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Abstract—An on-line conductor thermal overload risk assess- ratings are obtained. An alternative that has drawn much atten-
ment method is presented in this paper. Bayesian time series tion during the past few years is dynamic thermal circuit rating
mOd?ilr'lsezreAl}lnseesdti:gaTeogﬂrY;et%?r?r:;lO:\?eiﬂggz %'gl??stggtgiﬁgzrgis' (DTCR) technologies, which require a real-time monitoring
sion . : .

Monte Carlo (MC) simulation. We predict the thermal overloady system. These monitoring systemsl may be weather-based,
risk for the next hour based on the current weather conditions te€mperature-based, and/or sag/tension-based [6]. We do not
and power system operating conditions. The predicted risk of attempthere to compare the merits of these monitoring systems,
thermal overload is useful for on-line decision making in a stressed recognizing only that a company’s decision to deploy one of
operational environment. them for a particular line is influenced by the investment and
Index Terms—Bayesian analysis, Markov Chain Monte Carlo Maintenance cost together with the expected benefit.
(MCMC), security assessment, transmission line thermal overload  Deployment of weather-based monitors, as in [11], have been
risk assessment. hampered by the need to monitor the weather conditions at many
locations along a line. If the weather monitoring and communi-
cating equipment cost is high, then this approach may not be
cost effective, particularly for long lines. However, there is ev-
T HE power industry is experiencing deregulation worldijence that these costs are declining, as indicated in [7] and
wide. To survive in this environment, a successful comysp at several web sites [8]. For example, one particularly in-
petitor must offer high-quality service to customers and keggresting wind monitor is the sonic anemometer [9]; unlike cup
costs low. The market environment has changed the way powgemometers with moving parts, the sonic anemometer has no
systems are planned and operated. Competition in the marigfll speed and can therefore measure very low wind velocities.
requires more long distance deliveries than before and a derggaddition, it is more accurate, and it can simultaneously mea-
ulated market introduces high uncertainty into power systemgyre wind speed and direction. It is highly likely that new de-
Current deregulated power systems are often operated in highdfopments in weather sensing technologies will continue [10]
stressed operating conditions. Traditionally, engineers use @g-high-quality weather information is useful in operating many
terministic methods with large safety margins to maintain relginds of power system equipment.
tively high security, which requires high costs for the competi- | this paper, we describe and illustrate an approach for
tors in the market. Improved measures of risk are needed for ggitizing weather-based monitoring systems to aid in making
propriate decision-making in the market environment [1}-{3].operational decisions that affect line loading. A key feature

Since the security of power systems depends on the avgj{-this approach is that it is predictive, i.e., it utilizes a novel
ability of transmission lines, on-line tools for predicting thgyropabilistic weather prediction method to indicate transmis-
short-term thermal overload risk are useful in making decisiogfyn fine risk for a future time period. Probabilistic methods
involving tradeoffs between economy and security. We presgg assessing weather conditions associated with transmission
aframework to predict the next hour’s transmission line thermge ratings have been used in the past [12], [13], but these
overload risk. This framework includes stochastic weathgfethods have been mainly used for providing seasonal ratings;
models and models pertaining to the thermal behaviors igf constrast, we focus on providing information based on very
transmission lines. An estimate of the thermal risk is obtain@gcent measurements for predicting near-term weather and thus
by Monte Carlo (MC) simulation. relevant to near-term operating conditions.

Power engineers traditionally use a deterministic method towwe assume that hourly recordings of wind speed, wind direc-
compute the thermal ratings for conductors [4], [5]. A set of sgpn, and ambient temperature are available for the last six days
vere weather conditions are assumed, and conservative thergghultiple sites along the transmission line of interest. Teleme-

tering data from weather meter stations capable of monitoring
temperature, wind speed, and wind direction along the line is
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most general solution and can be applied in a degenerate fornhet Y be the observed variables, adde model parame-

to the simpler alternative approach of using a conservative witets. LetP(Y|6) denote the probability model for the observed

speed estimate with NWS temperature data. We have used N@#&a. When viewed as a function of the unknown paraméters

temperature and wind data to illustrate, recognizing the limit#(Y'|¢) is known as the likelihood function. The MLE is the

tions of the lattet, as other data were not available to us. value 6,,,;. that maximizesP(Y'|#). MLEs have a number of
This general solution approach uses Bayesian time serifise statistical properties in large samples. The maximum-like-

models to model the weather conditions. The models relat@gbod approach is used for the wind speed model.

the current weather conditions to those in the previous hour.For the ambient temperature and wind direction models,

We compute the parameters of the weather models from i@ use the Bayesian approach to analyze the HatBor the

most recent six days’ (144 h) weather data. Then, using tBayesian approach, we introduce a prior distributiB(®)

current hour's weather data, we predict the next hour’'s weathg{ the unknown parameters. Combined with the likelihood
conditions. With the predicted weather conditions, we compuignction P(Y'|6), this yields a joint distribution

the thermal overload risk for the next hour with MC simulation.
We describe the weather models in Section Il. The next hour’s P(Y,0) = P(Y|0)P(0) 1)
ambient temperature, wind speed, and direction may be pre- . , C .
dicted with time series models. Solar radiation is computed wi?r?d then using Bayes’ rule, the distributionéogiven”
a deterministic model. A current—-temperature model for over- P(Y|0)P(6) P(Y|6)P(6)
head bare transmission lines is presented in Section Ill. PEYy) = [ P(Y|6)P(6)df - PY) @
The spatial problem of relating temperature data from ob-
serving stations to transmission line environments is address¥g call P(6]Y) the posterior distribution of. This describes
in Section IV. An example in Section V illustrates how théincertainty about given the observed data. In most applica-
weather models and current—-temperature model are used #iPas, an analytic expression fgrP(Y'|6)P(6)d6 is very dif-

MC simulation to identify the transmission line risk. ficult to obtain, i.e., we cannot obtain the posterior distribution
in closed form in most cases. However, noticing in (2) that the
II. WEATHER MODELS factor P(Y') does not depend ohandY is fixed, we can con-

o ) siderP(Y") as a constant and focus on the unnormalized poste-
A transmission line’s temperature depends on ambient tef}s, distribution Q(6]Y")

perature, wind speed, wind direction, and solar radiation. Time

series models for wind direction, wind speed, and ambient tem- POY) o P(Y|6)P(6) = Q(6]Y). 3)
perature are developed to predict the next hour’'s weather con- ] ) S o

ditions. Bayesian analysis is used to obtain the posterior distf?® Unnormalized posterior distribution is sufficient for devel-

bution of the parameters in the wind direction model and tffPIng algorithms to study the normalized posterior distribution.

ambient temperature model. The wind speed model is a mix-Vorking with the unnormalized posterior distribution

ture model for which Bayesian analysis can be difficult. For th&(¢1Y), we can use Markov Chain Monte Carlo (MCMC)

model, we obtain maximum-likelihood estimates (MLE) via th&imulation to obtain a numerical approximation to the posterior
expectation—maximization (EM) algorithm. distribution P(8]Y"). In the MCMC approach, a Markov chain

We do not build a statistical model for solar radiation. BeVith stationary distribution equal to the posterior distribution is

cause solar radiation depends on the sizes, positions, and ffstructed. The Markov chain is simulated until the simulated
of the clouds in the sky, a stochastic model for solar radiatigilues are judged to be representative of the stationary distri-
would be very complex. Another reason for not building suclPIUt'O” (that is the target posterior distribution). At that point

a model is that detailed cloud data are not typically availablf'e simulated values are treated as a collection of samples from

Therefore, a conservative deterministic model for solar radi§!® desired posterior distribution. These samples can be used

tion is used. Fortunately, the conductor temperature is not véR/estimate any summary of the posterior distribution, e.g., the
sensitive to solar radiation at elevated temperatures [14].  POSterior mean. The Metropolis-Hasting (MH) algorithm is
one algorithm for constructing Markov chains to draw samples

A Statistical Methods from the Bayesian posterior distribution. It proceeds as follows

1
Our basic approach is to construct a probability modgl

relating current weather conditions to earlier conditions and enerate starting value g

unknown parameters. Depending on the model, we obtajngg, + — 1 2

1 - . b) g e

inference for the unknown parameters using either the method __ Sample a candidate ¢* from the

of maximum-likelihood or Bayesian methods. Here, these jumping distribution 7, (676t 1)2

approaches are reviewed briefly. —  Compute the importance ratio: , —

min(1, Q(6*|Y)/J(6*16°71) /Q(6*Y) /Jo(6'7116%))

1The Internet provides access to NWS surface observations, which thor-__ Generate U from the Uniform distri-

oughly cover the United States, with a typical station spacing of 50 km—100 km, buti Unif(0.1

but more dense in urbanized areas. Use of the temperature data with this station ution Unif(0,1)

spacing is appropriate, as spatial variation of temperature can be captured using— If U<, then 6" = 6%, else gt =91

this kind of station spacing, indeed, meterologists do it regularly. However,
wind speeds and directions incur spatial variation too great to be captured from J, (66~ ') means the parameters.bfare defined by*~' . Details about
data obtained at this level of station spacing. jumping distribution can be found in [15].



772 IEEE TRANSACTIONS ON POWER DELIVERY, VOL. 17, NO. 3, JULY 2002

» Stop when recent values of 6 appear to Iy(k) is the normalizing constant that makes the VM integrate
represent draws from the stationary to 1; it is a modified Bessel function of order 0 and can be ex-
distribution. 3 pressed as
The Gibbs sampler, also known as alternating conditional Lo(r) = 2(7’!)_2(0'5“)27' (6)

sampling, is a special case of the MH algorithm with the im- r=0

portance ratio always 1 [15]. Denoting the parameter vectphe parameters of this distribution greands.

0 = (61,...,6x), the Gibbs sampling algorithm can be de- Here, the wind direction at timeé ¢, is to be related to

scribed by the following pseudocode [15]: the wind direction in the previous houf,_;. Conventional

time series models for defining such relationships include:
autoregressive (AR), moving average (MA), and autoregressive
moving average (ARMA) [17]. Our wind direction model is a
first-order autoregressive Bayesian time series model. Suppose

« Generate starting value 6° = (69,...,69).
e For t=1,2,...
—  generate 6% from

b 1 we have observed circular data,...,¢;_; and the corre-
P06 05 - 07, Y). sponding random variables come from the VM distribution,
— generatet 195 frortn . then our model assumes that the random varidhleshould
P(0a01, 65, ....0, ", Y). also come from the VM distributioWM(yi;, ). In this VM
e distribution, the variation: is assumed constant. The location
- generate 6 from parameter or expectation ab, is related to the previous
P(61,16},65,...,6; 1,6, Y). measurement,_; through the link function
e Stop when recent values of 6 appear to
represent draws from the stationary 1
distribution. E(®:) = i = glong™ (¢1—1) + a0) )

. . ... whereg(-) is a suitable function. Fisher [16] suggested the arc-
When sampling from all of the conditional posterior dlstrlbut-angent function is a feasible choice for the functipim (7).
tions in the second step of the Gibbs sampler is impossible, Wgarefore. our AR(1) model is

can embed MH algorithm steps to sample from some of con-
ditional distributions. The Gibbs sampler can be used in the .
ambient temperature model. The Gibbs sampler with embedded ~ P(¢|1e, &) =[2m x Io(r)] ™ exp[r cos(¢e — pur)]

MH steps is required for the wind direction model. —2tan=  cr tan $r—1 ta
The Bayesian approach has several attractive features. First, fie ‘ L 2 0
it yields reasonable inference without requiring large sample a1 ~Norm(0, 10%)

theory for justification. Second, the use of simulation based in-
ference makes it easy to compute a number of summaries, in-
cluding a predictive distribution for future weather conditions.
We prefer the Bayesian approach but have used maximum-like-
linood for the wind speed model because the likelihood functiathere~ stands for “described by distribution” agg and¢,_,

oo ~Norm(0, 10%)
x ~Gam(1,1072).

there can be difficult to study with Bayesian methods. are wind directions for timeé and¢ — 1, respectively. The last
three rows are prior distributions of the parameters. The normal
B. Wind Direction Model distributions fora; andag and the gamma distribution for

Conventional distributions can only be used to fit data on tﬁ@ve_large variance so that the data (rather than t_he prior dis-
real line. For wind direction data, the Von Mises (VM) distrirbution) determines the relevant parameter values in the poste-
bution is more suitable since it has a range atA-Let ¢ de- rior distribution. The unnormalized full joint distribution for the

note the random variable representing wind direction. The prdBde! parameters, , ao,  is (with n = 144 for 6-day data)
ability density function (pdf) of the VM for is [16]

f(9) = [27 * Iy(k)]"* exp[k cos(¢p — p)] (4) plon, oo, E[d1, - .., Pn) O(t—HQ{PWIO(I{)]_l

where0 < ¢ < 27,0 < K < oo, andly(k) is x explr cos(¢r — pu)]}
x exp (—0.507107%)
27 £ 21n—4
Io(k) = (27r)_1/ explr cos(w — p)]dw. 5) x exp (=0.5¢51077)
0 x exp(—1073k).

3Some methods in [15] can be used to monitor the convergence. For example,
we can run several Markov chains and monitor them to see if they all convergeFrom the joint distribution. we obtain the unnormalized con-

to the same stationary distribution. . L
4MH algorithm is not restricted to known distributions. Therefore, we canudmonal distribution for every parameter and express them as

e X
MH to sample from the unknown conditional posterior distribution. SIOQ'F)OSteHOFS
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The Gibbs sampler with embedded Metropolis steps is ap- vind speed(miefoun)
plied to obtain the simulations from the posterior distributiong;; 3 six days’ wind speed data and its histogram.
Fig. 1 illustrates how the Markov chains converge to the sta-

tionary distribution in our wind direction model, and Fig. 2[0 the stall speed of the wind speed measuring instrument, as

shows the posterior distributions of the parameters. I . ) . )
Having obtained samples from the posterior distributions, W Fig. 3. A simple Weibull model will not be able to fit the

need to check the fitness of the model. In [15], a variety of mod ?t_atl_n this case. To_dteal V;’.'th this _truncatg-dl Qatda pr?bler;],ta
checking approaches are reviewed. We do not describe the O%LS IC regression mixture ime series model 1S developed 1o

detail here. The checking results indicate that our wind directi fthe wind .sp(-eed_data._ We use two distributions in this model,
model fits the data. A normal distribution with mean equal to the stall speed and a

Once we obtain samples from the posterior distributions, W& small variance is used to fit the observed data with values

can use them to obtain the posterior predictive distribution of tg&0Und the stall speed. A Weibull distribution is used to model

wind direction. The process is straightforward. First, load win§find speeds greater than the stall speed. We also introduce

direction model parameters,, a1, & and the most recent wind 7+ 8S an unobserved indicator of the distribution responsible

direction¢,_, from disk to memory; then, for every simulatedr the observed wind speeg. If 2, = 1, the wind speed is

set of (ao, a1, ), draw ag, from VM(su, x). This gives not from the Weibull distribution; ifz; = 0, it is from the Normal

just a single estimate fa#,, but a full predictive distribution. ~ distribution. Thez;s are not an integral part of the analysis;
they are used to facilitate computation. The joint distribution of

C. Wind Speed Model the wind speed and the unobserved indicator is

Researchers generally model wind speed data with the ] )
Weibull distribution. However, histograms of some wind spedt{¥t, zt|c; 8,7, 6, 1) = (A Weib(y, |1, /)™
data reflect a “spike” located at a low wind speed corresponding #((1 — A) = Norm(y|m, c))' ==
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where

exp({a+ 3 * y—1)
1+ exp(a+ B *xy_1)
log(per) =y + 6 * log(ys—1)
m = min(observed wind speed ¢ = 107!

A=

The logistic regression model fdris used to allow the prob-

ability of a stall speed measurement to depend on the most re-

cent wind speedy;_1). The model fon, is the portion of the

Weibull model that links the current wind speed to the most re-
centvalue (as was done in the VM model for wind direction). As
1 IS the only observable random variable, we should integrate

(or sum) over the unobserveg to get the cumulative distribu-
tion function (cdf) function for the marginal model

F(ys|oy, 8,7, 6,v) =Pr(Y < y|lze = 1) Pr(z = 1)

+ Pr(Y < yi|ze = 0)Pr(z: = 0)
Y
=A Weib(z| s, v)dx

— o0

Y
+(1—)\)/ Norm(z|m, ¢)dz

—o

Therefore, the marginal pdf fax is

Flyelo, B, 6,

plyt|le, 8,7, 6,v) = (yt|ad/ v,6,v)
Yt

—X\Weib(y, |11, )
+ (1 = M)Norm(y,|m, c).

The joint likelihood for then observations is then

p(a,ﬁ,% 67 V|y17 s 7yn)
expla+ A+ 1)
1+ exp(a+ B xyi1)

(G

_l’_
<1 + exp(a + 3% Y1

*Weib@tmt,u))

) x Norm(y, |m, c)) } .
©)

For six days and one sample/h, therexare 144 observations.

To follow the Bayesian approach, one would combine tq%
likelihood (8) with a prior distribution for the parameters as was .

analysis of the mixture model however so we instead estim

done for wind direction. It is difficult to perform a Bayesiarlv
the parameters by maximum-likelihood. For mixture models
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referring back to the joint likelihood fog; and, p(y, 2
[Ty p(ye, 2|6). The EM algorithm works as follows:

%)

» Estimate a starting value for the pa-

rameters  §°
e For step
—  E-step: get E(logp(y, #|0)|y, 6t~1) where

the expectation is with respect to

the conditional distribution of the

latent indicators given the current
estimate of the parameters and the
observed data  p(z|y,6'"1). This is the
expected value of the complete data
(v and 2) likelihood (hence the name
“expecation step”).

M-step: set the value of 6t as
the value of 6 that maximizes the
E(logp(y, #|0)|y,6'~) computed in the
E-step. Note that the result of the
E-step includes y and 6 with
placed by its expected value (see
below). It is this result that we
now maximize of 6 (hence the name
“maximization step”).

z re-

We briefly describe a few details associated with fhand
M steps in the current case. Bystep,E(log p(y, z|0)|y, 6t 1)
depends only o (z|y,6*~!) fort = 2,...,n. This is easily
obtained for the mixture model as

E(zt|y’ et_l)

= Pr(z =1y, 01

B N—IWeib(y, [, 1)

C Xt IWeib(y, |t A1) 4+ (1 — X1)Norm(y,|m, ¢)

)
where
1 exp(a’™t+ B sy )
1+exp(at=t + Bt sy, q)
and
log ;" =~ 4+ 6" s log(yi—1)-

the M -step, we use the Newton—Raphson algorithm to maxi-
mize the Weibull and normal portions of the complete data)
l{%elihood. Once again, diagnostics indicate that the model fits
e original wind speed data.

is especially convenient to estimate the parametes for this mix-

ture model using the EM algorithm with thgs included as

D. Ambient Temperature Model

missing variables. The ambient temperature model is a first-order autoregressive
Letd = (o, 3,7, 6,v) be the parameter vector agcbe the Bayesian time series model. We difference the original data be-

observed variable. We need to fiddthat maximizes(y|6), fore analysis to remove the 24-h periodic component; i§ the

averaging over the unobserved indicators Atse We do this by temperature at tim& we then define, = x; — z1_24. The 24-h
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Fig. 4. Solar altitude, azimuth, direct beam radiation, and diffuse radiation f'c:)Fg' 5. Simulation of conductor temperature.

July 1, 1998, in Ames, IA.

pr—

. . - . Ina s -

temperature changg is used for statistical analysis. The model} |A_

for temperature is very similar to the wind direction model. As Conductor temp.

Ambient temyl -]
a result, we only list the assumed likelihood and prior distribu l N ™
tions for it /\Winddi i L ’ /\

T
yi“/ivuivTNNorm <NZ?V) /\ c B
@ urrent
i =1yi—1 + Qo l—

v, 1
)( ’ ) Fig. 6. MC simulation for conductor temperature.

Monte Carlo Simulation:

V; ~Inverse— x2
a1 ~Norm(0, 10*
ao ~Norm(0, 10%) Equation (10) is used to simulate the thermal behavior of the
T ~Gam(1,107%). conductor by numerical integration. Normally, the thermal time
[gonstant of most conductors is about 10-30 min. Therefore, we
nly need to simulate for 1 h. The conductor temperature after
h (3600 s) is very near to steady state and will not change very
much, as observed in Fig. 5. From Section II, we obtain predic-
E Solar Radiation Model tive Qistributions for wind speedU),. wind direction(¢), and
ambient temperatur@, )—although it should be noted that our
The solar radiation model is a deterministic model. Whegbtation for some of these quantities is different than the nota-
we compute solar heating gain for a conductor line, we neggn in Section II. For solar radiatiofs), we use a single deter-
to know the hourly direct beam radiatidi, diffuse radiation mjnjstic value in the computation for the next hour. For current
Iy, solar altitude,;, and solar azimuth,. These variables can (1) we estimate its distribution from state estimation programs
be computed directly with a set of equations [14]. The results g sensitivity calculations assuming multivariate normal distri-

One noteworthy point is that in this case all of the Gibbs sa
pling conditional distributions are known distributions that ca
be sampled from directly.

calculations using these equations are shown in Fig. 4. bution of operating conditions[2]. With these predictive weather
and current distributions for the next hour, we use MC simula-
lll. CURRENT-TEMPERATURE(CT) MODEL tion to obtain the predictive distribution of conductor tempera-

The current-temperature (CT) model is used to compute tH&e- Foragiven set of valugs’, ¢, 6, 1, 5), we assume condi-
conductor temperature given a certain current value and a se/@fS remain unchanged for the next hour. With this assumption,
predicted weather conditions. The CT model is a dynamic cif€ Perform a numerical integration over a 1-h period to obtain
rent-temperature model based on the IEEE Standard [4]. Jdie steady-state conductor temperature. We use the temperature
heating(P;), solar heating P,), convective cooling F.), and at 1 h(6. (1 h)) as the co_n_ductor temperature for thl_s set of
radiative cooling(P,) are considered in the CT model. ThereWeather and current conditions, assuming, conservatively, that

fore. we have sag follows temperature decreases instantaneously. This process
is repeated for each set of valués ¢, 8, I, S), yielding a col-
me% =Pj+P,—P.—P, (10) lection of different values of. (1 h). Repeating the procedure
t

with a large number of samples 6F, ¢,6,,1,.5), we obtain
whered,. is conductor temperature; is mass; and, is specific  the predictive conductor temperature distribution, as shown in
heat. Fig. 6.
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We assume that we may select a conductor critical temper j ! ! ;
ature (6, ) within which the operation of the line is safe, in
that the line will not violate its minimum clearance require- : : : :
ment as defined by National Electrical Safety Code (NESC). od.\........ S e e A -
This choice could be made conservativelyéé,, whered, is 5 5 5

the maximum steady-state design temperature of the conductc og -}

0Tk b i e TN

and K is chosen accounting for the condition of the line, with »
0 < K < 1. The probabilityPr(6. > 6.;) is an indicator of ~ 3°% ]
the risk associated with this situation. When we use MC simu-Eo ___________________
lation, we estimatér (6, > 6. ;) by the fraction of simulations ' :
with 6. (1 h) greater thad,.;. Therefore 0d.

N t i

P7’(9c > gcf) = Wf (11) X U e AEDURY SU 4

whereN is the number of simulations which obtaida(1 h) o i 5 i 45 o
greater tharf.;, and.V is the total number of simulations. Time(hour)

Fig. 7. Line risk variation with time.
IV. SPATIAL CORRELATION FORAMBIENT TEMPERATURE

A. Temperature Regions whereN is the number of data pairs, andR is the difference

Transmission lines may extend several hundred miles O\Pefrranks of a pair.
y fter we obtain thek by & (k is the number of the vari-

several states. This can be problematic because the approac%g%s) correlation matri®, we want to generate random vari-

scribed in Section Il and Section Il requires data on wind sPeed| < which have the same correlation makixro do this, we

wind direction, and temperature all along the line. A simple wa roduce anV by k matrix I in which each column contains

L%gf;iﬂiﬂtdtbz?pgggggrvgz\slg;'\tﬁﬂ Ien ft:rlihpea\?v?r:cljsstoef;léoﬁﬁdOmly mixed Van Waerdon scores [18]. Van Waerdon scores
y P are normal scoresp~'(¢/(N + 1)), ¢ = 1,2,...,N, where

ponent and just predict temperatur_e. The simulation approa(ghl is the inverse function of the standard normal distribution
would then always use the same .W'.nd speed and_ o_nly te”.‘peéf function. We use the Cholesky factorization to decompose
ature and current would vary. If this is done, then it is possib Be matrixiz — U7 x U wherel/ is an upper triangular ma-

to ut.|I|ze temperaturg data frlorn the internet .rather than fromx. Then, we multiplyi and{ to obtainO = W x . The
on-site weather monitors, as it is usually possible to obtain d matrix is aniv by & order matrix which will be used to pair

from observing stations relatively close to the line. We shou e samples independently generated from the marginal distri-

se_t up a grid over the area we are studymg. For each cellin Eaue[ions. Itis the the order in each column@that contains the
grid, there should be an observing station in the cell. The more

: . . . .correlation information. Now, we have anhby £ matrix of sam-
observing stations we have, the more cells will be in the gna y

. lesS, where the columns of are random variables generated
and the more accurate will be our results. We assume the tem; . S
: : : S independently from the marginal distribution of each random
perature is uniform in a cell. Once the grid is set up, we capn . . .
Lo . Variable. We sort each columnghwith the order corresponding
check how many cells a transmission line will traverse. . . : :
to the same column in matri®. Having been sorted, matri%
will have a correlation matrix which is nearly equalfo Each

N ) ) row of S will be used as a sample férrandom variables; the
Weather conditions at different locations are correlateghpngom variables are no longer independent.

When we generate values for ambient temperature, wind speed,
or wind direction, we obtain independent samples from the
marginal distributions at every location. In fact, these random
variables have some dependencies among them. The rank ordér transmission line runs from Castana to Ames in lowa. We
correlation method is adopted to pair the random variablagilize only two weather monitors on the line; one at Castana
This method is not limited by the type of distribution, and wand one at Ames, in order to illustrate the method in a simple
only need use the one-dimensional marginal distributions. fashion, realizing that actual implementation would require
this method, we first obtain marginal distributions for eactmore than this. The conductor type is Drake (26/7). The critical
random variable. Next, each random variable is generateohductor temperature is selectedbas = 100°C.
independently from the corresponding marginal distribution. In
the last step, we pair the generated random variables. Our gaalRisk Variation With Time
IS to.ma.ke_lthe gr;nerated ranéj?m varr]|ables haveha %O”elat'OR}Ve fix a distribution for the line current as a normal distribu-
m?/\/tréxosblglir?:r:g tcoa::eclgi?opnmrﬁatrirgrf]:c;[mer;?vw dv;;aéyee:va?azti tion with mean of 992 A and standard deviation of 5 A, where
, . . e uncertainty in line flow is caused by uncertainty in loading

Spearman’s: [18] for each pair of variables condition [2]. Simulations to determine risk variation with time

) 6> (AR?) provide the probability that the conductor temperature exceeds

r=1- <N(N2 - 1)) (12) the critical value for Castana, as shown in Fig. 7. Results for

B. Correlations

V. EXAMPLE
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Fig. 8. Observed wind speeds and ambient temperature at Ames and Casmglamal with mean 992 A and standard deviation of 5 A. and we

on July 1, 1998.
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Line risk variation with current.

consider the time 2:00 PM. Critical conductor temperatures are
varied from 50°C to 100°C. Naturally, if the critical tempera-
ture is low, the risk is greater. If we do not consider the correla-
tion between ambient temperature and wind speed, we find that
the risk is overestimated (see Fig. 10). This is because the MC
simulations include many unrealistic scenarios when no corre-
lation is considered. Therefore, the correlations should be in-
cluded in risk computation for better estimation.

VI. CONCLUSION

Atransmission line risk assessment algorithm has been devel-
oped for the purpose of making operating decisions. Statistical
models are applied to provide effective predictions for ambient
temperature, wind speed, and wind direction of the next hour. A
mixture model is used to solve a truncated data problem in the
wind speed model. The risk assessment tool offers an improved
decision-making tool for operators than the traditional method
in that risk associated with near-future operating conditions may

Ames are similar. From 5:00 AM to 5:00 PM, the thermal overtge assessed.

load risk is relatively low. During evening and night, the risk is
high. This is because, although the ambient temperatures are low
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