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Abstract 
Reliable transformer condition assessment requires the combined interpreta-
tion of several diagnostic measurements, as no single test can fully describe 
the condition of the oil-paper insulation system. This study develops and val-
idates a multi-parameter Health Index (HI) for power transformers using field 
data collected from 101 in-service units operating under different voltage lev-
els, powers ratings and ages. The proposed method combines dissolved gas, 
moisture, dielectric performance, acidity, and cellulose-aging indicators to 
calculate a HI score ranging from 0 to 100. Based on this score, the transform-
ers were divided into five condition groups, from very poor to very good. The 
results obtained show that 35 units are in very good condition, while 11 trans-
formers fall within the most degraded range and require particular attention. 
In addition, the principal component analysis (PCA) was used to examine 
whether the different HI groups were consistent with the diagnostic patterns. 
The first two principal components explained 63.58% of the total variance and 
revealed a gradual transition from healthy units, characterized by high break-
down voltage and limited degradation, to the deteriorated transformers with 
increased moisture, dissolved gases, acidity, and aging products. K-means 
clustering revealed partial agreement with the HI groups, particularly for the 
extreme condition, while showing greater overlap among the intermediate cat-
egories. A case study involving two transformers also demonstrated that sim-
ilar HI ranges may result from distinct degradation mechanisms. Consequently, 
it is necessary to interpret the HI score together with individual test results. 
The proposed approach provides a practical tool for utilities to assess trans-
former fleets, compare equipment condition, prioritize maintenance activities, 
and support risk-informed asset management decisions. 
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1. Introduction 

Electricity has become an indispensable component of modern society, support-
ing economic growth, industrial development, healthcare systems, transportation, 
communication networks, and the digital economy. As electricity demand con-
tinues to grow, electric utilities must ensure that power systems remain reliable 
and operate safely. 

Among all the equipment in a power system, transformers are the most criti-
cal and expensive assets. Indeed, transformer failures can lead to power outages, 
equipment damage, and high maintenance costs. Therefore, maintaining their 
good operating condition is essential for reliable and secure power system op-
eration. Hence, robust diagnostic methods are needed to accurately assess trans-
former condition and support maintenance decisions. 

Transformer condition is commonly assessed using several diagnostic tech-
niques. Dissolved gas analysis (DGA) helps identify thermal and electrical faults 
by examining gases generated within the oil-paper insulation system [1]. Moisture 
measurement provides information about water contamination, which can reduce 
dielectric strength and accelerate cellulose aging [2]. Breakdown voltage is used to 
evaluate dielectric performance, while acidity reflects oil oxidation and the for-
mation of polar degradation products. Carbon oxides and furanic compounds 
provide additional information on cellulose degradation and insulation aging [3]. 

Although conventional diagnostic techniques provide useful information, they 
are often used independently. However, transformer degradation is a complex 
process driven by the combined effects of electrical, thermal, and environmental 
stresses on the oil-paper insulation system, leading to multiple degradation mech-
anisms that often occur simultaneously. Consequently, using a single diagnostic 
technique may not provide a complete picture of transformer condition, since 
each method focuses on a specific aspect of insulation aging [4] [5]. 

To overcome these limitations, methodologies based on the HI have attracted 
considerable interest in recent years [6] [7]. An HI combines several diagnostic 
indicators into a single numerical value that reflects the global condition of trans-
former. Compared to individual diagnostic tests, this approach provides a more 
comprehensive assessment of insulation degradation. It also facilitates compari-
sons among transformers within the same fleet, and simplifies maintenance plan-
ning, asset replacement decisions, and long-term investment strategies [8]. How-
ever, the reliability of an HI depends strongly on the selected indicators, scoring, 
and weighting factors. These elements may vary depending on equipment design, 
available measurements, operating practices, and environmental conditions [9]. 
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Furthermore, many published approaches are based mainly on expert rules or on 
limited datasets, without sufficient field evaluation to determine whether the re-
sulting state groups accurately reflect the measured data. 

This study develops a multi-parameter health index based on diagnostic data 
from 101 in service power transformers operating under different service condi-
tions. The method integrates the analysis of dissolved gases, moisture content, di-
electric performance, acidity, and indicators of cellulose aging into a normalized 
score ranging from 0 to 100. Based on this value, transformers are classified into 
five condition groups, ranging from “very poor” to “very good”. The proposed 
framework aims to preserve the diagnostic value of each test while providing a 
clearer representation of the equipment’s total condition. 

Principal component analysis (PCA) is used to assess whether the clusters 
formed by the proposed HI correspond to the main degradation patterns con-
tained in the diagnostic data. The transformers are displayed on the PC1-PC2 plot 
according to their previously assigned HI categories. Clustering using the K-
means method permits an additional comparison between the groups defined by 
indices and the natural structure of the dataset. Principal component analysis 
(PCA) and K-means clustering have been used to reduce correlated variables, 
identify dominant degradation patterns, and facilitate the interpretation of multi-
dimensional measurements [10]. 

The main contribution of this work lies in a practical and field-based frame-
work that combines traditional transformer diagnostic methods with multivariate 
statistical analysis. Unlike approaches that are limited to calculating an overall 
score, the proposed methodology makes it possible to assess whether the five HI 
groups reflect significant differences. The index obtained in this way provides a 
consistent basis for comparing fleets and setting maintenance priorities, while re-
taining the diagnostic information needed to identify major problems and select 
appropriate corrective actions. 

2. Overview of Diagnostic Parameters 
2.1. Dissolved Gas Analysis (DGA) 

Dissolved Gas Analysis (DGA) is one of the most used techniques for assessing 
the condition of oil-filled power transformers. Electrical and thermal stresses in-
side the transformer decompose the oil-paper insulation system, generating gases 
such as hydrogen (H2), methane (CH4), ethane (C2H6), ethylene (C2H4), acetylene 
(C2H2), carbon monoxide (CO), and carbon dioxide (CO2) [1] [11]. Each gas or 
combination of gases is associated with specific types of defects. Several methods 
are used to interpret the results of dissolved gas analysis (DGA), including the key 
gas method, gas ratio methods like the Rogers ratio, and graphical methods such 
as the Duval triangle [12] [13]. In addition, the international standards IEC 60599 
[11] and IEEE C57.104 [1] provide guidelines for interpreting dissolved gas con-
centrations and identifying transformer faults. Although discharge gas analysis 
(DGA) is an effective diagnostic tool, it has certain limitations. The results can be 
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difficult to interpret when multiple faults occur simultaneously, and periodic oil 
samples may not be sufficient to detect rapidly developing faults. Consequently, 
DGA is often combined with other diagnostic techniques to provide a more com-
plete assessment of transformer condition [4] [14]. 

2.2. Furan Analysis 

Furan analysis is widely used to assess the aging of paper insulation in power 
transformers. As paper insulation ages under thermal and oxidative stress, cellu-
lose gradually breaks down and releases furan compounds into the insulating oil. 
These compounds include 2-furfural (2-FAL), 5-hydroxymethyl-2-furfural (5-
HMF), and other related compounds [15] [16]. Among these, 2-furfural (2-FAL) 
is the most used indicator for assessing the aging of paper-based insulation mate-
rials, as it is relatively stable and closely linked to cellulose degradation [17]. While 
DGA analysis detects electrical and thermal defects, furan analysis provides direct 
information on the condition of paper insulation. Since the concentration of 2-
furfural (2-FAL) is closely related to the degree of polymerization (DP) of cellu-
lose, it is commonly used to assess the aging of the insulation and estimate the 
transformer’s remaining service life [3] [18]. Although furan analysis is primarily 
used to assess the long-term aging of paper insulation, it is less effective for de-
tecting rapidly developing failures. In addition, factors such as oil replacement, 
operating temperature, and humidity can affect furan concentrations. For this 
reason, furan analysis is often combined with other diagnostic techniques, such as 
DGA and moisture measurement, to obtain a more comprehensive assessment of 
transformer condition [19].  

2.3. Oil Dielectric Breakdown Voltage (BDV) 

BDV test is employed to evaluate the insulating performance of transformer oil. 
Over time, thermal, electrical, and chemical aging gradually degrades the oil, lead-
ing to the formation of moisture, sludge, dissolved gases, and other contaminants 
that reduce its dielectric strength [20]. According to IEC 60156, the test consists 
of applying an alternating voltage that increases continuously at a rate of 2 kV/s 
between two electrodes immersed in a sample of oil until dielectric breakdown 
occurs. To ensure the reliability of the results, six consecutive breakdown tests are 
performed, and the average of the measured breakdown voltages is reported as the 
BDV value of oil [21]. The relationship between oil dielectric strength and the 
BDV value is described in the IEEE C57.106 standard [22]. In practice, a BDV 
value below 30 kV generally indicates significant oil degradation and requires ad-
ditional investigations as well as corrective maintenance measures [23] [24].  

2.4. Acidity 

The acids present in the oil come from its decomposition or oxidation. They may 
also come from external sources, such as atmospheric contamination. The meas-
ure is made with Color-Indicator Titration technique according to ASTM D974. 
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The standard unit of measure is mg KOH/g. During transformer operation, oxi-
dation gradually generates polar byproducts, particularly organic acids, which 
leads to an increase in the acid number (AN). Fresh oil insulation contains little 
or no acidic compounds, whereas a high AN value in service aged oil generally 
indicates oxidation or contamination by materials such as varnish, paint, or other 
foreign substances. Consequently, the acid number is widely recognized as a val-
uable indicator of oil aging, oxidation, nitration, and contamination, making it an 
important parameter for assessing the condition of transformers. According to 
industry recommendations, oil regeneration should be considered when the acid 
number reaches 0.20 mg of KOH/g [23]. 

2.5. Moisture Content 

Moisture is one of the main factors affecting the performance and service life of 
transformer insulation systems. It is present in both insulating oil and paper in-
sulation, where it reduces dielectric strength and accelerates insulation aging [25]. 
At high temperatures, it can also cause the formation of bubbles, which increases 
the risk of insulation failure [25]. The moisture content of transformer oil is gen-
erally measured in parts per million (ppm) using a Karl Fischer titration. The dis-
tribution of moisture between the insulating oil and the paper insulation depends 
on the temperature and the moisture equilibrium within the insulation system 
[26].  

Although the presence of moisture does identify specific transformer faults, it 
significantly accelerates insulation aging and degradation. As a result, moisture is 
an important parameter for assessing the full condition of the transformer [19]. 

3. Health Index Development 

Transformer insulation deteriorates under multiple interacting mechanisms. Con-
sequently, assessing its condition based on a single diagnostic parameter can lead 
to incomplete conclusions. To provide a more comprehensive assessment, this 
study develops a multiparameter HI that integrates complementary diagnostic 
measurements into a single condition indicator. It was developed based on field 
measurements collected from 101 power transformers in service within the Ivo-
rian transmission grid.  

The methodology consists of four successive steps: data preprocessing, feature 
engineering, calculation of the condition index, and condition classification. 

3.1. Dataset and Preprocessing 
3.1.1. Dataset Description 
The dataset used in this study was collected from 101 power transformers in ser-
vice on the Ivorian transmission grid. Sampling of 101 transformers was con-
ducted between September 1 and September 15, 2025. The 101 transformers were 
inspected as part of the public utility’s regular preventive maintenance program. 
The measurements were taken from October 6 to October 10, 2025. A complete 
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observation consists of 17 variables. These transformers cover a wide range of 
voltage levels, powers ratings, and operating conditions, providing a realistic over-
view of transformer performance in the field. 

The fleet includes transformers that were commissioned between the mid-
1960s and recent years, exhibiting varying degrees of aging and insulation condi-
tions. Their technical characteristics range from small distribution transformers 
to large transmission units operating at voltages up to 225 kV. This diversity 
makes the dataset particularly well-suited for studying various degradation mech-
anisms, since transformer aging is influenced by operating history, load condi-
tions, and environmental factors [2].  

To obtain a more comprehensive assessment of the transformer’s condition, 
diagnostic parameters from several categories were considered and grouped into 
three diagnostic categories, as shown in Table 1. 

 
Table 1. Categories of diagnostic parameters considered in this study. 

Category Parameters Units Diagnostic significance 

Dissolved 
Gas Analysis 

H2, CH4, C2H2, C2H4, 
C2H6, CO, CO2 

ppm 
Thermal and electrical fault 

detection 

Oil quality 

Moisture ppm 
Moisture contamination and 
accelerated insulation aging 

Acidity 
mg 

KOH/g 
Formation of acidic  

by-products 

Breakdown voltage kV 
Dielectric strength of 

insulation oil 

Paper 
insulation 

2-Furfural (2-FAL) mg/L 
Cellulose degradation and 
estimation of remain life 

 
Each diagnostic parameter provides information about a different aspect of 

transformer degradation. When used together, they allow a more complete and 
reliable assessment of transformer condition [19]. 

3.1.2. Data Cleaning and Reconstruction 
Field data collected from operating transformers often contains missing values, 
inconsistent data formats, and incomplete historical information. Consequently, 
the dataset has been preprocessing to improve data quality and ensure consistent 
results. First, all diagnostic data were organized into a structured database, in 
which each transformer was treated as a separate observation and each diagnostic 
measurement served as an input feature. 

3.1.3. Missing Value Treatment 
Some diagnostic measurements were missing from the dataset. To retain all rec-
ords related to transformers and ensure consistent analysis, the missing values 
were replaced using median imputation, as shown in Equation (1): 
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( )
i iimp

i
i

x x NaN
x

median X x NAN
≠=  =

                  (1) 

Median imputation was used because transformer diagnostic data often con-
tains extreme values associated with failure conditions. Unlike the mean, the me-
dian is much less influenced by these values, making it a more robust choice for 
handling missing data [27]. 

The number of missing values for each seven variables was as follows: TDCG: 
(0); BDV: (0); moisture: (0); 2-FAL: (0); CO2: (0); acidity: (0); and transformer 
age: (4). Median imputation was performed before calculating the HI and con-
ducting multivariate analysis. The median for each variable was calculated based 
on the available observations for the fleet. The variables were then standardized 
using z-scores prior to PCA analysis and K-means clustering. 

3.2. Additional Features 

To improve diagnostic performance, two additional features (transformer age 
and gas aggradation indicator) were derived from the initial measurements 
through. 

Transformer age was included as an additional parameter, since insulation deg-
radation is largely related to cumulative operating time and thermal aging [27]. It 
was calculated using Equation (2): 

,i ref comm iAge Y Y= −                       (2) 

where iAge  denotes the age of transformer i, refY  is the reference year used in 
this study, and ,comm iY  is the commissioning year of transformer i. 

The Total concentration of Dissolved Combustible Gas (TDCG) was used as an 
complete indicator of gas production associated with transformer failures. In ac-
cordance with the definition given in Equation (3), the TDCG value was calculated 
as the sum of the main combustible gases dissolved in the insulating oil. To further 
improve the interpretation of failures, gas aggregation indicators were also con-
sidered [28] [29]. 

1
n

iiTDCG G
=

= ∑                       (3) 

where TDCG  is the total dissolved combustible gas concentration (ppm), iG  
denotes the concentration of the thi  combustible gas (ppm), and 6n =  (H2, 
CH4, C2H6, C2H4, C2H2, and CO) is the number of combustible gases considered. 

3.3. Health Index Formulation (HI) 

Transformer degradation is influenced by several electrical, thermal, and chemical 
stresses that occur simultaneously. To capture these various aspects into a single 
indicator, a multiparameter HI was developed by [30] [31]. This approach esti-
mates the HI of transformers through a three-step evaluation process. First, the 
dissolved gas analysis factor (DGAF) is calculated with the concentrations of the 
seven key dissolved gases using Equation (4): 
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7
1
7

1

i ii

ii

S W
DGAF

W
=

=

= ∑
∑

                        (4) 

where iS  is the condition score assigned to the ith dissolved gas according to the 
applicable diagnostic standard, iW  is the weighting factor reflecting its relative 
importance, and i represents the seven characteristic gases (H2, CH4, C2H6, C2H4, 
C2H2, CO, and CO2). 

Next, the Oil Quality Factor (OQF) is determined by evaluating the main phys-
icochemical properties of the insulating oil, including dielectric breakdown volt-
age, acidity, and moisture content. The OQF is calculated using the weighted av-
erage formulation given in Equation (5): 

3
1
3

1

i ii

ii

S W
OQF

W
=

=

= ∑
∑

                        (5) 

where iS  denotes the condition score of the ith oil quality parameter, iW  is its 
corresponding weighting factor, and irefers to the three oil properties considered 
in the assessment. 

The weighting factors assigned to each diagnostic parameter and the corre-
sponding score are presented in Table 2 and Table 3 for the DGAF and the OQF, 
respectively. 

 
Table 2. DGAF parameters [30] [32]. 

Gas 
(ppm) 

Score (Si) 
Weight (Wi) 

1 2 3 4 5 6 

H2 ≤100 100 - 200 200 - 300 300 - 500 500 - 700 >700 2 

CH4 ≤75 75 - 125 125 - 200 200 - 400 400 - 600 >600 3 

C2H6 ≤65 65 - 80 80 - 100 100 - 120 120 - 150 >150 3 

C2H4 ≤50 50 - 80 80 - 100 100 - 150 150 - 200 >200 3 

C2H2 ≤3 3 - 7 7 - 35 35 - 50 50 - 80 >80 5 

CO ≤350 350 - 700 700 - 900 900 - 1100 1100 - 1400 >1400 1 

CO2 ≤2500 2500 - 3000 3000 - 4000 4000 - 5000 5000 - 7000 >7000 1 

 
Table 3. oil quality parameters [30] [32]. 

Oil parameters U < 69 kV 69 kV ≤ U < 230 kV U ≥ 230 kV Score (S1) Weight (Wi) 

Breakdown voltage 
(kV) 

≥45 kV ≥52 ≥60 1 

3 
35 - 45 45 - 52 50 - 60 2 

30 - 35 35 - 45 40 - 50 3 

≤30 ≤ 35 ≤40 4 

Acidity (mg KOH/g) 

≤0.05 ≤0.04 ≤0.03 1 

1 
0.05 - 0.1 0.04 - 0.1 0.03 - 0.07 2 

0.1 - 0.2 0.1 - 0.15 0.07 - 0.1 3 

≥0.2 ≥0.15 ≥0.4 4 
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Continued  

Water content (ppm) 

≤20 1 

4 
20 - 30 2 

30 - 40 3 

>40 4 

 
Similarly, the evaluation of paper insulation condition using furan is presented 

in Table 4. The score of DGAF and OQF calculated are also classified into five 
levels, as shown in Table 5. 

Finally, the global HI is obtained by combining the different diagnostic indica-
tors into a single metric, as shown in Equation (6). Details of HIFj and Kj indices 
for each parameter are presented in Table 6. Table 7 presents the final assessment 
of transformers condition based on the transformer HI methods. 

 
Table 4. Furan factor ranking [30]. 

2 FAL (ppm) Rating code Condition 

0 - 0.1 A Good 

0.1 - 0.25 B Acceptable 

0.25 - 0.5 C Need caution 

0.5 - 1 D Poor 

>1 E Very poor 

 
Table 5. Assement the score of DGAF and OQF [30] [32]. 

Rating code Condition Description 

A Good x < 1.2 

B Acceptable 1.2 ≤ x < 1.5 

C Need caution 1.5 ≤ x < 2 

D Poor 2 ≤ x < 3 

E Very poor x ≥ 3 

 

( ) 1

1

% 100
4

n
j jj

n
jj

K HIF
HI

K
=

=

 
 =
 
 

∑
∑

                    (6) 

where jK  is the weight factor indicating the significance of each input to the 
final health index and jHIF  is the health index factor of each input, as shown in 
Table 6. 

 
Table 6. Health index assessment [30] [32]. 

Transformer parameters Kj Rating code HIFj 

DGAF 10 A, B, C, D, E 4, 3, 2, 1, 0 

OQF 8 A, B, C, D, E 4, 3, 2, 1, 0 

Furan 5 A, B, C, D, E 4, 3, 2, 1, 0 
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Table 7. Health index final assessment [30] [32]. 

Health index Condition Recommended action 

85 - 100 Very good Routine monitoring 

70 - 85 Good Normal monitoring 

50 - 70 Fair Additional testing and shorter monitoring interval 

30 - 50 Poor Detailed investigation and corrective maintenance 

0 - 30 Very poor Immediate assessment and intervention planning 

4. Results and Discussion 
4.1. Relationship between Moisture and Dielectric Degradation 

Figure 1 illustrates the relationship between water saturation and tan δ measured 
at 90˚C. Most transformers have a water saturation of less than 20% and exhibit 
relatively low tan δ values. However, tan δ generally tends to increase with water 
saturation. Several transformers with higher moisture levels also exhibit higher 
dielectric losses, indicating that moisture may contribute to the degradation of the 
oil-paper insulation system. Water can increase electrical conductivity and polar-
ization losses, thereby altering the dielectric response of insulating materials. Pre-
vious studies have also shown that the dielectric behavior of transformer insula-
tion is strongly influenced by humidity and temperature [33]. Nevertheless, this 
relationship is not consistent across all transformers. Some units with water satu-
ration exceeding 20% maintain low tan δ values, while a transformer with water 
saturation of approximately 17% exhibits an unusually high dissipation factor. 
These observations indicate that moisture may contribute to an increase in die-
lectric losses, but it is not the only factor involved. Oil oxidation, polar contami-
nants, insulation aging, temperature can also affect tan δ. 

From the perspective of the health index, water saturation and tan δ should be 
considered complementary indicators rather than interchangeable ones. Water 
saturation describes the moisture condition of the insulation system, while tan δ 
reflects the entire dielectric losses associated with moisture, aging byproducts, and 
contamination. Including both parameters thus provides a more complete picture 
of insulation degradation. 

In sum, Figure 1 shows that higher water saturation is generally associated with 
greater dielectric losses. However, neither of these two parameters, taken alone, 
can’t reliably describe the condition of the transformer’s insulation. Combining 
them with other physicochemical and electrical indicators therefore provides a 
more reliable assessment. 

4.2. Relationship between Cellulose Aging and Gas Generation 

Figure 2 illustrates the relationship between carbon monoxide (CO) concentra-
tion and 2-furfural (2-FAL) content. Some transformers with a 2-FAL content of 
less than 1 mg/L have CO concentrations ranging from less than 100 ppm to more 
than 1,400 ppm. This wide dispersion indicates that the two indicators do not ex-
hibit a strong linear relationship. 
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Other units with 2-FAL concentrations exceeding 2 mg/L also show relatively 
high CO concentrations, suggesting advanced degradation of the cellulose insula-
tion. However, this trend is not consistent across the entire dataset. For example, 
transformers with 2-FAL levels above 3 mg/L have CO concentrations from approx-
imately 450 to 1,200 ppm. Similarly, some units exhibit high CO levels despite rela-
tively low 2-FAL levels. These differences may be related to operating temperature, 
oxygen availability, oil replacement or treatment, paper type, loading history, and 
the migration of degradation products between the solid insulator and the oil [34]. 

Although both variables are associated with cellulose aging, they reflect differ-
ent degradation processes. CO is primarily produced by the thermal decomposi-
tion and oxidation of paper insulation. In contrast, 2-FAL is a more specific 
marker of cellulose depolymerization, although its concentration can be affected 
by oil replacement, moisture, temperature, and adsorption by the paper. 

In the context of HI, CO and 2-FAL should be treated as complementary indi-
cators rather than interchangeable ones as explained earlier. 

The entire graph suggests a certain correlation between high CO concentrations 
and high 2-FAL levels in several old transformers, but this relationship remains 
weak and inconsistent across the population of transformers. Presenting Spear-
man’s correlation coefficient would allow us to quantify this association while lim-
iting the influence of outliers. 

 

 
Figure 1. Relationship between water saturation and the dielectric dissipa-
tion factor (tan δ) measured at 90˚C. 

 

 
Figure 2. Cellulose aging: 2-FAL versus CO. 
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4.3. Correlation Analysis of Diagnostic Indicators 

Figure 3 shows the Pearson correlations between the selected transformer condi-
tion indicators and the HI. The results reveal several significant relationships be-
tween oil quality, cellulose aging, gas generation, and the global condition of the 
transformers. 

The HI index shows its strongest correlations with humidity (r = −0.73), total 
dissolved combustible gases (TDCG, r = −0.70), CO2 (r = −0.67), and 2-FAL (r = 
−0.62). Moderate negative relationships are also observed with age (r = −0.57), 
acidity (r = −0.49), and CO (r = −0.47). In contrast, the BDV shows a positive 
correlation with the HI index (r = 0.55). These results indicate that higher mois-
ture content, gas concentrations, acidity, and furan levels, and transformer age, 
are generally associated with lower HI index values, while higher dielectric strength 
corresponds to a better condition of the transformer. Several condition indicators 
are also closely related. Moisture shows a positive correlation with 2-FAL (r = 
0.68), acidity (r = 0.62), CO2 (r = 0.54), and age (r = 0.52). These relationships are 
consistent with the combined effects of moisture accumulation, oil oxidation, and 
cellulose aging. BDV shows a negative correlation with moisture (r = −0.57), CO2 
(r = −0.37), 2-FAL (r = −0.36), and TDCG (r = −0.32). This suggests that dielectric 
strength generally decreases as humidity and aging-related byproducts accumu-
late. However, these correlations remain moderate, confirming that the BDV is 
influenced by several factors and cannot independently describe the overall con-
dition of the insulation system. 

This correlation analysis shows that transformer aging results from several in-
terconnected electrical, thermal, chemical, and moisture-related processes. This 
finding justifies the use of a multiparameter diagnostic framework. 

 

 
Figure 3. Pearson correlation matrix of transformer condition indicators and the HI. 
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4.4. Health Index-Based Condition Classification 

Table 8 shows the HI scores for 20 transformers. Based on the proposed HI, the 
101 transformers were grouped into five condition categories. As shown in Figure 
4, the largest group consists of 35 units with HI scores ranging from 85 to 100, 
indicating that approximately one-third of the fleet is in very good condition. The 
intermediate ranges of 30 to 50 and 50 to 70 contain 20 and 21 transformers, re-
spectively, while 14 units fall within the 70 to 85 range. Only 11 transformers have 
scores below 30, representing the smallest group, but also the one of greatest con-
cern. 

The distribution suggests that the global condition of the transformer fleet is 
generally satisfactory, although a considerable number of units show moderate to 
significant deterioration. Transformers with lower HI scores may be affected by 
several interacting factors, such as increased humidity, dielectric losses, oil degra-
dation, dissolved gases, and cellulose aging. These units require closer monitoring 
and additional testing or corrective actions. By combining multiple condition in-
dicators into a single index, the proposed HI provides a clear overview of the fleet 
while helping to identify the transformers that require the most attention. This 
classification can facilitate inspection planning, maintenance prioritization, and 
long-term asset management decisions. 

 
Table 8. HI scores for 20 transformers. 

Transformer 
Age 

(years) 
TDCG 
(ppm) 

CO2 
(ppm) 

BDV (kV) 
Moisture 
(mg/kg) 

Acidity (mg 
KOH/g) 

2-FAL 
(mg/L) 

HI (%) 

T1 47 2105 10,172 51.8 10 0.0099 0.16 42.39 

T2 11 436 3187 66.5 6 0.0099 0.0499 100 

T3 37 6.5 3468 66.9 11 0.023 0.0499 78.26 

T4 10 199 695 66.9 8 0.0099 0.0499 100 

T5 16 774 19,835 37.7 27 0.019 0.15 35.87 

T6 52 153 1616 69.8 21 0.0099 0.0499 82.61 

T7 33 1836 1554 55.6 29 0.113 0.16 33.7 

T8 50 172 1432 75.5 17 0.0099 0.0499 100 

T9 41 1038 12,258 95.7 11 0.059 0.53 51.09 

T10 54 508 6389 52.3 26 0.206 0.42 60.87 

T11 47 2240 16,787 71.8 27 0.055 0.24 44.57 

T12 41 226 3133 66.2 15 0.0099 0.28 89.13 

T13 46 1311 6481 63 9 0.036 0.72 40.22 

T14 13 992 1630 78.3 7 0.0099 0.0499 89.13 

T15 46 577 1489 66.9 9 0.0099 0.08 67.39 

T16 13 504 6582 63.5 6 0.0099 0.0499 89.13 

T17 11 305 1106 72.4 5 0.0099 0.0499 100 
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Continued  

T18 66 1245 4850 31.4 60 0.103 4.69 10.87 

T19 31 1463 8539 46.2 45 0.411 0.51 27.17 

T20 50 386 5965 63.5 19 0.139 0.24 75 

 

 
Figure 4. Distribution of transformers across health index condition ranges. 

4.5. PCA- and K-Means-Based Assessment of Internal Consistency  
of the HI Groups 

Principal component analysis (PCA) and the K-means clustering method were 
used to assess whether the five condition categories defined by the proposed HI 
corresponded to the multivariate diagnostic structure of the transformer fleet. 
Given that the variables used in PCA and the K-means algorithm largely overlap 
with the diagnostic data from the HI index, this analysis was not intended to serve 
as an independent validation. Rather, it aimed to determine whether the multi-
variate structure of the underlying measures corresponded to the categories of 
conditions established by the index. 

PCA was performed on seven diagnostic variables including total dissolved 
combustible gas (TDCG) concentration, breakdown voltage (BDV), moisture, 2-
furfural (2-FAL), carbon dioxide (CO2), acidity, and transformer age. Before anal-
ysis, the variables were standardized using z-scores, as they are expressed in dif-
ferent units and have widely varying numerical ranges. This transformation gives 
each variable equal initial weight and prevents high amplitude measurements to 
dominate the principal components. 

The first two principal components explain 63.58% of the total variance, with 
PC1 accounting for 50.19% and PC2 for 13.39%. PC1 reflects the entire condition 
of transformer insulation system as shown in Figure 5. Moisture, 2-FAL, acidity, 
CO2, TDCG, and age all have a positive effect on this parameter, while BDV has a 
negative effect. PC1 can therefore be interpreted as a measure of general degrada-
tion axis. The PC2 component primarily displays differences between indicators 
of gas and oil acidity. TDCG and CO2 have positive loading coefficients, while 
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acidity has a strongly negative loading coefficient. This component makes it pos-
sible to distinguish transformers characterized by gas production from those ex-
hibiting oil oxidation. 

Figure 6 shows the transformers scores on the PC1-PC2 plane, with observa-
tions colored according to their HI category. It reveals a clear transition in the 
condition of the transformers along PC1. Units classified as “very good” are con-
centrated on the negative side, while most of those classified as “very poor” appear 
at high positive values. Good, fair, and poor transformers fall mainly between 
these two extremes. This gradual progression supports the HI classification, since 
a deterioration in condition is generally associated with movement from left to 
right. PC2 highlights the differences among units with a similar general condition. 
Its greater dispersion within the “Poor” and “Very Poor” groups suggests that se-
verely damaged transformers do not exhibit the same degradation profile. Some 
may be primarily affected by gas production, while others may indicate more pro-
nounced effects related to moisture, acidity, or paper aging. 

The adjacent categories overlap particularly Good, Fair and Poor, because the 
deterioration of transformers occurs gradually rather than in distinct stages. The 
extreme groups are more clearly distinguished, while the intermediate categories 
reflect transitional stages.  

In general, the graph provides significant statistical support for the health index 
groups, without suggesting that they constitute entirely distinct populations. 

 

 
Figure 5. Variable loadings on PC1 and PC2. 

 
The K-means clustering method was applied directly to the seven normalized 
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diagnostic variables: TDCG, BDV, moisture, 2-FAL, CO2, acidity, and transformer 
age. The analysis was performed in Python using scikit-learn version 1.8.0. The 
algorithm used k-means++ initialization, 50 independent initializations, a maxi-
mum of 300 iterations, a convergence tolerance of 10−4, and a fixed random seed 
of 42 to ensure reproducibility. 

Solutions ranging from k = 2 to k = 7 were evaluated using the silhouette coef-
ficient, the Davies-Bouldin index, the Calinski-Harabasz index, and inertia as 
shown in Figure 7. The highest silhouette coefficient (0.347) and Calinski-Harabasz 
index (48.104) were obtained for k = 2, indicating that two clusters provide the 
clearest natural separation in the dataset. However, the proposed HI classifies the 
condition of transformers into five operational categories. Consequently, the so-
lution k = 5 was selected to assess the consistency between the clusters resulting 
from the data analysis and these predefined categories. For k = 5, the silhouette 
coefficient was 0.297 and the Davies-Bouldin index was 1.315, indicating moder-
ate separation in the seven-dimensional feature space. 

 

 
Figure 6. PCA score plot colored by health index category. 

 
Figure 8 presents the K-means seven variables projection. The five clusters con-

tained 31, 31, 30, 3, and 6 transformers, respectively. Their average HI values were 
96.6%, 76.3%, 45.1%, 31.2%, and 15%, respectively, indicating a clear overall pro-
gression in the condition of transformers, from best to worst. The agreement with 
the five categories of the health index was partial, as shown in Table 9, with an 
adjusted Rand index of 0.312, a normalized mutual information score of 0.407, 
and an optimal agreement rate of 60.4%. The strongest agreement was observed 
for the “Very Good” and “Very Poor” categories, while greater overlap was found 
among the intermediate categories. 
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For visualization, the clusters obtained from the seven variables were projected 
onto the PC1-PC2 plane to illustrate the cluster structure; the K-means analysis, 
meanwhile, was performed in the full seven-dimensional space. 

On the whole, principal component analysis (PCA) and the K-means algorithm 
provide data-driven evidence that the proposed health status categories follow a 
technically significant status gradient within the transformer fleet. The results 
support the consistency of the healthiest groups and most deteriorate, while re-
vealing gradual transitions and multiple degradation profiles among the interme-
diate categories. Consequently, this analysis confirms the internal statistical con-
sistency of the HI classification. 

 

 
Figure 7. K-means model-selection metrics for seven standardized variables. 

 
Table 9. Agreement between Health Index Categories and K-Means Cluster Assign-ments. 

Category HI Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 total 

Good 0 0 2 3 6 11 

Acceptable 0 2 6 11 1 20 

Need 
caution 

1 5 13 2 0 21 

Poor 5 8 1 0 0 14 

Very poor 23 8 4 0 0 35 

Total 29 23 26 16 7 101 

4.6. Case Study 

To illustrate the practical application of the proposed HI, two transformers with 
different operating conditions were examined. Table 10 presents the values deter-
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mined based on the complete (electrical and physicochemical) analysis of oil. 
Transformer T1 shows high concentrations of dissolved gases, related to ther-

mal activity and possible localized overheating. However, its moisture and acidity 
levels remain low, indicating limited aging of the insulation. Nevertheless, its 
breakdown voltage and oil leaks should continue to be closely monitored. Trans-
former T7 is in poorer condition. Its test results indicate the possible presence of 
electrical discharges, high moisture content, oil degradation, particle contamina-
tion, and leaks. The condition index confirms this difference: T1 scored 42.39% 
and T7 scored 33.70%, placing both units in the “Poor” category, with T7 requir-
ing special attention. 

Although conventional techniques are essential for identifying individual de-
fects, interpreting their results separately may not provide a clear picture of the 
transformer’s entire condition. The proposed HI overcomes this limitation by in-
tegrating the available diagnostic information into a single condition score. The 
index thus preserves the diagnostic value of each test while making it easier to 
identify differences in severity level. This case study highlights its usefulness as a 
complementary decision-making tool for comparing units, establishing mainte-
nance priorities, and selecting transformers that require further examination. 

 

 
Figure 8. K-means clusters obtained from the seven standardized diagnostic variables and 
projected onto the PC1-PC2 plane. The X markers represent the projected cluster cen-
troids. 

4.7. Practical Implications for Asset Management 

The proposed HI provides asset managers a way to assess the global condition of 
a transformer fleet. By combining the results of dissolved gas analysis, acidity, 
moisture content, dielectric performance, and insulation aging indicators into a 
single index, this method facilitates comparisons between transformers with dif-
ferent operational histories and degradation profiles. Transformers with high HI 
values may continue to be monitored regularly, while those in an intermediate 
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condition may undergo additional testing or preventive maintenance. Units with 
low ratings should be prioritized for a thorough inspection, corrective action, or 
replacement planning. The HI index proves particularly useful when conventional 
tests yield mixed results. For example, one transformer may have high concentra-
tions of combustible gases while still maintaining acceptable oil quality, whereas 
another may show moderate abnormalities across several diagnostic parameters. 
Evaluating each measurement separately can make it difficult to determine which 
unit requires priority attention. The proposed approach synthesizes these results 
and provides a more balanced view of the overall condition. However, the final 
score should not replace individual diagnostic methods, as detailed test results are 
still necessary to identify the primary failure and select the appropriate mainte-
nance action. At the fleet level, this classification can facilitate risk-based mainte-
nance, inspection planning, budget allocation, and long-term investment plan-
ning. It can also help public utilities to identify units that are deteriorating before 
they reach a critical condition, thereby reducing the risk of unplanned outages. 
When considered in addition with the transformer’s load, the consequences of a 
failure, and its maintenance history, the proposed HI provides a practical basis for 
making technically asset management decisions. 

 
Table 10. Parameters values based on the complete oil analysis for the two transformers 
studied. 

Parameters Units Transformer T1 Transformer T7 

Power rating MVA 47 33 

Voltage kV 70 40 

Moisture content mg/kg 10 29 

Water content at 20˚C mg/kg 2 9 

Water saturation % 3.87 17.29 

Dissipation factor (tanδ) at 90˚C - 0.0361 0.3125 

Total acide nimber (TAN) mg KOH/g 0.0099 0.113 

Breakdown voltage kV 51.8 55.6 

Carbone dioxyde (CO2) ppm 10,172 1554 

Carbon monoxyde (CO) ppm 362.6 536.5 

Hydrogen (H2) ppm 156.9 60.4 

Methane (CH4) ppm 222.3 203.2 

Ethane (C2H6) ppm 928.3 870.8 

Ethylene (C2H4) ppm 435.2 128.6 

Acetylene (C2H2) ppm 0.099 36.9 

TDCG ppm 2105 1836 

2-FAL mg/L 0.16 0.16 

DGAF  3.611 3.722 

OAF  1.375 1.75 

HI % 42.39 33.70 
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5. Conclusions 

This study developed of a practical health index designed for assessing the condi-
tion of power transformers using supplementary diagnostic information. The pro-
posed method combines dissolved gas analysis, moisture, dielectric properties, 
acidity and cellulose aging indicators into a single index. This approach provides 
a more accurate picture of the general condition of the equipment than interpre-
tation of individual tests. 

The results showed that most transformers in the studied fleet are still in satis-
factory condition, while a smaller group exhibits moderate or advanced deterio-
ration. Analyses using PCA and the K-means method provided data-driven evi-
dence of the statistical consistency of the proposed classification. The results re-
vealed an overall gradient in health status and partial agreement with the HI cat-
egories, with greater consistency among the extreme groups and more overlap in 
the intermediate categories. Although the strongest natural division was obtained 
for k = 2, the five HI categories were retained because they provide a more detailed 
and operationally useful representation of transformer condition. Their bounda-
ries should therefore be interpreted as decision thresholds rather than as five com-
pletely distinct natural populations. The two-transformer case study also demon-
strated that similar HI ranges can correspond to different failure mechanisms, 
confirming the need to examine the underlying measurements before selecting a 
maintenance action. 

In sum, the proposed index offers a simple and technically reliable tool for com-
paring transformers, identifying vulnerable units, and setting maintenance prior-
ities. It should be used to supplement traditional diagnostic methods rather than 
to replace them. Future work could help strengthen this approach by incorporat-
ing load history, the consequences of failures, real-time monitoring data, and pe-
riodic score updates. Validation on larger fleets and in different operating envi-
ronments would also help confirm its applicability on a larger scale within the 
framework of risk-based asset management. 
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