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Abstract— In this paper, a new method is proposed for 
transformer dynamic loading capability assessment using fuzzy 
modeling. Firstly, the hot spot temperature is estimated by fuzzy 
thermal model and then is compared with the temperatures 
obtained by measurement and IEEE thermal model. Afterwards, 
the method of dynamic loadability assessment is described and 
implemented by the fuzzy model. Comparison between the 
results obtained by the fuzzy thermal model and the IEEE model 
demonstrates the usefulness of the fuzzy model application.  

NOMENCLATURE 
• oilτ :Top-oil temperature time constant (hour) 

• hsτ :Winding time constant (hour) 

• ambθ :Ambient temperature (˚C) 

• oilθ :Top-oil temperature (˚C) 

• hsθ :Hot spot temperature (˚C) 

• ratedhs,θ :Rated hot spot temperature (˚C) 

• oilθΔ :Top-oil temperature rise above ambient (˚C) 

• uoil ,θΔ :Ultimate top-oil temperature rise above 
ambient (˚C) 

• ratedoil ,θΔ :Rated top-oil temperature rise above 
ambient (˚C) 

• hsθΔ :Hot spot temperature rise above top-oil (˚C) 

• uhs,θΔ :Ultimate hot spot temperature rise above top-
oil (˚C) 

• ratedhs,θΔ :Rated hot spot temperature rise above top-
oil (˚C) 

• m :Empirical constant (dimensionless) 

• n :Empirical constant (dimensionless) 

• R :Ratio of rated load loss to no load loss 
(dimensionless) 

• K :Transformer load (per unit) 

• N :Number of patterns (input vectors) 

 
 

• U :Membership function matrix 

•  W :Cluster center matrix 

• ijμ :Value of the membership function of the ith pattern 
belonging to the jth cluster 

• M :Constant to control fuzziness or amount of clusters 
overlapping 

• )(q
jw :Cluster center of the jth cluster for the qth iteration 

• ijd :Euclidean distance between the pattern ix  and 

cluster center vector )(q
jw  ( ( )q

ji wx − ) 

• rN :Number of fuzzy clusters 

• am :Number of antecedent parameters (fuzzy sets) 

• cm :Number of consequent parameters 

• rm :Number of fuzzy rules constituting the model 

• pm :Number of fuzzy model parameters 

• msr
hsθ :Measured hot spot temperature (˚C) 

• e
hsθ :Estimated hot spot temperature (˚C) 

• AAF :Aging acceleration factor (per unit) 

• LL :Insulation loss of life (day) 

• NL :Insulation normal life (day) 

• T :Transformer loading period (day) 

• q :Number of iteration in the FCM mehtod      

• p :Dimension of the pattern vectors     

• X :Set of pattern vectors 

• ix :Pattern vector 

• px ,...,1 :Elements forming the pattern vector ix  

• *
hx :Center of the hth rule 

• p
hA ,...,1 :Fuzzy sets  
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• ℜ :Real numbers set 

• y :Output of the fuzzy rule  

• )(xfh :Linear function which yields the output of the 
fuzzy rule 

• hτ :Weight of hth rule  

• ε :Very Small positive number  

• DLF :Dynamic Loading Factor 

• s :Spread of the membership function 

• α :A parameter in the membersip function ( 2
4

s
=α ) 

• AIC :Akaike Information Criterion 

• c :Constant for incorporation of heuristic mehtods in 
AIC 

• MSE :Mean squared error (˚C) 

• PE :Peak (maximum) error (˚C) 

• t :time (hour)  

I. INTRODUCTION 
nsulation electrical breakdown is the main reason of faults 
in transformers. It is well-known that insulation 

deterioration is a function of temperature, moisture and 
oxygen content. Today, with modern oil preservation systems, 
the moisture and oxygen content can be minimized, leaving 
the temperature as the controlling parameter [1]. 

Since temperature distribution in most of the transformers is 
not uniform, a common practice is to consider the hot spot 
temperature (HST) as the main limiting factor of loading 
capability [2,3]. 

In recent 10 years, artificial intelligence methods such as 
neural networks, genetic algorithm (GA), and fuzzy logic are 
applied for precise HST estimation. Comparing these methods 
shows the fuzzy modeling high accuracy in HST estimation 
[4-8]. In this paper, transformer dynamic loading capability is 
determined using the concept of the fuzzy thermal modeling. 

II. IEEE THERMAL MODEL 
Transformer loadability is usually calculated by applying 

transient heating equations using the transformer’s specific 
thermal characteristics. As reported in detail in [3], the 
equations for the HST estimation are: 
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u and rated represent ultimate and rated values, 

respectively. 

III. FUZZY THERMAL MODEL 
In this section, the Takagi-Sugeno-Kang (TSK) fuzzy 

modeling method is presented and applied to transformer 
thermal modeling. TSK model is identified in two steps [8,9]: 

• A fuzzy clustering technique is applied to input-output 
space data, with a number of clusters, being 
determined by GA, equal to Nr. 

• Assuming the cluster centers to be furnished by the 
previous step, the number of fuzzy rules equal to Nr 
and the spreads of the memberships functions equal to 
s, the model’s parameters are identified by a recursive 
least-squares procedure. 

To perform partitioning of the input–output space, various 
approaches can be used. Amongst them pattern recognition 
methods of fuzzy clustering, such as fuzzy c-means (FCM) 
[10-13], are suitable tools for the partitioning process. 

A. FCM clustering 
Using the FCM method, data samples are organized in 

clusters, each of which is associated with a center. In this 
manner, the TSK model is based on a set of fuzzy IF–THEN 
rules, extracted by using the FCM clustering technique. 

Supposing a set of unlabelled patterns (input 
vectors) ( )NxxxX ,...,, 21= , p

ix ℜ∈ , clustering procedure is 
performed to minimize the following objective function [11]:  
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FCM, A two-step iterative process, works as follows:  
Given the membership values )(q

ijμ ( ijμ at the qth iteration), 

the cluster center matrix W is calculated by: 
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where, if 0=ijd  then 1=ijμ  and 0=ijμ  for jl ≠ . The 

process stops when ( ) ( ) ε≤− −1qq UU , or a predefined 

number of iterations is reached. 

B. Thermal model structure and parameters 
For multi-input single-output systems, the typical TSK 

model consists of a set of IF–THEN rules having the 
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following form [14]: 
Rh: IF 1x  is 1

hA  and … and px  is p
hA  THEN y is )(xfh            

( rmh ,...,1= ) 
where 
( ) pphhhhh xaxaxaaxf ++++= ...22110           (9) 

in which )(xfh is a linear function which its parameters are 
calculated by the least-squares procedure. 

For any input, ix , the inferred value of the TSK model, is 
calculated as: 
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where the weight of each rule hτ , for the current input ix  is 
determined by the Gaussian law, which ensures the greatest 
possible generalization 

rhh mhxx ,...,1)exp(
2

=−−= ∗ατ      (11) 

where 2
4

s
=α . 

C. Trade-off between complexity and accuracy 
Among various methods to obtain a trade-off between 

complexity and accuracy of the fuzzy model, an improved 
Akaike Information Criterion (AIC) [15] is used in this paper. 
Number of model parameters may be considered as the model 
complexity criterion. So, using equation 12, model error and 
complexity are minimized simultaneously. 

( ) pmMSENAIC 2log +=                  (12) 

rcap cmmmm ++=                         (13) 

where rm is equal to the number of clusters ( rN ), and c  is a 
constant that allows the user to incorporate heuristics 
regarding the relative importance for reducing the number of 
fuzzy rules. rm is determined using GA. 

D. Genetic algorithm application 
GA minimizes the AIC as the fitness function. GA has a 

chromosome of two elements ),( smr and is implemented to 
find the optimal values. The fitness function is as follows: 
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MSE is calculated using: 
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            (15) 

Finally, the procedure of TSK fuzzy model identification is 
summarized in Fig. 1.  

 
 

 
Fig. 1.  Flowchart of the TSK identification algorithm 

 
 

IV. CASE STUDY  
In this section, fuzzy and IEEE thermal models of a sample 

distribution transformer are identified. Then, based on these 
models, dynamic loading capability of this transformer is 
assessed. The transformer main characteristics are shown in 
Table I.  

The measured values of the hot spot temperature which is 
required for fuzzy thermal model training and validation are 
gained through cooperation with the authors of [9]. These 
measurements are carried out using fiber optic sensors.  

 
 
 

TABLE I. SAMPLE TRANSFORMER PARAMETERS 
 

25kVA Rated Power 
10kV/400V Vprimary /Vsecondary 

195W Iron Loss 
776W Copper Loss (full load) 
136kg Weight of core and core assembly 
62kg Weight of oil 

310kg Total weight 
64×16×80cm Dimensions of tank 

ONAN Cooling mode 
78˚C Nominal hot spot temperature 

 

A. Thermal modeling  
IEEE and fuzzy thermal models parameters are shown in 



 

Tables II and III, respectively. Transformer load and the HST 
profiles (Training Set) shown in Fig. 2 are used for fuzzy 
thermal model training. To show the fuzzy model ability to 
maintain its accuracy for different load profiles, values shown 
in Figs. 3 are used as the Validation Set.  

Hot spot temperatures for the Training and Validation load 
profiles, estimated by the fuzzy and IEEE models, are 
compared with the measured temperatures in Figs. 4 and 5. 
Also, Peak Error (PE) and MSE of each model (estimated 
temperature subtraction from measured temperature) are 
presented in Table IV. It is observed that the fuzzy model is 
significantly more accurate than the IEEE model. 
Furthermore, temperatures estimated by the IEEE model are 
generally greater than the measured values. In the other words, 
IEEE model has conservative results. 

 
 

TABLE II. IEEE MODEL PARAMETERS 
 

5°C ratedhs,θΔ
 

54°C ratedoil ,θΔ
 

0.1 h hsτ  
3 h oilτ  

4  R  
0.8 m  
0.8 n  

18°C ambθ  
 
 
 

TABLE III. FUZZY MODEL PARAMETERS 
 

Number of rules 2 
Number of membership functions 2 

Membership function type Gaussian 
Membership functions spreads 0.1567 

 
 

 
Fig. 2.  Training Set: a. Transformer load profile b. HST profile 

 

 
Fig. 3.  Validation Set: a. Transformer load profile b. HST profile 

 

 
Fig. 4.  Training Set estimated HST profile 

 
 

 
Fig. 5.  Validation Set estimated HST profile 

 
 

TABLE IV. THERMAL MODELS ERROR (˚C)  
 

Training Set Validation Set 
IEEE Model Fuzzy Model IEEE Model Fuzzy Model 

MSE PE MSE PE MSE PE MSE PE 
16.55 -7.70 1.07 3.59 37.63 -8.45 1.92 -3.95 

 
 



 

B. Dynamic loading capability assessment 
In this section, a new method for transformer dynamic 

loading capability assessment based on previously identified 
thermal models is presented. In this method, a dynamic 
loading factor (DLF) is defined. Then, the transformer 
admissible load profile is calculated by multiplying DLF by 
daily load profile. DLF is determined in such a way that the 
transformer insulation loss of life reaches its nominal value 
under the calculated admissible load profile.  

According to IEEE C57.91-1995 standard [2], the 
relationship between HST and aging acceleration factor, AAF , 
is as follows: 
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where “per unit” is based on the normal ageing rate, i.e., the 
rate at ratedhshs ,θθ = . 

The insulation loss of life, LL , over a given loading 
period,T , is given by [3]:  

∫=
T

AAdtFLL
0

                                (17) 

So, the insulation loss of life in percentage terms is: 

 
NL

LLLL 100% ∗=                               (18) 

Insulation normal life, NL , is 7500 days [2]. So, the 
nominal daily loss of life is equal to 0.0133%. 

According to equations 16-18, DLF is calculated based on 
the fuzzy and IEEE models estimated HST profile. Calculated 
DLF values considering Training and Validation load profiles 
are shown in Table V. As observed, DLFs calculated using the 
IEEE model for training set, validation set 1, and validation 
set 2 are approximately 0.06, 0.1, and 0.05 less than ones 
calculated by the fuzzy model. It is due to the conservative 
nature of the IEEE model. So, application of this model 
underestimates the transformer loading capability. 

 
TABLE V. CALCULATED DLF VALUES USING IEEE AND FUZZY MODELS  

 

Training Set Validation Set 
IEEE Model Fuzzy Model IEEE Model Fuzzy Model 

1.313 1.373 1.569 1.671 
 

V. CONCLUSION 
A new method for transformer dynamic loading capability 

assessment has been presented. Firstly, high accuracy of the 
fuzzy model was demonstrated through the comparison of the 
estimated values with the measured ones. 

Then, the method of transformer dynamic loading capability 
assessment has been described and applied to a sample 
distribution transformer using the fuzzy and IEEE thermal 
models. It has been observed that the application of IEEE 
model underestimates the transformer loading capability due 
to its conservative nature. Transformer loadability 
underestimation leads to considerable loss of revenue of 
utilities particularly in deregulated environment. 
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