the proposed 
framework will be applied to short-term and ultra-short-
term forecasting horizons, enabling its evaluation in real-
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time operational settings and fast-response energy 
management systems. 
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