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IMPACTO POTENCIAL DESTA PESQUISA

A presente tese contribui diretamente para o avango do monitoramento,
controle e operagéo segura dos Sistemas Elétricos de Poténcia (SEP) ao introduzir
abordagens de Inteligéncia Artificial — especificamente Redes Neurais Artificiais
(RNA) e Sistemas de Inferéncia Neuro-Fuzzy Adaptativos (ANFIS) — para a
estimacao direta de angulos de tensao nodal. Sob a perspectiva cientifica, técnica e
inovadora, a pesquisa elimina a dependéncia de processos iterativos numéricos e
solugdes sucessivas de fluxo de carga durante a fase operacional, alcangando uma
reducéo de cerca de 80% no esforgo computacional com altissimo nivel de precisdo
(R? > 0,99), além de agregar valor metodoldgico por meio da analise de sensibilidade
das variaveis de entrada e pré-processamento de dados.

Em termos econdmicos e de insergéo local, regional e nacional, a expressiva
redugcao no tempo de processamento viabiliza o monitoramento em tempo real nos
Centros de Operacdo do Sistema (como o ONS — Operagédo Nacional do Sistema
Elétrico e concessionarias regionais de energia), aumentando a confiabilidade da rede,
prevenindo falhas cascateadas ou desligamentos (blackouts) e otimizando custos
operacionais do setor elétrico brasileiro. Adicionalmente, essa agilidade no
processamento de multiplos cenarios operacionais impulsiona o desenvolvimento
sustentavel ao facilitar a integragédo segura de fontes renovaveis e intermitentes (como
edlica e solar), alinhando-se aos Objetivos de Desenvolvimento Sustentavel da ONU
para energia limpa e infraestrutura resiliente (ODS 7 e 9).

O alcance e a internacionalizagao do trabalho sdo assegurados pela validagao
das metodologias em sistemas-teste reconhecidos globalmente (IEEE 14, 30 e 57
barras) e pela disseminacao dos resultados em periédicos cientificos internacionais
de alto impacto. Por fim, no dmbito educacional e cultural, a pesquisa fortalece a
formacao académica de ponta na interseg¢ao entre Engenharia Elétrica e Ciéncia de
Dados, estimulando a modernizagado tecnoldgica e a consolidagdo de uma cultura

focada em redes elétricas inteligentes (Smart Grids) na academia e na industria.



POTENTIAL IMPACT OF THIS RESEARCH

This thesis directly contributes to the advancement of monitoring, control, and
secure operation of Electrical Power Systems (EPS) by introducing Artificial
Intelligence approaches—specifically Artificial Neural Networks (ANN) and Adaptive
Neuro-Fuzzy Inference Systems (ANFIS)—for the direct estimation of nodal voltage
angles. From a scientific, technical, and innovative perspective, the research
eliminates the dependence on iterative numerical processes and successive power
flow solutions during the operational phase, achieving an expressive reduction of
approximately 80% in computational effort with a high level of accuracy (R? > 0.99),
while providing methodological value through the sensitivity analysis of input variables
and data preprocessing.

In economic terms and regarding local, regional, and national integration, the
expressive reduction in processing time enables real-time monitoring in System
Operation Centers (such as the ONS - National Operation of the Electric Power System
in Brazil and regional energy utilities), increasing grid reliability, preventing cascading
failures or blackouts, and optimizing operational costs for the power sector. Additionally,
this agility in processing multiple operating scenarios drives sustainable development
by facilitating the safe integration of renewable and intermittent energy sources (such
as wind and solar), aligning with the United Nations Sustainable Development Goals
for affordable, clean energy and resilient infrastructure (SDGs 7 and 9).

The reach and internationalization of the work are ensured by the validation of
the methodologies in globally recognized test systems (IEEE 14-, 30-, and 57-bus) and
the dissemination of results in high-impact international scientific journals. Finally, in
the educational and cultural spheres, this research strengthens high-level academic
training at the intersection of Electrical Engineering and Data Science, fostering
technological modernization and consolidating a culture focused on Smart Grids within

both academia and industry.
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APRESENTACAO

O presente trabalho teve como objetivo avaliar, por meio de modelos de
inteligéncia artificial, a estimagao direta de angulos de tensdo nodal em sistemas
elétricos de poténcia submetidos a diferentes condi¢cdes de carregamento. A pesquisa
integra técnicas avangadas de aprendizado de maquina, com destaque para as Redes
Neurais Atrtificiais do tipo Multilayer Perceptron com anadlise de sensibilidade e os
Sistemas de Inferéncia Neuro-Fuzzy Adaptativos (ANFIS), visando a predi¢céo precisa
e de baixo custo computacional de variaveis de estado associadas ao monitoramento
€ a operagao segura de redes elétricas.

A tese esta estruturada em dois estudos complementares. O primeiro
‘ESTIMATION OF NODAL VOLTAGE ANGLES IN ELECTRICAL POWER SYS-
TEMS USINGARTIFICIAL NEURAL NETWORKS AND SENSITIVITY ANALYSIS OF
INPUT VARIABLES” aborda a aplicacdo de redes neurais artificiais na estimativa
direta dos angulos de tensédo nodal a partir do algoritmo de backpropagation, sob
diferentes condi¢gbes de carregamento, em sistemas elétricos de poténcia (IEEE 14,
30 e 57 barras). Esse estudo busca identificar variaveis-chave e padrées de resposta
do sistema por meio de analise de sensibilidade, reduzindo o esforgo computacional
em relacdo ao fluxo de poténcia tradicional sem comprometer a precisdo na
identificacdo do ponto de carregamento maximo.

O segundo estudo “ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM FOR
ACCURATE VOLTAGE ANGLE STATE ESTIMATION IN ELECTRICAL POWER
SYSTEMS: A TRAINING, VALIDATION, AND TESTING ANALYSIS” concentra-se
na estimativa direta dos angulos de tensdo nodal a partir do algoritmo hibrido
(backpropagation e least-squares) do ANFIS, sob diferentes condigbes de
carregamento do sistema IEEE 14 barras. Os resultados confirmam que a abordagem
proposta baseada em ANFIS fornece uma solugdo precisa, confiavel e
computacionalmente eficiente, sendo competitivo quando comparado com modelos
com eficacia ja comprovada como as RNA's.

O trabalho busca avancar na estimativa direta de variaveis de estado em
sistemas elétricos de poténcia, oferecendo subsidios cientificos e computacionais
para o monitoramento e a operagao segura de redes elétricas. A combinacgao de redes
neurais perceptron multicamadas e sistemas neuro-fuzzy adaptativos representa uma

abordagem inovadora, de alta precisdo e baixo custo computacional.



PRESENTATION

The objective of this study was to evaluate, using artificial intelligence models,
the direct estimation of nodal voltage angles in electrical power systems subjected to
different load conditions. The research integrates advanced machine learning
techniques, with an emphasis on Multilayer Perceptron Artificial Neural Networks with
sensitivity analysis and Adaptive Neuro-Fuzzy Inference Systems (ANFIS), aiming at
the accurate and computationally efficient prediction of state variables associated with
the monitoring and safe operation of power grids.

The thesis is structured into two complementary studies. The first,
‘ESTIMATION OF NODAL VOLTAGE ANGLES IN ELECTRICAL POWER
SYSTEMS USING ARTIFICIAL NEURAL NETWORKS AND SENSITIVITY
ANALYSIS OF INPUT VARIABLES,” addresses the application of artificial neural
networks in the direct estimation of nodal voltage angles using the backpropagation
algorithm, under different load conditions in electrical power systems (IEEE 14, 30 and
57-bus systems). This study seeks to identify key variables and system response
patterns through sensitivity analysis, reducing the computational effort compared to
traditional power flow analysis without compromising the accuracy of identifying the
point of maximum load.

The second study, “ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM FOR
ACCURATE VOLTAGE ANGLE STATE ESTIMATION IN ELECTRICAL POWER
SYSTEMS: A TRAINING, VALIDATION, AND TESTING ANALYSIS,” focuses on the
direct estimation of nodal voltage angles using the ANFIS hybrid algorithm
(backpropagation and least squares) under different load conditions of the IEEE 14-
bus system. The results confirm that the proposed ANFIS-based approach provides
an accurate, reliable, and computationally efficient solution, proving competitive when
compared to models with proven effectiveness, such as RNA networks.

This work aims to advance the direct estimation of state variables in electrical
power systems, providing scientific and computational support for the monitoring and
safe operation of power grids. The combination of multilayer perceptron neural
networks and adaptive neuro-fuzzy systems represents an innovative approach that
offers high accuracy and low computational cost.



RESUMO

A estimacédo precisa de angulos de tensdo nodal é essencial para o
monitoramento, controle e operagdo segura de sistemas elétricos de poténcia.
Contudo, as abordagens tradicionais dependem de processos numeéricos iterativos e
da solucdo prévia do fluxo de poténcia, o que impde limitagcbes computacionais e
elevado custo de processamento em cenarios de tempo real ou de grande escala.
Para superar esses gargalos, este trabalho investiga a estimagao direta de variaveis
de estado empregando técnicas de inteligéncia artificial aplicadas aos sistemas-teste
IEEE 14, 30 e 57 barras. A pesquisa avalia duas abordagens complementares sob
diferentes condicbes de carregamento: Redes Neurais Artificiais (RNA) do tipo
Multilayer Perceptron treinadas pelo algoritmo backpropagation e associadas a
analise de sensibilidade e normalizacdo de dados; e Sistemas de Inferéncia Neuro-
Fuzzy Adaptativos (ANFIS) baseados em agrupamento subtrativo e otimizados via
algoritmo hibrido (backpropagation e minimos quadrados). Ambas as metodologias
demonstraram elevadissima capacidade de generalizagdo e precisdo preditiva,
alcangando coeficientes de determinagéo e correlagdo (R? e R) superiores a 0,99 e
erros quadraticos médios da ordem de 1072 a 10~° nas etapas de validacéo e teste.
A abordagem via RNA permitiu obter as curvas P — 6 e identificar o ponto de
carregamento maximo com reducgéo de cerca de 80% no esforgo computacional em
relacdo ao fluxo de poténcia convencional, enquanto a analise de sensibilidade
mapeou as variaveis de maior impacto na resposta da rede. Por sua vez, o modelo
ANFIS apresentou desempenho preditivo ligeiramente superior e competitivo quando
comparado as RNAs. Os resultados confirmam que ambos os modelos representam
solugdes robustas, confidveis e computacionalmente eficientes, com elevado
potencial de aplicacdo no monitoramento e na estimacao de estado em tempo real de
redes elétricas.

Palavras-chave: Sistemas Elétricos de Poténcia; Estimacdo de Estado;
Angulos de Tensdo Nodal; Inteligéncia Atrtificial; Redes Neurais Artificiais; Sistemas
de Inferéncia Neuro-Fuzzy Adaptativos (ANFIS); Analise de Sensibilidade.



ABSTRACT

Accurate estimation of nodal voltage angles is essential for the monitoring,
control, and secure operation of electrical power systems. However, traditional
approaches rely on iterative numerical procedures and the prior solution of the power
flow problem, imposing computational limitations and high processing costs in real-
time or large-scale scenarios. To overcome these bottlenecks, this study investigates
the direct estimation of state variables using artificial intelligence techniques applied to
the IEEE 14-, 30-, and 57-bus test systems. The research evaluates two
complementary approaches under various loading conditions: Multilayer Perceptron
Artificial Neural Networks (ANN) trained with the backpropagation algorithm and
integrated with sensitivity analysis and data normalization; and Adaptive Neuro-Fuzzy
Inference Systems (ANFIS) based on subtractive clustering and optimized via a hybrid
algorithm (backpropagation and least-squares). Both methodologies demonstrated
exceptionally high generalization capability and predictive accuracy, achieving
coefficients of determination and correlation (R? and R) above 0.99 and mean squared
errors on the order of 1073 to 1075 during validation and testing phases. The ANN
approach successfully generated P — 8 curves and identified the maximum loading
point with an approximate 80% reduction in computational effort compared to
traditional power flow, while sensitivity analysis mapped the variables with the greatest
impact on the network's response. In turn, the ANFIS model exhibited slightly superior
predictive performance while remaining highly competitive with ANNs. The results
confirm that both models provide robust, reliable, and computationally efficient
solutions with significant potential for real-time state estimation and monitoring
applications in power grids.

Keywords: Electrical Power Systems; State Estimation; Nodal Voltage Angles;
Artificial Intelligence; Artificial Neural Networks; Adaptive Neuro-Fuzzy Inference
System (ANFIS); Sensitivity Analysis.
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1 CAPITULO |
1.1 INTRODUCAO GERAL

A operagao segura, confiavel e eficiente dos sistemas elétricos de poténcia
modernos depende diretamente do monitoramento continuo do estado de operacéao
da rede (Zhao et al., 2025; Anthony e Arunachalam, 2025). Entre as variaveis de
estado, as magnitudes e os angulos de fase da tensao nodal sdo fundamentais para
analisar a distribuicdo do fluxo de poténcia, avaliar a estabilidade de tenséo estatica e
determinar a proximidade de limites operacionais criticos, como o ponto de
carregamento maximo (Malik et al., 2024; dos Santos et al., 2023). Contudo, a
continua expansao das redes elétricas, aliada a crescente penetragdo de fontes
renovaveis intermitentes, geragdo distribuida e cargas nao lineares, aumentou
significativamente a dindmica e a complexidade operacional dos sistemas (Molla et al.,
2024; Anthony e Arunachalam, 2025).

Tradicionalmente, a estimacado de estado e as avaliagbes de estabilidade de
tensdo, como a construgao das curvas P-V e P-6, dependem de técnicas numéricas
iterativas, como o método de Newton—Raphson ou algoritmos de Fluxo de Poténcia
Continuado (CPF) (Tostado-Véliz et al.,, 2020; Kim et al., 2024). Embora bem
estabelecidos, esses procedimentos impdem um elevado esfor¢co computacional e sdo
suscetiveis a falhas de convergéncia, matrizes mal condicionadas e limitagbes de
processamento em tempo real (da Silva et al., 2026). Para superar esses gargalos,
abordagens baseadas em inteligéncia artificial e soft computing tém se destacado
como alternativas promissoras, capazes de modelar relagdes nao lineares complexas
e aprender diretamente a partir de dados operacionais (Oladipo et al., 2025; Safari et
al., 2024).

Nesse contexto, as Redes Neurais Artificiais (RNA) e os Sistemas de Inferéncia
Neuro-Fuzzy Adaptativos (ANFIS) tém demonstrado alta precisdo e eficiéncia
computacional em tarefas de predicdo e monitoramento em sistemas de poténcia
(Aydin e Gumus, 2020; Siddikov e Porubay, 2022). As RNAs, especialmente do tipo
Multilayer Perceptron (MLP) treinadas por backpropagation, destacam-se pela
capacidade de generalizagao e estimagéao rapida, reduzindo drasticamente o tempo
de processamento ao eliminar a necessidade de solucgbes iterativas de fluxo de
poténcia na fase de aplicagao (da Silva et al., 2026). Para complementar esse poder
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preditivo, métodos de analise de sensibilidade (como os propostos por Garson, 1991,
e Olden e Jackson, 2002) sdo empregados para avaliar a importancia das variaveis
de entrada e aumentar a interpretabilidade do modelo (Gevrey et al., 2003).
Paralelamente, estruturas hibridas como o ANFIS integram a capacidade de
aprendizado adaptativo das redes neurais com a interpretabilidade baseada em regras
dos sistemas fuzzy, oferecendo uma modelagem do tipo "gray-box" mais transparente
(Ayoubi e Isermann, 1997; Babuska e Verbruggen, 2003; Jang, 1993).

Apesar do avango do uso de aprendizado de maquina em sistemas elétricos,
estudos comparativos abrangentes que avaliem tanto modelos de RNA (associados a
analise de sensibilidade) quanto o ANFIS especificamente para a estimacgao direta de
angulos de tensao nodal em sistemas-teste reconhecidos (como os sistemas IEEE 14,
30 e 57 barras) ainda sdo escassos. Portanto, esta pesquisa propde e avalia
metodologias avangadas baseadas em dados para estimar diretamente os angulos de
tensdo nodal sob diferentes condigbes de carregamento, visando fornecer
ferramentas precisas, confiaveis e computacionalmente eficientes para o

monitoramento e a avaliagdo da seguranga de redes elétricas em tempo real.

1.2 OBJETIVOS

1.2.1 Objetivo geral

Avaliar, por meio de modelos de inteligéncia artificial (RNAs do tipo Multilayer
Perceptron e sistemas ANFIS), a estimacgao direta de angulos de tensao nodal em
sistemas elétricos de poténcia submetidos a diferentes condicbes de carregamento,
visando a predi¢ao precisa e de baixo custo computacional para 0 monitoramento e a

operagao segura de redes elétricas.

1.2.2 Objetivos especificos

« Desenvolver e implementar arquiteturas de inteligéncia artificial (RNA do tipo
Multilayer Perceptron e modelos ANFIS) para a estimagao direta dos angulos
de tensdo nodal em sistemas elétricos de poténcia, eliminando a dependéncia
de processos numéricos iterativos complexos na fase de aplicagao.

« Validar a robustez e a capacidade de generalizagdo das metodologias

propostas utilizando os sistemas de teste padrao IEEE de 14, 30 e 57 barras,
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sob diversas condi¢des de carregamento, desde a operacao base até o limite
de estabilidade.

o Construir curvas de angulo de tensao versus fator de carga (curvas P—0) para
identificar com precisdo o Ponto de Carregamento Maximo (ponto critico) e
avaliar as margens de estabilidade de tensao dos sistemas analisados.

e Aprimorar a interpretabilidade dos modelos através da hibridizacdo neuro-fuzzy,
permitindo a extragdo de regras linguisticas (IF-THEN) que descrevam o
comportamento do sistema.

o Auvaliar, pelos métodos de Garson e Olden, a influéncia e a diregao do impacto
das variaveis de entrada (como fator de carga e poténcias) nos angulos de
tensao.

o Executar uma analise comparativa de desempenho entre as RNA’s e ANFIS
avaliando através de meétricas de erro como MSE, RMSE e coeficientes de
correlagao (R).

e Investigar a eficiéncia computacional das solugbes propostas, visando uma o
tempo de processamento em comparacdo ao meétodo tradicional de Fluxo de
Poténcia Continuado (CPF), destacando o potencial para aplicagdes em tempo

real.

1.3  HIPOTESE

As hipéteses desta pesquisa fundamentam-se na premissa de que modelos de
inteligéncia artificial, especificamente as Redes Neurais Artificiais (RNA) e os sistemas
ANFIS, podem estimar os angulos de tensdo nodal com precisdo estatistica
equivalente aos métodos numéricos tradicionais, como o Fluxo de Poténcia
Continuado (CPF). Além disso, espera-se uma redugédo no esforgo computacional,
identificacdo de variaveis governantes e a traducao de padrbes complexos em regras
linguisticas interpretaveis, consolidando uma base robusta para o monitoramento e o

controle de redes elétricas modernas em tempo real.

1.4  MATERIAL E METODOS

O Fluxo de Carga Continuado (FCC) permite tragar a curva P-V completa de

um sistema elétrico a partir de um caso base até o Ponto de Maximo Carregamento
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(PMC), avaliando o comportamento das tensdes nodais V e dos angulos de fase 6. O

sistema de equacgdes do fluxo de carga é representado na forma:
G(V,0,1) =0

em que V é o vetor das magnitudes de tensdes nodais, 8 € o vetor dos angulos de
fase nodais (excetuando o da barra de referéncia), 1 é o fator de carregamento, e G é
um vetor composto pelas equacgdes dos balangos de poténcia ativa e reativa nodais.

Essa equagao pode ser reescrita como:

AP = P®P(1) —P(0,V) = 0
AQ =Q*P(1)—Q(6,V) =0

PeP(1) = Pger(/D - Pcarga(/l) e Q%P(1) = Qger - Qcarga(’D

em que as poténcias ativas e reativas das barras PQ, e ativas das barras PV, tém
seus valores especificados no caso base (1 = 1), e os parametros k,,, k. € kg SG0
valores prefixados usados para caracterizar um cenario de carga especifico.

Usualmente, adota-se k,; = k kq. = 1 para manter o fator de poténcia constante

pc =
por ser a condi¢do operacional mais segura. A inclusdo do fator de carregamento 1
expande a dimensdo do sistema de n = 2n,, +n,, para n equagbes e n+1
incognitas, permitindo definir qualquer uma delas como parametro de continuagéo. No
entanto, no fluxo de carga convencional, o valor de 4 &€ incrementado gradualmente
até o algoritmo divergir, o que ocorre no PMC devido a singularidade da matriz
Jacobiana J, exigindo as técnicas de parametrization do método de continuagéo para

determinar com precisao o ponto de colapso de tensao.

Com base nesse equacionamento, por meio do FCC foram obtidas as amostras
que compdem o banco de dados utilizado nas metodologias aqui empregadas em
sistemas de teste do IEEE 14, 30 e 57 barras. Essa abordagem permite a obtencao
de pontos de operacao ao longo de toda a margem de carregamento do sistema,
desde a condicao de carga leve até o ponto critico de estabilidade. Assim, as amostras
coletadas englobam variaveis de entrada como o fator de carregamento (1), as

poténcias ativas e reativas na barra slack, e as injecdes de poténcia ativa nas barras
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de geracao, tendo como variavel de saida em todos os modelos os angulos de tensao

nodal (0), expressos em radianos.

1.4.1 Arquiteturas de Inteligéncia Artificial

As arquiteturas de Inteligéncia Artificial (IA) sdo projetadas para capacitar
computadores a realizar tarefas complexas, como o reconhecimento de padroes,
inspirando-se originalmente no funcionamento do cérebro humano (OLDEN; JOY;
DEATH, 2004). Essas estruturas variam amplamente em complexidade e
funcionamento, dependendo do problema estatistico ou preditivo que visam resolver
(HTUN, 2026).

1411 Redes Neurais Artificiais (RNA’s)

O neurdnio artificial, mostrado na Figura 01, é a unidade fundamental de
processamento em redes neurais, operando atraves da recepgao de sinais de entrada
(x9, %1, ..., X, ) multiplicados por pesos sinapticos (wgy, wy,...,w, ) que definem a
importancia de cada informacéo. Na etapa de combinacgao linear, o neurénio realiza a
soma ponderada desses valores com o viés/bias (b = x,.w,), enviando o resultado
para a fungdo de ativagao, que normaliza a resposta e introduz a nao-linearidade
necessaria ao sistema. Organizados em rede, esses elementos se conectam em
camadas de entrada, ocultas e de saida, atuando em sequéncia para converter dados

brutos em estimativas finais.

Figura 1 — Modelo Tedrico de um neurénio Atrtificial

9 Xq . | @ PEsos

~d FUNGAO DE

\\\._. W1 @ _

2 ATIVACAO 5
Wa t
ENTRADAS X2 e— _ 2 N3 ne z :
ZNN . )
A — = — —®)
_— M SAIDA
| £ COMBINACAO e

) 1 Wo  Linear ]
@ Xp NEURONIO ARTIFICIAL
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Fonte: Adaptado de FAUSETT (1994), aprimorada pelo autor utilizando o Google Gemini (2026).
Legenda: Representagdo esquematica do modelo matematico de um neurdnio artificial, indicando a
ponderagao das entradas, a combinagao linear e a aplicacdo da fungao de ativagdo com limiar.

O neurdnio calcula o valor intermediario net multiplicando cada sinal de entrada

pelo seu peso associado e somando os produtos:
net = Z Wi N xi = Wlxl + szz + -+ WOxO

O valor net € submetido a fungéo de ativacado. A fungado compara o resultado

da combinacgao linear com o limiar u (neste caso, fungao sigmoide):

_ _ (1, senet=u
y—f(net)—{o’ se net < u

A saida y assume um valor discreto (como 0 ou 1), representando uma deciséo

direta de classificagao binaria baseada no cumprimento do limiar de ativagao.

Figura 2 — Modelo de uma rede neural com mais de uma camada oculta
(MutiLeyer Perceptron - MLP).
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Fonte: Elaborado pelo autor utilizando o Google Gemini (2026).

Legenda: Arquitetura de uma rede neural MLP, destacando o fluxo de propagacéao direta (feedforward)
com soma ponderada (z) e uma fungéo de ativagdo sigmoide f(z), além da retropropagacao do erro
(backpropagation) para ajustes dos pesos sinapticos (w;).



28
14111 Forward Pass

Na passagem para frente (forward pass), os dados percorrem a rede da entrada
até a saida para gerar o resultado e calcular a taxa de erro em comparagédo com a
resposta esperada.

Cada neurénio multiplica os sinais recebidos por seus respectivos pesos, soma

os resultados e adiciona um viés (b):

ZZZ(W'X)-I-b

O valor z passa pela fungcdo sigmoéide, introduzindo né&o-linearidade e

normalizando a saida em um intervalo entre 0 e 1:

f(Z):1+e‘Z

A saida ativada é enviada aos neurbnios da camada posterior (Camadas

Ocultas 1 e 2) até alcangar a camada de saida para gerar o valor previsto ().

1.41.1.2 Backward Pass

Em seguida, na passagem para tras (backward pass), o algoritmo de
retropropagacao (backpropagation) distribui esse erro no sentido inverso. O sistema
compara o valor previsto (y) com o valor real esperado através de uma fungcao de
custo/perda. Os Algoritmos de otimizagdo utilizam calculos de gradiente para
recalibrar os pesos sinapticos e os vieses, reduzindo o erro progressivamente a cada

iteragéo do treinamento. Dessa forma, recalibram os pesos (w;;) e os vieses (b),

reduzindo a margem de erro para as proximas execugodes.

1.4.1.2 Adaptative Neuro-Fuzzy (ANFIS)

O Sistema de Inferéncia Neuro-Fuzzy Adaptativo (ANFIS) combina a
capacidade de aprendizado adaptativo das redes neurais artificiais com a
representacdo baseada em regras dos sistemas de inferéncia *fuzzy* (Jang, 1993;
Babuska e Verbruggen, 2003). Ao contrario dos modelos convencionais de "caixa-
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preta", o ANFIS representa as relagdes nao lineares aprendidas por meio de regras
*fuzzy* do tipo SE-ENTAO (*IF-THEN*), proporcionando uma estrutura
potencialmente mais interpretavel para aplicagdes em sistemas de energia.

O desempenho e a complexidade dos modelos ANFIS sido fortemente
influenciados pela constru¢ao do sistema de inferéncia *fuzzy* inicial. O agrupamento
subtrativo (*subtractive clustering®) oferece uma estratégia eficiente, baseada em
dados, para identificar agrupamentos no espaco de entrada e saida e gerar
automaticamente fungbes de pertinéncia e regras *fuzzy*, sem a necessidade de

definir previamente o numero delas (Chiu, 1994).

Figura 3 — Arquitetura do sistema de inferéncia neuro-fuzzy adaptativo (ANFIS)

f(x,y)

Y ([

fxy)

§ XT TY

Fonte: Autoria propria.
Legenda: Fluxo de processamento e estrutura em camadas de um modelo ANFIS, detalhando as
etapas desde a fuzzificagdo das entradas até a defuzzificagdo e obtencéo da saida final z.

Na camada 01 cada no recebe as entradas e calcula o grau de pertinéncia as
variaveis linguisticas (ex: "frio", "médio", "quente") através de fun¢des gaussianas ou
triangulares. J4 a camada 02 realiza a multiplicagéo (IT) dos graus de entrada para
determinar a for¢ca de disparo de cada regra Se-Entdo. Na camada seguinte, é
calculada a raz&o entre a forca de uma regra especifica e a soma da forga de todas
as regras (N). A penultima camada aplica os parametros de saida das regras (funcdes
lineares de Takagi-Sugeno) e a ultima soma (Z) os resultados ponderados de todas

as regras para gerar a saida numérica final (z).
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1.4.2 Implementagao Computacional
O Matlab® versdo 2025b (MathWorks, 2026), foi utilizado para a
implementagao, o treinamento e a validacdo da RNA e ANFIS, bem como para a

geracgao dos resultados.
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2 CAPITULO Il - Estimation of Nodal Voltage Angles in Electrical Power
Systems Using Artificial Neural Networks and Sensitivity Analysis of Input

Variables
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Abstract

The estimation of nodal voltage angles is essential for the efficient and secure opera-
tion of electrical power systems. Traditionally, this estimation depends on the prior so-
lution of the power flow problem, a procedure that may become computationally ex-
pensive in studies involving multiple operating scenarios. The present research
demonstrates relevant potential impact by employing artificial neural networks for the
direct estimation of nodal voltage angles. Although the power flow is used during the
database generation stage, it is no longer required during the model application phase,
resulting in a significant reduction in computational effort of approximately 80%. The
proposed model was trained using the error backpropagation algorithm, achieving a
mean squared error (MSE) on the order of 1073 in only four iterations, with a training
time of approximately 3 s and a correlation coefficient (R) of 0.99. Validation using
unseen samples (10% of the samples) also demonstrated high accuracy, with an error
on the order of 1072 between the estimated and expected values. Furthermore, the P—
0 curves were successfully obtained for the IEEE 14-, 30-, and 57-bus systems, ena-
bling the identification of the maximum loading point with low estimation error. These
results confirm the neural network’s ability to generalize and operate as a reliable es-
timator under different system loading conditions. Another relevant aspect of this work
was the sensitivity analysis of the input variables, which made it possible to identify the
variables that exerted the greatest influence on the neural network response. In addi-

tion, a normalization step was proposed to overcome distortions associated with the
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magnitudes of the input data, demonstrating the efficiency and robustness of the pro-

posed method.

Keywords: artificial neural networks; nodal voltage angles; electrical power systems;

state estimation; power flow

2.1 INTRODUCTION

The dispatch of electrical energy has become increasingly complex in recent
years, mainly due to the expansion of electrical networks, the integration of intermittent
renewable energy sources, and long-distance power transmission (Molla; Farrok; Alam,
2024). These developments have intensified the challenges associated with power
system stability, resulting in a higher risk of voltage instability and voltage collapse
events. In particular, the increasing penetration of renewable energy sources, espe-
cially wind power, has introduced additional variability and operational uncertainties
that can adversely affect voltage stability and overall system reliability (Malik et al.,
2024; Anthony; Arunachalam, 2025). Moreover, the transition toward deregulated
power systems and the growing share of non-dispatchable renewable generation have
increased the need for advanced voltage stability monitoring, assessment, and control
techniques to ensure secure and reliable system operation (Anthony; Arunachalam,
2025; Werkie; Nyakoe; Wekesa, 2025). Such challenges may lead to significant eco-
nomic losses, service interruptions, and social impacts, highlighting the importance of
accurate voltage stability analysis and prediction methodologies.

To analyze static voltage stability in electrical power systems, P-V curves are
widely employed to represent the relationship between bus voltage magnitude and
system loading, providing valuable insights into stability margins and the proximity to
voltage collapse (Tostado-Véliz; Kamel; Jurado, 2020; Santos; Bonini Neto; Gabriel
Filho, 2023; Kim et al., 2024). These graphical representations are fundamental for
determining power transfer capabilities between different system areas, establishing
secure operating margins, monitoring voltage profiles at critical buses, and supporting
planning decisions related to network expansion and reinforcement. In addition, they
enable the assessment of system behavior under varying loading levels and contin-
gency conditions (Tostado-Véliz; Kamel; Jurado, 2020; Santos; Bonini Neto; Gabriel
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Filho, 2023; Kim et al., 2024). Consequently, the construction of P-V curves is recog-
nized as one of the most effective approaches for evaluating voltage security and iden-
tifying the maximum loading point, also known as the critical point (CP) (Santos; Bonini
Neto; Gabriel Filho, 2023; Bento, 2024).

Traditionally, these curves are obtained through conventional power flow anal-
ysis based on the Newton—Raphson method. The solution process is performed itera-
tively, with successive increases in system loading, until convergence can no longer
be achieved, typically due to the singularity of the Jacobian matrix. This operating con-
dition is generally interpreted as the maximum loading limit of the system.

Currently, the Continuation Power Flow (CPF) method is the most widely used
technique for static voltage stability analysis (Kim et al., 2024; Ruan et al., 2018). CPF
is performed in four main stages: prediction, in which an initial estimate of the solution
is obtained; step-size control, responsible for defining the process increments; param-
eterization, which identifies the control variable required to ensure convergence; and
correction, responsible for adjusting the solution until the desired accuracy is achieved.
In addition to the P-V curve, the voltage angle versus loading factor curve (P-6 curve)
represents a complementary approach for loading margin analysis, since variations in
voltage angles provide valuable information regarding system stress levels and prox-
imity to voltage instability (Santos; Bonini Neto; Gabriel Filho, 2023; Lopez et al., 2022).
This curve makes it possible to evaluate how nodal voltage angles vary with respect
to the loading factor, providing additional information for identifying the stability margin.
The CP identified in this curve also represents an important indicator of the system
stability limit.

Given the increasing complexity and the challenges associated with voltage sta-
bility, power companies have sought tools capable of improving the operation of elec-
trical power systems. In this context, Artificial Neural Networks (ANNs) have emerged
as a promising approach due to their learning capability, generalization capacity, and
ability to model complex nonlinear systems (Silva et al., 2026; Simonic; Ficko; Klan¢nik,
2025; Safari; Daneshvar; Anvari-Moghaddam, 2024). Recent studies have demon-
strated satisfactory results using machine learning techniques for voltage stability mar-
gin prediction. One example is the Extreme Learning Machine (ELM), which achieved
a mean percentage error of only 3.32% and a mean error of 0.0495 in voltage stability

margin prediction, values considered suitable for practical applications (Zhang et al.,
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2013).

Other studies have also demonstrated that ANNs can reproduce voltage stabil-
ity assessment results with high accuracy and computational efficiency, comparable to
conventional methods. By evaluating different input variables and training algorithms,
suitable ANN configurations were identified for predicting the loading parameter and
the Voltage Stability Margin Index, showing promising results for voltage stability anal-
ysis (Aydin; Gumus, 2020).

ANN applications are not limited to electrical power systems. In other contexts,
such as predictive biomarker identification for diffuse large B-cell ymphoma and geo-
metric prediction of finished products, Multilayer Perceptron (MLP) and Radial Basis
Function Network (RBF) models have also demonstrated high accuracy, achieving ac-
curacy rates above 92% (Carreras et al., 2021; Ke; Huang, 2020). These results rein-
force the potential of ANNs in different areas of engineering and applied science.

ANNs have been widely applied to the modeling and analysis of complex non-
linear systems due to their ability to learn patterns and generalize solutions from data.
Among the most commonly used training approaches, the backpropagation algorithm
has demonstrated high efficiency in solving nonlinear engineering problems and mod-
eling complex systems. However, despite their strong predictive capability, ANNs are
often regarded as “black-box” models because of the difficulty in interpreting the influ-
ence of input variables on network outputs (Garson, 1991; Goh, 1995; Olden; Jackson,
2002).

To address this limitation, several studies have proposed methodologies for in-
terpreting synaptic weights and evaluating the relative importance of input variables in
neural networks. One of the pioneering approaches was introduced by Garson (1991),
who proposed a method based on synaptic weights to quantify the contribution of each
input variable to the network response. Subsequently, Olden and Jackson (2002) de-
veloped a randomization-based approach to improve the interpretation of variable con-
tributions in ANNSs, while Olden, Joy and Death (2004) compared different methodolo-
gies for quantifying variable importance, demonstrating that some techniques provide
more accurate interpretations than traditional approaches. In addition, Yoon,
Guimaraes and Swales (1994) discussed the integration of neural networks with rule-
based expert systems to improve explanation capabilities and decision-support pro-

cesses in intelligent systems.
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These studies demonstrate that sensitivity analysis and variable importance
evaluation are essential for improving the transparency, reliability, and interpretability
of ANN-based models (Garson, 1991; Olden; Jackson, 2002; Gevrey; Dimopoulos; Lek,
2003). In particular, Gevrey, Dimopoulos and Lek (2003) performed a comprehensive
comparison of sensitivity analysis techniques and concluded that methods based on
partial derivatives may provide a more detailed assessment of input variable contribu-
tions than conventional weight-based approaches, although the latter remain attractive
due to their simplicity and ease of implementation. In the context of electrical power
systems, such analyses are particularly relevant because they enable the identification
of the variables that most strongly influence system behavior and voltage stability con-
ditions. Consequently, sensitivity analysis not only enhances the interpretability of ANN
models but also increases confidence in their application to power system studies and
decision-making processes.

The main contributions of this work are fourfold. First, an ANN-based method-
ology is proposed to directly estimate nodal voltage angles and construct P—-8 curves
without requiring CPF calculations during the application stage. Second, the proposed
model is validated using the IEEE 14-, 30-, and 57-bus benchmark systems under
different loading conditions. Third, a comprehensive sensitivity analysis based on the
Garson and Olden methods is performed to investigate the relative importance of the
input variables. Finally, a normalization strategy is proposed to eliminate distortions
caused by input variables with extremely small numerical magnitudes, resulting in a
more reliable and physically meaningful sensitivity analysis while preserving the pre-
dictive accuracy of the ANN. In addition, the proposed approach reduces the compu-
tational time required for nodal voltage angle estimation by approximately 88% com-

pared with the conventional CPF method.

2.2 MATERIALS AND METHODS

The system analyzed in this work corresponds to the IEEE 14-bus, 30-bus, and
57-bus test systems, presented in Figure 1a, 1b, and 1c, respectively. The IEEE 14-
bus system consists of 1 slack bus, 4 generation buses, 9 load buses, and 20 trans-
mission lines. The IEEE 30-bus system comprises 1 slack bus, 5 generation buses, 24
load buses, and 41 transmission lines. The IEEE 57-bus system includes 1 slack bus,

6 generation buses, 50 load buses, and 80 transmission lines, and is widely used in
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studies involving the analysis and validation of methodologies applied to electric power

systems.

Figure 1 — IEEE benchmark test systems considered in this study: (a) IEEE 14-bus
system, (b) IEEE 30-bus system, and (c) IEEE 57-bus system.

(a) (b)

Source: Christie (1999)

The Artificial Neural Network (ANN) employed in this work is an MLP trained
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using the backpropagation learning algorithm. The adopted architecture consists of
three layers, as illustrated in Figure 2. The hidden layer was configured with a number
of neurons equal to the largest dimension between the input and output vectors. For
the IEEE 14-bus system, the input layer contains 7 neurons and the output layer 14
contains neurons, resulting in a hidden layer with 14 neurons. For the IEEE 30-bus
system, the input layer consists of 8 neurons, while both the hidden and output layers
contain 30 neurons. Similarly, for the IEEE 57-bus system, the input layer contains 9
neurons, whereas the hidden and output layers are composed of 57 neurons each.
This variation in the ANN architecture is associated with the total number of buses in
the system and the number of generation buses, which directly affect the dimensions
of the input and output vectors. Matlab® version 2025b (MathWorks, 2026) was used

for ANN implementation, training, validation, and result generation.

Figure 2 — MLP artificial neural network architecture used for nodal voltage angle

estimation.
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The ANN architecture was not selected empirically. Instead, the optimal config-
uration was determined using the algorithm proposed by Da Silva et al. (2026). The
training procedure was repeatedly executed while systematically varying the number
of hidden layers, the number of neurons in each hidden layer (in increments of one

neuron), and the proportion of samples allocated for training and validation. For each
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configuration, multiple training runs were performed because different random initiali-
zations of the synaptic weights may lead to different solutions. The network configura-
tion that achieved the best validation performance was selected, and its corresponding
synaptic weights were stored to ensure the reproducibility of the proposed methodol-
ogy. Following this optimization procedure, the best-performing architecture consisted
of a single hidden layer with 14, 30, and 57 neurons for the IEEE 14-, 30-, and 57-bus
systems, respectively, using 90% of the available samples for training and 10% for
validation. Increasing the number of hidden neurons beyond these values did not pro-
duce significant improvements in validation performance, whereas smaller networks
resulted in lower prediction accuracy.

A total of 302 samples were used, including 107 samples from the IEEE 14-bus
system, 93 samples from the IEEE 30-bus system, and 102 samples from the IEEE
57-bus system. These samples were obtained using the parameterized CPF method
(Dos Santos; Bonini Neto; Gabriel Filho, 2023). The CPF database was generated by
progressively varying the loading factor (1) using a fixed step size of 0.02. The contin-
uation process produced operating points covering the entire loading margin of each
IEEE test system, including the base operating condition, the maximum loading point
(critical point), and the lower branch of the P--6 curve. Consequently, the generated
dataset comprises operating conditions ranging from light loading to critical and post-
critical conditions, providing a diverse set of nonlinear operating scenarios for ANN
training and validation. Each sample consists of a set of input variables and the corre-
sponding desired outputs. The input variables include the loading factor (1), the real

(Pysiack) @and reactive (Q4siack) POWeEr generated at the slack bus, as well as the specified
real power injections at the generation buses (P, ). The ANN outputs correspond to

the nodal voltage angles (6), expressed in radians.

In Figure 2, x is the input vector, R is the number of input variables in each
sample, and p is the total number of samples. W represents the synaptic weights con-
necting the input layer to the hidden layer and the hidden layer to the output layer,
while b denotes the bias terms. The parameter m corresponds to the number of neu-
rons in the hidden layer, and i represents the number of neurons in the output layer.
The hyperbolic tangent function was employed as the activation function in the hidden
layer, as defined by Equation (1). A linear activation function was used in the output

layer, as described by Equation (2).
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(1 -e t(W4x+bl))

n1=f(W-X+b1)=m (1)

In Equation (1), t denotes the gain parameter of the hyperbolic tangent activa-
tion function. This parameter controls the steepness of the activation curve and, con-
sequently, the sensitivity of the neuron output to variations in the input signal. In this
work, t = 1 was adopted, resulting in the standard hyperbolic tangent function used in
the hidden layer of the ANN.

n, = f(W.n, +b,)=W.n, +b, (2)

The performance of the ANN is evaluated using the Mean Squared Error (MSE),
calculated according to Equation (3), where Yob denotes the output values predicted
by the ANN and Ydes represents the corresponding target values obtained from the
CPF method.

1 p
MSE = E Z(Yob,j _Ydes,j)z (3)
=1

The MSE is a fundamental metric for evaluating ANN performance, as it quan-
tifies the discrepancy between the predicted outputs (Yob) and the target values (Ydes).
The closer the predicted values are to the desired outputs, the lower the error, indicat-
ing a more accurate adjustment of the network synaptic weights during the training
process. Consequently, minimizing the MSE is a primary objective in model optimiza-
tion, as it directly contributes to improving prediction accuracy and enhancing the net-
work’s ability to capture the underlying patterns present in the data.

Unlike a random classification experiment, the CPF method is based on a set
of nonlinear equations whose solution is obtained by progressively varying the loading
factor parameter. For each loading level, the corresponding nodal voltage angles (0)
at all system buses are determined through an iterative solution process. Since these
values are directly derived from the power flow equations, they provide a reliable and
physically consistent dataset for training ANNSs, particularly MLP networks, which have
demonstrated strong capabilities in approximating nonlinear relationships.

However, the main challenge lies in the ANN'’s generalization capability, that is,
its ability to accurately predict system states under different operating conditions and
network configurations. To achieve this objective, the input dataset must contain vari-
ables that effectively represent the changes occurring in the system, enabling the net-
work to learn robust patterns and maintain high prediction accuracy under a wide range
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of scenarios. Once properly trained, the ANN can estimate the nodal voltage angles
directly, eliminating the need for the iterative solution process traditionally required by
the CPF method.

To further assess the robustness and generalization capability of the proposed
ANN, an additional 10-fold cross-validation procedure was performed (Kohavi, 1995;
Ozesmi; Tan; Ozesmi, 2006; Wong, 2015). The available dataset was randomly parti-
tioned into ten approximately equal subsets. At each iteration, one subset was re-
served for external validation, while the remaining nine subsets were used for model
development. Within each training fold, 90% of the samples were used for network
training and 10% for internal validation (early stopping). This procedure was repeated
until each subset had been used once as the external validation set. The predictive
performance was evaluated using the average MSE, Root Mean Squared Error
(RMSE), and correlation coefficient (R) obtained over the ten folds, providing a more
robust assessment of the proposed model than a single train—validation split (Kohavi,
1995; Ozesmi; Tan; Ozesmi, 2006; Wong, 2015).

To provide a benchmark for the proposed ANN, two additional supervised learn-
ing methods were implemented using the same training and validation datasets.
Multiple Linear Regression (MLR): MLR was employed as a baseline linear model to
estimate nodal voltage angles from the input variables. The model assumes a linear
relationship between the predictor variables and the output, allowing a direct compari-
son with the nonlinear ANN approach (Montgomery; Peck; Vining, 2012; Htun et al.,
2026).

Regression Tree: A regression tree model was also implemented to estimate
nodal voltage angles. This method recursively partitions the input space into homoge-
neous regions according to decision rules, generating a tree-based predictive model.
The Regression Tree was included as an interpretable machine learning approach for
comparison with the proposed ANN (Breiman et al., 2017; Boyaci; Tumbek, 2026).
For both methods, the same input variables, output variables, and training/validation

partitions adopted for the ANN were used to ensure a fair performance comparison.

2.3  SENSITIVITY ANALYSIS OF INPUT VARIABLES

To enhance the interpretability of the ANN model, a sensitivity analysis of the

input variables was performed using the synaptic weights obtained after the network
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training process. Two widely adopted methodologies were employed: the Garson
method (Garson, 1991), including the modification proposed in Goh (1995), and the
Olden technique (Olden; Jackson, 2002). These approaches enable the evaluation of
the relative contribution of each input variable to the estimation of the nodal voltage
angles (@), providing additional insights into the relationships learned by the ANN dur-
ing training.

The Garson method (Garson, 1991) determines the relative importance of input
variables by decomposing the connection weights between the input, hidden, and out-
put layers. By considering the absolute values of the synaptic weights, the method
estimates the contribution of each variable to the model output and expresses the re-
sults as normalized percentage values. Consequently, this procedure quantifies the
relative influence of each input variable on the network response, regardless of
whether its effect is positive or negative.

The relative importance index obtained using the Garson method (Garson, 1991)

can be calculated according to Equation (4):

W, W
Ziﬁ(‘ o Vo,

ZN ‘WRm‘

RI, = ‘ ‘ (4)

R A

In this formulation, the relative importance value associated with each predictor

variable is obtained from the combination of the connection weights between neurons
across the network layers. The terms related to the input-to-hidden and hidden-to-out-
put connections represent the contribution propagated through the ANN structure. The
total number of hidden neurons is represented by M, whereas N indicates the number
of input parameters considered in the model.

To complement the interpretability analysis, the method proposed by Olden
(Olden; Jackson, 2002) was also applied. Unlike the Garson approach, which consid-
ers only the absolute magnitude of the synaptic weights, the Olden technique pre-
serves the algebraic sign of the network connections. This allows the identification of
whether each input variable exerts a positive or negative influence on the estimation

of the nodal voltage angles (8), while also quantifying the intensity of this contribution.
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Previous studies have indicated that the Olden method may provide a more reliable
representation of variable influence in neural network models when compared with
conventional weight-decomposition techniques (Olden; Joy; Death, 2004). The im-
portance values obtained through the Olden method (Olden; Jackson, 2002) were de-

termined using Equation (5):

M
IRZZm:1 (Wi Wii) (5)

In (5), the importance associated with each predictor variable is obtained from
the interaction between the connection weights linking the input layer to the hidden
neurons and those connecting the hidden layer to the output neuron. These synaptic
weights describe how information propagates throughout the ANN structure and con-
tributes to the final prediction. The variable importance analysis was carried out using
the optimized ANN configuration adopted in this work, which consisted of a single hid-
den layer with 14, 30, and 57 neurons. After the training stage, the connection weights
of the network were extracted and analyzed in Matlab® version 2025b (MathWorks,
2026). This procedure enabled the evaluation of both the relative contribution and the
influence direction of the input variables on the estimation of the nodal voltage angles
() in the electrical power system.

The Olden method was employed to evaluate the relative importance of the in-
put variables based on the synaptic weights of the trained ANN. Unlike the Garson
approach, the Olden algorithm preserves the sign of the connection weights and com-
putes the contribution of each input variable as the product of the weights connecting
the input-hidden and hidden-output layers. Consequently, the resulting importance val-
ues are expressed as relative influence indices rather than percentages.

The sign of the importance index provides information about the direction of the
relationship between the input and output variables. Positive values indicate that an
increase in the input variable tends to increase the estimated nodal voltage angle mag-
nitude (0), whereas negative values indicate an inverse relationship. Furthermore, the
absolute value of the index reflects the strength of the contribution, with larger magni-
tudes corresponding to greater influence on the network output.

24 RESULTS
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Among the available samples, 90% were randomly selected for training the
ANN, while the remaining 10% were reserved for model validation. The validation
stage aims to assess the network’s generalization capability when exposed to unseen
input data, evaluating the consistency, accuracy, and reliability of the obtained esti-
mates. This procedure ensures that the trained model can effectively generalize its
learned relationships beyond the training dataset. Consequently, the proposed ANN is
capable of directly estimating the voltage angles of all system buses without requiring

conventional iterative solution procedures.

2.41 IEEE 14-Bus System

A total of 107 samples were used for the IEEE 14-Bus System, of which 96 were
allocated for ANN training and 11 were reserved for model validation. Figure 3a pre-
sents the training and validation performance curves in terms of the MSE. It can be
observed that the predefined convergence criterion (MSE < 0.001) was achieved after
only four training iterations, resulting in MSE values of 0.0008325 and 0.0010755 for
the training and validation datasets, respectively. These results demonstrate the effi-
ciency, fast convergence, and learning capability of the proposed ANN model. Similar
applications of artificial intelligence for power loss estimation and management in elec-
trical power systems have been widely reported in the literature (Niste et al., 2025),
demonstrating the capability of ANN-based models to accurately predict system oper-
ating variables.

Figure 3b presents the histogram of the absolute errors (|Y,, — Yqes|) for both
the training and validation datasets. It can be observed that most errors are concen-
trated near zero, indicating the high accuracy of the proposed ANN model during both
phases.

Furthermore, the total processing time was approximately 3 s, highlighting the
computational efficiency of the proposed methodology. These results demonstrate the
model’s ability to rapidly learn and accurately generalize the underlying patterns con-
tained in the dataset.

The obtained results also reveal high correlation coefficient (R) values, reaching
0.99567 for the training dataset and 0.99502 for the validation dataset. Such values
indicate a very strong agreement between the ANN-predicted outputs (Y,,) and the

target values (Y4es), confirming that the network successfully captured the nonlinear
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relationships present in the data while maintaining excellent generalization capability

when applied to previously unseen samples.

Figure 3 — ANN performance for the IEEE 14-Bus System: (a) MSE curves for the
training and validation phases; (b) histogram of the training and validation errors

relative to zero error.
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Figure 4a—d compares the target values (Ydes) of the nodal voltage angles (8),
obtained from the CPF method, with the values estimated by the ANN (Yob) during the
training and validation phases for buses 3, 6, 13, and the critical bus 14, which were
selected for illustrative purposes. The results demonstrate the ANN'’s ability to accu-
rately reproduce the behavior of the voltage angles across the entire range of operating

conditions, including regions near the CP or Maximum Loading Point.
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Figure 4 — Comparison between the target (Ydes) and estimated (Yob) values of the
nodal voltage angle 6 for each sample: (a) bus 3, (b) bus 6, (¢) bus 13, and (d) bus
14 (critical bus).
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For ANN development, 90% of the available samples (96 samples) were ran-
domly selected for training, while the remaining 10% (11 samples) were reserved for
model validation. The validation samples, represented by the green square markers in
Figure 4, were not used during the training process. This procedure enables a rigorous
assessment of the network’s generalization capability, demonstrating its ability to pro-

vide accurate estimates for previously unseen operating conditions.
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Figure 5 presents a comparison between the target values (Ydes, blue circles)
and the values estimated by the ANN (Yob, red squares) at the CP for each bus of the
IEEE 14-Bus System. The horizontal axis represents the system buses (1-14), while
the vertical axis shows the corresponding nodal voltage angles (8) expressed in radi-
ans.

It can be observed that the ANN-predicted values closely match the target values for
all buses, demonstrating the high accuracy of the proposed model in estimating nodal
voltage angles under critical operating conditions. The excellent agreement between
Ydes and Yob confirms the ability of the ANN to accurately capture the system behavior

near the voltage stability limit.

Figure 5 — Comparison between the target (Ydes) and ANN-estimated (Yob) nodal

voltage angles at the CP of the IEEE 14-Bus System.
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Figure 6a—d presents the P—0 curves for the selected buses, including the criti-
cal bus. These curves illustrate the relationship between the loading factor (A), which
represents the system real power loading level, and the nodal voltage angles (6),
providing a clear visualization of the voltage angle behavior throughout the loading
process. The curves also enable the identification of the loading margin up to the CP,

which corresponds to the voltage stability limit of the system.
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Figure 6 — Nodal voltage angle values (8) obtained from the CPF method (Ydes) and
estimated by the ANN (Yob) as a function of the loading factor (A), forming the P-6
curves: (a) bus 3, (b) bus 6, (¢) bus 13, and (d) bus 14 (critical bus).
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A strong agreement can be observed between the target values (Y ¢es), obtained
from the CPF method, and the values estimated by the ANN (Yob) over the entire load-
ing range. Training samples are represented by blue markers, whereas validation sam-
ples are represented by green markers. It is important to note that the validation sam-

ples were not included in the ANN training process; nevertheless, the estimated values
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remained very close to the target values. These results demonstrate the excellent gen-
eralization capability of the proposed ANN and confirm its ability to accurately capture
the nonlinear behavior of nodal voltage angles under different loading conditions, in-
cluding operating points close to the voltage stability limit.

Figure 7 presents the P-0 curves, relating the loading factor (A) to the nodal voltage
angles (0), for all buses of the IEEE 14-Bus System. Therefore, these curves provide
a comprehensive representation of the system behavior under varying loading condi-
tions, allowing the visualization of voltage angle evolution from the base operating point
up to the CP.

Figure 7a shows the target P—0 curves (Ydes) obtained through the parameter-
ized CPF method, whereas Figure 7b presents the corresponding curves estimated by
the ANN (Yob). The comparison between the two sets of curves reveals a high degree
of agreement, demonstrating the ANN'’s ability to accurately reproduce the behavior of
nodal voltage angles throughout the entire loading range. These results further confirm
the effectiveness of the proposed model in capturing the nonlinear characteristics of
the power system and accurately representing its behavior near the voltage stability

limit.

Figure 7 — P-0 curves of the IEEE 14-Bus System: (a) target values (Ydes) obtained
from the CPF method; (b) ANN-estimated values (Yob).
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2.4.2 |EEE 30-Bus System

Similar results were obtained for the IEEE 30-Bus System. A total of 93 samples

were used, of which 84 were randomly selected for ANN training and the remaining 9
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samples were reserved for model validation. Figure 8a presents the training and vali-
dation performance curves in terms of the MSE. It can be observed that the network
converged rapidly, reaching the predefined stopping criterion (MSE < 0.001) after only
three iterations and approximately 3 s of computational time. The final MSE values
were 0.0008516 for the training set and 0.0012301 for the validation set, indicating a
high level of accuracy and good generalization capability.

Figure 8b shows the histogram of the prediction errors (Ydes — Yob) for both the
training and validation datasets. Most of the errors are concentrated around zero,
demonstrating that the estimated nodal voltage angles are in close agreement with the
target values obtained from the CPF method. Furthermore, the error distributions for
the training and validation sets exhibit similar behavior, suggesting that the ANN suc-
cessfully learned the underlying nonlinear relationships without evidence of overfitting.

The correlation coefficients obtained were R = 0.98971 for the training phase
and R = 0.98856 for the validation phase. These values indicate an excellent agree-
ment between the target outputs (Ydes) and the ANN predictions (Yob), confirming the
effectiveness of the proposed model for estimating nodal voltage angles in the IEEE
30-Bus System.

Figure 9 presents the nodal voltage angles (6) for a set of randomly selected
buses. Both the target values (Ydes), obtained from the CPF method, and the values
estimated by the ANN (Yob) during the training and validation stages are shown. Figure
9a—d correspond to buses 3, 14, 29, and the critical bus 30, respectively. The CP,
corresponding to the maximum loading condition of the system, occurs at sample 43.
It can be observed that the ANN predictions closely follow the target values over the
entire loading range, including the vicinity of the CP, demonstrating the ability of the
proposed model to accurately reproduce the nonlinear behavior of the nodal voltage

angles.
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Figure 8 — ANN performance for the IEEE 30-Bus System: (a) MSE curves for the

training and validation phases; (b) histogram of the training and validation errors

relative to zero error.
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Figure 9 — Comparison between the target (Ydes) and ANN-estimated (Yob) nodal
voltage angles (0) for each sample: (a) bus 3, (b) bus 14, (¢) bus 29, and (d) bus 30.
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Figure 10 compares the target values (Ydes), represented by blue circles, with
the ANN estimates (Yob), represented by red squares, at the CP for all buses of the
IEEE 30-Bus System. The horizontal axis identifies the system buses (1-30), while the
vertical axis represents the nodal voltage angles in radians. A strong agreement be-
tween the target and estimated values can be observed for all buses, confirming the
high accuracy of the ANN in reproducing the system operating condition at the voltage

stability limit.
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Figure 10 — Comparison between the target (Ydes) and ANN-estimated (Yob) nodal
voltage angles (0) at the CP of the IEEE 30-Bus System.
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Figure 11 illustrates the P—0 curves obtained for buses 3, 14, 29, and the critical
bus 30, as shown in Figure 11a—d. The nodal voltage angles obtained from the CPF
method (blue line) are compared with the ANN predictions for the training samples (red
circles) and validation samples (green squares) over the entire loading factor range
(N). The curves exhibit an almost perfect overlap, including in the vicinity of the CP (A
= 1.5335), indicating that the ANN accurately reproduces the P-6 trajectory and main-
tains excellent generalization capability, even under highly stressed operating condi-

tions near voltage collapse.
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Figure 11 — Comparison between the target (Ydes) and ANN-estimated (Yob) nodal
voltage angles (8) as a function of the loading factor (A) (P-6 curves): (a) bus 3, (b)
bus 14, (c) bus 29, (d) bus 30.
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Finally, Figure 12 presents the complete set of P-6 curves for all buses of the
IEEE 30-Bus System, relating the loading factor (A) to the nodal voltage angles (8).
These results provide a comprehensive representation of the system behavior under

increasing loading conditions and further demonstrate the capability of the proposed
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ANN model to accurately estimate nodal voltage angles throughout the entire operating

range.

Figure 12 — P-0 curves of the IEEE 30-Bus System: (a) target output (Yqes) obtained
from the CPF method and (b) ANN-estimated output (Yob).
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2.4.3 |EEE 57-Bus System

The dataset consisted of 102 samples, randomly divided into 92 samples used
for ANN training and 10 samples reserved exclusively for model validation. Figure 13a
presents the training and validation performance of the artificial neural network in terms
of MSE over the training epochs. Both curves exhibit a similar decreasing trend, indi-
cating a consistent learning process without evidence of overfitting. The training pro-
cess required approximately 3 s of computational time, demonstrating the efficiency of
the proposed model. The best validation performance was achieved at epoch 3, with
an MSE of 2.44 x 1074, demonstrating the network’s ability to accurately approximate
the target values. The close agreement between the training and validation curves
suggests good generalization capability and adequate model convergence.

Figure 13b shows the error histogram obtained for the training and validation
datasets. Most prediction errors are concentrated around zero, indicating that the net-
work outputs closely match the target values. The approximately symmetric distribution
and the absence of significant outliers suggest that the prediction errors are small and
randomly distributed. These results confirm the robustness of the trained model and
reinforce its suitability for the proposed estimation task.
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Figure 13 — Performance evaluation of the proposed ANN: (a) training and validation

MSE; (b) error histogram.
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Figure 14a presents the comparison between the ANN outputs and the target
values obtained from the CPF for the critical bus angle (831) as a function of the 102
samples considered in the study. The blue line represents the target values, while the
red circles and green squares correspond to the ANN estimates for the training and
validation datasets, respectively. The close overlap between the estimated and target
values demonstrates the high accuracy of the proposed ANN in predicting the nodal
voltage angle at the critical bus. Similar results were obtained for the remaining buses.
Figure 15a,b present the corresponding P-6 curves, comparing the target values ob-
tained from CPF and the estimates provided by the ANN for all buses of the test sys-
tem. The strong agreement between both sets of curves further confirms the ability of
the proposed ANN to accurately capture the nonlinear relationship between the loading
factor and the nodal voltage angles over the entire operating range.

Figure 14b illustrates the P-8 curve associated with the critical bus (631). The
results show that the ANN accurately reproduces the nonlinear relationship between
the loading factor A and the corresponding voltage angle, closely matching the CPF
solutions throughout the entire operating range, including the vicinity of the maximum
loading condition.
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Figure 14c compares the target and ANN-estimated voltage angles for all 57
buses of the test system. It can be observed that the ANN predictions closely follow
the reference values obtained from CPF for every bus, indicating excellent generaliza-
tion capability. Furthermore, the lowest voltage angle magnitude occurs at bus 31,
confirming its identification as the critical bus of the system and demonstrating the

ability of the proposed ANN to accurately estimate the most critical operating condi-

tions.

Figure 14 — Comparison between CPF and ANN results for nodal voltage angle
estimation: (a) critical bus angle (0831); (b) P-8 curve of the critical bus; (¢) voltage

angles of all buses at the maximum loading (critical) point of the system.
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Figure 15 — P-0 curves for all buses of the test system: (a) target P-8 curves

obtained from CPF, (b) P-6 curves estimated by the proposed ANN.
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2.4.4 Sensitivity Analysis Results for The Input Variables

When the Garson algorithm was applied to the input variables A, Pgsack, Qgs'ack,
Pg.2, Pg,3, Pg6 and Pgs for the IEEE 14-bus system, discrepant results were observed.
The analysis revealed that the last input variable (Pgs) exhibited the highest contribu-
tion to the estimation of the nodal voltage angles (0), accounting for 100% of the influ-
ence on the network output, as illustrated in Figure 16a. In other words, the ANN indi-
cated that Pg,s was virtually the sole variable responsible for estimating the nodal volt-
age angles. Such a result is inappropriate for CPF studies, as it neglects the effective
contribution of the remaining variables that characterize the operating condition of the
electrical power system.

To investigate this behavior, a detailed analysis of the input data used during
ANN training was performed. It was found that the last input variable (Pg,8) assumed
numerical values very close to zero (107'%), as shown in Table 1. This characteristic
affected the magnitude of the synaptic weights adjusted during training and directly
influenced the application of the Garson algorithm for determining input variable rele-
vance.

To overcome this limitation, the variable Pg,s was normalized according to Equa-
tion (6). Table 2 presents the input variables after the normalization procedure. Sub-

sequently, the ANN was trained under two different conditions: using the original da-
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taset and using the normalized dataset. In both cases, very similar results were ob-
tained for the estimation of the nodal voltage angles, demonstrating that the ANN per-

formance was not adversely affected by the normalization process.

R, (@)

R O xR

(6)

The normalization procedure was applied only to the input variables exhibiting
extremely small numerical magnitudes. Specifically, the affected input variables were
rescaled before retraining the ANN, and the resulting synaptic weights were subse-
quently used in the sensitivity analysis. This procedure was not intended to improve
the predictive performance of the ANN, but rather to avoid numerical distortions in the
Garson and Olden weight-based sensitivity indices.

The normalization rescales the importance indices by the maximum absolute
value, resulting in values within the interval [-1, 1] while preserving both the relative
importance ranking and the sign of each variable. Its purpose is to reduce the influence
of large differences in synaptic weight magnitudes by providing a common scale for
comparison, thereby allowing the Garson and Olden methods to produce a more bal-
anced and physically interpretable representation of the relative contribution of each
input variable. From a physical perspective, the normalized importance index ex-
presses the contribution of each input variable relative to the most influential variable,
whose normalized importance is equal to +1, reflecting the influence of each input on
the network output rather than the numerical scale of the corresponding synaptic
weights.

Furthermore, the MSE values obtained during the training and validation stages
remained close to those obtained with the original dataset, indicating that the ANN
maintained its generalization capability. Therefore, although the normalization proce-
dure did not significantly modify the quality of the network predictions, it proved essen-
tial for obtaining a more meaningful and physically coherent interpretation of the results
provided by the Garson algorithm.
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Figure 16 — Percentage contribution of the input variables to the ANN output, as

determined by the Garson sensitivity analysis: (a) before normalization of Pgs; (b)
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Table 1. First 10 samples of the input variables used for ANN training before normalization of Pgs.

First 10 Samples

St S2 S3 S Ss Se S7 Ss So S10

R1=A 0.8000 0.8200 0.8400 0.8600 0.8800 0.9000 0.9200 0.9400 0.9600 0.9800

@ Rz =Pgslack 1.8373 1.8854 1.9336 1.9820 2.0305 2.0791 2.1279 2.1768 2.2259 2.2751
S R3=Qgs2*k  -0.1550 -0.1601 -0.1651 -0.1699 -0.1746 -0.1791 -0.1835 -0.1877 -0.1918 -0.1957

é_ R4 = Pg,2 0.1464 0.1501 0.1537 0.1574 0.1610 0.1647 0.1684 0.1720 0.1757 0.1793
£ Rs=Pg3 -0.7536 -0.7724 -0.7913 -0.8101 -0.8290 -0.8478 -0.8666 -0.8855 -0.9043 -0.9232
Re = Pg,6 -0.0896 -0.0918 -0.0941 -0.0963 -0.0986 -0.1008 -0.1030 -0.1053 -0.1075 -0.1098
R7 = Pg,s *0.2220 *-0.6453 *-0.0833 *0.2082 * -0.0347 * -0.2082 * -0.0694 * -0.1735 *-0.0278 *-0.0763

* x10-15

Source: Elaborated by the author

Table 2. First 10 samples of the input variables used for ANN training after normalization of Pgs.

First 10 Samples with Normalization

St S2 S3 S4 Ss Se S7 Ss So S10
R1=A 0.8000 0.8200 0.8400 0.8600 0.8800 0.9000 0.9200 0.9400 0.9600 0.9800

© R2=Pglck 18373 18854 19336 1.9820 20305 2.0791 21279 21768 22259 22751
S Rs=Qg* -0.1550 -0.1601 -0.1651 -0.1699 -0.1746 -0.1791 -0.1835 -0.1877 -0.1918 -0.1957
g R4 = Pg,2 0.1464 0.1501 0.1537 0.1574 0.1610 0.1647 0.1684 0.1720 0.1757 0.1793
£ Rs = Pg,3 -0.7536 -0.7724 -0.7913 -0.8101 -0.8290 -0.8478 -0.8666 -0.8855 -0.9043 -0.9232

Re = Pg.6 -0.0896 -0.0918 -0.0941 -0.0963 -0.0986 -0.1008 -0.1030 -0.1053 -0.1075 -0.1098

R7 = Pg.s 0.4571 -1.3286 -0.1714 0.4286 -0.0714 -0.4286 -0.1429 -0.3571 -0.0571 -0.1571

Source: Elaborated by the author
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Table 3. Synaptic weights of the connections between the input and hidden layers (14

x 7 weight matrix) before normalization of input variable R7 (Pg,s).

Neurons in the Input Layer

R1 Rz R3 Ra Rs Re R7

mi+ -0.9399 -0.1434 -0.3361 1.3251 -0.759 0.798 *-0.7232
_ mz  -0.9608 -0.5948 0.728 0.5886 0.8901 -0.5701 * -0.4440
2 ms -0.1664 -0.3494 09395 -1.126 -0.6434 0.3243 *-1.6970
g ma4 0.2143 0.3025 0.3102 -0.8799 -0.8419 -0.8433 * 1.3440
L ms 0.4601 -0.8578 0.5875 0.0448 -0.599 -0.4291 *-0.2567
g Me 0.2948 -0.0799 0.7322 -0.0608 0.6026 0.7116 *-1.7435
e mr -0.8227 -0.2594 0.4863 -0.7555 0.2389 -1.0183 *0.7309
_E ms  —0.3428 0.7508 0.7553 -0.0015 0.6847 0.8475 *0.0331
@ mo 0.3257 0.9717 0.891 -1.1874 0.4802 -0.3875 *-0.7229
g m1o 0.716 0.5412 -0.7023 0.7507 0.9756 0.549 *0.9714
2 mmn -0.8683 -0.4937 -0.2279 0.6231 -0.7038 -0.6636 *1.0831

mi2 0.1055 -0.4369 0.6634 -1.5269 -0.4255 0.6631 *-1.1297

mi3 0.8831 -0.2712 -0.6717 0.1913 -0.6033 0.4231 *0.1960

M4 0.4259 -0.0489 -1.3345 0.6374 -0.2324 0.9438 *-0.2285

*x1015

Source: Elaborated by the author

Table 4. Synaptic weights of the connections between the input and hidden layers (14
x 7 weight matrix) after normalization of input variable R7 (Pg,s).

Neurons in the Input Layer

Neurons in the hidden layer

R4 R2 Rs3 Ra Rs Re R7
m+ -0.4445 0.8273 -0.0573 0.5491 -0.5884 -0.8051 -0.9429
m2  —-0.9743 0.9498 0.6986 0.6972 0.7046 0.6618 0.1534
m3 0.1589 -0.0683 0.1781 -0.9934 0.1580 -1.1241 -1.0736
ms4  —0.2461 -0.7264 0.6062 0.5026 -0.9468 -0.3381 -0.6302
ms 0.3464 -1.0797 0.9552 0.2885 -0.7067 -0.9449 0.1043
Me 0.6352 0.1834 0.6705 -1.2512 0.5123 0.1162 -0.0908
mz 0.3779 1.1036 -0.7082 0.2162 0.1203 1.0537 -0.0268
ms  —1.3456 -0.2380 0.5405 -0.2282 -1.2287 0.0174 0.2096
mg -1.0578 -0.9105 -0.4081 1.0473 -0.4084 -0.1982 0.0377
mio  —0.2848 -0.6011 0.4141 -1.2874 0.0549 0.1716 -0.1619
m11 0.2030 -1.2549 0.3970 -0.0505 -1.2308 0.4583 0.4327
mi2 0.3375 -0.6727 -0.5655 -0.4451 0.9988 0.7967 -0.2767
mi3  —0.4454 -0.1559 -0.4790 -0.2380 -0.9144 0.6142 0.9593
Mm14 0.9012 0.2118 -0.5370 0.7827 0.8537 0.9198 0.7528

Source: Elaborated by the author
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The same issue observed with the Garson algorithm was also identified when
applying the Olden method. When the original input variables were used, without nor-
malization of variable Rz, the analysis indicated that R7 accounted for virtually 100% of
the influence on the network output, preventing a meaningful interpretation of the rela-
tive contributions of the remaining input variables.

After normalizing Rz, this limitation was successfully overcome, resulting in a
more balanced distribution of synaptic weights and enabling a reliable application of
the Olden algorithm. Consequently, the influence of all input variables could be
properly assessed, providing a more realistic interpretation of their contributions to the
estimation of the nodal voltage angles (6). The results obtained before and after the

normalization procedure are presented in Table 5.

Table 5. Olden sensitivity analysis results before and after normalization of the input
variable Rz (Pg,s) for the IEEE 14-Bus System.
Ri=A R2= pgslack R3 = Qgslack Rs4=Pg2Rs5=Pg3 Re =Pgs R7=Pgs
Rz 0.0 0.0 0.0 0.0 0.0 0.0 -100

R7z/max(R7) 29.56 -26.67 7.10 -7.02 11.13 10.40 -8.13
Source: Elaborated by the author

The sensitivity analysis performed using the Olden method provided additional
information regarding both the magnitude and direction of the influence of each input
variable on the estimation of the nodal voltage angles (8). Unlike the Garson method,
which only quantifies the relative importance of the inputs, the Olden approach pre-
serves the sign of the synaptic weights, allowing the identification of positive and neg-
ative effects on the network output.

The results indicated that the loading factor (A) was the most influential variable,
presenting the highest positive contribution (29.56), followed by the active power gen-
eration at the slack bus (Pg*2%), which exhibited the strongest negative contribution
(-26.67). The variables Pg3 (11.13) and Pgs (10.40) also showed significant positive
influences, whereas Pg2 (-7.02) and Pgs (-8.13) contributed negatively to the ANN

output. These findings suggest that A and Pg¥2k are the dominant factors affecting the
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estimation of nodal voltage angles, while the remaining variables exert secondary but
still relevant contributions.

Overall, the Olden analysis corroborates the results obtained with the Garson
method, identifying the loading factor (A) as one of the most important variables in the
ANN model. However, by preserving the sign of the contributions, the Olden method
provides a more comprehensive interpretation of the relationships learned by the neu-
ral network.

The results obtained in this study are consistent with the findings reported by
Goh (1995), Haykin (2009), and Gevrey et al. (2003), who emphasized the importance
of input data normalization in ANN applications. Proper normalization improves numer-
ical stability during training, prevents disproportionate synaptic weight magnitudes, and
contributes to a more reliable interpretation of variable importance when applying
weight-based sensitivity analysis methods such as those proposed by Garson and
Olden.

Haykin (2009) highlighted that input normalization is often necessary to improve
network training and avoid excessive weight adjustments caused by variables with sig-
nificantly different numerical scales. Similarly, Goh (1995) emphasized that appropri-
ate scaling of input variables is an essential step in ANN modeling because differences
in variable magnitudes may affect both the learning process and the resulting synaptic
weights. Furthermore, Gevrey et al. (2003) pointed out that weight-based sensitivity
analysis methods can be strongly influenced by the magnitude of synaptic weights,
potentially leading to misleading interpretations of variable importance. The normaliza-
tion procedure adopted in this work successfully mitigated these effects, resulting in
more balanced synaptic weights and a more physically meaningful sensitivity analysis.

Similar results were obtained for the IEEE 30-Bus System, further validating the
findings and methodology proposed in this work. The main difference was that two of
the eight input variables, namely Pg,11 and Pg,13 (corresponding to input variables R7
and Rg), exhibited values very close to zero, also on the order of 10715, As observed in
the IEEE 14-Bus System, this characteristic caused both the Garson and Olden meth-
ods to attribute nearly all the variable importance to these inputs, leading to distorted
sensitivity analysis results.

To address this issue, the input variables R7 (Pg,11) and Rs (Pg,13) were normal-

ized according to Equation (6). After the normalization procedure, it became possible
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to obtain a more balanced and physically meaningful assessment of the contribution
of each input variable to the estimation of the nodal voltage angles. The predictive
performance of the ANN remained practically unchanged, indicating that the normali-
zation process did not affect the quality of the estimates.

Table 6 presents the sensitivity analysis results obtained using the Garson and
Olden methods before and after normalization of the input variables R7 (Pg,11) and Rs
(Pg,13). Table 6 confirms that the same sensitivity analysis issue observed in the IEEE
14-Bus System was also present in the IEEE 30-Bus System. Before normalization,
the Garson method attributed 53.88% and 46.12% of the total importance to variables
R7 (Pg,11) and Rs (Pg,13), respectively, while all remaining input variables exhibited zero
contribution, as illustrated in Figure 17a. Similarly, the Olden method indicated that
these two variables dominated the sensitivity analysis, preventing a meaningful inter-

pretation of the influence of the other inputs.
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Table 6. Garson and Olden sensitivity analysis results before and after normalization of the input variable R7 (Pg,11) and Rs (Pg,13) for

the IEEE 30-Bus System.

Ri=A R2=Pgslack

R3=Qg* Rs=Pg2 Rs=Pgs Re = Pgs R7 = Pg,11 Rs = Pg 13

Garson R7.s 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 53.88% 46.12%
R7s/max(R7s) 18.40%  14.83% 9.01% 14.05% 17.32% 16.87% 3.65% 5.86%
Olden R7.s 0.0 0.0 0.0 0.0 0.0 0.0 -62.92 -37.08
R7e/max(R7,8s) -26.37 -19.57 -1.99 -12.31 -5.26 —-22.49 -4.72 -7.30

Source: Elaborated by the author
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After normalization of Rz and Rs according to Equation (6), both the Garson
(Figure 17b) and Olden methods produced more balanced and physically consistent
results. The loading factor (A) and the real power generation variables became the
most influential inputs, while the contributions of Pg,11 and Pg 13 were significantly re-
duced. These findings reinforce the importance of proper input normalization when
applying weight-based sensitivity analysis methods, ensuring a more reliable interpre-
tation of variable importance in ANN models.

For the IEEE 57-Bus System, no normalization procedure was required be-
cause none of the input variables exhibited values close to zero, as presented in Figure
17c. Consequently, no distortions associated with excessively large synaptic weights
were observed, allowing the sensitivity analysis to be performed directly using the orig-
inal dataset. Table 7 presents the variable importance results obtained using the Gar-

son and Olden methods for the nine input variables considered in the ANN model.
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Figure 17 — Relative importance of input variables obtained by the Garson method:
(a) IEEE 30-bus system without input normalization (R7 and Rs); (b) IEEE 30-bus
system with normalized inputs (R7 and Rs); (¢) IEEE 57-bus system without input

normalization.
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Table 7 shows that the Garson and Olden methods produced balanced and
physically meaningful sensitivity results for the IEEE 57-Bus System. The Garson
method indicated that the loading factor (A) was the most influential variable (13.05%),
although the remaining inputs also presented significant contributions, demonstrating
that the estimation of nodal voltage angles depends on multiple operating variables.
The Olden method complemented this analysis by identifying both the magnitude and
direction of the influence of each variable, highlighting A and Pgs2k as the strongest
negative contributors and Pgs and Pg 12 as the most influential positive contributors.
These results confirm the robustness of the ANN model and the consistency of the

proposed sensitivity analysis approach.



Table 7. Garson and Olden sensitivity analysis results for the IEEE 57-Bus System.

Ri=A R2=Pglk R3=Q¢@* R4=Pg2 Rs5=Pg3 Re=Pgse R7=Pgs Rs=Pgg Ro = Pg,12
Garson 13.05% 10.62% 9.45% 11.02% 10.46% 12.01% 11.80% 11.15% 10.45%
Olden -17.47 -15.75 -8.40 7.65 11.29 1.00 20.41 -0.60 17.43

Source: Elaborated by the author

72
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2.4.5 Computational Time For Nodal Voltage Angle Estimation

A computational time analysis was performed using the validation samples
(10% of the dataset not used during the ANN training phase) for each test system.
These validation samples were processed using both the CPF method and the pro-
posed ANN model to estimate the nodal voltage angles (8). The simulations were car-
ried out on a computer equipped with an Intel® Core™ i7-8750H CPU (2.20 GHz), 16
GB of RAM, and running a 64-bit Windows operating system. The models were imple-
mented in MATLAB® version 2025b, and the computational times were obtained using
CPU execution. It is important to emphasize that the computational time comparison
was performed after the ANN training stage. Therefore, the reported ANN processing
times correspond exclusively to the inference (validation) phase and do not include the
network training time. Once trained, the ANN is capable of directly estimating the nodal
voltage angles for different loading conditions without requiring additional power flow
calculations. In contrast, the CPF method must repeatedly solve the power flow equa-
tions for each new operating condition in order to obtain updated nodal voltage angles.
For a fair comparison, both approaches were evaluated using the same convergence
tolerance of 1073,

Table 8 presents the CPU time required by each methodology for the estimation
of nodal voltage angles in the validation phase. The results demonstrate that the ANN
significantly reduces the computational effort when compared with CPF. For the IEEE
14-bus system, the average computational time reduction achieved by the ANN was
87.63%. Similar results were obtained for the IEEE 30-bus and IEEE 57-bus systems,
with average time savings of 87.55% and 88.30%, respectively.

These results indicate that the proposed ANN model is capable of accurately
estimating nodal voltage angles while requiring substantially less computational time
than the CPF method. The average reduction of approximately 88% in processing time
highlights the potential of ANN-based approaches for real-time applications and online

security assessment in power systems, where fast computation is essential.



Table 8. CPU time for obtaining nodal voltage angles in the validation phase (validation samples).

System CPU Time
Validation samples 12 21 41 50 62 63 75 81 85 98 106
CPF 0.0441 0.0549 0.0572 0.0540 0.0659 0.0587 0.0571 0.0569 0.0542 0.0344 0.0386
14-Bus ANN 0.0057 0.0058 0.0064 0.0058 0.0060 0.0062 0.0057 0.0066 0.0059 0.0062 0.0072
Time saved (%) 87% 89% 89% 89% 91% 89% 90% 88% 89% 82% 81%
Mean time saved (%) 87.63%
Validation samples 4 15 25 34 38 67 69 79 92
CPF 0.0459 0.0509 0.0550 0.0627 0.0620 0.0625 0.0545 0.0523 0.0424
30-Bus ANN 0.0072 0.0062 0.0064 0.0066 0.0063 0.0062 0.0063 0.0065 0.0070
Time saved (%) 84% 88% 88% 89% 90% 90% 88% 88% 83%
Mean time saved (%) 87.55%
Validation samples 1 21 31 41 42 47 60 84 98 99
CPF 0.0488 0.0590 0.0630 0.0737 0.0750 0.0752 0.0788 0.0556 0.0482 0.0499
57-Bus ANN 0.0074 0.0065 0.0069 0.0066 0.0062 0.0070 0.0064 0.0087 0.0068 0.0081
Time saved (%) 85% 89% 89% 91% 92% 91% 92% 84% 86% 84%
Mean time saved (%) 88.30%

Source: Elaborated by the author
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Additionally, the computational-time analysis was improved by performing mul-
tiple evaluations using all validation samples. The results are now presented as mean
values = standard deviation, providing information about the variability of the execution
times. The revised results are summarized in Table 9. The variability of the computa-
tional times among the validation samples was also analyzed. The ANN exhibited a
more stable execution time compared with CPF, with standard deviations below 0.001
s for all test systems, whereas CPF presented larger variations due to the iterative
nature of the power flow solution.

Table 9 presents the statistical summary of the CPU time required by each
methodology for estimating nodal voltage angles during the validation phase. The re-
sults are expressed as mean values * standard deviation, calculated from all validation
samples presented in Table 8. For the IEEE 14-bus system, the CPF method required
0.0525 £ 0.0100 s, whereas the ANN inference stage required only 0.0061 + 0.0005 s,
resulting in an average computational time reduction of 87.63%. Similar behavior was
observed for the IEEE 30-bus and IEEE 57-bus systems.
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Table 9. Comparison of computational time reduction obtained using ANN inference instead of CPF for nodal voltage angle estimation.

System CPF Time (s) (Mean + SD) ANN Inference Time (s) (Mean £ SD) Reduction (%)
IEEE 14-Bus 0.0525 £ 0.0100 0.0061 + 0.0005 87.63
IEEE 30-Bus 0.0548 £ 0.0071 0.0066 + 0.0003 87.55
IEEE 57-Bus 0.0626 £ 0.0115 0.0070 + 0.0008 88.30

Source: Elaborated by the author
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The low standard deviation observed for the ANN inference times confirms the
computational stability of the proposed approach, while the higher variability observed
for the CPF method is associated with the iterative nature of the power flow solution,

whose computational effort depends on the operating condition.

2.4.6 Cross-Validation Analysis And Comparative Evaluation Of Ann, Multiple

Linear Regression, And Tree Models

To further assess the robustness and generalization capability of the proposed
ANN, a 10-fold cross-validation procedure was performed for the IEEE 14-, 30-, and
57-bus systems. Considering the average performance across the three benchmark
systems, the proposed model achieved a training MSE of 3.11 x 107 and a validation
MSE of 6.41 x 1075, corresponding to average RMSE values of 5.44 x 1073 and 7.15
x 1073, respectively. The average MAE values were 3.61 x 1073 during training and
4.47 x 1073 during validation, while the average maximum absolute errors were 4.59 x
1072 and 4.27 x 1072, respectively. In addition, the average correlation coefficient (R)
reached 0.99971 during training and 0.99941 during validation, corresponding to aver-
age coefficients of determination (R?) of 0.99943 and 0.99883. These results, together
with the low variability observed among the folds, demonstrate that the proposed ANN
provides stable and highly accurate predictions, confirming its robustness and excel-
lent generalization capability across all IEEE benchmark systems.

Figures 18-20 compare the performance of the ANN, MLR, and Regression
Tree models for nodal voltage angle estimation in the IEEE 14-, 30-, and 57-bus sys-
tems, respectively. Overall, the ANN consistently provided the best compromise be-
tween prediction accuracy and computational efficiency, yielding the lowest RMSE val-
ues for the IEEE 14- and 30-bus systems (Figures 18g and 19g), while maintaining the
shortest inference time in all cases (Figures 18i-20i). Although the MLR achieved
slightly better statistical indicators for the IEEE 57-bus system (Figure 20), the ANN
exhibited more consistent performance across the three benchmark systems, accu-
rately reproducing the CPF reference values with error distributions concentrated
around zero (Figures 18c—20c). In contrast, the Regression Tree generally presented
larger prediction errors and lower accuracy, particularly for the IEEE 57-bus system,
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indicating greater difficulty in representing the nonlinear behavior of nodal voltage an-

gles under different loading conditions.

Although the proposed ANN demonstrated excellent predictive performance un-
der the benchmark operating conditions considered in this study, practical electrical
power systems are also influenced by factors that were beyond the scope of the pre-
sent work, including network topology changes, transmission line outages, contingency
events, renewable generation variability, load uncertainty, and measurement noise as-
sociated with Phasor Measurement Units (PMUs). These factors may affect the pre-
dictive performance of data-driven models and should therefore be considered when
extending the proposed methodology to real-world applications. Nevertheless, the pro-
posed framework is sufficiently flexible to incorporate these practical operating condi-
tions by retraining the ANN using representative datasets that include such scenarios.
Therefore, the present methodology constitutes a promising foundation for future ap-
plications involving online voltage stability assessment under realistic operating condi-

tions.
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Figure 18 — Comparative performance of ANN, MLR, and Regression Tree models for nodal voltage angle estimation at the critical
bus (Bus 14) of the IEEE 14-bus system. Source: Elaborated by the author.
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Figure 19 — Comparative performance of ANN, MLR, and Regression Tree models for nodal voltage angle estimation at the critical
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Figure 20 — Comparative performance of ANN, MLR, and Regression Tree models for nodal voltage angle estimation at the critical

bus (Bus 31) of the IEEE 57-bus system. Source: Elaborated by the author.
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2.5 CONCLUSIONS

This study presented an ANN-based approach for the direct estimation of nodal
voltage angles and the construction of P—8 curves in electrical power systems. The
proposed methodology was evaluated using the IEEE 14-, 30-, and 57-bus test sys-
tems, demonstrating high accuracy, fast convergence, and excellent generalization ca-
pability under different loading conditions.

The results showed that the MLP trained with the backpropagation algorithm
was able to accurately reproduce the nodal voltage angles obtained from the CPF
method. The trained networks achieved MSE values on the order of 1072 or lower and
correlation coefficients close to 0.99 for both training and validation datasets. Further-
more, the ANN successfully estimated the P—8 curves and accurately identified the
maximum loading condition of the systems, including operating points near the voltage
stability limit. The 10-fold cross-validation further confirmed the robustness of the pro-
posed model, yielding consistently high prediction accuracy and excellent generaliza-
tion across all benchmark systems. In addition, comparative analyses demonstrated
that the ANN provided the best overall balance between predictive accuracy and com-
putational efficiency when compared with MLR and Regression Tree models.

An important contribution of this work was the sensitivity analysis of the input
variables using the Garson and Olden methodologies. The analysis revealed that var-
iables with numerical values close to zero may produce disproportionately large syn-
aptic weights, leading to misleading interpretations of variable importance. To address
this issue, a normalization procedure was proposed and applied to the affected varia-
bles. Although the normalization had a negligible impact on the predictive performance
of the ANN, it significantly improved the reliability and physical consistency of the sen-
sitivity analysis results. After normalization, both methods identified the loading factor
(A) as one of the most influential variables in the estimation of nodal voltage angles,
while also allowing the contribution of the remaining operating variables to be properly
assessed.

The computational time analysis demonstrated another relevant advantage of
the proposed methodology. When compared with the CPF method, the ANN reduced
the computational effort by approximately 87% on average while maintaining high es-

timation accuracy. This reduction is particularly attractive for applications requiring
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rapid assessment of multiple operating scenarios, such as online security analysis,
contingency evaluation, and real-time decision support in power system operation.

Overall, the results confirm that the proposed ANN model constitutes an efficient, ac-
curate, and computationally attractive alternative for nodal voltage angle estimation
and P—-8 curve construction. The cross-validation results and the comparison with al-
ternative machine learning techniques further reinforce the reliability and applicability
of the proposed approach for voltage stability assessment in electrical power systems.
In addition, the study highlights the importance of proper input data normalization when
applying weight-based sensitivity analysis methods in neural networks. Future work
may investigate the application of the proposed methodology to larger-scale power
systems, contingency scenarios, renewable energy integration studies, and other ma-
chine learning architectures aimed at further improving prediction accuracy and model

interpretability.
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3 CAPITULO IIl - ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM FOR
ACCURATE VOLTAGE ANGLE STATE ESTIMATION IN ELECTRICAL POWER
SYSTEMS: A TRAINING, AND VALIDATION ANALYSIS

Neylan Leal Dias?, Alfredo Bonini Neto®
ABSTRACT

Accurate estimation of nodal voltage phase angles is essential for monitoring and
analyzing electrical power systems, particularly under highly loaded operating
conditions. This study proposes an Adaptive Neuro-Fuzzy Inference System (ANFIS)
for estimating nodal voltage angles in the IEEE 14-bus test system and compares its
performance with a previously developed Atrtificial Neural Network (ANN). A dataset
comprising 107 operating conditions was generated using Continuation Power Flow,
with 96 samples used for training and 11 for validation. Seven operating variables were
adopted as inputs, and independent ANFIS models were developed for the 13 non-
reference buses using subtractive clustering and hybrid learning. To provide a
consistent basis for comparison, ANFIS training was limited to four epochs, matching
the training horizon adopted for the ANN. Predictive performance was evaluated using
RMSE, MAE, and \(R*2\), together with computational time and perturbation-based
sensitivity analysis. Across the 13 non-reference buses, ANFIS achieved mean
validation RMSE and MAE values of 3.48x10* and 2.94x10, respectively, with a
mean R? of 0.99998, compared with 0.032672, 0.026783, and 0.98587 for the ANN.
ANFIS also reproduced the nonlinear P-6 trajectories more closely, particularly at
higher loading levels. The global CPU time was 3.2721 s for ANFIS and 3.4782 s for
ANN, representing a 5.93% reduction. Sensitivity analysis identified Qg2 (22.73%),
Pgs1ack (21.38%), and the loading parameter A (17.66%) as the most influential inputs.
Overall, ANFIS provided higher predictive accuracy while maintaining computational

requirements comparable to those of the ANN benchmark.

Keywords: Adaptive Neuro-Fuzzy Inference System; voltage phase angle; electrical
power systems; Continuation Power Flow; sensitivity analysis; artificial neural net-
works.
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3.1  INTRODUCTION

The secure and reliable operation of modern electrical power systems depends
on the continuous monitoring of variables that describe the network operating state
(Anthony and Arunachalam, 2025; Zhao et al., 2025). Among these variables, nodal
voltage magnitudes and phase angles are particularly important because they provide
information on power-flow distribution, system stability, operational security, and prox-
imity to critical operating conditions (Malik et al., 2024; Anthony and Arunachalam,
2025). The increasing penetration of renewable energy sources, distributed genera-
tion, electric vehicles, and nonlinear loads has made electrical networks more dynamic
and complex, thereby increasing the need for fast and accurate state-estimation pro-
cedures (Molla et al., 2024; Zhao et al., 2025). Ahmed et al. (2023a), for example,
demonstrated that data-driven neuro-fuzzy models can effectively represent the non-
linear behavior associated with different electric-vehicle charging scenarios.

Conventional power-system state estimation is generally based on iterative nu-
merical algorithms that process a set of electrical measurements to determine the most
probable system state. Although these techniques are well established, their applica-
tion may require substantial computational effort, particularly in large-scale networks
or under real-time operating conditions. Their performance may also be affected by ill-
conditioned matrices, measurement uncertainties, missing information, communica-
tion failures, and convergence problems. These limitations motivate the development
of alternative approaches capable of directly estimating state variables while reducing
dependence on repeated numerical iterations (da Silva et al. 2026).

Artificial intelligence and soft-computing techniques have therefore received in-
creasing attention in power-system analysis because of their ability to approximate
nonlinear relationships, learn from operational data, and tolerate uncertainties in the
input information (Oladipo et al., 2025). Pal and Mitra (1999) demonstrated that neuro-
fuzzy approaches are particularly well suited for pattern recognition problems involving
uncertainty, imprecision, and noisy data, a capability that has been further confirmed
by recent studies (Ouifak and Idri, 2023).

In electrical power systems, artificial neural networks and fuzzy systems have
been successfully applied to stability assessment, intelligent control, prediction, and
state estimation. One of the pioneering applications of neuro-fuzzy techniques in elec-

trical power systems was reported by Abido and Abdel-Magid (1998), who developed
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a hybrid neuro-fuzzy power-system stabilizer for multimachine systems, demonstrating
enhanced damping of electromechanical oscillations over a wide range of operating
conditions. Since then, advances in artificial intelligence, data-driven methods, and ad-
vanced measurement technologies have significantly improved power-system moni-
toring and state estimation, enabling more accurate and reliable operation of modern
power grids (Zhao et al., 2025; Zhu et al., 2024).

Despite their predictive capability, conventional artificial neural networks are of-
ten regarded as black-box models because the relationships between their inputs and
outputs are not explicitly represented by interpretable rules (Ahmad and Zafar, 2026).
This limitation may reduce operator confidence when such models are applied to criti-
cal monitoring and control tasks. In contrast, neuro-fuzzy systems integrate adaptive
learning with fuzzy rule-based knowledge representation, allowing the acquired
knowledge to be expressed through interpretable fuzzy IF-THEN rules while preserv-
ing the predictive capability of neural networks. This combination provides a gray-box
modeling framework that enhances model interpretability without compromising pre-
dictive performance (Ayoubi and Isermann, 1997; Babuska and Verbruggen, 2003).
Consequently, among the various neuro-fuzzy approaches, the Adaptive Neuro-Fuzzy
Inference System (ANFIS) has become one of the most widely adopted hybrid intelli-
gent models for nonlinear system identification, combining the adaptive learning capa-
bility of artificial neural networks with the interpretability of fuzzy inference systems
(Jang and Sun, 1995; Babuska and Verbruggen, 2003).

Originally introduced by Jang (1993), ANFIS uses input—output data to adapt
the parameters of fuzzy membership functions and inference rules, enabling the model
to learn nonlinear relationships while retaining a rule-based structure. According to
Walia et al. (2015), the adaptability of ANFIS makes it suitable for a broad range of
prediction and system-identification problems. Shihabudheen and Pillai (2018) further
highlighted the advances of neuro-fuzzy systems in handling nonlinear, multivariable,
and complex modeling problems.

The initial fuzzy inference structure can be generated using clustering methods
that identify relevant regions within the input—output space. Subtractive clustering is
particularly useful because it determines cluster centers directly from the data and re-
duces the need to manually define the number and position of membership functions
(Chiu, 1994). The resulting fuzzy structure can subsequently be optimized by the AN-

FIS learning algorithm, which adjusts premise and consequent parameters to minimize
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the prediction error. This combination allows the construction of parsimonious models
with a reduced number of fuzzy rules and adequate generalization capability. The con-
tinuing relevance of this approach is evidenced by its widespread adoption in recent
applications, including wave height prediction (Hakimi and Farjami, 2025), soil water
retention estimation (Seyedmohammadi and Navidi, 2026), and fault detection sys-
tems (Bisker et al., 2025), where the ability to automatically generate interpretable
fuzzy rules from data remains a key advantage.

In power engineering, neuro-fuzzy systems have been successfully applied to
stability enhancement, power-flow control, energy management, renewable-energy
optimization, and frequency regulation. Talaat et al. (2010) developed a genetically
optimized neuro-fuzzy power system stabilizer for multimachine power systems,
demonstrating improved damping of electromechanical oscillations under a wide range
of operating conditions. Jamal and Syahputra (2014) developed an adaptive neuro-
fuzzy controller for a Unified Power Flow Controller (UPFC) to regulate power flow in
multimachine power systems. Gaber et al. (2021) developed an ANFIS-based energy-
management system for an electric ship power system, whereas Siddikov and Porubay
(2022) proposed a neuro-fuzzy approach for regulating power-flow processes in elec-
tric power facilities. More recent applications include the optimization of photovoltaic
power systems under partial shading conditions and adaptive frequency regulation in
interconnected power systems with high penetration of renewable energy sources, and
ANFIS-assisted state estimation in nonlinear dynamic systems (Mohammed et al.,
2025; Elborlsy et al., 2025; Ibrahim et al., 2025).

Recently, Leal Dias et al. (2026) developed an Artificial Neural Network (ANN)
approach for the direct estimation of nodal voltage phase angles in IEEE test systems
using operating conditions generated by Continuation Power Flow. The proposed ANN
demonstrated high predictive accuracy and low computational cost, confirming the fea-
sibility of data-driven approaches for voltage-angle estimation. Nevertheless, the ANN
architecture remains essentially a black-box model, and the potential benefits of com-
bining nonlinear learning with fuzzy rule-based representation for this specific applica-
tion have not yet been systematically investigated.

Although previous studies have demonstrated the successful application of
neuro-fuzzy systems to a wide range of power-engineering problems, their use for the

direct estimation of nodal voltage phase angles remains comparatively limited. In par-
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ticular, there is still a lack of studies evaluating ANFIS models under operating condi-
tions extending from the base case to the vicinity of the voltage-stability limit and di-
rectly comparing their predictive performance with previously validated ANN models.
Moreover, the influence of the electrical input variables on ANFIS-based voltage-angle
estimates has received limited attention. Therefore, a comprehensive assessment
combining prediction accuracy, convergence behavior, error distribution, computa-
tional performance, and input-variable sensitivity is required to better characterize the
applicability of ANFIS to this state-estimation problem.

Accordingly, this study proposes and evaluates an Adaptive Neuro-Fuzzy Infer-
ence System (ANFIS) for the direct estimation of nodal voltage phase angles in the
IEEE 14-bus test system. The initial fuzzy inference structure is generated using sub-
tractive clustering and subsequently optimized through a hybrid learning algorithm
combining least-squares estimation and gradient descent. The ANFIS models are
trained using 96 operating conditions and evaluated using an independent validation
set comprising 11 previously unseen operating conditions. Detailed analyses are per-
formed for buses 3, 6, 13, and 14, while the overall predictive performance is assessed
across the 13 non-reference buses of the IEEE 14-bus system. The performance of
the ANFIS models is compared with that of the previously developed ANN using
RMSE, MAE, and R?. In addition, convergence behavior, error distributions, P-6 char-
acteristics, computational performance, and perturbation-based input-variable sensi-
tivity are investigated to provide a comprehensive assessment of the proposed neuro-

fuzzy approach.

3.2 MATERIALS AND METHODS

3.2.1 Dataset

The dataset used in this study was generated from Continuation Power Flow
(CPF) simulations performed on the IEEE 14-bus test system (Figure 1), using the
continuation method originally proposed by Ajjarapu and Christy (1992) and subse-
quently applied in the formulation described by dos Santos et al. (2023). The CPF
algorithm enables the system operating point to be continuously traced as the loading
level increases, providing a sequence of feasible steady-state operating conditions

from the base case to the vicinity of the maximum loading point (voltage stability limit).
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This procedure allows the generation of representative operating scenarios covering a

wide range of network conditions.

Figure 1. Single-line diagram of the IEEE 14-bus test system, based on data from

the Power Systems Test Case Archive.
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In the CPF formulation, the system loading level is controlled by the loading

parameter A, which proportionally modifies the active and reactive power demands ac-

cording to equation (1):

P=P,(1+2)
0-0,(1+1)

(1)

where Pi and Qi are the active and reactive power demands at bus i under the loading
level defined by A, whereas Pi0 and QIO are the corresponding base-case demands.
The parameter A controls the progressive increase in system loading during the CPF
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analysis. As A increases, successive equilibrium operating points are obtained until the
maximum loading point (voltage stability limit) is reached.

Using this procedure, a total of 107 operating scenarios were generated, each
corresponding to a distinct loading condition obtained from the continuation power flow
analysis. For each operating point, the electrical variables resulting from the power-
flow solution were extracted and organized into an input—output dataset for training
and evaluating the proposed Adaptive Neuro-Fuzzy Inference System (ANFIS).

Each sample consisted of 21 variables, including seven input variables and four-
teen output variables. The input variables comprised the loading factor (A), the active
power generated at the slack bus (Pg%a), the reactive power generated at the slack
bus (Qg®2%), and the specified active power injections at the generation buses (Pgxk).
These variables were selected because they characterize the operating condition of
the electrical network and directly influence the distribution of voltage phase angles.
The output variables corresponded to the voltage phase angles (8) of the 14 buses in
the IEEE 14-bus system, expressed in radians. Consequently, each operating condi-
tion was represented by a seven-dimensional input vector associated with a fourteen-
dimensional output vector.

Before model development, all input variables were normalized to improve nu-
merical stability during the learning process and prevent variables with larger numerical
ranges from dominating the optimization procedure. Subsequently, the complete da-
taset was divided into two mutually exclusive subsets following a holdout strategy: 90%
of the samples (96 operating conditions) were allocated to training, while the remaining
10% (11 operating conditions) were reserved for independent validation. The same
training and validation samples were used for all ANFIS models and for comparison
with the previously developed ANN (Leal Dias et al. 2026), ensuring a consistent per-

formance assessment between the two approaches.

3.2.2 Architecture of the Adaptive Neuro-Fuzzy Inference System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS), introduced by Jang
(1993), is a hybrid intelligent model that combines the learning capability of artificial
neural networks with the reasoning mechanism of fuzzy inference systems. It is based
on the first-order Takagi—Sugeno fuzzy inference model. Considering the input layer,

the proposed ANFIS comprises six sequential processing layers, each responsible for
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a specific stage of the fuzzy inference process. The initial fuzzy inference system (FIS)
was automatically generated using the subtractive clustering algorithm proposed by
Chiu (1994), which identifies representative data clusters and automatically determines
the initial fuzzy rules and membership functions.

Figure 2 illustrates the complete ANFIS learning architecture, showing the flow
of normalized input data through the six processing layers until the estimation of the
nodal voltage angle.

The first layer corresponds to the input layer, where the normalized input varia-

bles are introduced into the model. In the present application, the inputs include the
loading factor (A), the slack bus active and reactive powers, and the active power in-
jections at the remaining buses. Data normalization is performed before training to en-
sure numerical stability and improve the convergence of the learning algorithm.
The second layer performs the fuzzification process, in which each input variable is
transformed into fuzzy values through membership functions. These functions quantify
the degree to which each input belongs to the predefined fuzzy sets. During the training
process, the parameters defining the membership functions are continuously adjusted
to minimize the prediction error.

The third layer is the rule layer. Each node represents a fuzzy IF-THEN rule
generated from the initial fuzzy inference system created by the subtractive clustering
algorithm (Chiu, 1994). The logical AND operator combines the membership degrees
of all input variables to compute the firing strength of each fuzzy rule.

The fourth layer performs normalization of the firing strengths. Each firing
strength is divided by the sum of all firing strengths, producing normalized weights
whose values range between zero and one. Consequently, the contribution of each
rule becomes proportional to its relative importance for the current operating condition.
The fifth layer corresponds to the defuzzification (consequent) layer. Each normalized
firing strength is multiplied by the corresponding linear consequent function associated
with the Takagi-Sugeno rule. The parameters of these linear functions are estimated
during training using the hybrid learning algorithm proposed by Jang (1993), which
combines the least-squares estimation method with backpropagation (gradient de-
scent) to optimize the consequent and premise parameters, respectively.

Finally, the sixth layer produces the overall output by summing the contributions
of all fuzzy rules. In this study, the output corresponds to the estimated nodal voltage

angle (0), expressed in radians.
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Unlike the previously developed ANN, which simultaneously estimates the voltage an-
gles of all system buses through a multi-output architecture, the ANFIS framework
adopted in this study employs an independent single-output model for each non-refer-
ence bus. Thus, each ANFIS model receives the same seven electrical variables as
inputs and provides the estimated voltage angle 6k of a specific bus k as its output.
Because the voltage angle of bus 1 is fixed as the reference angle, ANFIS models
were developed for the 13 non-reference buses (buses 2—-14).

As illustrated in Figure 2, this layered architecture enables nonlinear relation-
ships between electrical variables and voltage angles to be accurately approximated
while preserving the interpretability provided by fuzzy rules. The hybrid learning mech-
anism enables the premise and consequent parameters to be adaptively optimized

during model training.

Figure 2. Architecture of the ANFIS model adopted for nodal voltage angle
estimation, illustrating the six processing layers, including input normalization,
fuzzification, fuzzy inference, firing-strength normalization, defuzzification, and final

output generation.

Layer 1: Layer 2: Layer 3: Layer 4: Layer 5: Layer 6:
Input Layer Fuzzification Rule Layer Normalization Defuzzification Output
Layer Summation |
Input Data x ‘ ‘ MFs ‘
Loading factor C_._>( >_,_> /\ - W f
Q@) ‘ \ i |
Real power slack | /\ 4
(Pg stack) ‘ ' W, f,
Reactive power slack O—A—y /\ = Output Data
(Qg stack)
2 w. f. | Nodal voltage
Real power injection ( ) > wif3 >
(Pg2) /\ = oty
: (rad)
Real power injection O > /\
(Pg.3)
|
Real power injection () > /\
(Pg,6) -
< I ) wmfm
Real power injection 5 /\
(Pg.s) O

ANFIS Learning Algorithm
(Hybrid: Backpropagation + Least Squares)

Source: Elaborated by the author

3.2.3 Mathematical formulation of the ANFIS model
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For a given input vector x=[x1, x2, ..., x7], the fuzzification layer determines the
membership degree of each input variable according to its corresponding membership

function:

(xl- - Cij)z
201]2.
ud;(x)=e (2)

where cij and aij represent the center and width of the membership function associated
with the j-th fuzzy set of input xi. These premise parameters are adjusted during the
ANFIS training process.

The firing strength of each fuzzy rule Rj is obtained by combining the member-

ship degrees of the input variables:
;
w, = ITud, (x) Q
’ i=1

The firing strengths are then normalized as:

R (4)

where m is the total number of fuzzy rules generated by subtractive clustering.
For the first-order Takagi—Sugeno model adopted in this study, the consequent

of each rule is expressed as a linear function of the seven inputs:
fj =Py + D 2%, +.+ P 7% + 7 (5)

Finally, the estimated nodal voltage angle is obtained from the weighted contri-

bution of all fuzzy rules:

3

6,-Sw,f (6)

~.
[
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where g denotes the estimated voltage angle of bus k. The consequent parameters

are determined by least-squares estimation, whereas the premise parameters of the
membership functions are adjusted by gradient descent during the hybrid ANFIS learn-
ing process.

The subtractive-clustering radius was set to 0.6. The ANFIS models were
trained using the hybrid optimization method, combining least-squares estimation for
the consequent parameters with gradient descent for the premise parameters. To
maintain consistency with the ANN benchmark, the maximum number of ANFIS train-
ing epochs was set to four, corresponding to the number of training epochs required
for convergence of the previously developed ANN. The FIS associated with the mini-

mum validation error was retained as the final model for each bus.

3.2.4 Model Performance Evaluation

The predictive performance of the ANFIS models was evaluated using the root
mean square error (RMSE), mean absolute error (MAE), and coefficient of determina-
tion (R?), calculated independently for the training and validation datasets. Lower
RMSE and MAE values and R? values closer to unity indicate better agreement be-
tween the target and estimated voltage angles.

The metrics were calculated for each of the 13 non-reference buses (buses 2—
14), excluding bus 1 because its voltage angle is fixed as the reference. Mean values
across the 13 buses were used to assess the overall model performance, while buses
3, 6, 13, and 14 were selected for detailed analysis.

The ANFIS results were compared with the previously developed ANN model
(Leal Dias et al., 2026) using the same dataset and training-validation partition. Be-
cause the ANN simultaneously estimates all nodal voltage angles, whereas ANFIS
uses an independent model for each bus, computational performance was assessed
under the same computational environment by considering both the individual and cu-

mulative training times of the ANFIS models.

3.2.5 Perturbation-Based Sensitivity Analysis
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To assess the relative influence of the input variables on the voltage angles
estimated by the ANFIS models, a perturbation-based sensitivity analysis was per-
formed. This approach evaluates the response of a trained model to controlled
changes in individual input variables and has been previously applied to assess varia-
ble importance in ANFIS models (Ahmed et al., 2023b).

After model training, each of the seven input variables (A, Pgsak, Qgs'ack Py,
Pg.3, Pgs, and Pg;s) was individually increased by 10%, while the remaining variables
were kept unchanged. The perturbed dataset was then applied to the trained ANFIS
model, and the resulting change in the estimated voltage angle was used to calculate

the sensitivity index:

A0, 7)

where Sj is the sensitivity index associated with input variable j, AQj represents the
change in the ANFIS-estimated nodal voltage angle resulting from the perturbation,
and AUj represents the corresponding change in the input variable. The absolute sen-
sitivity indices were subsequently normalized to express the relative importance of
each input variable as a percentage. A 10% perturbation level was selected within the
perturbation-based sensitivity framework adopted by Ahmed et al. (2023b).

The sensitivity analysis was independently performed for each of the 13 non-
reference buses (buses 2—14), since a separate ANFIS model was developed for each
bus. The mean relative importance across the 13 buses was used to characterize the

overall influence of each input variable on voltage-angle estimation.

3.3 RESULTS AND DISCUSSION

3.3.1 Training and Convergence Performance

The training and validation behavior of the ANN and ANFIS models is presented
in Figures 3 and 4. To provide a consistent basis for comparison, the ANFIS training
process was limited to four epochs, matching the number of epochs used by the pre-
viously developed ANN (Leal Dias et al., 2026). The same 96 operating conditions
were used for training and the same 11 previously unseen conditions were used for

validation in both approaches.
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For the ANN, the training and validation RMSE decreased progressively over
the four epochs. The training RMSE decreased from 0.67049 at the initial stage to
0.02885 at epoch 4, while the validation RMSE decreased from 0.66445 to 0.03279.
Thus, the minimum validation error was obtained at the fourth epoch, which was re-
tained as the final ANN model.

Figure 3. Training performance of the ANN model: (a) mean squared error, (b) root

mean squared error, and (c) error distribution for the training and validation datasets.
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The ANFIS models exhibited a different training behavior (Figure 4). For the
representative buses 3, 6, 13, and 14, the training RMSE progressively decreased over
the four epochs. However, the minimum validation RMSE was consistently reached at
the first epoch. The corresponding minimum validation RMSE values were 9.71x107°,
2.16x10™, .23%x1074, and 6.35%x10™* for buses 3, 6, 13, and 14, respectively.
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Although the ANFIS training RMSE continued to decrease after the first epoch,
additional epochs did not improve validation performance. Therefore, the FIS corre-
sponding to the minimum validation error was retained as the final model for each bus.
This result indicates that ANFIS was able to capture the nonlinear input—output rela-
tionships within the initial stage of the learning process, whereas the ANN required the

complete four-epoch training sequence to reach its minimum validation error.

Figure 4. Evolution of the training and validation RMSE for the ANFIS models corre-
sponding to buses (a) 3, (b) 6, (c) 13, and (d) 14. The markers indicate the minimum

validation error used to select the final FIS.
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The error distributions provide additional insight into the behavior of the two
modeling approaches. As shown in Figure 3(c), the ANN errors were predominantly
distributed around zero for both the training and validation datasets, indicating an over-
all agreement between the target and estimated voltage angles. However, a broader
error distribution can be observed for the ANN model.

Figure 5 presents the corresponding ANFIS error histograms for buses 3, 6, 13,

and 14. In all cases, the residuals were strongly concentrated around zero, with rela-
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tively narrow distributions for both training and validation samples. The dispersion in-
creased slightly for buses 13 and 14, particularly for the validation samples, but the
magnitude of the errors remained small. This behavior is consistent with the low vali-
dation RMSE values obtained for these buses and indicates that the ANFIS predictions
remained close to the CPF reference values across the analyzed operating conditions.
Compared with the ANN error distribution shown in Figure 3(c), the ANFIS histograms
exhibit a substantially narrower concentration of residuals around zero. This result pro-
vides complementary evidence that, for the representative buses, ANFIS achieved

greater prediction accuracy than the ANN benchmark.

Figure 5. Error histograms of the ANFIS models for buses (a) 3, (b) 6, (c) 13, and (d)

14, considering the training and validation datasets.
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3.3.2 Predictive Performance and Comparison between ANN and ANFIS

The predictive performance of ANN and ANFIS was evaluated using RMSE,
MAE, and R? for both the training and validation datasets. Because the ANN uses a
multi-output architecture, whereas ANFIS employs an independent model for each
non-reference bus, the comparison was conducted at two levels. First, the overall per-
formance was assessed considering all 13 non-reference buses (buses 2—-14). Subse-
quently, buses 3, 6, 13, and 14 were examined individually to provide a detailed as-
sessment of the predictive behavior of both models. Table 1 presents the performance
metrics for these representative buses, together with the mean values calculated
across all 13 non-reference buses to provide an overall assessment of model perfor-
mance.

In addition to predictive accuracy, the computational performance of both ap-
proaches was evaluated, as summarized in Table 2. The individual ANFIS models re-
quired approximately 0.25 s of CPU time per bus, with a mean value of 0.2517 s across
the 13 non-reference buses. Because ANFIS requires an independently trained model
for each bus, the cumulative CPU time was also considered to provide a more con-
sistent comparison with the multi-output ANN. The global CPU time for the 13 ANFIS
models was 3.2721 s, whereas the ANN required 3.4782 s to simultaneously estimate
the nodal voltage angles. Thus, ANFIS reduced the overall computational time by
5.93% compared with ANN. Although this reduction was relatively modest at the sys-
tem level, it indicates that the higher predictive accuracy achieved by ANFIS did not

result in an increased computational cost.
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Table 1. Performance metrics of the ANN and ANFIS models for the representative buses during training and validation.

Bus Model  Training RMSE Training MAE Training (R?) Validation RMSE  Validation MAE  Validation (R?)
3 ANN 0.010171 0.008323 0.992762 0.009506 0.008665 0.993733
3 ANFIS 0.000105 0.000071 0.999999 0.000097 0.000073 0.999999
6 ANN 0.022274 0.016744 0.989391 0.027087 0.021010 0.982412
6 ANFIS 0.000098 0.000070 1.000000 0.000216 0.000149 0.999999
13 ANN 0.034342 0.029248 0.983325 0.040116 0.036770 0.975240
13 ANFIS 0.000154 0.000109 1.000000 0.000323 0.000226 0.999998
14 ANN 0.044170 0.033803 0.989365 0.049980 0.036688 0.984096
14 ANFIS 0.000292 0.000204 1.000000 0.000635 0.000487 0.999997
Mean ANN 0.087394 0.02303 0.98971 0.032672 0.026783 0.98587
13 buses  ANFIS 0.00017 0.00012 1.00000 0.000348 0.000294 0.99998

Note: Mean values were calculated considering the 13 non-reference buses (buses 2—14). Bus 1 was excluded because its voltage phase angle

is fixed as the reference angle.
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Table 2. Computational performance of the ANN and ANFIS models.

Model / Bus CPU time (s)

ANFIS — Bus 3 0.2538
ANFIS — Bus 6 0.2603
ANFIS — Bus 13 0.2541
ANFIS — Bus 14 0.2614
ANFIS — Mean (13 buses) 0.2517
ANFIS — Global (13 buses) 3.2721
ANN — Global (13 buses) 3.4782

3.3.3 Voltage-Angle Estimation and P-0 Characteristics

The predictive behavior of ANN and ANFIS over the complete set of operating
conditions is illustrated in Figure 6 for buses 3, 6, 13, and 14. The left-hand panels
compare the voltage-angle values obtained from the CPF simulations (Target) with
those estimated by ANN and ANFIS, while the right-hand panels present the corre-
sponding P-8 curves as a function of the loading parameter A. The validation samples
are highlighted to illustrate the performance of both models for operating conditions
not used during training.

As shown in Figure 6(a), (c), (e), and (g), both models reproduced the general
variation of the nodal voltage angles throughout the loading trajectory. However, the
ANFIS estimates remained consistently closer to the target values, whereas the ANN
exhibited more noticeable deviations in some portions of the trajectories. These differ-
ences became more evident for buses 6, 13, and 14, particularly around the regions
where the voltage-angle trajectories showed stronger nonlinear behavior.

The P-06 curves in Figure 6(b), (d), (f), and (h) provide a clearer representation
of this behavior. Both approaches were able to reproduce the characteristic nonlinear
evolution of the nodal voltage angles as the loading parameter increased. Neverthe-
less, ANFIS followed the CPF reference curves more closely, including the curved re-
gion associated with higher loading levels and the vicinity of the maximum loading
point. In contrast, the ANN presented larger deviations from the target curve in these
more nonlinear regions, particularly for buses 6 and 13. For bus 3, the differences

between the two approaches were less pronounced.
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Figure 6. Figure 6. Comparison of target, ANN-estimated, and ANFIS-estimated

nodal voltage angles for buses 3, 6, 13, and 14. Left panels show voltage angles as a

function of the operating-condition sample: (a) bus 3, (c) bus 6, (e) bus 13, and (g)

bus 14. Right panels show the corresponding P—-6 curves as a function of the loading
parameter A: (b) bus 3, (d) bus 6, (f) bus 13, and (h) bus 14. Markers identify the

validation samples.
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The ability of ANFIS to more closely reproduce the nonlinear P-0 trajectories is
consistent with the lower RMSE and MAE and the higher R? values reported in Table
1. These results indicate that the neuro-fuzzy structure provided greater flexibility for
representing the nonlinear relationship between the selected operating variables and
nodal voltage angles, especially as the system approached more highly loaded oper-

ating conditions.

3.3.4 Input-Variable Sensitivity Analysis

The perturbation-based sensitivity analysis was performed for all 13 non-refer-
ence buses to quantify the influence of each input variable on the ANFIS voltage-angle
estimates. Although buses 3, 6, 13, and 14 were selected for detailed graphical repre-
sentation of the predictive performance, the sensitivity results discussed in this section
correspond to the mean relative importance calculated across all 13 buses, providing
a system-level assessment of the influence of the seven input variables. Figure 7 pre-
sents the mean relative importance obtained across the 13 buses, providing a system-
level assessment of the contribution of the seven input variables.

As shown in Figure 7, Qg®'2°c was the most influential input variable, with a mean
relative importance of 22.73%, followed by Pgsla (21.38%), A (17.66%), Pg,3 (16.42%),
Pg6 (14.81%), and Pg2 (6.81%). In contrast, Pgs exhibited a markedly lower relative
importance of only 0.19%. These results indicate that the ANFIS estimates were par-
ticularly sensitive to variations in the active and reactive power supplied by the slack

generator, together with the loading parameter A.
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Figure 7. Mean relative importance of the input variables obtained from the perturba-
tion-based sensitivity analysis of the ANFIS models considering all 13 non-reference

buses.
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The sensitivity pattern obtained with ANFIS can also be compared with that pre-
viously reported for the ANN by Leal Dias et al. (2026). In the ANN, Garson's method
(Garson, 1991) identified A as the most influential variable (21.23%), followed by Pg6
(19.36%), Pg;3 (16.97%), Pg%?% (14.61%), Pg,2 (13.25%), and Qg% (12.51%), while
Pg.8 again presented the lowest contribution (2.06%). Thus, although the ranking of the
most influential variables differed between the two approaches, both analyses consist-
ently identified Pgs as the least influential input.

These differences should be interpreted considering the distinct sensitivity-anal-
ysis procedures adopted for each model. Garson's method estimates variable im-
portance from the connection weights of the ANN, whereas the perturbation-based
analysis evaluates the change in the ANFIS output resulting from a controlled variation
in each input variable. Therefore, the relative-importance percentages obtained by the
two methods should not be interpreted as directly equivalent. Rather, they provide
complementary perspectives on the contribution of the input variables to nodal voltage-

angle estimation.
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From a power-system perspective, the prominent contributions of A, Pg2 and
Qg®2° in the ANFIS analysis are consistent with the evolution of the operating condi-
tions generated by the CPF. As system loading changes, the loading parameter and
the active and reactive power supplied by the slack generator reflect important adjust-
ments in the system operating state. The sensitivity analysis therefore complements
the predictive results by identifying the variables that most strongly affect the ANFIS

voltage-angle estimates.

3.5 CONCLUSION

This study demonstrated the applicability of an Adaptive Neuro-Fuzzy Inference
System (ANFIS) for the direct estimation of nodal voltage phase angles in the IEEE
14-bus test system under operating conditions generated by Continuation Power Flow.
The proposed approach successfully captured the nonlinear relationships between the
selected operating variables and the voltage angles across the 13 non-reference
buses.

Compared with the previously developed ANN, ANFIS provided higher predic-
tive accuracy, particularly for the validation dataset. Considering the mean perfor-
mance across the 13 non-reference buses, ANFIS achieved an RMSE of 3.48x10%,
an MAE of 2.94x10%, and an R? of 0.99998, compared with 0.032672, 0.026783, and
0.98587, respectively, for the ANN. The P-0 curves further showed that ANFIS more
closely reproduced the nonlinear behavior of the reference solutions, especially under
higher loading conditions.

Despite requiring an independent model for each non-reference bus, the cumu-

lative CPU time of ANFIS was 3.2721 s, compared with 3.4782 s for the multi-output
ANN, corresponding to a modest reduction of 5.93%. Thus, the improvement in pre-
dictive accuracy was achieved without increasing the overall computational cost.
The perturbation-based sensitivity analysis identified Qg% Pg%a%  and the loading
parameter A as the most influential variables, with mean relative importance values of
22.73%, 21.38%, and 17.66%, respectively. In contrast, Pgs exhibited the lowest influ-
ence (0.19%). These findings complement the predictive analysis by identifying the
operating variables that most strongly affect the ANFIS voltage-angle estimates.

Overall, the results indicate that ANFIS provides an accurate and computation-

ally competitive alternative for nonlinear nodal voltage-angle estimation. Future studies
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should evaluate the proposed approach in larger power systems, under a broader
range of operating conditions, and using measurement-based or real-world data to as-

sess its scalability and practical applicability.
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4 CONCLUSAO GERAL

A presente tese de doutorado investigou o desenvolvimento e a aplicagcao de
técnicas avancgadas de inteligéncia computacional para a estimativa direta dos
angulos de fase da tensao nodal (8) e a construgao de curvas de carregamento P-6
em Sistemas Elétricos de Poténcia (SEP). O objetivo central do trabalho focou na
superagao dos gargalos computacionais associados aos metodos numeéricos
iterativos tradicionais, como o Fluxo de Poténcia Continuado (CPF), oferecendo
ferramentas precisas, eficientes e interpretaveis para o monitoramento da estabilidade
de tenséo estatica.

No Capitulo Il, demonstrou-se a viabilidade do uso de Redes Neurais Artificiais
(RNA) do tipo Multilayer Perceptron (MLP), treinadas via algoritmo backpropagation,
para realizar a estimativa direta dos angulos de tensao nos sistemas de teste IEEE de
14, 30 e 57 barras. A abordagem baseada em RNA eliminou a necessidade de
resolver repetidamente as equacgdes de fluxo de poténcia na etapa de aplicagao,
alcangando uma reducdo drastica de aproximadamente 88% no tempo de
processamento computacional em relagdo ao CPF, mantendo elevada precisao
preditiva (R? > 0,985 e erro quadratico médio na ordem de 10-3) e mapeando com
sucesso o ponto critico de carregamento. Além disso, o Capitulo Il trouxe uma
contribuicdo metodoldgica para a analise de sensibilidade das variaveis de entrada
pelos métodos de Garson e Olden onde identificou-se que variaveis de entrada com
magnitudes numéricas extremamente pequenas (proximas de zero) provocavam
distor¢des nos pesos sinapticos, concentrando artificialmente a relevancia do modelo.
A aplicagdo da estratégia de normalizagdo proposta corrigiu essa limitagao,
restabelecendo a coeréncia fisica dos indices de importancia (destacando o fator de
carregamento A e a poténcia ativa do gerador slack Pig slacky COMO 0s principais fatores
operacionais) sem comprometer a acuracia da rede.

No Capitulo Ill, a pesquisa avangou para solucionar o carater de "caixa-preta"
inerente as RNAs convencionais e aprimorar a precisao preditiva em regides de forte
comportamento ndo-linear, proximas ao limite de estabilidade de tens&o. Para isso,
propbés-se um Sistema de Inferéncia Neuro-Fuzzy Adaptativo (ANFIS) baseado no
modelo Takagi—Sugeno de primeira ordem, utilizando agrupamento subtrativo e
aprendizado hibrido para criar modelos independentes por barra de nao-referéncia.
Os resultados do ANFIS superaram significativamente o modelo de RNA de referéncia
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no sistema IEEE de 14 barras: atingiu-se um coeficiente de determinagdo (R?) médio
de 0,99998, um RMSE de 3,48x10* rad e um MAE de 2,94 x10* rad no conjunto de
validacdo. O modelo ANFIS acompanhou com alta fidelidade a trajetéria nao-linear
das curvas P- 8 na vizinhanga do ponto de colapso de tensdo e alcangou a
convergéncia ideal de validagao logo na primeira época de treinamento. Em termos
computacionais, o ANFIS obteve uma redugédo adicional de 5,93% no tempo global de
CPU em comparagao com a RNA multi-saida (3,2721 s contra 3,4782 s). Por meio da
analise de sensibilidade por perturbacao de 10%, identificou-se que a poténcia reativa
da barra slack (Qslack}, 22,73%), a poténcia ativa da barra slack (Pig,slack}, 21,38%) €
o fator de carregamento (4, 17,66%) foram os fatores mais determinantes na
estimativa dos angulos.
Em sintese, a trajetéria desenvolvida nesta tese demonstra que:

1. As técnicas aprendidas a partir de dados operacionais reduzem drasticamente
o tempo computacional para estimativa de estado em comparagdo aos
métodos numéricos tradicionais, viabilizando analises de estabilidade em
tempo real.

2. A transicdo de um modelo essencialmente preditivo de "caixa-preta" (RNA)
para uma estrutura "caixa-cinza" (ANFIS) preserva e amplia o desempenho
computacional, garantindo a transparéncia das regras fuzzy SE-ENTAO (if-
then) para os operadores do sistema.

3. O modelo ANFIS estabeleceu um patamar superior de precisao na modelagem
do comportamento nao-linear perto do limite de estabilidade de tenséo,
consolidando-se como uma alternativa robusta para o monitoramento de redes

elétricas modernas.
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Abstract

The estimation of nodal voltage angles is essential for the efficient and secure operation
of electrical power systems. Traditionally, this estimation depends on the prior solution
of the power flow problem, a procedure that may become computationally expensive in
studies involving multiple operating scenarios. The present research demonstrates relevant
potential impact by employing artificial neural networks for the direct estimation of nodal
voltage angles. Although the power flow is used during the database generation stage,
it is no longer required during the model application phase, resulting in a significant
reduction in computational effort of approximately 80%. The proposed model was trained

using the error backpropagation algorithm, achieving a mean squared error (MSE) on

the order of 1073 in only four iterations, with a training time of approximately 3 s and a

correlation coefficient (R) of 0.99. Validation using unseen samples (10% of the samples)
also demonstrated high accuracy, with an error on the order of 103 between the estimated

and expected values. Furthermore, the P-0 curves were successfully obtained for the

IEEE 14-, 30-, and 57-bus systems, enabling the identification of the maximum loading

point with low estimation error. These results confirm the neural network’s ability to

generalize and operate as a reliable estimator under different system loading conditions.
Another relevant aspect of this work was the sensitivity analysis of the input variables,
which made it possible to identify the variables that exerted the greatest influence on the

neural network response. In addition, a normalization step was proposed to overcome

distortions associated with the magnitudes of the input data, demonstrating the efficiency

and robustness of the proposed method.

Keywords: artificial neural networks; nodal voltage angles; electrical power systems; state
estimation; power flow

1. Introduction

The dispatch of electrical energy has become increasingly complex in recent years,
mainly due to the expansion of electrical networks, the integration of intermittent renewable
energy sources, and long-distance power transmission [1]. These developments have
intensified the challenges associated with power system stability, resulting in a higher risk
of voltage instability and voltage collapse events. In particular, the increasing penetration
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Abstract

This paper presents an Artificial Neural Network (ANN) approach for estimating total real
and reactive power losses in electrical power systems. Three network architectures were
explored: the Multilayer Perceptron (MLP), the Radial Basis Function (RBF) network, and
the Generalized Regression Neural Network (GRNN). The main advantage of the proposed
methodology lies in its ability to rapidly compute power loss values throughout the
system. ANN models are especially effective due to their capacity to capture the nonlinear
characteristics of power systems, thus eliminating the need for iterative procedures. The
applicability and effectiveness of the approach were evaluated using the IEEE 14-bus test
system and compared with the continuation power flow method, which estimates losses
using conventional numerical techniques. The results indicate that the ANN-based models
performed well, achieving mean squared error (MSE) values below the predefined threshold
during both training and validation (0.001). Notably, the networks accurately estimated the
total power losses within the expected range, with residuals on the order of 107, Among
the models tested, the RBF network showed slightly superior performance in terms of
error metrics, requiring fewer centers to meet the established criteria compared to the MLP
and GRNN models (11 centers). However, the GRNN achieved the shortest processing
time; even so, all three networks produced satisfactory and consistent results, particularly
in identifying the critical points of electrical power systems, which is of fundamental
importance for ensuring system stability and operational reliability.

Keywords: artificial intelligence; power losses; forecasting; electric power systems; artificial
neural networks

1. Introduction

In the supply of electrical energy to consumers, a significant portion is dissipated
in transmission and distribution systems, resulting in both technical and non-technical
losses. Technical losses, caused by inefficiencies in equipment and infrastructure, generate
considerable economic and environmental impacts [1]. For this reason, mitigating such

Mach. Learn. Knowl. Extr. 2026, §, 4
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Abstract: This paper presents the ANN (Artificial Neural Networks) approach to estimating total real
and reactive power losses in electrical power systems. Two networks were presented: the MLP
(multilayer perceptron) and the RBF (radial basis function) networks. The key advantage of our
methodology is the speed of obtaining power loss values across the system. ANN models are particularly
beneficial as they capture the nonlinear characteristics of the system, eliminating the need for iterative
procedures. The applicability and effectiveness of the proposed methodology have been investigated on
IEEE test systems (14 buses) and compared with the continuation power flow method. which calculates
power losses based on conventional numerical techniques. The results show that the ANN approach
performed well. achieving a mean squared error (MSE) in training below the specified threshold. The
network successfully estimated 98.5% of the total power loss values within the expected range, with
residuals around 10~ and an accuracy of approximately 98%. The RBF (radial basis function) network
demonstrated superior performance compared to the MLP (multilayer perceptron) network.

Resumo: Este artigo apresenta a abordagem baseada em Redes Neurais Artificiais (RNA) para a
estimativa das perdas totais de poténcia ativa e reafiva em sistemas elétricos de poténcia. Foram
utilizadas duas arquiteturas de rede: Perceptron Multicamadas (MLP) e Fun¢do de Base Radial (RBF). A
principal vantagem da metodologia proposta € a rapidez na obtengéo dos valores de perda de poténcia ao
longo do sistema. Os modelos de RNA sdo particularmente vantajosos, pois capturam as caracteristicas
ndo lineares do sistema. eliminando a necessidade de procedimentos iterativos. A aplicabilidade e a
eficacia da metodologia foram investigadas no sistema teste [EEE de 14 barras e comparadas com o fluxo
de poténcia continuado. que calcula as perdas de poténcia por meio de técnicas numeéricas convencionais.
Os resultados demonstram que a abordagem baseada em RNA apresentou um desempenho satisfatério,
com erro quadratico médio (MSE) no treinamento abaixo do limite especificado. A rede conseguiu
estimar 98.5% dos valores de perda total de poténcia dentro da faixa esperada, com residuos em torno de
10~ e uma precisdo aproximada de 98%. A rede RBF (Funcdo de Base Radial) apresentou um
desempenho superior em comparagio com a rede MLP (Perceptron Multicamadas).

Keywords: Artificial intelligence: power losses: forecasting: electric power systems: artificial neural

networks.

Palavras-chaves: Inteligéncia artificial: perdas de poténcia: previsdo: sistemas elétricos de poténcia:

redes neurais artificiais.

1. INTRODUCAO

No processo de entrega de energia aos consumidores finais,
uma parcela significativa da energia ¢ dissipada nos sistemas
de transmissdo e distribuicdo. resultando em perdas técnicas e
nio técnicas. As perdas técnicas, que decorrem de
ineficiéncias nos equipamentos e na infraestrutura, causam
impactos econdémicos e ambientais em escala nacional [1].

Por essa razdo. a otimizagio dessas perdas deve ser tratada de
maneira  abrangente, independentemente da estrutura
institucional do setor elétrico ou da propriedade das
concessiondrias. O volume de perdas nos sistemas de
transmissdo e distribuicio varia entre 3% e 13%.
evidenciando sua relevancia para a eficiéncia do sistema
como um todo (Moldoveanu et al. 2021).
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