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Abstract—For an overhead conductor, meteorological
correlations exist among the meteorological elements that
dominantly determine its thermal rating, and temporal
correlations exist among the thermal ratings in sequential time
periods. It is necessary to exploit these correlations to improve
the performance of the probabilistic prediction of thermal
ratings. To this end, a copula-based method of joint probability
density prediction for multiperiod thermal ratings
(JPDP-MPTR) is presented in this paper. In this method, the
probability density functions (PDFs) of the thermal ratings for
every 15 minutes over a 1-hour horizon are first predicted
individually, considering the correlations among meteorological
elements. Then, the joint probability density function (JPDF) of
the multiperiod thermal ratings is further formulated based on
copula theory. Finally, the probability distributions of the
thermal ratings in the predicted time periods are estimated via
joint sampling based on the JPDF. Numerical simulations based
on actual meteorological data collected around an overhead
conductor show that the proposed method can significantly
improve prediction results through the integration of
meteorological and temporal correlations into the probabilistic
prediction of the thermal rating.

Index Terms—Copula theory, meteorological elements, overhead
conductor, probabilistic prediction, thermal rating

|. INTRODUCTION

At present, fossil energy shortages and severe environmental
pollution are promoting the rapid expansion of renewable energy
power generation, which is aggravating the load on power grids [1],
[2]. An insufficient transfer capability in power grids has become
one of the most important factors hindering the economical
operation of power systems and the accommaodation of renewable
energy [3]. In this situation, system operators are required to make
full use of the transmission capacity of existing transmission
components to alleviate the shortage of transfer capability.

For thermally limited overhead conductors, to ensure safe
operation, their thermal ratings are traditionally calculated under
suitably conservative weather assumptions that either are fixed or
vary seasonally [4] (known as static thermal ratings (STRS)).
Although the STR is convenient to use, it is highly conservative in
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most instances [4], [5]. To capture the actual transfer capability of
overhead conductors, the dynamic thermal rating (DTR) technique
was proposed in 1977 [6]. The DTR of an overhead conductor is
calculated based on meteorological conditions measured in real time
around the conductor [7]. Thus, the DTR of a conductor is varying
in time and is significantly higher than the STR most of the time [8],
[9]. Field studies have shown that the application of the DTR
technique has played an important role in improving renewable
power integration [10] and saving investment in power grid
construction [11], [12]. Currently, the DTR technique has been
developed to enable comprehensive monitoring of the temperature,
mechanical tension, sag and meteorological environment of an
overhead conductor. By taking advantage of sufficient measured
data, the operating state, thermal model parameters and thermal
rating of an overhead conductor can be estimated more accurately
[13].

To enable the integration of the DTR into power system control
decisions and guide operators to fully exploit the transfer
capabilities of transmission lines, studies on thermal rating
prediction have been conducted based on the DTR technique. In
[14], the principal component regression method was used to predict
steady-state conductor temperatures over a 12-hour horizon based
on numerical weather predictions (NWPS). Then, the thermal ratings
over the prediction time horizon could be indirectly calculated by
estimating the allowable current increment based on the predicted
conductor temperatures. The authors of [15] used an integrated
factorized Ornstein-Uhlenbeck model to predict thermal ratings
over a 24-hour horizon. In [16], NWPs were coupled with a
computational fluid dynamics model to predict the wind conditions
around a conductor. Then, the thermal ratings over an 18-hour
horizon were calculated based on the predicted wind conditions
combined with the air temperature and solar radiation data provided
by the NWPs. These previous studies focused on point prediction of
the thermal rating. However, the thermal rating of an overhead
conductor is challenging to be predicted accurately due to the strong
volatility of meteorological conditions. Thus, it is necessary to
develop probabilistic prediction methods to reflect the uncertainty
of the thermal rating predictions. To this end, the authors of [17]
used the expectation-maximization algorithm to predict the
probability density functions (PDFs) of day-ahead meteorological
elements with 15-minute time steps based on NWPs and historical
meteorological data in the vicinity of a conductor. Then, the PDFs of
the day-ahead thermal ratings were calculated using meteorological
data sampled from the predicted PDFs of the meteorological
elements. In [18], the probability distributions of meteorological
elements over a half-hour horizon were predicted using a
conditional heteroscedastic auto-regressive model based on
historical meteorological data in the vicinity of a conductor. Then,
the kernel density estimation method was used to estimate the
probability distributions of the thermal ratings based on thermal
rating samples generated in accordance with the predicted
probability distributions of the meteorological elements. [19] and
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[20] provided the prediction intervals of day-ahead thermal ratings
using machine learning methods based on NWPs and historical
meteorological data in the vicinity of a conductor. In [21], the
quantile regression (QR) method was used to predict the quantiles of
day-ahead thermal ratings. Then, a risk-averse selection method for
the optimal quantile was developed. It should be noted that one
prerequisite in these previous studies was that the critical span of the
overhead line was first identified using a corresponding technique
[22], [23], and the DTR technique was then applied to this critical
span.

Previous studies on the probabilistic prediction of thermal ratings
are capable of providing prediction intervals and probability
distributions of the thermal ratings in future time periods. However,
these probabilistic predictions were conducted individually for each
time period, without considering the correlations among multiperiod
thermal ratings; that is, in these studies, series of single-period
probability predictions were actually conducted over the prediction
horizon. This may lead to overly wide prediction interval of the
thermal rating, which is not consistent with the actual variation
feature of the thermal rating. Therefore, to improve the performance
of probabilistic prediction using the correlations that exist among
multiperiod thermal ratings, a copula-based method of joint
probability density prediction for multiperiod thermal ratings
(JPDP-MPTR) is presented in this paper. The main contributions of
this paper are as follows:

1) Based on meteorological data measured around an overhead
conductor, the correlations among the four meteorological elements
and the correlations among multiperiod thermal ratings are analyzed
and revealed.

2) A copula-based JPDP-MPTR method is proposed. In this
method, the PDFs of the thermal ratings in future time periods are
first predicted via a series of single-period probabilistic predictions.
A probabilistic prediction method considering the correlations
among the four meteorological elements is proposed for these
single-period predictions. Subsequently, the joint probability
density function (JPDF) of the multiperiod thermal ratings is
formulated using a selected copula model.

The remainder of this paper is organized as follows. Section Il
introduces the method of calculating the thermal rating of an
overhead conductor. Section Ill analyzes the correlations among
meteorological elements and the correlations among multiperiod
thermal ratings based on meteorological data measured around an
overhead conductor. Section IV presents the proposed JPDP-MPTR
method. Section V analyzes the prediction results of the proposed
method, and conclusions are drawn in Section V1.

Il. THERMAL RATING CALCULATION

According to the relevant IEEE standard [24], the steady-state heat
balance equation for an overhead conductor can be expressed as
qj(Tavg)+qs:qc(TS)+qr(TS): 1)
where T, is the average conductor temperature (C), T is the
conductor surface temperature (C), g is the Joule heat produced by
the current per unit length of the conductor (W/m), gs is the solar heat
gain (W/m), q. is the heat loss caused by convection (W/m), and q, is
the heat loss caused by the heat radiation (W/m). The calculation
formulas for the heat gain and heat loss terms in (1) are given as
follows:

q]‘(Tavg): IZR(Tavg) ! (2)
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In (2), I is the current of the conductor (A), and R(Tayg) is the
resistance per unit length of the conductor (€/m) at temperature Tayg.
Equation (3) characterizes the resistance-temperature effect of the
conductor, where [Tiow, Thign] is the effective range of the linear
resistance-temperature relationship; Ti,=25C and Tpgn=75T are
used in this paper. In (4), a5 is the solar absorptivity of the conductor,
Qs is the solar radiation per unit square area on the ground after
elevation correction (W/m?), @ is the angle of incidence of the sun’s
rays (9, and 4 is the projection area per unit length of the conductor
(m?%m). In (5), D is the diameter of the conductor (m), p is the air
density (kg/m®), 4 is the air viscosity (kg/m-s), V,, is the wind speed
(m/s), and kangie is @ wind direction factor that is related to the angle
between the wind direction and the conductor axis (¢). gc; and g, are
used to calculate the forced convection heat loss rates caused by a low
wind speed and a high wind speed, respectively. Under a given wind
speed, it is recommended to use the greater of g, and . Qs IS used to
calculate the natural convective heat loss rates under zero wind speed.
IEEE Standard 738 recommends that the larger value between the
forced and natural convection heat loss rates should be used at low
wind speeds. In (6), ¢ is the heat radiation coefficient of the conductor,
and T, is the ambient temperature around the conductor (<C).

As seen from (2)-(6), once the location and type of an overhead
conductor have been determined, the thermal rating of the conductor
mainly depends on four meteorological elements around the
conductor: the ambient temperature (T,), wind speed (V,,), wind
direction (p), and solar radiation (Qs). Based on the given values of
these meteorological elements, the thermal rating of an overhead
conductor can be calculated as

I _ ch (Tmax)+ q: (TmaX)_qs ) (7)
max V R (Tmax)

where T iS the maximum permissible temperature of the

conductor and I is the thermal rating of the conductor; T, and T

are assumed to be equal to T, in the calculation of I,.

For an operational overhead conductor, correlations exist among
the four meteorological elements in its vicinity, referred to as
meteorological correlations. For example, a positive correlation
exists between solar radiation and air temperature. In addition, for
each meteorological element, autocorrelation also exists within its
time series, introducing temporal correlations among the
multiperiod thermal ratings of the overhead conductor. In this paper,
an attempt is made to integrate these meteorological and temporal
correlations into the probabilistic prediction of the thermal rating to
improve the predictive performance.

I111. DATA ANALYSIS

In this section, historical data on the four meteorological elements
around an overhead conductor are used to analyze the
meteorological and temporal correlations.
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We collected meteorological data around a 220 kV overhead
conductor ACSR300/40 (the cross-sectional areas of the aluminum
part and the steel core of the ACSR are 300 mm? and 40 mm?,
respectively) in 2018 for 8760 hours in total, with a 15-minute time
resolution. Scatterplots of pairwise combinations of the ambient
temperature, wind speed, and solar radiation are shown in Fig. 1.
Rose diagrams of the wind direction and the other meteorological
elements are shown in Fig. 2.

0 05 1 05 1 05 1
Ose (p.u.) Ose (p.u.) Ta (p.u.)
Fig. 1 Scatterplots of pairwise combinations of the ambient temperature, wind speed,
and solar radiation.

Fig. 2 Rose diagrams of the wind direction and the other meteorological elements.

According to the historical meteorological data, the correlation
coefficients among the four meteorological elements are as shown
in Table I.

TABLE |
CORRELATION COEFFICIENTS AMONG THE FOUR METEOROLOGICAL ELEMENTS

Number Meteorological elements Correlation coefficient
1 Qse—Ta 0.72
2 Qse— Vi 0.56
3 Ta— Vi 0.52
4 Vo—09 0.36*
5 Ta—o 0.32*
6 Qe — o 0.28*

* Since the wind direction is a circular variable, correlation coefficients No. 4-No. 6
were calculated using the linear-circular rank correlation coefficient calculation
method presented in [25].

As shown in Table I, the correlation coefficients are all greater
than 0.1, indicating the existence of correlations among the four
meteorological elements [26], [27]. In particular, correlation
coefficients No. 1-No. 3 are greater than 0.5, indicating relatively
strong correlations among the solar radiation, air temperature and
wind speed, whereas the correlations between the wind direction
and the other meteorological elements are relatively small.

The historical thermal ratings of the conductor can be calculated
based on these meteorological data using Eq. (7). The
autocorrelation functions (ACFs) of the thermal ratings under
different retardation time windows (0-48 hours with 15-minute time
steps) are shown in Fig. 3.

1

0
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9 12 15 18 21 24 27 30 33 36 39 42 45 48
Length of the retardation time window (h)
Fig. 3 ACFs under different retardation time windows.

As shown in Fig. 3, the ACFs of the thermal ratings under a
retardation time window of up to 3 hours are greater than 0.5,
indicating that the correlations among the multiperiod thermal
ratings over a 3-hour horizon are relatively strong. In addition, the
variation in the ACFs shows a diurnal periodicity.

Based on the above analysis, we set the length of the prediction
time horizon to 1 hour. Then, 2-hour historical meteorological data
were used to produce predictions of the thermal ratings with
15-minute time steps. A scatterplot matrix of the thermal ratings is
presented in Fig. 4 to further illustrate the correlations among the
thermal ratings in the four time periods over 1 hour.
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Fig. 4 Scatterplot matrix of thermal ratings.

InFig. 4, TR1, TR2, TR3 and TR4 represent the thermal ratings in
four time periods over 1 hour with 15-minute time steps. It can be
seen from Fig. 4 that the distributions of the scattered points are
almost concentrated into straight lines. This observation indicates
that 1) strong positive correlations exist among TR1, TR2, TR3 and
TR4 and 2) the distributions of the variations of thermal ratings
among the different time periods are also highly concentrated. Fig. 5
shows the frequency distributions of the thermal rating variations
over different time spans (15 minutes, 30 minutes, 45 minutes and 1
hour). Table Il shows the 95% confidence intervals of the
distributions of the thermal rating variations over different time
spans.
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Fig. 5 Frequency distributions of the thermal rating variations over different time
spans.
TABLE Il
95% CONFIDENCE INTERVALS OF THE DISTRIBUTIONS OF THE THERMAL RATING
VARIATIONS OVER DIFFERENT TIME SPANS

Time span
15 min 30 min 45 min 1 hour
—
95% confidence - gen 65A]  [-100A, 100A]  [-130A, 130A]  [-155A, 155A]

interval

The above data analysis reveals the existence of correlations
among the meteorological elements and among multiperiod thermal
ratings. Perceptible correlations exist among some of the
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meteorological elements. In addition, there are noticeable temporal
correlations among the thermal ratings in the short term (1-3 hours).

1V. CorpuLA-BASED JPDP-MPTR METHOD

To take advantage of meteorological and temporal correlations to
improve the performance of probabilistic prediction, a copula-based
JPDP-MPTR method is presented in this section.

In the developed method, a series of single-period probabilistic
predictions are first carried out to predict the PDFs of the thermal
ratings in future time periods over the prediction horizon. For each
single-period prediction, a copula model is selected to generate the
JPDF of the four meteorological elements to consider the
meteorological correlations. Afterward, another copula model is
selected to generate the JPDF of the multiperiod thermal ratings
over the prediction horizon. The steps of the prediction process are
presented in Subsection A. The technical details of the method for
single-period probabilistic prediction are presented in Subsection B.
Subsection C presents the JPDF prediction method for the
multiperiod thermal ratings.

A. Prediction Process
A flowchart of the JPDP-MPTR method is shown in Fig. 6.

@®| Collect historical data on the four meteorological elements
w

\ 4 ©
® Use the QR method to predict the PDFs of the meteorological §_
elements in the predicted time periods 2o
v =3
® Use a selected copula model to generate the JPDFs of the =2 g
meteorological elements in the predicted time periods =R
v gg
@ | Estimate the PDFs of the thermal ratings in the predicted time || & =
periods =}
— =
v
® Use a selected copula model to generate the JPDF of the
multiperiod thermal ratings

END
Fig. 6 Flowchart of the prediction process.

The prediction process is explained as follows:

1) In Step @, meteorological data are collected around the target
overhead conductor in preparation for prediction.

2) In Step @), the QR method is used to predict the PDFs of the
four meteorological elements in future time periods over the
prediction horizon. The parameters of the QR models are trained
using the collected meteorological data. Then, the quantiles of the
four meteorological elements in the time periods of interest are
predicted using the trained QR models. Subsequently, the PDFs of
the meteorological elements in the predicted time periods over the
prediction horizon can be obtained.

3) In Step ), a copula model is selected to formulate the JPDFs
of the four meteorological elements in the predicted time periods.
Based on the formulated JPDFs, the four meteorological elements in
each predicted time period can be jointly sampled. Then, the thermal
ratings under the sampled groups of meteorological data (where one
group consists of the values of the four meteorological elements) are
calculated using Eq. (7). Subsequently, the PDF of the thermal
rating in each predicted time period is estimated (see Step @). By
this means, the meteorological correlations are integrated into the
single-period probabilistic predictions of the thermal ratings.

4) Finally, another copula model is selected to further formulate
the JPDF of the multiperiod thermal ratings by treating the predicted
PDFs of the thermal ratings in the predicted time periods as
marginal PDFs (see Step ®).

B. Single-period Probabilistic Predictions of the Thermal Ratings in
Future Time Periods

As mentioned above, the QR method is used to predict the
probability distributions of the four meteorological elements (T,, Vi,
Qse, and o) in each predicted time period. For any one of T,, V,, and
Q. its 7 quantile in the k™ time period (Q¥(z)) of the prediction time
horizon can be expressed by (8) in accordance with the linear QR
model:

Q“(0) = B (@) + B (@)% + B (0)% +---+ B (2)X, , k=1...m, (8)
where the x; (i=1...n) are the input parameters, namely, the historical
data on the meteorological element; the g; (z) (i=0...n; k=1...m) are
the regression parameters for the z quantile of the meteorological
element in the k™ predicted time period; and m is the number of time
periods over the prediction time horizon. In this paper, for each
meteorological element, the historical 8-time-period data from the
previous 2 hours are used as the input data for the QR model, and the
length of the prediction time horizon is 1 hour, i.e., n=8 and m=4.
The parameter vector #*(z) can be estimated as follows:

ﬁk(r):argggiginf(yi —Qk(r)) , k=1.m, (9
R
where B (z) is the vector of the estimated regression parameters for

the prediction of Q%(z), vy; is the actual meteorological element
sample, ng, is the sample size, and 7" () is a test function, which can

be expressed as follows:
‘ T-a a=0

1: (a){(r_l)'a acg’ K=Lem:
For the quantile prediction of the wind direction (¢) which is a
circular variable, according to [18] and [28], before prediction, the
wind direction can be decomposed along the easterly and northerly
axes in the Cartesian coordinates into cos(¢) and sin(e), respectively.
Then, the QR model can be applied for the prediction of cos(p) and
sin(p). The final wind direction prediction can then be obtained
based on the prediction results of cos(¢) and sin(¢). Therefore, for
wind direction prediction, the terms in (8) can be redefined as

(10)

follows: )
Q* (f){g} g:ﬂ % {H (1)
o 0] o500

where Q!(z) and Q(z) are the 7 quantiles of cos(p) and sin(p),

respectively, in the K™ time period and x; and X represent the
historical data on cos(¢) and sin(g), respectively. The parameter
vectors g“(z) and g!(z) can be estimated as follows:

argmin > ! (v, - Q7))
}: e . k=1..m, (12)
argmin 3 77t (¥, - Q! (7))
where g!(z) and g () are the vectors of the estimated regression
parameters for the prediction of Q! (z) and Q!(r), respectively, and

Y and yg; are the actual cos(e) and sin(p) samples, respectively.
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As shown in Fig. 7, 4>xm QR models are trained to produce the
single-period probabilistic predictions of the four meteorological
elements in the predicted time periods.

Hlstorlcal n-time-period
data for the 1%
meteorological element

Historical n-time-period !
data for the 4"
meteorological element i

... ‘ QR-4-1 ‘ ‘QR-4-m
e S — T ;
i Quantiles of the four meteorological elements in the Output |
i|  predicted time periods over the prediction horizon data i

Fig. 7 Quantile prediction for the meteorological elements in the predicted time
periods.

In Fig. 7, QR-i-k (i=1...4; k=1...m) represents the QR model for
the i"™ meteorological element in the k™ predicted time period. In this
paper, the quantiles Q(r) (z=0, 0.01, 0.02, ...,1) are predicted
separately. The cumulative distribution functions (CDFs) and PDFs
of the meteorological elements in the predicted time periods can be
obtained by fitting the predicted quantiles.

A copula model is an effective tool for characterizing the
correlations among multiple stochastic variables [29]. It can be used
to formulate the JPDF of multiple stochastic variables. Suppose that
there are z stochastic variables represented by ry, r,, ..., I,
According to copula theory, the joint CDF of these stochastic
variables, F(r,...,r,), can be expressed as

F(r,-n) =C(F(r).- F(r)), (13)
where C(J is the copula distribution function and F(ry), ..., F(r,) are
the marginal CDFs of the stochastic variables. The JPDF of the
stochastic variables, as shown in (14), can be derived by taking the

derivative of (13) with respect to the stochastic variables on both
sides:

() =(FR. FO) 1),

where ¢(J is the copula density function; f(ry,...,r,) is the JPDF of
the stochastic variables ry, ..., r;; and the f(r;) (i=1...z) are the
marginal PDFs of the stochastic variables ry, ..., I,.

In the single-period predictions of the thermal ratings, for each
predicted time period, the wind direction, wind speed, ambient
temperature and solar radiation can be regarded as four stochastic
variables, denoted by ry1, iy, Fuz, and rys, respectively. Considering
that the wind direction is a circular variable, a nonparametric
Bernstein copula model is selected to predict the JPDFs of the four
meteorological elements. According to [30] and [31], the quaternary
empirical Bernstein copula density can be expressed as

C(le w2s Ungs WA) ;;;;phlzlmn%( wl) (1 Uy )h j‘,(15)

where uy,=F(ry) (1=1,2,3,4), h is the order of the polynomial, and
Pieisi Is given by

(14)

. A _ Pujisi, T P, (16)
Puiyisic = Priyiyie = > :
Piiiic = Piipiis» b =10, (17)
1% -1 i -1
P rz ( <Uyy < :11112T<uw2| 5%: Jah <Uyg < th 2t <uw4| = ],(18)

where 1(J is an indicator function that takes a value of 1 when its
argument is true and takes a value of 0 otherwise.

Based on the predicted PDFs of the four meteorological elements
and the Bernstein copula density function, the JPDF of the four

meteorological elements in each predicted time period can be
obtained. Then, the PDFs of the thermal ratings in the predicted time
periods can be estimated using meteorological data sampled from
the JPDFs of the four meteorological elements. In this paper, 2000
groups of meteorological data are sampled to simulate the PDF of
the thermal rating in each predicted time period.

C. JPDF Prediction for Multiperiod Thermal Ratings

Once both the CDF and PDF of the thermal rating have been
obtained for each predicted time period, as described in Subsection
B, the thermal ratings in the four upcoming time periods over the
prediction horizon can be regarded as four stochastic variables, ry;,
s, N3, and ry. Since the thermal rating is a linear variable, for
simplicity, a traditional parametric copula model can be used to
predict the JPDF of the multiperiod thermal ratings. According to
[31] and [32], there are multiple typical parametric copula models
that can be used to characterize different correlation characteristics
among stochastic variables, such as the Gaussian copula, the
t-copula, the Clayton copula, the Frank copula and the Gumbel
copula. Based on historical data on the stochastic variables, the
Bayesian information criterion (BIC) can be used to select the
optimal copula model [33]. The BIC for a copula model is computed
as

BIC =-2In(L,)+n,xIn(n,) (19)

where L, is the maximum value of the likelihood function for the
JPDF formulated via the copula model based on the given samples,
Ny is the number of parameters of the copula model, and n; is the
number of samples used for maximum likelihood estimation. In (19),
the first term decreases with increasing L.,. Thus, a copula model
with a smaller value of the first term is more suitable for formulating
the JPDF of the stochastic variables. The second term reflects the
complexity of the copula model. Its value increases with increasing
model complexity. The second term functions as a penalty in the
BIC calculation. Once the BICs for all candidate copula models
have been calculated, the copula model with the minimum BIC will
be selected as the optimal model because it is considered to provide
the best tradeoff between model accuracy and complexity.

To select the optimal parametric copula model for the formulation
of the JPDF of the multiperiod thermal ratings, the BICs for five
candidate parametric copula models were calculated. The

calculation results are given in Table I11.
TABLE Il
BICs oF CANDIDATE COPULA MODELS FOR THE FORMULATION OF THE JPDF OF THE
MULTIPERIOD THERMAL RATINGS

Copula model BIC
Gaussian copula -25642.60
t-copula -30867.80
Clayton copula -27952.97
Frank copula -29646.07
Gumbel copula -28670.50

According to Table I1l, the t-copula model should be selected as
the optimal parametric copula model for formulating the JPDF of
the multiperiod thermal ratings. The quaternary t-copula density

function is given by
()] oogens)
b+1 1 (20)

O gl

i=1

C(ull’uIZ’

Upa:Upgs p,0) =

where u=F(ry) (i=1,2,3,4), 2'=[t"(un), .., t' ()], t'() is the
inverse CDF of the univariate t-distribution, I'(J represents the I’
distribution function, p.is the 4"-order correlation coefficient matrix
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of the 4-dimensional t-copula function, and b is the number of
degrees of freedom. The parameters in p, and the parameter b can be
estimated using the maximum likelihood estimation method [34].
The likelihood function can be expressed as

L(Pt:b) zln_i[C(F(rlld)""r F(rg)ipb)f (rlld) f (rlzd) f (rIBd) f (rl4d) , (21)

where ry14, N2d, N3g, and 149 (d=1, 2, ..., ns) denote the samples of the
thermal ratings in the four time periods. Then, the parameters in py
and the parameter b can be estimated as follows:

(i)t,B):argmax(ln L(p,.b)), (22)
where p, is the estimated 4™-order correlation coefficient matrix of

the 4-dimensional t-copula function and b is the estimated number
of degrees of freedom. After parameter estimation, the t-copula
density function and the PDFs of the thermal ratings in the four
predicted time periods can be substituted into Eq. (14). Thus, the
JPDF of the multiperiod thermal ratings can be obtained.

V. CASE STUDIES

In this case study, meteorological data were collected around an
overhead conductor from July 1%, 2018, to August 14", 2018 (45
days), with a 15-minute resolution (4320 groups of meteorological
data in total). The type of overhead conductor used was ACSR 300.
Its STR is 650 A, which is calculated under conservative weather
conditions of an air temperature of 35<C, a wind speed of 0.5 m/s
perpendicular to the conductor and a solar radiation level of 800
W/m?. The first 30 days (2880 groups) of meteorological data were
used as the training dataset to estimate the parameters of the QR
model and the selected copula model. The remaining 15 days of data
were used as the test dataset to verify the effectiveness of the
proposed probabilistic prediction method. In this case study, the
prediction horizon was taken to be 1 hour (consisting of four time
periods for prediction). Accordingly, we conducted predictions hour
by hour for a total of 15 days (360 hours).

A. Single-period Probabilistic Predictions of the Thermal Ratings in
Future Time Periods

As described in Section 1V, the QR method is first used to predict
the marginal PDFs of the four meteorological elements in the
upcoming time periods over the prediction horizon. Then, a
nonparametric Bernstein copula model is used to formulate the
JPDFs of the meteorological elements in these predicted time
periods to consider the meteorological correlations. These JPDFs, as
expressed in Eq. (23), are formulated by substituting the marginal
PDFs and the Bernstein copula density function into Eq. (14):

h h h h 4 h)! 1 PR

fk("wklv“'vrvta)Zéégébmzjzng(h —1§!()h7 jl)!(uvkvl)J (1_le) 'f (ra) ’(23)
where ry, ..., I, are the stochastic variables representing the four
meteorological elements in the k™ predicted time period; f(r’,, .., ')
(k=1...4) denotes the JPDF in the k™ predicted time period; the u,
=F*(r%,) (I=1...4) denote the marginal CDFs of the stochastic
variables rt, ..., ri, in the k™ predicted time period; and the f(rl,)
(I=1...4) are the marginal PDFs. According to [31] and [35], the
order of the polynomial is h=8, which is chosen based on the quartic
root of the sample size.

Based on Eq. (23), the four meteorological elements in each time
period over the prediction horizon are jointly sampled. The thermal
ratings in the predicted time periods are then calculated using Eq. (7)
based on these meteorological samples. By statistics, the quantiles
and PDFs of the thermal ratings in the predicted time periods can

then be obtained (hereafter called method I). In Fig. 8, the shaded
area represents the area covered by the sampled thermal ratings
(2,000 samples in each time step) drawn from the obtained PDFs.
For comparison, single-period probabilistic predictions were also
conducted using the predicted marginal PDFs of the four
meteorological elements directly (hereafter called method I1). The
prediction process of method Il is equivalent to the single-period
probabilistic prediction process presented in Fig. 6 without Step 3.
In addition, we attempted to produce probabilistic predictions using
the historical thermal ratings (hereafter called method III). In
method 111, the historical thermal ratings are first calculated using
the historical meteorological data. Corresponding QR models that
take the historical thermal ratings as input are then trained to
produce probabilistic predictions of the thermal ratings in the
predicted time periods. The 0 quantiles and 1 quantiles predicted by

methods Il and I11 are also shown in Fig. 8 for comparison.
2300

1700

Thermal Rating (A)

0 60 120 180 240 300 360
Time (h)
-©— 0 quantile predicted by method | 0 quantile predicted by method 111
-+— | quantile predicted by method | 1 quantile predicted by method 111
0 quantile predicted by method II -=— STR
~6— | quantile predicted by method IT - actual value

Fig. 8 Actual thermal ratings, STR, and prediction results of methods I, Il and IlI.

It can be seen from Fig. 8 that all of the prediction intervals
obtained using probabilistic prediction methods I, 1l and 11l fully
cover the actual thermal rating curve. This indicates that all three
methods achieve good performance in terms of reliability. However,
the widths of the prediction intervals and the prediction accuracies
of the three methods are different. Table IV shows the average
widths of the prediction intervals (AWPIs), the mean absolute
percentage errors (MAPES) of the 0.5 quantiles of the prediction
results relative to the actual thermal ratings, and the mean
percentage deviations (MPDs) of the 0 quantiles relative to the STR.
The MPD is calculated as follows:

MPD (%) = Avg((o quam”e)_STijloo (24)

STR

Table IV shows that for the first three methods, the AWPI and the
MAPE of the 0.5 quantile produced by method | are the smallest,
followed by those of methods I11 and 11, respectively. The predicted
0 quantile of the thermal rating is the most conservative choice for
the system operator. Method | can produce the highest (least
conservative) 0-quantile prediction result among the first three
methods (approximately 116.94 A and 109.85 A higher on average
than the prediction results of methods Il and Ill, respectively),
thereby guiding operators to make fuller use of overhead conductors.
The above analyses illustrate that the integration of meteorological
correlations into single-period probabilistic prediction is an
effective way to improve the predictive performance.
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B. Results of Multiperiod Joint Probabilistic Prediction

The selected t-copula model and the predicted marginal PDFs of
the thermal ratings in the predicted time periods are substituted into
Eqg. (14) to formulate the JPDF of the multiperiod thermal ratings,
which can be expressed as

\ﬂ(\%r(b%jmb)f (1+%/1Tpflﬂj7 ‘ ()
f(hyne) = 7EHf(r“),

] ]

i=1

where f(ryy,...,n4) is the JPDF of the multiperiod thermal ratings, the
f(ri) (i=1...4) are the predicted marginal PDFs, and p, and b can be
estimated via maximum likelihood estimation based on the training
dataset. After this estimation, we have b=4, and p, is given as shown
in (26):

TR1 TR2 TR3 TR4

1 071 0.65 0.58) TR1
071 1 070 0.64| TR2
0.65 0.70 1 0.70 | TR3
058 064 070 1 ) R4

P =

. (26)

It can be seen from (26) that over the 1-hour horizon, the
correlation coefficient between the thermal ratings in two time
periods decreases as the time span between them increases.
Therefore, the estimation results for p; reasonably reflect the degrees
of correlation among the multiperiod thermal ratings.

By using Eqg. (25), the thermal ratings in the four upcoming time
periods over the prediction horizon can be jointly sampled.
Accordingly, we sampled the thermal ratings hour by hour for a total
of 15 days. The prediction results obtained using this method,
hereafter called method 1V, are shown in Fig. 9. The curves of the 0
and 1 quantiles predicted by method | are also shown in Fig. 9 for

comparison.
2100

A)

Thermal Rating (

0 60 120 180 240 300 360
Time (h)
-©— 0 quantile predicted by method I - --- | quantile predicted by method IV
-+— | quantile predicted by method I -— STR
0 quantile predicted by method IV -

actual value

Fig. 9 Comparison of the multiperiod joint probabilistic prediction results and the
single-period probabilistic prediction results from Subsection A.
TABLE IV
PARTIAL PREDICTION RESULTS OF PROBABILISTIC PREDICTION METHODS

Probabilistic prediction method

| Il 11 v
AWPI 466.75 A 77434 A 746.65 A 202.18 A
MAPE of the 0.5 quantile 8.63% 18.68% 17.93% 5.65%
MPD of the 0 quantile 51.44% 33.45% 34.54% 66.08%

It can be seen from Fig. 9 that the prediction intervals obtained
with the JPDP-MPTR method still fully cover the actual thermal
rating curve while being narrower than those predicted by method I.
According to Table 1V, the JPDP-MPTR method (method 1V)

produces the lowest AWPI and the lowest MAPE of the 0.5 quantile
as well as the highest 0 quantile over the prediction time horizon.
These findings illustrate that considering the temporal correlations
among multiperiod thermal ratings can lead to prediction results that
are more consistent with the actual characteristics of the thermal
rating variations, thus further improving the probabilistic prediction
performance.

C. Evaluation of the Probabilistic Predictions

For a probabilistic prediction method, the reliability and
sharpness of the prediction results can be used to evaluate its
performance [33].

Reliability refers to the ability of the prediction intervals to cover
the actual values of the predicted variable. Specifically, the
prediction interval coverage probability (PICP) should be close to
the nominal confidence level (1-a). The PICP at the j"" nominal
confidence level (PICP)) can be defined as

1 &
PICP, ==y, "
n, =
where n, is the number of actual thermal ratings and ¥;; is the
indicator for PICP;, expressed as

1L elivj
Vi = !
Too hel,

(27)

(28)

where r; is the i actual thermal rating and I; ; is the it prediction
interval at the j'" nominal confidence level. As mentioned above, the
error between PICP; and 1-¢; should be small, which means that the
average coverage error (ACE), as defined in (29), should be as close
to zero as possible. Therefore, the smaller the ACE is, the more
reliable the prediction intervals.
1 N

ACE:NQPlca—(l—aj)‘- (29)

In (29), N is the number of nominal confidence levels considered.
In this case study, six different nominal confidence levels were
selected (1-0=100%, 98%, 96%, ..., 90%).

Sharpness refers to the degree of concentration of the probability
distributions. The interval score can be employed to reflect the
sharpness of each individual prediction interval. The interval score
of the i" prediction interval at the j™ nominal confidence level, SCij,
can be expressed as

2a;(U;;-L)+4(Lyn), n<l, (30)
, (30
S, =12 (U, -1 ), cel;
2a, (Ui,J - Li,1)+4(rti 'Ui,j)’
where U;; is the maximum value of the prediction interval and L;; is
the minimum value of the prediction interval. Based on Sc;j, the
average score value (ASV) is defined as shown in (31) to reflect the

overall sharpness of prediction intervals, where a smaller ASV
indicates greater sharpness.

133
ASV :WZZS%-

a j=1 i=l

Based on (29) and (31), the ACEs and ASVs of the prediction
results of the four probabilistic prediction methods were calculated,
and the results are shown in Table V.

The continuous ranked probability score (CRPS) is a popular
prediction evaluation criterion that can comprehensively reflect the
reliability and sharpness of probabilistic prediction results. The
CRPS has previously been applied to evaluate the performance of
the thermal rating probabilistic prediction method [20]. The CRPS

Li >Ui,j

31)
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for the thermal rating probabilistic prediction results can be
expressed as

CRPS(f,.1,) :I:(L f,(x)dx—H (r - rﬁ))zdr , (32)

where f; is the PDF of the thermal rating in the i predicted time
period and H(J is the Heaviside function, which is expressed as

follows:

0, e<0
H(e)=1" . 33
(e) {1, e>0 (33)
It can be seen from (32) that when the prediction interval covers
the actual thermal rating, the smaller the prediction interval is, the
smaller the value of the CRPS. Therefore, a lower CRPS indicates
better performance of a probabilistic prediction method. The 15-day
CRPS curves of the four probabilistic prediction methods used in
this paper are shown in Fig. 10. The average CRPSs of the four

prediction methods are also shown in Table V.
160 . .
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Time (h)
—&— CRPSs of method IV —— CRPSs of method II

—a— CRPSs of methodI - CRPSs of method III
Fig. 10 CRPSs of the four probabilistic prediction methods.

TABLE V

ACES, ASVs AND AVERAGE CRPSs OF THE FOUR PROBABILISTIC PREDICTION
METHODS

Probabilistic prediction method
| 11 11 1\

ACE 0.026 0.055 0.051 0.018

ASV 36.29 67.02 65.19 15.64

Average CRPS 70.54 125.18 122.86 38.96

As shown in Fig. 10 and Table V, method IV has the smallest
ACE, ASV and average CRPS, followed by method I. This indicates
that the proposed probabilistic prediction methods achieve better
performance than the methods without considering meteorological
correlations and temporal correlations among multiperiod thermal
ratings.

VI. CONCLUSION

In this paper, a JPDP-MPTR method is proposed. The
conclusions are as follows: 1) Correlations exist among
meteorological elements and among multiperiod thermal ratings.
The temporal correlations among the thermal ratings in 1 hour are
strong. 2) The performance of single-period probabilistic
predictions of thermal ratings can be improved by considering
meteorological correlations. Compared with  probabilistic
predictions generated without considering meteorological
correlations, the ACE and ASV are reduced by as much as 53% and
46%, respectively, and the CRPS is reduced by 44% on average. 3)
The proposed JPDP-MPTR method can vyield further improved

prediction results based on single-period probabilistic predictions
by considering the temporal correlations among multiperiod thermal
ratings. Compared with the results of single-period probabilistic
predictions considering meteorological correlations, the ACE and
ASV are further reduced by as much as 31% and 56%, respectively,
and the CRPS is reduced by 45% on average.

Building on the present work, further analysis and refinement can
be carried out to facilitate the application of the proposed method.
First, the prediction time horizon considered in this paper (1 hour)
was selected on the basis of an autocorrelative analysis of thermal
ratings calculated based on meteorological data collected in the
vicinity of a specific overhead conductor in a specific year. For
overhead conductors in different locations and seasons, the
autocorrelations among the thermal ratings under different
retardation time windows may be different due to the influence of
topography and seasonality; in such a case, the prediction time
horizon should be reselected based on an autocorrelative analysis of
corresponding historical thermal ratings. Moreover, the classic QR
and copula-based joint distribution modeling methods were used in
the proposed JPDP-MPTR method. We cannot rule out the
possibility that some other methods may perform better than the QR
and copula-based methods, thus having the ability to replace the QR
and copula-based methods used in this paper. Therefore, future
studies are needed to further improve the proposed JPDP-MPTR
method by exploring and integrating other well-performed
probabilistic prediction and correlation modeling methods. Finally,
inspired by the studies on transient-state thermal rating prediction
[36], the correlations among the four meteorological elements and
the temporal correlations of meteorological elements can also be
integrated into the probabilistic predictions of transient-state
thermal ratings in future work.
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