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Absnocr-Inordinate temperature rise in a power IransComer due to 
load current h known to be the most important faclor in causing rapid 
degradation OC ils insulation and decids thc optimum load catering ability 
or the loadability at  a translnrmer. The Top Oil Temperature (TOT) and 
Hottest Spot Temperature (HST) being natural outcome of this process, an 
acmrate estimation oCthese parameters is of particular importance. IEEE I 
IEC among others, have proposed p m d u r e  lo  estimate the temperatures, 
however, the accuracy OC Ihe predictions are not always as gwd as are de- 
sired. Unacceplable temperature rise may occur due to several Caul1 con- 
ditions other than overloading, and hence warran1 an online monitoring 
OC the transformer. This paper presents an improved model Cor predict- 
ing TOT and HST bared on Artificial Neural Network (ANN). A series of 
nelwork archilecture (p-trained network) hare been proposed and trained 
Cor working out this task and are Curther optimally combined In give an 
improved accuracy. 

Kqwords-Hot Spa1 Temperature, Top Oil Temperature, ANN, Optimal 
Combination, Prediction Accuracy. 

I. INTRODUCTION 

RANSFORMERS are vital components in a power system T and a fault in this link causes considerable loss of revenue 
to the utility, besides adversely affecting the system reliability. 
Localized temperature rise in the winding takes place due to load 
current coupled with short time over -loads, which the system is 
asked to cater to. Hot Spots, regions of inordinate temperature 
rise in the winding and.top surface of insulating oil (Hottest spot 
temperature, HST, and Top Oil Temperature, TOT) causes rapid 
thermal degradation of insulation and subsequent thermal run 
away. In order to avoid catastrophic failure of such expensive 
equipment, monitoring of the condition of insulation there- in 
is undertaken on a regular basis. The genesis of the two zonal 
temperatures, TOT and HST, is a complex process in itself, vi- 
tiated further by the thermal inhomogeniety of the winding [l] 
and dynamic nature of the load and ambient [2]. 

The thermal conductivity of the insulation part being largely 
different from that of the conductor and the fact that there is an 
anisotropy in this quantity in both radial as well as axial direc- 
tions complicates the estimation procedure. In the recent past, 
technical bodies, IEEE and IEC, have suggested empirical meth- 
ods for estimating the temperature extremes. In view of the fact 
that the estimation of temperature using the formulations there 
in is not as accurate as are desired, new and improved methods 
need to be developed to mitigate the situation. 

A perusal of current literature in this area indicates that dif- 
ferent empirical models, viz. IEEE and IEC [3], have been pro- 
posed for the estimation TOT. Lesieutre et al. [21, [41, have 
suggested a modification to incorporate dynamic ambient. It is 
seen that the error in the estimation of TOT in such calculations 
is unacceptably high, so that no meaningful conclusions can be 
drawn therefrom. 

Estimation of constants of the empirical models [21-[41 by a 

linear regression procedure is data driven and generalizations 
are not easily possible. Also, a large database is always required 
to make the estimates less variant, as these models are not robust 
or adaptable in a stochastic sense. A research group at Arizona, 
USA, [5], has proposed a methodology based on R" to pre- 
dict TOT in power transformers. Although, recument networks 
can some times outperform static networks, for temporal prob- 
lem, they appear more difficult to train optimally. Earlier experi- 
ments indicated that the parameters thereof suffer irreconcilable 
entanglement in excising minima in sub optimal solutions. 

Feed- forward neural network (FF") or Multi-Layer Per- 
ceptron (MLP) models, have been used in several engineering 
applications, such as, load forecasting, non-linear control, sys- 
tem identification, pattern recognition and the like. It is intended 
to use this technique here with certain subtle modifications as 
this model has capability of capturing any n o n h e a r  relation 
between input parameters and output of a complex physical pro- 
cess. Numerous training algorithms for parameter optimization 
of MLP, suitable for this particular application, already exist and 
opportunity has been taken of this precedence here to try and 
suggest a more effective model. 

Further, temporal aspects can easily be built into the network 
by the use of memory. The approach for building non-linear 
dynamical system is straightforward; while static FFN accounts 
for non-linearity, the memory accounts for time [61. 

The authors have tried to incorporate both TOT and HST in 
one framework of reference and developed an integrated model 
suitable for online monitoring. Optimal selection of network 
topology for the problem has not been taken rigorously and 
the present work aims at suggesting an alternate NN topology 
which uses regularization techniques, called Bayesian regular- 
ization (BR) [7] to improve the generalization performance the 
network. In an effort to improve the accuracy of estimates, a 
number of networks are trained for the same task-and combined 
using the principle of optimal linear combinationJOLC) of neu- 
ral networks [8]. The method is demonstrated using the data 
given in literature [3]. 

To provide guidance on risk associated with higher operating 
temperature in an actual situation, four standadloading cycles 
have been defined [3]. For each temperature, a certain marked 
risk is involved. The Loading cycles can one be,or a combina- 
tion of the following; 

Normal Loading (NL) 
Planned Load beyond Nameplate Ratings (PLBN) . Long-term Emergency (LTE) loading 
Short-term Emergency (STE) loading 

For the sake of simplicity, it will be assumed that at any given 
point of time, only one condition described above prevails. 
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11. PREDICTION OF TEMPERATURE USING ANN 

An artificial neural network consists of a topology and a set 
of rules that govern the static and dynamic aspects of network 
in question. The network topology or architecture represents 
the way in which 'neurons' are connected to form the network 
Topology of a neural network plays a pivotal role in its function 
and performance. Feed forward neural networks have been used 
for enumerating the approximations generic to the problem. In 
the following sections, two relevant network architectures [6] 
have been discussed in some detail. 

Multi-Layer Perceptron is a feed forward network with one or 
more hidden layers of neurons, is an elementary neural network 
paradigm, and have been successfully applied to solve involved 
and diverse problems by training them in supervised manner. 
The distinctive features of this network are; non-linear activation 
function in the hidden layer neuron and the network's ability to 
accommodate non-linearity of any complex process as also is 
endowed with a high degree of connectivity. This feed forward 
network is trained by a conventional hack-propagation (BP) al- 
gorithm. 

While a Multi-layer Perceptron can he  trained to take ac- 
count of non-linear relation existing between an input and an 
output parameter of a complex process, it suffers from a serious 
drawback in that it fails to represent temporal evolution of in- 
put pattem, if present. A temporal processing unit, in the neural 
network is composed of a tapped delay line associated mem- 
ory, (TDM) with taps connected to the synapses of a neuron. 
The TDM captures temporal information contained in the input 
signal and the neuron embeds that information in its synaptic 
weights. The integration of MLP and tapped delay line mem- 
ory give rise to a model called focused lagged feed forward or 
a Temporal Neural Network (TNN). The generalized dynamic 
equation governing input output relations of a TNP is given here 
under. 

Y(n) = ~ ( z l ( n ) ,  ..., s l ( n - d ) , I z ( n ) , . . . . . . , z Z ( n - d ) )  (1) 

In developing the Nh' model, there is a need for a prior knowl- 
edge of the VO pattem, ex. the size of the lag variables. There 
seem to he no information on this aspect in the literature. Since 
the thermal time constants of the different components in a 
transformer is generally known, it is possible choose the delay 
term, d, ' such that the equation (d x At > r)  is fully defined. In 
this equation, At is the quantization time step or data sampling 
time and r is the thermal time constant. The temperature at i t h  
instant of time is a function of load, ambient temperature at that 
instant and their corresponding lags in the computation of TOT. 
Estimation of HST, requires, besides these two variables, the 
TOT also. Neural network training can he  made more efficient 
if the data is pre-processed by transforming VO variables on to 
a different appropriate domain. There are several techniques fox 
preprocessing, e.g; scaling the all the parameters over a domain 
[0, l] or [-1,1]. An equally effective method of scaling the in- 
puts and targets is to normalize them to an appropriate with zero 
mean and a standard deviation of unity. In some situation the di- 
mension of the input vector is very large, but the components of 
the vectors are highly correlated (redundant). It is useful in such 
situations to prune the dimension of the input vectors. An ef- 

fective procedure for doing this task is the principal component 
analysis (PCA). 

111. IMPROVING GENERALIZATION 

Modeling based on ANN requires a careful selection of net- 
work topology and an appropriate learning algorithm to avoid 
complications arising out of possible existence of 'local min- 
ima'. This facilitates achieving an acceptable generalization per- 
formance and hence a good prediction accuracy. The algorithm, 
which consistently produces networks with minimal generaliza- 
tion error. is referred to as regularization. A network of a rea- 
sonable size should he able represent, sufficiently accurately, the 
actual temperature rise mechanism. It is difficult to guess which 
training algorithm will satisfy above condition given that appro- 
priate topology is selected. In the following sections, an im- 
proved, automated regularization procedure called the Bayesian 
regularization, has been discussed in some detail. 

A. Automated Bayesian Regularization 
The feed-forward NN (MLPmNN) are trained using super- 

vised learning with a training set of inputs and target in the form, 

training program is to minimize the sum square errors: 
{PI, i t } ,  {a, t z } ,  { ~ 3 , t 3 } ,  .... { P N ~ ,  t ~ ~ } .  The Objective ofthis 

NI 

ED = C(t; - 
i=1 

Where, ai is the response of the NN to a input pattem. Such a 
training produces a network wherein small, known amounts of 
errors are imparted to the training set and at the same time, the 
network is coaxed to respond in the right sense to the new in- 
puts (testing set). When the network satisfies this condition, it is 
means that the generalization is satisfactory. The process func- 
tion is constrained to conform to a high degree of smoothness by 
assigning the appropriate weights to the network configuration. 
A further step in the regularization adds one more additional 
term to objective function F = FD, so that; 

F=XED+qEw (3) 

Where, Ew is the sum of squared network weights, q and X are 
objective function parameters. The relative size of q and X dic- 
tates the emphasis for training. If q << A, training algorithm 
drive the errors smaller, If q >> A, training will emphasize 
weight size reduction at the expanse of network errors, thus pro- 
ducing smoother network response. Hence, the main problem 
of implementing regularization appropriate is to set correct val- 
ues to objective function parameters. It involves optimization 
of objective function parameters, q and X in an Bayesian frame- 
work. The Bayesian optimization of regularization parameters 
requires the computation of Hessian matrix of objective func- 
tion H [7]. A Gauss-Newton approximation to computation of 
Hessian matrix is includeded in the Levenberg-Marqnardt op- 
timization algofithm to locate the error minima [6]. It can be 
shown that, 4. A, the optimized value of the objective function 
parameters can be put in the following form; 
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Where, y is called the effective number of parameters and K is Where S is the support of distribution function (F?) and l is a 

Topology No. of PaI2llleteIS 
selected Epoch used(7) available(K) 
14-12-1 175 123 161 ai, = 
14-04-1 175 I24 241 
14-10-1 175 132 193 
14-20-1 175 128 241 

CL2 t(zd * Y i ( Z k )  vi , j  IN1 
Ck=i ~ i ( z k )  * y j ( z k ) ,  

INI IN1 
, bi = 

B.2 Constrained Method ( M z )  

.. 
available number of parameters. An intutive guess can be made 
as to number of neurons in the hidden layer, then the effective 
number of parameters, y, can be calculated. If K z y then 

]oss-function. 
has heen [hen, 

this case squared error loss funition, e($) = z2 

number of neurons is to be increased, if K > 7. means the B.l UnconstrainedMethod (MI) . .. 
network is large enough to handle the complexity ofthe problem 
space. It can be seen from Table I that the desired number of 

parameters, K. 

If the condtion in equation (6) is imposed to oLc 
parameters, then it is called unconstrained ozc weights for 

parameters, seems to be independent of selected number of gaussian distribution of d a a  set can be calculated as follows; 

TABLE I 
BAYESIAN REGCLARIZATION 

& = A - ' * B  (7) 

Where, A is a p x p matrix and B is a p x 1 vector, can be 

B. Optimal Linear Combination of Networks (OLCN) 
The Neural Network based modeling often requires trying 

multiple networks with different topology and training parame- 
ters, but, typically, only one of the trained networks is selected as 
best and rest are discarded. As has already been explained a lin- 
ear combination of the the corresponding outputs of a screened 
set of trained NNs give better generalization performance than a 
single best NN 181. A schematic diagram of the model has been 
shown in Fig. I .  

equation (6) and (8) 
P 

x a j = 1  
,=1 

Then, a, are called 'constrained OLC weights' and following 
are the formulation for computating constrained weights for data 
from normal distribution. 

~ C-'*l' 
a =  

It * c-1 * 1 (9) 

Where C is p x p matrix and 1' is a p  x 1 vector with all its com- 
ponents equal to one. The components of C can be determine as 
in the following equation; 

Two qualitative performance measures have been used in this 
paper to describe the learning and generalization abilities of a 
eiven trained neural network. These are measured in terms of 
I 

training error and generalization error. Training error is the MSE 
of the training data, while generalization error is the MSE of the 

Fig. 1. Represenaoon of combining the p-mined networks 

testing data, which are computed as follows; 

A trained NN accept a vector valued input z and returns the 
scalar output (response) y(z). F e  approximation error in this 
case is J(z) = t ( z )  - y ( z ) .  Where t ( z )  is the desired response 

A linear combination of the butputs of the trained 
network returns, output corresponding 

C m ( t ( z k ) - ~ j ( ~ k ) ) ~ .  G E .  - C i ( t ( ~ k ) - y j ( z k ) ) ~  
TE3 = 

It was initially [XI proposed that the optimal weight computation 
should based on the training error. TO achive optimum perfor- 
mance of the network both the errors, TEi and GEj are equally 

N2 
I I -  

NI 

input 
as in Q. (5) ;  

" 
Y 

important and have to be a minimum in-a given situation. To 
this, the functions have been combined and ~ ( 2 ;  6) = CajYj(z);  z(d; 6) = t (z)  - ~ ( 2 ;  6) ( 5 )  

. .  
,=I 

modified error function Oj has been minimized thus: 
Where, y j ( z )  is the out put of j,, network, 4 ,  is the weight 
associated with y j ( z ) ;  j = 1,2,  ...., p. 

The OLC is defined by optimal combination-weights vector, 
& = (a:, a;, ....,(I;) that minimizes the expected loss; 

(10) 

Where, NI, Nz are the numbers of data set dedicated for training 
and testing with N I  +Nz = N. The data obtained from different 
loading cycles has been seen to exhibit a nearly Gaussian trend. 

N I  x TEj + N2 x GEj 0, = 
NI + Nz 

(6) 
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IV. RESULTS A N D  DISCUSSIONS 

The procedure for online estimation of HST and TOT de- 
scribed here was validated using the magnitudes of TOT rise 
and HST under a standard loading cycle pattern indicated earlier 
and also using loading pattern given in earlier published litera- 
ture [Z], [4], [9].  In all, seven datasets have been used for TOT 
modeling. The HST modeling has been illustrated using the four 
standard loading cycles as per the IEEE guide [31. 

No guidelines seem to have been prescribed in the selection of 
optimum number of networks is to he combined. It has been re- 
ported elsewhere [ 101 that between 6 and 10 screened - network 
combination gives an acceptable accuracy. In the present work, 
eight networks have been trained using BR and combined opti- 
mally. The topologies of eight networks selected are different. 
Four of the networks have one hidden layer and other four have 
two hidden layers. This architecture is chosen to make the indi- 
vidual ANN perform efficiently in different subspaces. Further, 
this process of integration of all such networks is more efficient 
in the entire space. 

In table 11, 8-trained NNs and their MSE have been shown 
for a particular value of TOT. All the networks were trained for 
say, 200 iterations as bas been done here. An error - duration 

TABLE U 
DETAILS OF EIGHT TRAINED NETWORKS 

Topology No. of %Error Optimal weights 
Epoch MSE(0,) Uncan(MI) I Con(M2) 1 5 i 15-M-1 i 1 ::;2 1 0.4116 I 0.4065 1 

15-10-5-1 0.7053 0.7043 
15-10-1 0.4218 -0.5257 -0.5289 

"7 15-20.1 0.4300 0.0064 n.1217 
NNS IS-15-2-1 200 0.7791 0.2175 0.0827 

curve in figure 2, is plot of percentage errvr in TOT depicted as a 
function of the number of times the error is exceeded. A typical 
network from eight-trained networks has been designated as the 
best NN on the basis of mean square error (MSE). The MSE (see 
Eqn( IO)) using OLCN are 0.1 19 and 0.123 for Constrained and 
unconstrained method respectively and are better than individual 
network, as can he seen from Table 11. The magnitude of weights 
assigned tv the eight-trained network has been included there. It 
may be observed that the OLCN using the method of constraints 
gives a better performance for the case shown here. The Error 
in estimation of TOT and HST have been shown in Table 111. 
The MSE and maximum errors have been indicated for several 
cases. It can be seen that the constrained method of optimal 
weight outperforms the unconstrained method most of the time. 
It may also be seen that the performance shown here is, more 
often than not, better than the results in published work [21, [51. 

In conclusion, it may be said that theoretical framework pre- 
sented here is applicable to the estimation of both TOT and 
HST under dynamic loading and dynamic ambient. The gener- 
alization capability of the A" model has been shown to have 
been augmented, by almost two fold, due to the incorporation 

BB.,NN. . .. . . . .. . . . . 

OrCB", ,#me Error c.sasdad----> 

Fig. 2. Error Duration Curve 

TABLE 111 
PERFORMANCE OF PROPOSED METHOD FOR COMPUTATION 

of Bayesian Regularization and by the optimal combination of 
several networks. The accuracy of prediction and generaliza- 
tion capability is now claimed lo be some what better than what 
is presented in the literature thus far. Also, the modelling lime 
required is generally much shorter than in earlier cases. 
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