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Abstract—The remaining useful life (RUL) of transformer
insulation paper is largely determined by the winding hot-
spot temperature (HST). Frequently the HST is not directly
monitored and it is inferred from other measurements.
However, measurement errors affect prediction models and
if uncertain variables are not taken into account this can
lead to incorrect maintenance decisions. Additionally, ex
isting analytic models for HST calculation are not always
accurate because they cannot generalize the properties of
transformers operating in different contexts. In this con-
text, this paper presents a novel transformer condition as-
sessment approach integrating uncertainty modeling, data
driven forecasting models and model-based experimental
models to increase the prediction accuracy and handle
uncertainty. The proposed approach quantifies the effect of
measurement errors on transformer RUL predictions and
confirms that temperature and load measurement errors
affect the RUL estimation. Forecasting results show that
the extreme gradient boosting (XGB) algorithm best cap-
tures the non-linearities of the thermal model and improves
the prediction accuracy amongst a number of forecasting
approaches. Accordingly, the XGB model is integrated with
experimental models in a Particle Filtering framework to im
prove thermal modelling and RUL prediction tasks. Models
are tested and validated using a real dataset from a power
transformer operating in a nuclear power plant.

Index Terms—Condition assessment, forecasting, prog-
nostics and health management, sensitivity, transformers

I. INTRODUCTION

Transformer loading capability and RUL depend on the
thermal conditions, and at the same time, thermal condition
depend on the load, environmental conditions and transform
parameters [5]. The winding hot-spot temperature (HSThes t
main factor that determines the RUL of the insulation paper.
The paper is comprised of polymers, in which the number
of monomers, also known as degree of polymerization (DP),
determines the strength and RUL of the paper [6]. A DP value
of 200 is considered the end of life (EOL) condition of the
solid paper [7]. The calculation of the HST is complex and it
can be affected by other accelerating factors such as mejstu
furans, carbon dioxide, or carbon monoxide [8]. For insganc
the presence of moisture under high loading conditions can
lead to bubble formation and potential catastrophic faili&],

[9]. Underestimated HST may lead to reduced cooling system
operation and the transformer could be running hotter with a
accelerating aging rate and significant reduced lifetime.

The IEEE C57.91 standard presents an analytic model to
calculate the HST [7]. However, this model may not be
generally applicable for all transformers operating irfediént
contexts [10]-[12], and accordingly there have been pro-
posed different machine learning methods which createffit-f
purpose thermal prediction models such as Artificial Neural
Networks (ANN) [13], the C57.91 model with error correction
via ANN [14], fuzzy logic with ANN [15], an evolving
Gaussian fuzzy system [16], genetic programming [10], and

OWER transformers are critical assets in the powensemble of quantile regression models [17]. Temperature
grid. Condition monitoring and maintenance planning giredictions can refer to different time horizons includstgprt

transformers is crucial because their failure can leaddk ¢t (few minutes), medium (few hours) or long term (few days)
export capability or even to catastrophic failures [1]. [&fith and the prediction error increases with the predictionZwori

the increase of monitored parameters prognostics andhhedlt4], [17]. The models mentioned above focus on short-to-
management (PHM) strategies have emerged as effective soh@dium term predictions. This paper focuses on medium-
tions to identify early indicators of anomalies, diagnaaselts to-long term predictions because the proposed framework is
and predict the remaining useful life (RUL) of power asseplanned to operate in an NPP and the decision window needs
[3]. The operation context of different transformers detimes to be long enough to adopt timely decisions.

the best PHM strategy for monitoring their health [4]. This Additionally, none of these models go beyond thermal
paper focuses on nuclear power plants (NPPs) and the agimgdelling to quantify the transformer RUL. Among those that
of transformers in this context is affected by NPP operatiormodel transformer RUL, some authors have used statistical
distributions, e.g. Perk’s model [18], Weibull distribori [19]

or lognormal distribution [20], while others have used expe
imental models such as the Arrhenius equation in C57.91 for
transformer utilisation improvement through dynamic ngti
[21] or RUL predictions [22]. The focus of this paper is on
the second group due to the interest in insulation paper.rigmo
those that consider experimental models and inspecticm dat
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there is no consideration of improved thermal models, anthererro and ry are oil and winding time constant&t is
default thermal equations in C57.91 are used for transfornthe loading time intervalA©a 1o, (t) and AG+1o 4 (t) are the
RUL calculation. initial TOT and HST rise over ambient and TOT respectively
The estimation of transformer aging parameters is complak time ¢, and A©a 1o,(t) and ABGton,(t) are the ultimate
and non-deterministic because the heat transfer processST@T and HST rise over ambient and TOT respectively at time
distributed over different surfaces in the winding and lasan ¢, defined as:
structures and there may be measurement errors. Accoyding| s n
uncertainty modelling is )éritical for well-informed preniib(r:{s. ’ ABaro,(t) = AGTO’R[((ZU)/Z) v+ 1)/(v+1)]
For instance, Jauregui-Rivest al. [23] used bootstrapping ABtop(t) = AOwr. (i(t) /ir)™
methods to quantify confidence intervals for thermal paramhere~ is the ratio of load loss at rated load to loss at zero
eters. Some of the reviewed models consider uncertaintiead, i(¢) is the transformer load at time i, is the rated
corresponding to different measured values [8], [17], [20joad, A©tor and ABOy g are the TOT and HST rise at rated
[22] and there are others which integrate different tramséy load respectively, andn and n are transformer parameters
health assessment parameters through an uncertaintg-awi@termined through a lookup table depending on the cooling
evidential reasoning framework [24]. However, to the bdst system of the transformer [7].
our knowledge, there is no approach which integrates datain order to determine the RUL at time RUL(¢), Eq. (1)
driven thermal forecasting models with model-based lifieti can be converted into a Markovian recurrence relation form,
experimental models to increase prediction accuracy and havhere the insulation paper health state depends only on its
dle uncertainty. This would help engineers in decision-imgk previous state and current conditions:
with error measurements and predicting the effect of future 000 15000
scenarios with varying conditions on RUL with more accurateRU L(t) = RUL(t—1)—Faa (t)=RUL(t—1)_e(W7W9H<f)) (5)
results than experimental models. . T
Accordingly, this work presents a Bayesian inference frame At instantt =0, RUL(¢ - 1) equals to the initial lifetime

work to quantify the uncertainty-informed RUL and analysgsnmatlonRULO' In subsequent iterationBU Lo is updated

the effect of measurement errors on RUL estimation. Bugijdin\é\ig?eth;tniolst Ep't(();)jart;;gsl‘ ;S;'ri?gt:ﬁ;ﬁfnreffcé:hsup [B\?Ji(t)h
on this framework, an improved transformer RUL predic- - = | pap .
tnednperature and load measurements and it guides the loading

tion approach is proposed integrating machine learning al bability of the transformer by examining the effect of

experlme_ntal_ models n the Baye5|a_n framework._Therefog%ferent load profiles on the transformer RUL. However, the
the contributions of this paper are (i) the evaluation of the

sensitivity of the effect of measurement errors on tramséor application of .(5) gives a single .RUL value at t!m_eand It
RUL estimation, and (i) adaptive prognostics prediction oes not consider the effect of different unc_erta|.nt|eshsa$
through the integration of uncertainty modelling, fordoas measurement errors that affect the RUL estimation.
models and IEEE lifetime models. A. Sources of uncertainty

The rest of the paper is organized as follows. Section [I The HST is inferred from indirect measurements [cf.
presents the IEEE thermal and lifetime models and analy$e® (2)]. Assuming that the TOT is measured, then HST
the uncertainty sources. Section Il presents the propog‘e’ﬁculated from TOT measurements may include measurement
approach for uncertainty_aware predictive modemngt@ec errors of TOT and load sensors. Addltlona”y, the initiahtle

IV presents case study results and finally, Section V coresudstate and the paper consumption process [cf. Eq. (5)] may
not be accurate due to lack of knowledge and other factors

involved in the paper degradation process.
. . _ If these uncertainty-surrounded values are not consigered
The IEEE C57.91 standard defines the insulation pap@e HST estimation may lead to erroneous results. Therefore

(4)

Il. TRANSFORMER THERMAL & LIFETIME MODELLING

aging acceleration factor at time Faa (t), as [7]: the effect of measurement errors requires to be explicitly
15000 _ 15000 considered. Accordingly, (2) including measurement ereord
Faa(t) = e 2% 21OH0 (1) assuming steady-stat\{=0 in (3)] is converted into:
\c:vgereh_@H(t) is the transformer winding’s HST at timein . Ou(t) = (B10(t) + wr0) + ABHR[(i(t) + @) /il®™  (6)
, which can be calculated from other measurements [7].Where oo denotes the top-oil measurement error and
On(t) = O10(t) + ABron(t) @ des!gqates the load measurement error. . _
= Oa(t) + AOaTo(t) + AOrop(t) Similarly, the paper degradation process in (5) is not a

) deterministic process, and it also needs to integrate taingr
oil temperature (TOT) at time instantand A©a 1o(t) and

Ato(t) are the TOT and HST rise over ambient temperaturezi/L(t) = RUL(t — 1)+wRULH—6“5000%0(%7277”%%“)) @)

and TOT respectively at timecalculated through: i . .
wherewryL,, denotes the uncertainty of the lifetime estimation

CAr at t—1, w; denotes the degradation process uncertainty and
ABATAt) = (AOAT0(t) ~ ABATO(t)[l € "TO)+ABATO(t) o Ou(t) is defined in (6). Initiallywryr,, will denote the initial

_At H H H H H H
ABToH(t) = (AOr0m(t) — ABToR(t)L—€ H)+ABToM(t) lifetime estimation errorwgut,, Which will be propagated
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in subsequent iterations through the recurrence relattom f  The only difference between (8) and (2) is that the TOT is
of (7). Comparing (5) with (7) it is possible to see thapredicted using ML models and not using analytic equations.
the different uncertainty sources may affect the HST andAfter implementing the HST prediction model, it is possible
RUL predictions. The proposed framework below effectivelio embed it into thdifetime modellingramework through the
integrates these sources of uncertainty. PF approach for a more accurate lifetime estimation which

includes different uncertainty criteria (see SubsectiiC).
Ill. PROPOSED APPROACH FOR ANALYTICS-UPDATED &

UNCERTAINTY-AWARE LIFETIME ANALYSIS A. Data pre-processing & feature selection

The goal of the proposed framework is to estimate the cur-After denoising and filtering the measurements performed
rent transformer insulation health state given inspectlata on-site (see Section 1V), Fig. 3 shows the correlation of the
up to now (diagnostics) and predict the likely future renvain top-oil temperature (vertical axis) with cooling water fesna-
lifetime given hypothetical future profiles (prognostids)g. 1 ture, load and ambient temperature (horizontal axis), eties
shows the PHM analysis framework whefrey,. . . ,zi,...,2k}  grey points are the actual data samples. The higher thetgensi
is the inspection data up to the current time insta@ind EOL  (plotted in red) the more likely is the correlation and viersa
denotes end of life due to to the i-th degradation trajectory(plotted in green). For instance, the most likely conditfon

water temperature versus top-oil temperature (Fig. 3 lsft)

g@gm Fgmﬁf Fgmf"éh“ that for water temperature betweeP@and 5C the top-oil
z gm& S temperature is concentrated at25with a p_robablhty density
s i@%} value of 0.015. As the water temperature increases up6,10
= i Maint. Threshold the top-oi_l _tempergture fluctuates betweef@nd 35C with
ﬁi—s‘omo‘l,v—'”"’e a probability den§|ty yalue of 0.001 _(green area in Fig. g.lef _
Biagnostic  Prognostics It can be seen in Fig. 3 that there is a non-linear relatignshi
Fig. 1. Transformer insulation paper PHM framework among the measured variables and the top-oil temperature.

The generalization and accuracy of the HST model in (E')his indi_cates that these variables may be g(_)od prec_iictors
can be enhanced by complementing the equation with forecdSf ©OP-Cil temperature because they add new information to
ing models. The analytic equations used to quan®fy(t) the_ forecasting model. This confirms expert knowledge [7]
are not always accurate [10], [14] because it is difficult tyhich states that _for water—cc_>o|ed transformers, the_ eglev
generalize with an analytic relation the properties ofetight Parameters to estimate top-oil temperature are coolingnwat
transformers operating in different contexts and this cafe [€Mperature, ambient temperature and load.

transformer lifetime estimation. Accordingly, a novel RUL M order to improve the prediction capability of forecagtin
prediction framework is proposed shown in Fig. 2. models, it is possible to infer additional time-domain teat

from water temperature, ambient temperature and load time-
series. To this end, first the time series is divided into seg-
6 ; : t ments, and then features are inferred. Different statir@fart
; Remmamg features have been extracted (listed in Table | [25], [26])ch
M results in a total of 18 features plus the three time series.

ling. . _ ... LinitiaLLifetime Process Noise !

TABLE |
Fig. 2. Proposed remaining paper lifetime framework TIME-DOMAIN FEATURES OF THE k-TH SEGMENT OF THE INPUT DATA
CONTAINING A TOTAL OF N DATA SAMPLES, Tk, PER SEGMENT k
The inspection data is not directly processable becaysesature Definition Feature Definition
it may include outliers and noisy measurements. Ha¢a | mean x,= Ziy i fpuse  Xp= it
. . " \ N ~i=1!%i
preprocessmgs_tep den0|.s§s and flltgrs the Qata: Subs_eque [0 zizl(wi,k,,fk)s Kurtosts 0y B (i
the segmentatiorstep divides the time series into different—— (EESEN <Nf(1‘?7k‘)
equidistant time periods. The preprocessed and segmente@an Xem 1] ZiT1hk fc;gs: stiﬁ
. . . = N N ~i=1%7,
data is then connected with feature extractionstep so [3quare B

that a number of time-domain features are extracted. Kinall The thermal properties of the oil suggest that there may be
this stage is completed bgelectingthe most representativea delay in the heat transfer process and accordingly lagged
features for subsequent thermal and lifetime mOde"inQStesignajs may be useful to improve the accuracy of predictions
(see Subsection IlI-A). However, in this case, the use of lagged signals for each of
Thethermal modellingapproach is comprised of top-oil andthese temperatures does not improve the accuracy of top-oil
HST calculations. For a number of utilities it is common rmt ttemperature predictions_ The prediction tasks of this work
have HST measurements because the required sensors argofocused on a long term horizon with highly non-linear
cost-effective. Accordingly, machine learning (ML) teafines - signals (see Subsection IV-B2). Then the use of e.g. a top-oi
have been used to learn a predictive model which is able|ggged signal involves feeding back the top-oil predicsion
predict the top-oil temperatur@ro, given a number of input This recursive mechanism has a negative effect over a long-
parameters (see also Subsection [1I-B). Then this modeles u term prediction window by accumulating and propagating the
along with the IEEE experimental model to estimate the HSpiediction errors and worsening the final prediction. In any
Ou(t) = Oro(t) + ABTou(1) (8) case, one of the implemented ML models explicitly takes into
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Fig. 3. Top-oil temperature correlated with cooling water temperature, load and ambient temperature

account lagged signals and their effect on the predicties (fold CV process searching the optimal parameters from a
LSTM models in Subsection 111-B4). predefined grid of parameterg=[0.001, 0.003, 0.01, 0.1, 0.3],

The feature selection process is implemented in Sectiorax depth=[1, 2, 4, 6, 10]. The best parameters for this work
IV-B1 using the case study datasets. Accordingly, the aesigre=0.3 and maxdepth=2.

of the subsequently introduced machine learning algosthm 3) Artificial Neural Network (ANN):ANNs are widely used
are based on these datasets and extracted features. for classification and regression tasks [28]. The multitaye
perceptron (MLP) feedforward model was used in this work.

B. Thermal modelling through machine learning methods The MLP is a three-layer network (input, hidden, output)
So as to forecast the top-oil temperature, different Mfomp”SEd of fully connected neurons. Each neuron performs

models have been designed and tested including Rand%rxveighted sum of its inputs and passes the results through

Forests (RF) [27], Artificial Neural Networks (ANN) [28] and@" aCt_"’a“OF‘ fu_nct|on. 'A.‘” the deS|gn_ed ANN models use a
gmoid activation function for the hidden layer and linear

Support Vector Regression (SVR) [29], and also improved®. = .

versions of RF (Extreme Gradient Boosted Regression Trégtivation fuh(?t|or1_ for output nodgs. .

XGB [30]) and ANN (Long Short Term Memory, LSTM [31]). Model training is performed using a back_—propagauon al-

The rationale for choosing these models is to compare t3grithm. The goal is to learn the neuron weights to generate

predictive power of XGB and LSTM with their counterpart® Nétwork output from the sample input, which minimizes

models (RF, ANN) and other classical models (SVR). the error with respect to the target_ output. 10 repea_lted 5
1) Random Forests (RF)RF is an ensemble of recursivefold CV was used to select an optimal .number of hidden

trees [27]. Each tree is generated from a bootstrapped sanfpfd€s: A number of networks were trained for each fold

and a random subset of descriptors is used at the branchinq"i'fﬁ"ng the number of hidden nodes from 1 up to 30. Of

each node in the tree. RF creates a large number of treestiy trained networks, the one with the highest accuracy was

repeatedly resampling training data and averaging diffeze  S€ ec_ted and was cqmprlsed of 13 hidden nodes. The ANN
through voting. was implemented using thenet R package.

The RF model has been implemented through the4) Long Short Term Memory (LSTMls a type of recurrent
r andonfor est package in R. The hyperparameters includeeural network which can capture correlations among sggnal
the number of trees (ntree) and the number of variabl@&ich involve long or short term time lags [31]. An LSTM
randomly sampled as candidates at each split (mtry). Thé8edel is comprised of one input layer, one or more recurrent
parameters have been optimized through a 10 repeated 5 fdgden layers, and one output layer. The recurrence loop
cross-validation (CV) process searching the best parametallows layers to store information. Instead of using nodes
from a predefined grid of parameters (see Subsection [V-B2 f@r the hidden layer as in ANN models, the basic units of
more details of the CV process): ntree=[100, 500, 1000, 15065TM models are cells, which can perform complex logic
and mtry=[1:15]. Best results were obtained with ntree=5@Werations (sometimes resembling finite state machinés). T
and mtry=2. LSTM model is trained through back-propagation of errors

2) Extreme Gradient Boosted Regression Tree (XG&B  Using stochastic gradient descent.
[30] is a faster and more efficient implementation of gratien The LSTM model has been implemented through the
boosting [32] which creates an accurate learner by comgpiniker as package in Python. The hyperparameter tuning process
many regression trees. The objective of training an XGB rhodeonsists of selecting the next parameters: number of layers
is to minimize the training loss and avoid overfitting thraugnumber of LSTM units, batch size, learning rate, and number
regularization terms. This process is based on additiveiniga Of epochs. Batch size denotes the subset size of the training
implemented through a second order gradient algorithm. [30jata. The LSTM model is not trained in a single trial, but take

The XGB model has been implemented through treubsets of the data and learning correlations between tsubse
xgbt r ee package in R. The hyperparameters include tHeach batch trains a network in successive order taking into
maximum depth of the tree (maskepth) and learning rate)\. account the updated weights coming from the previous batch.
The more complex the tree, the more complicated pattefgmber of epochs is the number of forward and backward
it will learn, but it will be more prone to over-fitting. The passes of all the training data.
learning rate models the error generalization. These hyperThe number of hidden layers was fixed to a maximum of
parameters have been optimized through a 10 repeatedttee layers and a number of different configurations with
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different hyperparameters were tested through 10 repeated g . \(Process Noi )
5-fold CV and grid search with parameters defined in the
following ranges: batch size =[5, 10, 15, 30, 45, 90], number /
of cells=[1:30], epochs=[10, 1000, 2000, 4000, 5000, 1000 _i | \MUL
activation functions = [softmax, relu, linear, tanh, sigdo @ :
softsign, softplus], learning rate = [1le-4, 1.5e-4, 2e-4;43 m\EUL«-----:
4e-4, Se-4, 1e-3, 2e-3]. Best results were obtained with two  |Mesuremens . 1 Degrudai

| i ) unction J Sfunction )
layers with 7 cells in each Iayer’ batch size of 15, 5000 e’B’Odllig. 4. PF framework for transformer insulation paper analysis
learning rate of 1.5e-4 and softmax activation function.

5) Support Vector Regression (SVR)e SVR maps input

data into anm-dimensional feature space using a kerngélealth state may be assumed to be of 180000 hours under
function [29]. The kernel translates a nonlinearly seplaratthe conditions stated in IEEE C57.91 [7]. Theor PDF of
problem into a feature space, which is linearly separable ke statery from the distributionp(z.1|z0.x-1) is determined
a hyperplane. The SVR definesdoss function that ignores by:
the errors situated within a certain distance of the trueezal

prob
la
prob 5
B3
|~

Particles

el
fo
prob
=

prob.

A®{R

The SVR is parametrized through the choice of kernel p(xK|z0k-1) :/p(zk|xk.1, zok-1)P(Zk-1|Z0k-1) dTk-1
function. For a nonlinear problem the RBF kernel is recom- (11
mended:k(z,2') = exp(y||z — 2'||?), where~ is the RBF = [ p(z|zk1)p(wra] zox1) diea

. , e .
W'dth’ v andz are training and testing data SamF_"e_S' "’,‘r\ghere the state-transition distribution functigfy|zk-1) is

1d] is the Eu_ch_d(_ean nhorm. The SVR solves an optimizatiogejne by the recurrence relation form in (9). In order to
problem maximizing the distance from the hyperplane to tl?f'pdate theorior PDF, a new measurement is collected at time

nearest training point. SVR penalizes the loss functiomwilk; -« and theposterior PDFis obtained using the Bayes rule:
a cost variablec. SVR training consists of calculating the

hyperparametersand~. Model training was performed using plak|z0x) = plzw|zon)p(z]zw)

the R kernl ab and MLR packages and grid search was _ _ p(2k|z01)
used to optimize: and~ within ¢ = [2-%, 2%, 2-2, 1] and The analytic solution of (12) is complex. Thus, the PF

~ = [278:2:24]. Of the trained SVRs, the one with the highes{VaS proposed based on iterative applicatiopioédi ct i on,

(12

accuracy was selected which heeD.1,v=0.25 ande=1 updat e andr esanpl i ng steps at each time instaht{33].
Predi cti on: assuming attimé—1, N, random samples
C. Lifetime modelling through Particle Filtering (PF) (particles) of the system state are availabﬂe};,l}fvzpl, as

PF is a Monte Carlo based Bayesian filtering method. RFrealization of theposterior distributionp(zi-1|zok-1), the
enables the integration of multiple measurements in a singirediction atk is performed by sampling the probability
degradation modef(-) and filters the true state of the systemdistribution of the system noisey_; and simulating the system
x, taking into account multiple sources of uncertainty [33Hynamics according to (9) to generate new samplewhich
A two-step method is implemented when PF is used for PHRre realizations of the predicted distributip(i|zo:x-1).

[34]. Firstly the system state estimation is performed: Updat e: each sampled particle is assigned a weight based
2k = f (@, wier) (9) on the likelihoods of observations collected at timek:
i P2k xh
2k = h(:l?k, <Pk) (10) Wy = ( | k) (13)

_ _ o . S0P Pkl
wheref(-) is the state degradation functiany is a state noise L ’ ) ,
vectorwe = (wy, wru,), h(-) is the measurement function, AN @Pproximation of theposterior P_DFP(?V'('ZO*) is then
and ¢y is a measurement noise vector = (oo, ¢i). obtained from the weighted samplgs; , w; }, ;. .

Fig. 4 shows the application of (9) and (10) in the trans- RéSanpling: as the PF evolves in time, weight de-
former paper RUL estimation process. The measurement fuf€neracy phenomena occurs where all but one particle have
tion defined in (6) integrates load)(and top-oil temperature Negligible weights [33]. To avoid this problem a degeneracy
(610) along with their measurement errors; (and o) condition is defined based on the effective size:
and other transformer parameters, and computes the hot- - ald ;
spot temperatur®y. The degradation function defined in (7) Nert = 1/2_:1“”“
integrates the process noidé; and calculates the RUL from S o _ L
the HST and inital health state. The inital health stattn _ | e {2l below ahrestoldyy (Nr=p/ 2 in this work)
iteratively updated with the actual state. a systematic resampling step is applied [33].

The state estimatiom, given measurements, up to the Algorithm 1 beloyv is a variant_ of the PF framework and
time instantk is defined in terms of probability densitydeflnes. th_e model mplemente(_j n t.hls yvork for transformer
function (PDF)p(z«|zox). The initial statep(xo) is assumed paper lifetime modelling as defined in Fig. 2.
to be known (see diagnostics in Fig. 1). There are different IV. CASE STUDY
methods to estimate the transformer’s initial health stateh The health of transformers is critical for the NPP. The
as the experimental analysis of the degree of polymerizatiparameters of the main output transformer analyzed in this
of the insulation paper, or if the paper is new, the initisdection are reported in Table Il. It is assumed that a Normal

(14)
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Algorithm 1 PF framework for paper lifetime prediction . |ine 5: calculate the HST from (2) using the collected
1 {RULka, @1, wh_ }%, > Results from instank — 1 top-oil temperature data in Fig. 5.
2: for k=1:At:Pred.Horizondo > lterate At timestep until horizon o | i ne 6: draw random numbers corresponding to the
3 Read and pre-process measurements selected error variables.
4: Segment data, extract and select features: gtex} « lines 7-13: calculate the PDF of the RUL at
5 ForecastOn (k) from (8) R Thi . ted for th lected diction hori
6-  Sample error variablesro ~ N(@ro,¢10), i ~ N(i, a1), This process is regea ed for the selected prediction horizo
rRULy ~ N (RU Lict, wru, ), 7k ~ N(0, wi) (i ne 2) with a At=1 hour timestep, and finally the PDF
7. fori=1:Npdo > Statepr edi cti on step of the RUL is obtained after processing all the availableadat
8: Propagater;, using (9), (10),RU Lx1 & ©Oto(k) ('i ne 14). There is no need to extract features and predict
9: Compute{wk}fV 1, using (13) > Update the TOT because the TOT is available until 09/2016 and the
10:if Ner < N7 then > Resanpl i ng cf. (14) goal is to diagnose the health state at this time instant.
1L Updatex; f‘“d;”gv:)"a systematic resampling _ Fig. 6 shows transformer lifetime diagnostics results. The
1; ggﬁ[k]i—]%{élzz)k}izl > stSr%ptfirt;cletrr]esultstgtt t'”f operating time axis denotes the processed data (11/2012-
1s: k1= [k] > Update for Ihe next fteration 09/2016), the RUL axis denotes the degradation of the health

14: return RU L All particles & weights in the prediction horizon state starting from the initial state, and the density aiscdes

the PDF value.

distribution models the uncertainty-related variabldsAdgyo-
rithm 1,1 i ne 6). For confidentiality reasons, it is assumed
that the initial state of the insulation paper is equal to & ne
paper with 180000 hours of life and an uncertainty of 500 .
hours, i.e.RU Lo~ N (180000, 500) [7] and the process noise 2

is assumed to beyx ~ N(0,20). However, note that the PF 30_001
framework is flexible and it enables the integration of non-

Normal distributions too.

0.002

Jan 2013
Jul 2013 o,

TABLE I , RS
TRANSFORMER PARAMETERS o Jan 2015 &
Param. Value Param Value 168k170k Jul 2015 L'F
Cooling / m,n | Oil Directed Water Forced / 1, 1 Rating 267 MVA Re""a/nz,k 174K Jan2016 &
AnrlAtor 30°C/24.3°C VilNZ | 17 kVI230//3 kV 9 UsefoL 178k sui2016  ©
Woore.col Wiank 95254 kg 7 30617 kg iy 15.1 kAI0.25 e (ho, ourg)

Fig. 6. Transformer diagnostics results for 11/2012-09/2016
A. Diagnostics & sensitivity analysis

1) Diagnostics:Using the proposed framework in Fig. 2, it
is possible to estimate the actual health state of the itisala

Fig. 7 shows the health state of the transformer at the initia
and final time instants directly taken from Fig. 6.

paper by replacingi ne 5 of Algorithm 1 with real©®ro(t) ge-a] re3]

measurements and scoping the prediction horizon into tEe | 2l

length of the available data. § Seea]

Assuming that the initial health state corresponds to 11220z ***| Se-a]

the health state after 3 years and 10 months is evaluated, ie 4 Sre-al

at 09/2016. Accordingly, the available datasets for tdmod — o
179k 180k 181k 168.5k 169k 169.5k 170k 170.5 171k

load for the same period are processed so as to first CalCUlatEremaning paper Lifetime as of 11/2012 (hrs) Remaining Paper Lifotme s of 09/2016 (hrs)
the HST [cf. (6)] and then estimate the RUL at 09/2016. Fig.
5 shows the preprocessed load and top-oil temperature datay. 7. RUL at initial and final time instants (inferred from Fig. 6)

ol HEL TP T g (el An important result is that the initial assumptions aboet th

Ll Normal distribution of the errors (cf. Fig. 7 left) changeths

PF framework propagates the measurements and associated

errors. By the end of the diagnostics process (cf. Fig. 7tyigh

Normality cannot be assumed and therefore, when inferring

the confidence intervals, standard percentile values ate no

applicable. Namely, the final health state is distributed two

nodes located at 169300 and 170200 hours. Accordingly, it is

necessary to calculate the area under the curve so as teensur
In order to calculate the health state of the transformer @yt it covers the desired confidence interval (CI) area. &ig

of 09/2016, it is assumed that the temperature errgfis =  shows the 95% confidence interval quantification concept for

5 °C and the load error ig; = 1 kA. The datasets in Fig. 5 non-Normal distributions bounded into [961, 95" CI].

are applied to the PF framework in Algorithm 1 as follows:  The inference of the confidence intervals facilitates the
o line 1:initial state: RU Lo ~ N (180000, 500). decision-making process because it enables engineerspd ad

40

20-

Top Oil Temperature (°C)

-20 ==t i =
o Lyt Uiz 201 Ji1s 2013~ 2014 2015 2016

Fig. 5. Tested load and temperature profiles (11/2012 - 09/2016)
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Area=95% 0.003

PDF

RUL (hrs)
957 CI 95T CI 0

Fig. 8. 95% confidence intervals [95 CI, 95* Cl]

N

Density 8

0.001

an uncertainty-informed decision with intuitive lower and

upper limits on the estimated parameters. Accordingly, Big , N
shows the maximum likelihood and 95% CI of the predictions o =
P 38
in Fig. 6. %1200 o s

140 :
emainin
9 Usefy Lir’el?fglc;t_,lmk 180k °
I'S)

-
®
=]
=

Fig. 10. Load error sensitivity analysis — 3D representation
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It is apparent from Fig. 10 that different load measurement
errors play a different role on the lifetime estimation. .Fid
shows the maximum likelihood and 95% CI for the load error
sensitivity analysis inferred from Fig. 10.

firg
~
N
~

#—e—e Max. Likelihood
E 95 % Conf. Interval

Remaining Useful Life (hours)

-
o)
@
~

2013 2014 2015 2016
Operating time

Fig. 9. Transformer diagnostics, 95% CI of Fig. 6

Fig. 9 shows the maximum likelihood and 95% CI for the
PDFs shown in Fig. 6. The degradation is almost exponential
as determined by the ageing acceleration factor in (1), but
this is affected by the de-energized periods of the transéor
which are reflected in the load and top-oil temperature. For 120k
example, the transformer was shut down in mid-2016 which [ ——
resulted in zero load, decreased top-oil temperature, and TE s | | |
accordingly almost negligible RUL decrease. The unceftain ’ ' Load error (kA) ’
propagation is dependent on the assumed error variables agdi1. Load error sensitivity analysis with 95% Cls
processed data as discussed in the next subsection.

2) Sensitivity AnalysisiIn order to evaluate the effect of As the load measurement error magnitude increases in
error variables on the RUL estimation a sensitivity analysis Fig. 11, the uncertainty bounds increase and the maximum
been performed examining the effect of the change of load alikklihood value decreases. The zoomed view of the interval
temperature measurement errors. Note that this informadio [0.01-1] kA shows that the error bounds are around 2000 hours
lost with existing lifetime estimation models. and they are fairly constant in this zone. However, aroued th

The HST in (6) defines the effect of load and temperatueghow point identified in (15) the maximum likelihood value
measurements errors. For this case study (cf. Table I3, ttarts decreasing rapidly and the 95% confidence intervals
equation is parametrized as followgt(), ¢; are in kA units): widen due to the increased effect of the error values. Owing

to the stochastic nature of the PF algorithm, the 95% Cls vary

On(t) =Oro(t) +pro+ [Augr/ir.[i(1)* +¢i” +2.i(t)- ol 15) according to the nature of the PDF (see PDFs in Fig. 10).

=Or0(t) +¢10+0.13.i(t)> +0.13.4° +0.13.i(t) 401 In order to evaluate the effect of temperature errors, thd lo

It is possible to see that the effect of temperature measumeeasurement errodN(i(t), 1)) and process noise\V(0, 20))
ment errors are added as absolute values. In contrast, fdl sthave been assumed constants. Fig. 12 shows the 95% CI for
load variations, the effect of load measurement errors en téffect of error measurements for this situation.

HST are not relevant. However,gf > /(1/0.13) ~2.78then  In Fig. 12 one can see that for temperature measurement
the effect starts increasing rapidly due to the factdiB.¢;?  error values below &, the effect of temperature measurement
and the exponential degradation in (7). The tériB.i(¢).o;  errors on the RUL estimation is unstable. That is, the maxi-
depends on the specific transformer loading. mum likelihood value of the PDF of the RUL value fluctuates

The effects of different load and temperature errors haaeound RU Lo=N (180000, 500) minus the ageing after one
been analysed using monitored data. For computational effear. Depending on the initial state which is randomly sadpl
ciency the data has been limited to a year (11/2012-11/2018pm RU Ly, the final health state varies. There are some cases
Fig. 10 shows the effect of different load measurement srroxvhere the initial RUL is located around 180500 hours and
on lifetime estimation assuming constant temperature meherefore, after a year with a degradation lower than 500jou
surement error{ (O10, 5)) and process noiseV(0, 20)). the final health state is above 180000 hours.

140k-

RUL (hours)
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where N is the number of predicted data samples.

Fig. 13 shows the feature selection results with best featur
for different segment sizes for XGB and RF models. Best
results were obtained with the listed 12 features in Fig. 13.

1- g Best features (5 days)
\ Segment size 1 \ater temperature
2days 2 Mean water temperature
UJO s -3 days 3 RMS water temperature
| no.8- 4 Mean ambient temperature
g mead § -4 days 5 Kurtosis ambient temperature
3

177k-

95% Conf. Interval

5days g gkewness load
-e-6days 7 Kurtosis load
7 days 8 IF water temperature
9 Skewness water temperature
10 CF water temperature
11 RMS load
12 Mean load
Legend:
5 Numberyf Featurds B I mpuise factor
On the other hand, above a temperature error @ e umber ot reatures CF: crest factor
effect of the temperature error becomes non-negligibleiindrig. 13. Feature selection and segment size
directly affects the health state. Additionally, it is pités to ) _
see that for temperature measurement error values belew 2 Best results for SVR were obtained with three features
the Cls are very narrow, but as the error increases thesalsoufvater temperature, mean ambient temperature, load) foine
widen. This is because for low temperature errors the made ANN models (water temperature, mean ambient temperature,
confident that the final health state is the maximum likelthognean load, RMS water temperature, mean water temperature,
value because there is no temperature error. However, Sk§wness water temperature, RMS load, kurtosis ambient tem
the temperature error increases, the Cls widen and the fiRgrature, IF ambient temperature) and six for LSTM models
evaluation of the health state is more uncertain. (water temperature, mean ambient temperature, load, RMS
When the load error is zero and the temperature measufad, mean load, mean water temperature) all with a segment
ment error is 5C (Fig. 11) the variation of the RUL estimationSize of 5 days. After the feature extraction step, all the
is caused by the ternpro in (15). In contrast, when the forecasting models have been designed and trained acgordin
temperature measurement error is zero in Fig 12, but the Id&dthe process outlined in Subsections IlI-B1-lll-B5.
error is kept at 1KA, it can be seen that the variation due to2) Thermal modelling:The first step is to learn a predictive
the termy; in (15) is almost negligible, which confirms thatModel so as to predict the top-oil temperature. Figs. 5 and 14

the effect of temperature errors are more sensitive thag lo2how load, ambient, water and top-oil measurements hourly
errors for low loading conditions. sampled for a period of 3 years and 10 months.

0 2.5 5 7.5 10 125 15
Temperature error (°C)

Fig. 12. Temperature error sensitivity analysis

B. Prognostics

In order to predict the future health state of the transfarme
the approach shown in Fig. 2 is adopted. First an appropriate
predictive model is designed which is able to estimate HST
given hypothetical load and temperature profiles. Thigresti
tion can then be directly connected with the PF framework to

. Temperature (°C)

.. Water temp.

propagate uncertainties and estimate the lifetime. Thetado T Ambient temp.

2013 2014 2015 2016

temperature error 1$T0 = 5°C and I(_)ad errorp = 1 kA. Fig. 14. Water and ambient temperature data (11/2012-09/2016)

1) Feature processing & selectionThe length of the . S
segment determines the validity of features and the final'® can be seen that the t.qp-0|l temperature pro_flle 's highly
prediction error. According to the performed experimebést non-linear due to th? specific operational _constralnts OPNP
results were obtained with a length of 5 days. With a segméﬂ?mew’ the plant is shut down for maintenance activities

length longer than this the features lost representatsseand and_Fhls affects the_: load and top-oil temperature values.
the error increases (see Fig. 13) Additionally, depending on the harshness of the winterdloa

Subsequently, all the features (cf. Table 1) along Witﬁonditions and applied water temperature, the oil tempegat

the preprocessed variables have been processed throug?‘?‘%]cgﬂgat;iliag E?cr)?::sigriﬁiﬁj d‘zg';’vi?éerr:;:;é d 5 fold CV

recursive feature elimination (RFE) procedure and gridcea , . L
[35]. This step selects the most representative featuréxshwhprocedure to estimate parameters and generalize the poedic
sults. That is, the top-oil time series is divided into 5

minimize the prediction error. RFE was implemented for RES

- : gquidistant folds (see Fig. 5). Then a number of ML models
XGB and SVR using théar et R package and grid searchgre trained (see Subsection 11I-B) for the first fold andddst

quantified through 10 repeated 5 fold CV using the normalisg‘ﬁth the s.econd fold, subsequently the same mOdels aretain

root-mean-squared erroR(ISE): with the first two folds and then tested with the third fold and
' the validation continues until the last step, where the risode

S (60 - @TO)2 are trained with the first four folds and tested on the lasd.fol

(16)  This process is repeated 10 times to deal with the stochastic

= RMSE
R]WSE—;RMSE—J

maxz{RMSEi}N_, N
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behaviour of some models and generate repeatable resuits.IEEE analytic model may not perform accurately for every
the error calculation the RMSE has been used. Note that tha@nsformer operating in different contexts.
are different alternatives to validate the results suchha&s t 3) Lifetime modelling:The lifetime prediction model uses
stratified double CV scheme [26]. the most accurate thermal model within the framework in Fig.

In total, after preprocessing the data and removing invaltli Given hypothetical ambient temperature, load and water
samples, there are 32440 samples so each fold has 6#88perature variables, first the selected features areréuafe
samples. Accordingly, at each fold the models predict up {of. Fig. 13), and then the XGB model predicts the top-
6488 hours ahead( 271 days). Table Ill displays the mearoil temperature. Subsequently, the IEEE model is used to
RMSE and the standard deviation for various models for all testimate the hot-spot temperature from the predicted tiop-o
folds estimated through the 10 repeated 5 fold CV procedutemperature, and finally, this is used to predict the papdr RU

using the PF framework defined in Algorithm 1.
TABLE Il o . i

RMSE OF ML MODELS FOR TOP-OIL TEMPERATURE FORECASTING To test the apprqach with d!ﬁ:erent hypothetlcal profllemeo
Tech, |__Fold #1 Fold #2 Fold #3 Fold #4 Average year’s worth top-oil and ambient temperature data have been
Ouain | Gest | @rain | Gest | Grain | Gest | @ran| Gest | Gran | @est | tgken from Fig. 14 as a representative reference for yearly
0.37| 4.13| 1.2 5.07| 2.08| 6.63| 3.04| 9.1 1.67| 6.23 . .
xeB| + | + | 2 | X | 2| £+ £ %] =< temperature patterns. Then user-defined load profiles & us
0.28]| 037| 035] 0.35] 0.13| 0.67] 024 0.15] 1.14] 217 | to predict the TOT under different loading conditions. Fi@.

177] 399 | 2.45| 413 | 2.89] 6.85| 4.63| 9.97| 2.94| 6.24
Lstvl 00 T T T T S e S shows tested load and temperature patterns.

@Y | 005| 042| 0.12| 03 | 0.15| 0.25| 0.28| 0.39| 1.05| 2.43
. 1j.[82 4j.[31 zj.[43 4£39 Sfl 6f7 4j.[21 9j.t7 2£87 6£27 e e .
GBL) | 0.09| 020 | 0.33| 0.24| 0.28| 0.24| 0.6 | 0.11| 0.88| 2.19 PR iyt g
Lstml 2 | 43 | 252| 44 | 329] 69 | 434] 96 | 3.05| 63 3 il 10
(L) - = - + - £ - - ¥ - 06 (:gfile A
017| 0.71| 0.24| 0.49| 052| 0.26| 0.67| 052| 1.01| 25 s profi
0.85] 4.23] 0.84| 5.05| 0.91] 649 1.07| 10 | 0.02| 6.4 S = prafile B
RF | = | = | = | = | = | £ | =] |« | = 0.4 Load 10
0.02| 0.05| 0.01| 0.06| 0.005 0.00§ 0.003 0.00§ 0.1 | 2.55 profile C -Ambient Temp. (°C)
2.35 6.43 0.0 | | | | 20, —Water Temp. (°C) |
SVR | 1.66| 4.9 | 2.87| 413| 2.38| 6.93| 35 | 9.76| + | + Apr. Jul. Oct. Jan. Apr. JUl. Oct. Jan.

0.77| 2.51 Fig. 16. Tested future load and temperature profiles

1.12| 5.8 | 1.49| 547| 2.07| 6.54| 3.43| 11.07 2.03| 7.22 .
ANN | + | + | + | = | £ | | = | |+ | + These patterns have been repeatedly applied to the PF

104] 1.6 | 0.27| 083 0.14] 0.18| 0.19] 093 1.01 ;767 framework in Algorithm 1 for two different prediction hori-
IPEE | na| 5 | Nna| 56| NAa| 86| na| 12 | wa| + | zonsof5and 10 years:

C57.91 32 ] o
: o line 1:initial state: RU Lo ~ N (180000, 500).
o |l ine 4:infer selected features from load, ambient tem-
perature and water temperature profiles in Fig. 16.

From the prediction results in Table Ill it can be seen
that the XGB predicts best the top-oil temperature value Th . line 5: using the designed XGB model, first forecast
mean performance of the LSTM is practically the same, but ' '

. . . . the TOT and then calculate the HST.

in the worst case scenario the maximum error is greater than. line 6: draw random numbers corresponding to the
the XGB, i.e.etesyqs = 8.4 < etestor, =8.67. Additionally, an assumed error variables

important advantage of XGB over LSTM is that XGB models . lines 7-13: caIcuIate.the PDE of the RUL at time
are easier and faster to train and test. Accordingly, the XGB instantt '

model is used for lifetime modelling and RUL estimation. .Fig ) o o )
15 shows the last fold prediction for XGB and LSTM, where This process is repeated for the selected prediction horizo

ground truth denotes the measured top-oil temperature dat@ | "€ 2) with a A¢=1 hour timestep, and finally the PDF
of the RUL is obtained after processing the data up until

3y XGB 5 B 5T the prediction horizonl(i ne 14). Fig. 17 shows the RUL
S f S . i predictions after 5 and 10 years.
ézo A ‘i ‘ :;;zo 2e-3pUL after 5 years 6e-3-RUL after 10 years
g e Initial state Initial state
e ! e, Profile A Profile A
S | Training prediction ‘.I” B |- wining prediction - Wproflle B Sheing
§:2 _—_lGers‘;tuELef:ifn “i E’-z — gisotuﬁze‘:riﬁtt“;n’ > Profile C 4;37 Profile C
2013 2014 2015 2016 2013 2014 2015 2016 l%le»} g
Fig. 15. Top-oil temperature forecasting results for the last fold (see e 2:37
top-oil temperature and folds in Fig. 5) Se-4.
RF also shows a good performance, but the problem is that , @ o M | L
. .. 168k 172k 176k 180k 160k 165k 170k 175k 180k
RF overfits the model as shown by the low training error. Also Remaining Useful Life (hours) Remaining Useful Life (hours)

note that different trials of SVR models generate same tesU'9 17+ Predicted RUL with the scenarios in Fig. 16

because of the fixed decision boundaries. The initial state statistics in Fig. 17 are mean=179800,
In contrast, the thermal model defined in the IEEE C57.95'=180900, 95178900 (all in hours). Table IV displays
standard has the poorest performance and highlights tkat RUL statistics corresponding to different profiles.



IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

TABLE IV [7]
RUL STATISTICSIN FIG. 17
. Profile A Profile B Profile C [8]
Time
m 95 95 m 95 95 m 95 95
Sy 178.9k 180.1k 178.9k 177.6k 178.1k 176.3k 169.9k 170.4k 168.4k
10y | 178.5k 179.1k 177.1k 174.2k 174.3k 173.7k 158.9k 159.8k 158.4k [9]

The predicted RUL values are consistent with the appli¢f!
profiles. Thatis, C shows the most severe degradation fetiow
by B, and the application of A results in a higher RUL. [11]

V. CONCLUSIONS

This paper has presented a novel transformer conditiﬂgl

IEEE PES, “IEEE Guide for Loading Mineral-Oil-Immersddansform-
ers and Step-\oltage RegulatorZEE Std. C57.912011.

R. Medina, A. Romero, E. Mombello, and G. Ratta, “Assegsilegra-
dation of power transformer solid insulation considerihgrimal stress
and moisture variation Electr. Pow. Syst. Resrol. 151, pp. 1-11, 2017.
Y. Cui, H. Ma, T. Saha, C. Ekanayake, and D. Martin, “Maig-
dependent thermal modelling of power transform&EE Trans. Pow.
Del,, vol. 31, no. 5, pp. 2140-2150, 2016.

A. Seier, P. D. H. Hines, and J. Frolik, “Data-driven fmal modeling of
residential service transformerdEE Trans. Smart Gridvol. 6, no. 2,
pp. 1019-1025, 2015.

E. Pournaras and J. Espejo-Uribe, “Self-repairablarsigrids via online
coordination of smart transformerslEEE Trans. Ind. Infor. vol. 13,
no. 4, pp. 1783-1793, 2017.

M. Andresen, V. Raveendran, G. Buticchi, and M. Lisefigfetime-

assessment approach integrating model-based experimenta based power routing in parallel converters for smart t@msér appli-

models, forecasting models and uncertainty modelling con-
cepts in a Bayesian Particle Filtering framework. (13

Error propagation and sensitivity analysis are key adigit
for decision-making under uncertainty. The implemented se[14]
sitivity analysis evaluated the effect of load and tempeet
measurement errors on transformer lifetime and it showad th
for low load measurement errors the effect of temperatupne)
errors are more critical. However, the load measurement
error increases rapidly above an elbow value which has be{%]
formulated analytically.

It has been demonstrated that the integration of machine
learning (ML) models with experimental models improveEﬂ
transformer lifetime estimations. Among the tested ML nisde
for thermal modelling, the eXtreme Gradient Boosting (XGB[L8]
has shown the best prediction performance. Accordingly, th
transformer RUL has been examined with different operatfiory;
profiles using the XGB-based temperature prediction model,
IEEE-based lifetime model and uncertainty informationaif c
lected measurements and stochastic processes. The pded{éf)]
RUL values are consistent with the applied operational lg®fi
and this demonstrates the validity of the proposed approdeh
for adaptive lifetime predictions.

As NPPs age, the aging of transformers is becoming incregsy
ingly critical because they are crucial assets to exportggne
from the NPP. The proposed approach enables the modelligg
of these dynamic contexts accurately while accounting fBr
uncertainties. Future work may focus on integrating other
degradation accelerating factors in the proposed appmath
as the moisture and other chemical factors. [24]
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