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depends on the trade-off between accuracy and computational 
efficiency.

G. Sweep Frequency Response Analysis Responses and Statistical 
Indicators for Various Dielectric Changes in the Bushing Model

1) Sweep Frequency Response Analysis Response and Statistical 
Indicators—Healthy Transformer Reference:
Fig. 7 represents the SFRA of a healthy transformer, showing the 
variation of magnitude (dB) with respect to frequency (rad/sec). The 
response exhibits multiple local maxima and minima, indicating the 
characteristic impedance behavior of the transformer across different 
frequency ranges. A healthy transformer response exhibits positive 
gains across all frequencies, with a total of nine local maxima and ten 
local minima. The highest gain of 2165 dB occurs at 40 rad/sec, while 
the lowest gain of 2112 dB is observed at 2000 rad/sec. Beyond these 
points, the frequency response stabilizes without sudden variations, 
though a decline is noticeable at very high frequencies. According to 
the 68-95-99.7 empirical rule, the SD of the gains is 1.278, indicating 
that 68% of the values fall within one SD of the mean. The skewness 
of 0.2026 suggests a slight rightward extension of the gain distribu-
tion, while the kurtosis of 82.4389, being greater than 3, indicates a 
leptokurtic distribution with a sharp peak and heavy tails.

Table VII presents statistical indicators for different transformer and 
bushing fault classifications based on frequency response analysis. 

It includes fault types, mean gain (X), SD, SKEW, KURT, and CC. The 
healthy transformer has the highest gain (71.48 dB) and the lowest 
SD (1.27), with a CC of 0.99 serving as the reference. Various faults 
show deviations in these parameters, with radial deformation having 

Fig 6.  MATLAB simulation circuit model consisting of both winding and bushing components without resistances.

Fig 7.  Sweep frequency response of a healthy transformer.
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the lowest gain (48.76 dB) and highest skewness (4.12). The correla-
tion coefficient decreases for faulty conditions, indicating deviation 
from the healthy state.

2) Sweep Frequency Response Analysis (1% Dielectric Increase)—C1 
(8%) and C2 (2%) Deviation:
Values: C1 = 2.10902 nF, C2 = 0.455899 nF.

The faulty transformer response shows positive gains across all fre-
quencies, with eight local maxima and minima as shown in Fig. 8. The 
highest (1680 dB at 50 rad/s) and lowest (1640 dB at 5000 rad/s) gains 
indicate abrupt mid-frequency changes, followed by a decline at 
higher frequencies. The SD (SD = 1.292) shows 68% of gains fall within 
one deviation of the mean. A skewness of 5.56368 indicates a right-
skewed distribution, while kurtosis (48.97415) confirms a leptokur-
tic distribution with sharp peaks and heavy tails. The attached SFRA 
diagram highlights a frequency shift in the faulty transformer due to 
a 1% dielectric change in the bushing, affecting system impedance.

Table VIII presents statistical indicators of a faulty transformer after a 
1% dielectric change in the bushing, resulting from moisture impreg-
nation. It compares key parameters like mean, SD, skewness, and 
kurtosis for original (x) and faulty (y) responses. The mean shifts signifi-
cantly from 71.48 (x) to 190.7377 (y), while SD shows a slight increase 
(1.278–1.292). Skewness rises from 0.202657 to 5.56368, indicating 
a shift to a right-skewed distribution, and kurtosis decreases from 
82.4389 to 48.97415, reflecting reduced peak sharpness. Additional 
metrics (ASLE, DABS, MM) further illustrate the impact of dielectric 
variation, with the last row highlighting key statistical differences.

3) Sweep Frequency Response Analysis (2% Dielectric Increase)—C1 
(9.5%) and C2 (4%) Deviation:
Values: C1 = 2.138316 nF, C2 = 0.4559298 nF.

Fig. 9 shows the SFRA response of a faulty transformer after a 2% 
dielectric change in the bushing due to moisture impregnation. The 
magnitude response indicates significant variations between the 
faulty (estsys1) and healthy (estsys2) conditions, highlighting the 
impact of dielectric changes on transformer behavior.

Table IX shows the statistical indicators for the faulty transformer after 
a 2% dielectric change. It compares mean, SD, skewness, and kurtosis 
for both original (x) and faulty (y) responses. The mean shifts notably 
from 71.4 (x) to 6.92 (y), while SD increases significantly (1.27–29.9), 
suggesting higher variability. Skewness remains nearly unchanged, 
but kurtosis drops from 82.4 to 22.7, indicating reduced peak sharp-
ness and tail heaviness. Additional metrics such as ASLE, DABS, and 
MM further quantify the system’s response. The last row highlights 
substantial differences in mean (64.56), SD (28.66), and kurtosis 
(82.24), reflecting the pronounced impact of dielectric changes.

4) Sweep Frequency Response Analysis (3% Dielectric Increase)—C1 
(11%) and C2 (5.5%) Deviation:
Values: C1 = 2.011384 nF, C2 = 0.4603997 nF.

Fig. 10 shows the SFRA response of a faulty transformer after a 3% 
dielectric change in the bushing due to moisture impregnation. The 
frequency response plot illustrates deviations between the faulty 

Fig 8.  Sweep frequency response analysis of faulty X’mer after 1% dielectric change in bushing due to moisture impregnation.

TABLE VII.  STATISTICAL INDICATORS FOR TRANSFORMER AND BUSHING 
FAULT CLASSIFICATION

Fault Type X (dB) SD SKEW KURT CC

Healthy transformer 71.48 1.27 0.20 82.43 0.99 (Reference)

Axial deformation 55.32 2.91 3.54 75.21 0.86

Radial deformation 48.76 3.21 4.12 79.55 0.81

Bushing dielectric 
degradation

65.22 2.10 1.85 60.76 0.88

Moisture 
impregnation in 
bushings

62.43 3.55 2.92 68.45 0.79

Core fault 68.45 1.56 0.92 85.60 0.94

CC, cross-correlation coefficient; KURT, kurtosis; SD, standard deviation; SKEW, 
skewness.
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(estsys2) and healthy (estsys1) conditions, indicating that an increase 
in dielectric variation affects the transformer’s response.

Table X shows the statistical indicators for the faulty transformer 
after a 3% dielectric change. It presents a comparison of mean, SD, 
skewness, and kurtosis between the original (x) and faulty (y) cases. 
The mean shifts from 71.4 (x) to 374.3 (y), with a significant increase 
in SD from 1.19 to 302. The kurtosis also undergoes a major change, 
rising from 54.6 (x) to 6865 (y), indicating a sharp variation in the 
signal distribution. Other statistical parameters, such as ASLE, DABS, 
and MM further quantify these changes, with notable differences 
observed due to the dielectric variation.

5) Sweep Frequency Response Analysis (5% Dielectric Increase)—C1 
(15%) and C2 (7.5%) Deviation:
Values: C1 = 2.05044 nF, C2 = 0.4693395 nF.

Fig. 11 illustrates the SFRA response of a faulty transformer after a 5% 
dielectric change in the bushing due to moisture impregnation. The 
frequency response plot shows a deviation between the faulty (est-
sys2) and healthy (estsys1) conditions, indicating that an increased 
dielectric change further affects the transformer’s response.

Table XI presents the statistical indicators for the faulty transformer 
after a 5% dielectric change. The mean shifts from 71.4 (x) to 583.8 
(y), with a significant increase in SD from 1.37 to 842. The kurtosis 
rises from 45.9 (x) to 8177 (y), indicating a highly leptokurtic distribu-
tion. Skewness also increases, highlighting an extended tail toward 
higher values. The faulty transformer response shows positive gains 
over the frequency range, with four local maxima and three local min-
ima. The highest signal gain (5200 dB) and lowest signal gain (5100 
dB) occur at 106 rad/s and 10 rad/s, respectively. Slight frequency 
shifts are observed across the range, with a more pronounced drop 
at higher frequencies. According to the empirical rule (68-95-99.7), 
the SD(y) of 1.27 × 1 indicates that 68% of the frequency response 
lies within one SD of the mean. The skewness of y (0.20 > 0) suggests 
a tail extending to the right, and a kurtosis of 45.98 > 3 confirms the 
distribution is leptokurtic.

Faulty transformer response has positive gains all over the frequency. 
It consists of 4 local maxima and 3 local minima. The highest gain 
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Fig 9.  Sweep frequency response analysis of faulty X’mer after 2% dielectric change in 
bushing due to moisture impregnation. TA
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(5200 dB) and lowest gain (5100 dB) exist at 106 rad/s, 10 rad/sec, 
respectively. Slight changes in the frequencies are observed all over 
the frequency range. A fall in response is observed at higher frequen-
cies. According to the (68-95-99.7) empirical rule, SD(y) is (1.27 > 1), 
which indicates 68% of the frequency response lies within one devia-
tion of the mean. Skewness(y) of (0.20 > 0) shows a gain distribution 
tail extending toward the right. Kurtosis(y) of 45.98 > 3 shows that 
the distribution is leptokurtic.

Table XII summarizes the key differences between conventional 
SFRA-based transformer diagnostic approaches and the proposed 
transformer–bushing model, highlighting the methodological 
advancements and diagnostic improvements introduced in this work.

V. FAULT SEVERITY DETECTION USING ADAPTIVE NEURO-
FUZZY INFERENCE SYSTEM

Table XIII presents statistical indicators from SFRA for varying dielec-
tric changes, classified using ANFIS. Skewness and kurtosis increase 

Fig 10.  Sweep frequency response analysis of faulty X’mer after 3% dielectric change 
in bushing due to moisture impregnation.
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Fig 11.  Sweep frequency response analysis of faulty X’mer after 5% dielectric change 
in bushing due to moisture impregnation. TA
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with dielectric change, indicating rising signal distortion, while the 
Min–Max Ratio fluctuates. Despite slight deviations, the CC remains 
high (~0.999). The ANFIS assigns severity levels from 5 (safe) to 25 
(critical), confirming its effectiveness in detecting insulation faults as 
dielectric changes increase.

Table XIV presents MATLAB-based SFRA analysis of transformer and 
bushing faults, showing distinct resonance shifts, magnitude drops, 
and phase variations. Bushing faults, especially moisture impregna-
tion (+7.8 kHz shift), cause larger deviations than winding faults. 
Radial deformation exhibits the highest magnitude drop (−6.8 dB) 
and phase variation (20°), while core faults show minimal impact. 
These results confirm SFRA’s effectiveness in diagnosing insulation 
and mechanical defects.

Table XV presents a stage-wise comparison between conventional SFRA-
based transformer diagnostic approaches and the proposed SFRA–
ANFIS framework, highlighting the methodological advancements and 
innovations introduced at each step of the diagnostic process.

A. Adaptive Neuro-Fuzzy Inference System Neural Structure
Fig. 12 depicts the ANFIS structure for severity classification in 
dielectric changes. It processes four inputs with three membership 

functions each, passing through hidden layers where weights are 
adjusted and normalized. The output is computed using the aver-
age weight method, with learning rate optimization refining weights 
if deviations occur. This adaptive structure ensures accurate fault 
severity classification in electrical insulation systems.

Table XVI presents the ANFIS-based fault classification accuracy 
for transformer and bushing faults. The model accurately identi-
fies healthy transformers (99.2%) and various faults, including axial 
(97.6%) and radial deformation (95.3%). It effectively classifies bush-
ing dielectric degradation (93.7%) and moisture saturation (92.1%), 
demonstrating strong reliability. Core faults achieve the highest 
accuracy among faults (98.5%), highlighting ANFIS’s effectiveness in 
fault diagnosis.

B. Adaptive Neuro-Fuzzy Inference System Fuzzy System 
Structure
Fig. 13 illustrates the ANN fuzzy expert system for severity assess-
ment using ANFIS with a Sugeno-based inference mechanism. Key 
statistical features—skewness, kurtosis, min–max ratio, and cross-
correlation—serve as inputs to the ANFIS model. The system pro-
cesses these inputs to compute a severity function, f(u)f(u), which 

TABLE XII.  COMPARATIVE ANALYSIS OF THE PROPOSED TRANSFORMER–BUSHING SWEEP FREQUENCY RESPONSE ANALYSIS MODEL WITH EXISTING WORKS

Aspect Existing Works Proposed Model Key Difference

Bushing 
representation

Most studies ignore bushing behavior or 
treat bushings as fixed capacitive 
elements without dielectric variation.

Incorporates a complete high-frequency bushing model 
including OIP and porcelain paper capacitances (C1, C2), 
series inductance (Ls), and resistance (Rs).

First model to explicitly include bushing 
electrical behavior in SFRA analysis.

Dielectric 
variation 
analysis

Earlier models assume constant 
permittivity and do not study moisture-
driven variations in capacitance.

Examines dielectric permittivity variations (1–5%) and 
calculates corresponding changes in C1 and C2, analyzing 
their effect on SFRA curves.

Introduces moisture-induced dielectric 
variation into SFRA modeling for the 
first time.

Focus of SFRA 
interpretation

Mainly relies on visual comparison of 
frequency responses to detect winding 
faults.

Uses quantitative statistical indicators (skewness, kurtosis, 
SD, cross-correlation, min–max ratio) to compare healthy vs. 
faulty responses.

Moves from subjective interpretation to 
data-driven evaluation.

Fault types 
addressed

Most works analyze winding 
deformation or core displacement only.

Evaluates both winding faults and bushing insulation 
deterioration, including moisture impregnation effects.

Provides a combined transformer–
bushing diagnostic perspective.

Integration with 
AI/Classification

SFRA is rarely combined with machine-
learning models; when used, they focus 
on winding faults only.

Integrates the extended transformer–bushing model with 
ANFIS for fault classification and severity estimation.

First approach to combine 
SFRA + dielectric variation + ANFIS 
classification.

Diagnostic 
ambiguity 
handling

Existing studies do not address 
confusion between winding faults and 
bushing dielectric faults.

Shows how bushing dielectric changes distort SFRA 
responses and may mimic winding faults; ANFIS is trained to 
distinguish them.

Resolves a major diagnostic limitation in 
SFRA-based assessments.

AI, artificial intelligence; ANFIS, adaptive neuro-fuzzy inference system; SFRA, sweep frequency response analysis.

TABLE XIII.  STATISTICAL INDICATORS FOR FIVE DISTINCT FAULT TYPES DERIVED FROM SWEEP FREQUENCY RESPONSE ANALYSIS RESULTS

Dielectric Change in (%) Skewness Kurtosis MM Ratio CC Severity

1 5.56368 48.97415 0.374774 0.9998985 5 (safe)

2 0.29169 0.191314 0.096839 0.78394 10 (lightly severe)

3 15.40433 54.66865 0.190935 0.999876 15 (medium severe)

4 3.263278 52.59686 0.137725 0.999861 20 (highly severe)

5 3.731645 45.98177 0.122428 0.999865 25 (critical)

CC, cross-correlation coefficient; MM, min–max.
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quantifies the fault severity. This framework enhances diagnostic 
accuracy by integrating statistical analysis with fuzzy inference.

C. Severity Surface Functions in Terms of Statistical Indicators 
Computed Through Adaptive Neuro-Fuzzy Inference System
Fig. 14 illustrates the relationship between fault severity, MM ratio, 
and cross-correlation. The 3D plot shows that as these parameters 

increase, fault severity rises, with a sharp increase at higher val-
ues, indicating severe faults. For MM ratio > 0.15 and cross-corre-
lation coefficient < 0.9, fault severity remains largely unchanged. 
However, when the MM ratio < 0.15 and the cross-correlation coef-
ficient > 0.9, severity increases significantly, highlighting critical 
fault conditions.

Fig. 15 illustrates the relationship between fault severity, kurtosis, 
and skewness. The 3D plot shows that as these parameters increase, 
fault severity rises, with a sharp increase at higher values, indicating 
severe faults. For KURT < 40 and SKEW < 10, fault severity remains 
largely unchanged. However, when KURT > 40 and SKEW > 10, sever-
ity increases significantly, indicating a highly severe condition.

Table XVII illustrates ANFIS-based fault classification using resonance 
shift, magnitude drop, and phase variation. A healthy transformer 
shows no deviation, while axial deformation causes a +2.3 kHz shift, 
−5.2 dB drop, and 15° phase change, indicating moderate sever-
ity. Radial deformation has the most severe impact with a +3.1 kHz 
shift, −6.8 dB drop, and 20° phase variation. Inter-turn short shows a 
smaller but notable effect with a +1.5 kHz shift, −3.9 dB drop, and 10° 
phase change. The results highlight a correlation between increasing 
resonance shift, magnitude drop, and fault severity, aiding ANFIS in 
fault distinction.

TABLE XIV.  MATLAB SIMULATION RESULTS FOR TRANSFORMER AND 
BUSHING FAULTS

Fault Type
Resonance 
Shift (Hz)

Magnitude 
Drop (dB)

Phase 
Variation (°)

Healthy transformer – 0 0

Axial deformation +2.3 kHz −5.2 dB 15°

Radial deformation +3.1 kHz −6.8 dB 20°

Bushing dielectric degradation +5.4 kHz −3.9 dB 12°

Moisture impregnation in 
bushings

+7.8 kHz −4.5 dB 18°

Core fault −1.2 kHz −2.5 dB 8°

TABLE XV.  COMPARISON OF CONVENTIONAL SWEEP FREQUENCY RESPONSE ANALYSIS–BASED DIAGNOSTIC STAGES WITH THE PROPOSED SWEEP 
FREQUENCY RESPONSE ANALYSIS–ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM FRAMEWORK

Stage Conventional SFRA-Based Studies Application in the Present Work Innovation/Difference

SFRA data acquisition SFRA is mainly used for winding 
deformation detection; bushings are 
ignored or treated as fixed capacitances.

SFRA signatures are obtained from a combined 
transformer–bushing model, explicitly including bushing 
dielectric behavior.

First SFRA framework to include 
dielectric-dependent bushing 
modeling.

Modeling approach Lumped winding or core models 
without dielectric variation.

High-frequency winding model integrated with bushing 
model (C1, C2, Ls, Rs) under 1–5% dielectric permittivity 
variation.

Enables realistic simulation of 
moisture-induced bushing 
insulation degradation.

SFRA interpretation 
method

Visual comparison of magnitude and 
resonance shifts; expert-dependent.

SFRA responses are numerically processed using statistical 
indicators across frequency bands.

Eliminates subjectivity and expert 
dependency.

Feature extraction from 
SFRA

Limited indicators (e.g., correlation or 
amplitude ratio only).

Multiple statistical features extracted: mean, SD, skewness, 
kurtosis, min–max ratio, cross-correlation.

Rich feature space improves fault 
separability.

Handling of bushing 
faults

Bushing faults are diagnosed separately 
using FDS or DGA, not SFRA.

Bushing dielectric degradation and moisture ingress are 
directly reflected in SFRA features.

Bridges SFRA and bushing 
diagnostics in a single framework.

Use of AI/Machine 
learning

ANN or ANFIS are applied mainly to 
winding faults, without a physical 
modeling linkage.

ANFIS is trained using SFRA-derived statistical indicators 
from both winding and bushing faults.

Physics-informed AI-based fault 
diagnosis.

Fault classification Binary or limited multi-class 
classification (healthy/faulty).

Multi-class classification: healthy, axial deformation, radial 
deformation, bushing dielectric degradation, moisture 
impregnation, and core fault.

Expanded fault taxonomy, 
including insulation-related 
faults.

Fault severity 
assessment

Mostly qualitative or threshold-based. Quantitative severity index (5–25) generated by ANFIS 
based on statistical features.

Enables severity grading, not just 
fault detection.

Diagnostic ambiguity 
resolution

Cannot distinguish between winding 
faults and bushing dielectric effects in 
SFRA plots.

ANFIS differentiates winding deformation vs. bushing 
dielectric distortion, even when SFRA curves appear similar.

Resolves a major limitation of 
conventional SFRA interpretation.

Workflow 
representation

No unified diagnostic workflow. Complete pipeline developed: SFRA → feature extraction 
→ ANFIS training → fault type and severity output.

End-to-end automated 
diagnostic framework.

AI, artificial intelligence; ANFIS, adaptive neuro-fuzzy inference system; SFRA, sweep frequency response analysis;
FDS, Frequency Domain Spectroscopy



Electrica 2026; 26: 1-21
Kumar et al. SFRA, Statistical Indicators, and ANFIS

17

Table XVIII compares SFRA and artificial intelligence–based ANFIS 
for fault detection. Sweep frequency response analysis relies on 
slow manual interpretation, while ANFIS enables fast, automated 
decisions. Adaptive neuro-fuzzy inference system achieves higher 
accuracy (~98% for transformer and ~92% for bushing faults) than 
SFRA (~85% and ~75%). Sweep frequency response analysis requires 
expert knowledge, whereas ANFIS uses automated learning. Unlike 
SFRA’s qualitative approach, ANFIS provides data-driven classifica-
tion with high scalability for real-time monitoring.

D. Step-by-Step Simulation Procedure for Validation of the 
Proposed Method
Step 1: Development of the Reference Transformer Model

A high-frequency lumped-parameter transformer winding model 
is developed in MATLAB to represent the healthy operating condi-
tion. The model incorporates winding resistance, inductance, shunt 
capacitance, and mutual coupling, serving as the reference for SFRA.

Step 2: Integration of the Bushing Model

A high-frequency transformer–bushing model is incorporated into 
the reference winding model. The bushing is represented using OIP 

capacitance (C1), porcelain paper capacitance (C2), series inductance 
(Ls), and resistance (Rs). This integration enables the investigation of 
bushing insulation behavior under dielectric variations.

Step 3: Sweep Frequency Response Analysis Signal Injection and 
Frequency Sweep

A low-voltage sinusoidal excitation signal is injected into the trans-
former model, and the frequency is swept from low to high fre-
quency. The output response is recorded, and the transfer function 
magnitude is computed to obtain the SFRA signature of the healthy 
transformer.

Step 4: Simulation of Fault Conditions

To simulate bushing insulation degradation, dielectric permittivity 
is increased incrementally (e.g., 1%, 2%, 3%, and 5%) to represent 
moisture ingress. These changes result in corresponding variations in 
bushing capacitances (C1 and C2), producing distinct SFRA responses 
for different fault severities.

Step 5: Extraction of Statistical Features

For each SFRA response, statistical indicators such as mean, SD, 
skewness, kurtosis, min–max ratio, and cross-correlation coefficient 
are computed. These features quantitatively characterize deviations 
between healthy and faulty conditions.

Fig 12.  Adaptive neuro-fuzzy inference systems structure.

TABLE XVI.  ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM–BASED FAULT 
CLASSIFICATION ACCURACY (TRANSFORMER + BUSHING)

Fault Type
Actual 

Condition Predicted by ANFIS
Accuracy 

(%)

Healthy transformer Healthy Healthy 99.2

Axial deformation Faulty Axial fault 97.6

Radial deformation Faulty Radial fault 95.3

Bushing dielectric 
degradation

Faulty Bushing dielectric fault 93.7

Moisture saturation in 
bushings

Faulty Moisture-induced fault 92.1

Core fault Faulty Core fault 98.5

ANFIS, adaptive neuro-fuzzy inference system.

Fig 13.  Artificial neural network fuzzy expert system.
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Step 6: Adaptive Neuro-Fuzzy Inference System Training and 
Testing

The extracted statistical features are used as inputs to the ANFIS. The 
model is trained using supervised learning to map SFRA features to 
fault classes and severity levels.

Step 7: Fault Classification and Severity Assessment

The trained ANFIS model classifies the transformer condition into 
three categories: healthy, winding fault, or bushing dielectric fault, 
and assigns a corresponding severity index. This step validates the 
proposed framework’s ability to perform both fault identification 
and severity estimation.

E. Accuracy and Reliability Comparison of Conventional and 
Artificial Intelligence–Based Sweep Frequency Response Analysis 
Techniques
It can be observed from Table XIX that most existing fuzzy inference–
based approaches focus on limited fault categories and provide only 
qualitative diagnosis, whereas the proposed method achieves higher 

diagnostic accuracy while enabling quantitative severity assessment 
for both winding and bushing dielectric faults. The proposed SFRA–
ANFIS framework achieves the highest accuracy, precision, recall, 
and F1-score among the compared fuzzy and neuro-fuzzy diagnos-
tic approaches, demonstrating its effectiveness for comprehensive 
transformer fault diagnosis.

VI. CONCLUSION

This paper presents an integrated diagnostic framework that com-
bines SFRA with an ANFIS for intelligent fault diagnosis and sever-
ity assessment of power transformers, with a particular emphasis on 
the effects of bushing dielectric degradation and moisture ingress. 
Unlike conventional SFRA-based approaches that rely heavily on 
expert visual interpretation, the proposed method introduces a 
quantitative, automated, and data-driven diagnostic strategy.

A key contribution of this work is the development of an extended 
high-frequency transformer model incorporating a dielectric-
dependent bushing model, which enables a systematic investiga-
tion of how moisture-induced permittivity variations affect SFRA 
signatures. By explicitly modeling bushing capacitance variations, 
the proposed approach addresses a critical diagnostic gap where 
bushing insulation degradation can mimic winding deformation in 

Fig 14.  Relationship between fault severity with min–max ratio and 
cross-correlation coefficient combinations.

Fig 15.  Fault severity as a function of the combinations of kurtosis 
and skewness.

TABLE XVII.  ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM–BASED FAULT 
CLASSIFICATION ACCURACY

Fault Type
Resonance Shift 

(Hz)
Magnitude Drop 

(dB)
Phase 

Variation (°)

Healthy transformer – 0 0

Axial deformation +2.3 kHz −5.2 dB 15°

Radial deformation +3.1 kHz −6.8 dB 20°

Inter-turn short +1.5 kHz −3.9 dB 10°

TABLE XVIII.  COMPARATIVE ANALYSIS OF SWEEP FREQUENCY RESPONSE 
ANALYSIS VS. ARTIFICIAL INTELLIGENCE–BASED FAULT DETECTION FOR 
TRANSFORMER AND BUSHING

Parameter
Traditional SFRA 
(Expert-Based)

AI-Based ANFIS 
Classification

Fault detection time Slow (manual 
interpretation)

Fast (automated 
decision)

Accuracy (transformer 
faults) (%)

~85 ~98

Accuracy (bushing 
faults) (%)

~75 ~92

Required expertise High (transformer experts) Low (automated 
learning)

Fault classification Qualitative (visual) Quantitative 
(data-driven)

Scalability Limited High (real-time 
monitoring)

ANFIS, adaptive neuro-fuzzy inference system; SFRA, sweep frequency response 
analysis.
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SFRA responses. The extraction of multiple statistical indicators like 
mean, SD, skewness, kurtosis, minimum-maximum ratio, and cross-
correlation allowed for the effective quantification of subtle devia-
tions in frequency response.

The ANFIS-based classifier successfully utilized these SFRA-derived 
features to perform multi-class fault identification and severity 
grading, achieving high classification accuracy for both transformer 
winding faults and bushing-related insulation faults. The inclusion of 
a severity index further enhances the practical value of the method 
by supporting condition-based maintenance and prioritization of 
inspection or replacement actions.

Despite these advantages, the proposed method has certain limi-
tations. First, the validation presented in this study is based on 
MATLAB-based simulations. Although the models are derived from 
established transformer and bushing parameters, experimental vali-
dation using field-measured SFRA data would further strengthen the 
findings. Second, SFRA measurements are inherently sensitive to test 
setup, grounding conditions, and cable configurations; therefore, 
careful standardization is required for consistent real-world imple-
mentation. Additionally, while ANFIS performs well with limited 
datasets, its performance may be influenced by the choice of mem-
bership functions and the distribution of the training data.

In practical applications, the proposed SFRA–ANFIS framework can 
be effectively utilized as a decision-support tool for transformer con-
dition monitoring, particularly during offline testing after transporta-
tion, following fault events, or during periodic maintenance. Utilities 
can integrate the methodology into existing SFRA test procedures to 
automatically distinguish between winding deformation and bush-
ing dielectric degradation, reducing dependence on expert judg-
ment and minimizing diagnostic ambiguity. With further validation 
using field data and integration with online monitoring systems, the 
proposed approach has strong potential for deployment in real trans-
former health assessment and predictive maintenance programs.

Future work will focus on experimental validation using measured 
SFRA data from in-service transformers, extending the framework 
to include temperature and aging effects, and exploring deep learn-
ing–based hybrid models to further enhance diagnostic robustness 
and automation.
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