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Abstract

This study looks at forecasted dynamic line ratings in southern Idaho by
using data from the high resolution rapid-refresh (HRRR) model for fore-
casted weather conditions. The HRRR model can provide accurate 18-hour
forecasts with a 15-minute temporal resolution. Typical static ratings used
for overhead transmission lines use overly conservative assumptions for local
weather conditions, such as using the maximum solar irradiance and ambient
temperature measured during the summer, combined with low wind speed
for an entire season. The HRRR forecast model used here has high spatial
resolution to provide local forecast conditions along the entire length of a
transmission line. The area that is of interest in this study is in southern
Idaho, spanning a total of 15,000 square kilometers. The forecasted weather
data are coupled with a computational fluid dynamics (CFD) model of the
wind in the region for fine-scale resolution of convective cooling rates on the
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midpoint of each individual transmission-line span. This high-fidelity ap-
proach can be used to find the minimum ampacity across all given midpoints
of a transmission line to determine the limit to be used for the line rating.
The ability to increase the overhead line rating above the conservative static
approach with the forecasted weather data provides a large potential to alle-
viate congestion and provide data for utility-market transactions, as well as
benefits for wind energy generation through concurrent cooling. This study
shows that for the region of interest, using forecasted weather data coupled
with CFD modeling can calculate DLR ampacity rating above static over
90% of the time, with a small relative error in the forecasted ampacity over
time.

Keywords: Dynamic Line Rating, Computational Fluid Dynamics,
Weather Forecasting, Overhead Transmission Lines, High Resolution Rapid
Refresh

1. Introduction

The amount of current that is run through an overhead transmission line
determines the amount of sag which occurs due to thermal expansion as
the temperature increases from the Joule heating effect. The limit for the
current is typically determined for a set of assumptions on weather conditions
set to either fixed or seasonally adjusted values. This limit is typically highly
conservative and often uses the maximum ambient temperature and solar
irradiance combined with very low wind speeds. Dynamic line rating (DLR)
will instead calculate the limit on the ampacity based on local conditions,
while updating this limit as the weather changes, usually providing a much
higher current limit on the overhead transmission lines. The DLR method
can be used to defer infrastructure upgrades, support transmission network
during outages, increase distributed generation yields and has been identified
by the U.S. Department of Energy as a key transmission and infrastructure
solution [1, 2].

For a steady-state calculation of the DLR, the maximum current is solved
using a heat balance on the heat losses from convective flow of the wind and
thermal radiation with the heat gains from Joule heating and solar irradiance.
The equation used for the DLR calculation is the same used in the standard
models for overhead-line capacity from the Institute of Electrical Engineers
standards [3, 4], and aligns with the International Council on Large Electric
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Systems [5-7] and the International Electrochemical Commission [8]. The
maximum temperature of the conductor is determined through the allowable
amount of thermal expansion of a given conductor to avoid clearance issues
from sagging between two pole structure locations.

Typical static ratings use conservative estimates for calculating the limit
for overhead transmission lines, though some may contain adjustments such
as ambient adjusted ratings. For example, static conservative assumptions
used by power companies may be 40°C, wind speed of 0.6 m/s, wind direction
parallel to the midpoint azimuth, and solar flux of 1030 W/m? [9]. Utilizing
DLR can increase the ampacity of overhead conductors while avoiding the
issues associated with high temperature on conductors, such as line sag or
annealing at extreme temperatures. Several case studies utilizing observed
real-time weather data throughout various regions in Canada [10, 11], the
US and the UK [12-14], as well as locations in France [15], Spain [16], Italy
[17], South Korea [18] have shown potential for the increase in ampacity of
transmission lines using DLR. Other studies into DLR have shown poten-
tial for day-ahead planning [19], or as a way to ease congestion of overhead
transmission lines [20, 21]. Another area to benefit from DLR methodology
is the natural synergy with increased wind power generation, coupled with
higher convective cooling from the wind [22-29].

For the current state of DLR, the primary approaches are divided into
two main categories: monitoring the conductor’s physical parameters di-
rectly and the environmental parameters that affect line rating calculations
[30, 31]. Direct-conductor monitoring sensors can measure the tempera-
ture and use other parameters, such as sag, tension, and clearance, to pro-
vide measurements that can be used to calculate the conductor tempera-
ture and the effective wind, used to arrive at the amapcity limit. Gener-
ally, direct-conductor monitoring offers great accuracy and precision, but
involves challenges from installation and maintenance costs associated with
adequately covering enough of the midpoints of a transmission line, along
with calibration issues when the load is low [32]. Indirect calculations, us-
ing environmental-parameter monitoring of wind speed, direction, and solar
irradiance in the heat balance equation, directly to get conductor tempera-
ture and ampacity limtits may be more cost-effective, but can be limited in
accuracy by the location of weather stations. Both categories of approaches
can be used in combination to complement one another, and while these
technologies and approaches have been verified in practice, no approach for
accuracy and cost determination has been standardized [32]. Some research
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in real-time weather-based indirect methods compared to direct measurement
of conductor temperatures has shown reasonable validation [33].

Indirect methods can suffer from more uncertainty in the line’s loadability
so that upper and lower bounds of the ampacity should be calculated with
probabilistic methods [34]. Adaptive, synchronized sensor systems, outlined
in [35] and expanded on in [36], provide for real-time monitoring of wide areas
without the need for conductor-temperature measurement sensors. The sen-
sors can be utilized with an approach to compensate for errors and minimize
noise for minimal error in temperatures. Knowledge of voltage and current
synchrophasors at the line ends can be used to estimate the temperature with
good agreement to two on-conductor temperature-measurement systems [37].
However, this technique for simultaneous parameter identification and mea-
surement calibration has been introduced to address the issue of overhead line
parameter monitoring. The series and shunt-line parameters are recursively
estimated from the phasor measurements and weather conditions by using
an extended Kalman filter. The drawback of this approach is that the use of
a standard thermal model [3] requires the acquisition of meteorological vari-
ables along the whole transmission-line route nullifying the huge advantage
to employ only synchrophasors at the overhead line ends, though automatic
identification of faulty sensors is noted as an advantage of the system [35].
The accuracy and reliability of DLR is critical to successful deployment, but
inaccuracies can arise through both measurement and modeling errors [38].
Measurement errors can include imprecise or inconsistent measurements and
improperly calibrated direct-measurement sensors, as well as periods of light
load [39]. Modeling errors encompass inaccurate mathematical rating mod-
els, weather-forecasting errors, and errors in collecting circuit topological and
conductor data.

However, most real-time DLR methods are not directly applicable to turn
into a forecasted DLR method. Some strategies have employed a mathemat-
ically described confidence level within the DLR calculation, which rates the
power line more conservatively in proportion to lower confidence parameters
such as weather predictions [40], or using probabilistic methods to increase
confidence in numerical weather predictions (NWPs) [41, 42]. The variabil-
ity in NWP for use in DLR ampacity has led to a slow deployment of the
technology [43]. Some studies point out that in practice the error in NWP
can require a scale back of ampacity ratings to deal with inaccuracies in a
conservative manner. In extreme cases, the wind and solar data are com-
pletely ignored, and day-ahead DLR forecasting utilizes only temperature

4
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[44].  Other studies derate the transmission line ampacity itself with the
lower percentiles of the uncertainty bounds [45, 46], while another study uti-
lizes machine learning to improve accuracy for medium resolution NWP for
DLR [47].

The method that is outlined here has two main benefits compared to
direct-sensor approaches. First, the method is relatively cheap because all
the data needed is readily available, and the CFD used is minimal in expense
compared to direct sensors. Second, by using CFD to interpolate local wind
conditions based on the terrain, the full end-to-end midpoint ampacity values
of the entire transmission line can be calculated — a prominent solution to
wide-area monitoring issues. Though it should be noted, initial validation of
the weather data will require some field-based equipment, and using a pure
model-based method carries inherent risks to be assessed.

For large-scale wind simulations in this study, the steady-state Reynolds-
averaged Navier-Stokes (RANS) approach is used [48] because the computa-
tional time is much more manageable over large terrain scales of interest than
other methods, such as large eddy simulation. The WindSim CFD software
has been utilized for the calculation of wind fields using RANS turbulence
modeling and has been validated in complex terrain [49]. WindSim soft-
ware has been shown to be more effective in wind speed-up prediction ratios
over hilly terrain than the RANS model utilized by the OpenFOAM CFD
software [50]. Wind-speed accuracy with RANS flow has been tested by Mi-
lashuk and Crane [51] by transforming measurements at a reference location
to other locations of interest, and similar wind mapping has been completed
on low-elevation mountains by Dhunny et al. within acceptable validation er-
ror [52, 53]. Comparing lookup tables created with RANS CFD simulations
in relation to actual weather-data observations has also shown acceptable
agreement in this same geographic region [12]. The convective-cooling rate
is calculated as a function of the Reynolds number raised to the power of
0.52 or 0.6, so an approximate 10% error in wind speed in the simulations
translates to about 5% error in the convective-cooling rate. Effectively, any
error in wind speed occurring through the CFD modeling translates roughly
to a ARe'/* error in ampacity. Coupling weather data with CFD simulations
will provide a more conservative estimate for DLR because it accounts for
wind speed slowdown due to local terrain.

The weather forecasts used in this study came from version 2 of the
high-resolution rapid-refresh (HRRR) model. HRRR is a convection-allowing
forecast model that outputs meteorological variables on a 3-km horizontal
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grid over the continental United States [54, 55]. The HRRR was developed
at the National Oceanic and Atmospheric Administration (NOAA) Earth
System Research Laboratory and is run operationally at the National Center
for Environmental Prediction (NCEP). The current version of the HRRR,
Version 3, became operational on 12 July 2018 and outputs forecasts from
zero through 18 hours with 15-minute temporal resolution that are updated
every hour. The model also outputs forecasts from zero to 36 hours with one-
hour temporal resolution at 00, 06, 12, and 18 UTC. The previous version of
the HRRR, Version 2, was operational during the period of this study and was
used to provide the temperature, solar-flux, wind-speed, and wind-direction
forecasts for the line rating calculations.

This paper first goes over the method for calculating DLR with a look at
the sensitivity of DLR to various weather conditions. Next, the methodology
used for the CFD results, the HRRR forecast data, and the general line
ampacity state solver (GLASS) software are described. This is followed by
results that first describe the weather accuracy of the HRRR model in relation
to installed weather stations, then describe the CFD wind fields, and finally
calculate the dynamic line rating using GLASS coupled with the CFD results
and the HRRR-forecasted weather data. The forecasted ampacity data are
analyzed over a year-long time span with respect to the seasonal static rating
of the line.

1.1. Trial Site Description

The site of interest is a region 15,000 km? that spans from the Boise metro
area to the Twin Falls area in Idaho. The elevation of this area is shown in
Figure 1a, along with the roughness layer in Figure 1b. The roughness layer
is a representation of local near-ground change, such as buildings, trees, or
shrubs in the terrain. In order to handle the computational load, the region
is split into four sub regions, which are along the corridor of the power line.
These four sub-domains are shown in black outlines in Figure 1a, labeled as
NW2, NW1, Central, and East sections.

2. Methodology

2.1. Owverview

A case study of using the methodology within a specific geographical
region on a single transmission line of interest is presented. However, the
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Figure 1: (a) Elevation of the terrain with the singular transmission line that is examined
with sub-domains drawn for CFD calculations, and (b) roughness layer of the terrain. Light
colors refer to flatter regions, while red and dark red are forests and cities, respectively

method proposed in this paper can be broadly applied to any line configu-
ration using various types of weather forecasts. The first step is to select
the weather forecast, which can be from a weather model such as the HRRR
or human-in-the-loop weather forecasts from the National Weather Service.
The NCEP runs many different weather models at various resolutions that
are publicly available through the NOAA Operational Model Archive and
Distribution System. The variables of two-meter temperature, ten-meter
wind speed, ten-meter wind direction, and surface radiation flux are used
from the desired weather forecast source for the forecast time. To analyze
how much the weather conditions can change over time the long-term (in
this case 18-hour ahead) forecasts can be directly compared to the near-term
forecasts for determining the confidence of how they may shift over time.
This is done for both the individual weather conditions, as well as the to-
tal calculated ampacity. In order to mitigate risk, this comparison can also
be done against observed weather data, and the calculated ampacity from
those values to determine how much the forecast ampacity can deviate from
the actual ampacity. Derating the amapcity by standard deviations of the
changing forecast is demonstrated as an example risk mitigation.

Next, a section of overhead transmission lines is identified in the region
of interest. The extent of the terrain around the overhead transmission lines
for the CFD model is determined. To avoid boundary-condition effects the
terrain extent should have sufficient room between the edges of the modeled
terrain and the transmission-line structures. The horizontal resolution of the
CFD should be as resolved as possible within the computational limits avail-
able, though 30 meters may be the limit in some regions based on available
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digital elevation model data. If the extent of the terrain is too large, the
domain can be decomposed to run several different CFD simulations. Each
midpoint span is matched to its nearest weather forecast point. The weather
data at each midpoint span are then entered into the line-rating equation
with the line parameters and a maximum conductor temperature to output
the maximum amount of current that can be transmitted through the con-
ductor at the midpoint. When coupling with the CFD portion, wind data
are first passed through lookup tables to adjust wind speed and direction ac-
cording to local terrain effects. For solar flux and temperature data, values
are assumed to be the same as the nearest NWP model point. The minimum
calculated current value from among all the transmission-line midpoints is
then selected as the maximum current that can be conducted through the
section of line without exceeding the maximum conductor temperature.

2.2. Steady-state Dynamic Line Rating Calculations

The overall equation for solving the steady-state line rating is a heat
balance between Joule heating, solar irradiance, radiative heat loss and con-
vective cooling, given by

]2R(Tc> +qs = qc + g (1>

where ¢, q., and ¢, are heating though solar radiation, cooling through
convection, and cooling through radiation; 7, is the core temperature of the
conductor, I is the current, and R is the resistance of the line. I?R(T.) is
the internal heating due to the current from the Joule heating effect.

For the forecasted dynamic line rating, the steady-state value is updated
in the frequency of the HRRR model with 15-minute intervals. Wind speed is
only one piece of the calculation. Other environmental factors are accounted
for — namely, the solar irradiance, ambient temperature, and wind direction.
The equations and methodology are documented in IEEE standard 738 [3].
In order to solve for the steady-state current capacity, the heat-balance Eq.
(1) is used to solve for the current, I, to get

_ qc+qr_q$
"V TRm )

The radiated heat loss rate per unit length of the transmission line in
units of W/m is calculated by
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qr = 17.8 D¢

T, +273.15\" (T, +273.15\" 3)
100 100
where € is the emissivity, D is the conductor diameter and 7}, is the ambient

air temperature in Celsius. In the normal standards, the heat gain from the
sun through solar irradiance is calculated by

qs = aQesin(f) A’ (4)

where « is the solar absorptivity, (), is the total solar- and sky- radiated
heat flux corrected by elevation, 6 is the effective angle of incidence of the
sun’s rays and A’ is the projected area of conductor per unit length. The
convective heat loss per unit length is calculated using one of two equations,
based on wind speed. For low wind speed, i.e. under 1.34 m/s (3 mph), the
term is given by

DV, 0.52
Gc1 = 1.01 4 1.35 ( pf) kaangle(Tc - Ta) (5>
My
and for higher air speed, the convective heat loss is given by
DVyps\*°
4co = 0.754 ( pf> kaangle(Tc - T(l) (6>
Hr

where V,, is the speed of the air, Kpge is the wind-direction factor, and the
fluid parameters density, py, viscosity, pr, and thermal conductivity, ks, are
calculated at the film temperature. Due to the high variability of the terrain,
air density is calculated as a function of elevation as well, and the parameter
can vary as much as 20% when comparing areas at elevation to sea level.
The wind-direction factor is based on the angle between the wind direction
and the conductor azimuth for each midpoint segment as

Kangle = 1.194 — cos(¢) + 0.194 cos(2¢) + 0.368 sin(2¢) (7)

where ¢ is the angle of incidence between the wind direction and the midpoint
azimuth, with maximum value of 90 degrees. The convective cooling rates
are compared to the natural convective heat-loss rate given by

Jen = 3645p(}5D075(T5 . Ta)1.25 (8)
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the highest of the heat loss rates is used as ¢. in the equation for the ampacity
for each timestep. These calculations are repeated for every midpoint in the
region. For a transmission line, only the lowest midpoint value of the steady-
state calculation at that time stamp is used to determine ampacity. Lookup
tables are created for each midpoint using the WindSim code, and these
lookup tables are fed together with the archived HRRR forecast data through
the GLASS code developed by INL to determine the ampacity. Because the
wind near ground level is a boundary-layer flow, the results should be self-
similar so that, for each wind direction, one simulation can give an effective
solution that is then scaled by real-time conditions. The methodology here
is applied to archived HRRR weather data, but should be applicable for
actual forecasted data with only minor application programming interface
development [43].

2.3. Sensitivity of Dynamic Line Rating to Weather

Single-variable sensitivity tests are run to examine the dependence of
line rating on each of the weather variables. For each sensitivity plot, other
variables are held constant at values, with an ambient temperature of 21 °C,
0.0 solar flux, 0.0 wind speed, and perpendicular used as a control setting.
The sensitivity for all four of these variables over the ranges of interest are
shown in Figure 2(a-d) for , solar irradiance, ambient temperature, wind
direction and wind speed, respectively.

Wind speed shows the largest change of all of the variables, with the
sensitivity value changing the total ampacity calculation by 2300 A over the
range of values. The second most important parameter is wind direction,
which can change the ampacity by 900 A over the range of the calculated
values. Solar irradiance and ambient temperature have roughly the same
impact on the ampacity calculation over the ranges, with a variation of only
200 A. In some cases, ambient-adjusted ampacity ratings rely on the local
temperature variations from day to day. The sensitivity plot over the ambient
temperature shows this is not so impactful a variable, as variations from the
middle of summer to the middle of winter are quite small, and day-to-day
variations would be significantly less than 200 A.

It should be noted that wind direction has a strong cross-correlation effect
with wind speed. At higher wind speeds, the direction of the wind has a larger
impact on the ampacity calculation. This is due to the K,ng term in Eq.
(7) applied as a multiplier to the convective heat-loss rate. The multiplier
is plotted in Figure 3a, and the impact this has on the wind speed of a

10
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The Effect of Temperature on Line Rating

The Effect of Solar Flux on Line Rating Line Az = 90, Wind Direction = 180, Wind Speed = 0, Flux = 0
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The Effect of Wind Direction on Line Rating
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Figure 2: Single-variable sensitivity for (a) solar irradiance (b) ambient temperature, (c)
wind direction, and (d) wind speed with other variables held constant.

perpendicular versus parallel wind flow is shown in Figure 3b. At higher wind
speeds, the variation of the ampacity calculation increases more than at low
speeds. These sensitivity plots all point to the wind as the most impactful
weather condition on dynamic line rating, which validates the importance
that is placed on CFD to resolve the wind fields in this study.

2.4. Computational Fluid Dynamics

The partial differential equations dictating the wind-field solution for the
RANS model with the standard k — e method are well defined. These are the
three velocity vectors, U;, the turbulent kinetic energy, k, and the turbulent
dissipation rate, €, given by:

an . 0 8U1 8U] 8]9

for the three velocity vectors,

11
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Figure 3: The (a) variation of the Kangle term with respect to the angle of incidence of
the wind and (b) the change in ampacity with wind speed of a parallel angle of incidence
compared to a perpendicular angle of incidence (b).

oUk) 0 [ ok

for the turbulent kinetic energy,

0(Use) 0 ( pOe

ox; - Ox; \ 0.0%;

for the turbulent dissipation rate. In these equations the turbulent viscosity,
e, 1S given by:

P, — 1
Ukaaji) + I — € ( O)

€ €2
+061EP1€ —CE2EP1€ (11)

C,.k?
He = Me (12)
and the turbulent production term, Py, is given by:
ou; 0U;\ oU;
P, = . ] : 13

where ¢, ca, ¢, 0 and o, are the fixed constants for the k — e model, with
values set to 0.09, 1.55, 2.0, 1.0 and 1.3, respectively [48]. The terrain of
interest spans a 15,000 km? region. In order to effectively compute the wind
fields in this region, the terrain is divided into four sectors of 40 km by 40
km along the transmission line of interest. The effective spatial resolution is
40-meters in the horizontal direction. In the vertical direction, 5-meter grid
spacing is used near ground level up to 50 meters, with 10-meter spacing
up to 100 meters, and logarithmic spacing up to the atmospheric boundary

12
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layer. This captures the near-ground wind flow with more accuracy at the
heights of interest for the transmission line midpoint spans.

2.5. High-resolution Rapid-refresh Model

This study compared line ratings calculated using weather data from both
the HRRR forecasts and weather-station observations colocated with power
lines in southwestern Idaho. Figure 4a and Figure 4b provide zoomed in
views that show the relative densities of the 3-km HRRR grid points and the
weather stations, with Figure 4b corresponding to a zoomed subsection of
Figure 4a. Each weather station was matched to its nearest HRRR grid point
to create a proxy set of weather conditions based on the HRRR forecasts.
Forecasts from the HRRR points were then input into GLASS to get the line
ampacity.

HRRR Model Grid Points and

INL Weather Station Locations HRRR Model Grid Points and

INL Weather Station Locations

+  HRRR
m  Weather Station Locations | *

43.1°N

1 - HRRR
Weather Station Locations .

42.9°N

. m, - "
115.2°wW 115.1°wW 115°wW 114.9°w

(b)

Figure 4: The full HRRR domain that covers the region of interest in Idaho (a) a view of
the 3-km HRRR grid points and the weather-station locations and (b) a zoomed in view
showing the relative densities of the HRRR grid points and the weather stations.

116.5°!

2.6. General Line Ampacity State Solver

The program referred to as GLASS is used for the analysis of the archived
HRRR data in combination with CFD-generated data from WindSim. Figure
5 shows the high-level algorithm utilized by GLASS for generating weather-
based DLR ratings for either real-time or forecasted weather data. The main
components that are used in the analysis presented in this paper are the CFD
portion, which utilizes the WindSim CFD code, the Systematic Analyzer of
Numerical Data (SAND), used for processing the HRRR archived weather

13
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data of wind speed, wind direction, solar irradiance, and ambient tempera-
ture into a database, and GLASS, which solves the equations in Subsection
2.2 for every database entry to calculate final values for the ampacity rating.
An advantage of GLASS is that it has been built in such a way that it can
provide ampacity estimations for every midpoint span along numerous line
sections simultaneously, while also allowing for time-syncing of weather data
from any source.

Weather

Generate weather
data input file

Simulate
wind data

Current

Computation core,
generate line ampacity

Figure 5: Representation of the data flow through the GLASS code.

While the subject is not addressed in this study, the GLASS software
is capable of handling both weather measurement data and direct-sensor
readings, with a natural synergy arising from the weaknesses present in both
data types. When weather data is used the state of the transmission line may
have some error associated with local conditions. When direct-measurement
data is used the state of the local weather conditions requires assumptions to
calculate, and typically combines the wind cooling conditions so that it may
not be applicable to the next line segment if the azimuth varies. GLASS can
resolve the data from direct and indirect methods together to give a more
reliable ampacity across multiple spans.

3. Results and Discussion

3.1. Wind Flow Fields

The wind data that are of relevance to overhead transmission lines is 10-
meter above ground level, where most midpoint spans are located. In Figure
6, the wind fields for the four sectors are shown with northern incoming wind.
When subjected to northern wind flow, the regions in the mountains are most
affected by the wind. However, along the foothills where the transmission
lines are located, the wind patterns show slowing effects from the terrain as
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well. The other incoming wind sectors are shown in Figure 7, Figure 8, and
Figure 9 for eastern, southern and western incoming wind speeds, respec-
tively. When the wind is coming from the east, it impacts a slowdown from
the mountains on the northwest two sectors, but the sectors which are south-
east and central see higher wind speeds throughout the region. When the
wind is incoming from the southern and the western directions, simulations
show the smooth incoming terrain does not slow the wind as much, resulting
in higher wind speeds. Throughout the contour plots, the scale runs from 0
to 10 m/s. It is assumed that the atmospheric boundary-layer speed is at 10
m/s (the boundary layer speed has negligible effects on wind speed-up and
direction-shift model predictions [49]). It is also assumed that the large-scale
wind-low patterns would not shift drastically at higher wind speeds so that
the flow patterns are self-similar. Using this wind-speed simulation data, the
relative wind speed and directional shift between each HRRR-to-midpoint
mapping is calculated. When processing the GLASS data, the weather data
are then multiplied by the appropriate wind speed shift to determine speed
at each midpoint span. Correspondingly, the direction shift is added (or sub-
tracted) to the weather data to determine wind direction at each midpoint.
There exists a wind-speed and wind-direction shift specific to each of the 12
incoming wind sectors of the simulations.

s

~

T
(a) (b) () (d)

Figure 6: Ten meter height wind fields for the northern incoming wind, with units of m/s
for (a) NW1, (b) NW2, (¢) Central and (d) East subsections.

In addition to the plots at 10-meter data, the CFD wind fields can be
used to examine data further above the ground. This shows the extent of
the boundary layer of the flow. As the height is increased, the impact of the
ground is decreased, and wind speeds increase. In addition, the impact of
the mountains on the wind flow will also decrease, but at 100-meters will still
be noticeable. This impact of the height on wind-field flow is highlighted for
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Figure 7: Ten meter height wind fields for the eastern incoming wind for (a) NW1, (b)
NW2, (c) Central and (d) East subsections
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Figure 8: Ten meter height wind fields for the southern incoming wind for (a) NW1, (b)
NW2, (c) Central and (d) East subsections

the northern direction in the northwest-1 sector of the wind field in Figure
10. The increase in wind speed is quite significant, moving from 10-meter
heights to 100-meter heights above ground level.

3.2. HRRR Weather Comparison

The error of the HRRR model measured against weather station obser-
vations is shown in Figure 11 for each of the four weather components of
interest. For a simplistic comparison, the HRRR data are compared to a
persistence assumption, where persistence is defined as forecasting the cur-
rent value of a weather parameter to continue indefinitely into the future.
In the near term, under 2.5 hour forecasts, the persistence assumption does
outperform the HRRR model; however, due to the delay time in the HRRR
model calculation and data availability, this time period is not of concern
within the context of this analysis. It is noted that persistence assumptions
should be used in the short term (less than 2.5 hours), but not in day-ahead
estimations of DLR. For forecasts three hours and beyond, the HRRR model
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Figure 9: Ten meter height wind fields for the southern incoming wind for (a) NW1, (b)
NW2, (c) Central and (d) East subsections

(a) (b)
Figure 10: The (a) 10- (b) 50- and (c) 100- meter height above the ground level wind fields
for the southern incoming wind

shows significantly less error than the persistence assumption for all four of
the weather conditions of interest. In addition, it is seen that changes in the
HRRR forecasted error are only minor with increased time ahead in the fore-
cast. This potentially allows for a similar confidence in using the long-term
18-hour forecasts, as one would have in shorter term forecasts. The summary
of this error in terms of the root mean square error (RMSE) quantities for
the forecast hour 3 is shown in Table 1.

The RMSE for the ambient temperature is rather minor and, as shown in
Figure 2b, this small error in the temperature would have only a minor impact
on calculated ampacity. Similarly, the solar irradiance value is relatively
small compared to the possible range, and due to the small slope of the
sensitivity plot in Figure 2a, would not have much impact on calculated
ampacity. The RMSE in the wind speed may have a significant impact at
low wind speeds in the ampacity calculation, but at higher wind speeds,
the slope of the sensitivity levels off and becomes less important. The wind
direction may also be of concern in the error of the forecasts. While at high
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Figure 11: Root mean square error of the HRRR forecasts compared to persistence, the
period of interest past the third future hours is highlighted for (a) the temperature, (b)
the solar ampacity, (c) the wind speed and (d) the wind direction.

angles of incidence (above 50 degrees), wind direction has a relatively minor
effect on calculated ampacity, due to the Kj,g. term plotted in Figure 3a.
However, at a low angle of incidence, there is much more uncertainty in the
calculated ampacity due to wind-direction change. This is reflected in the
sensitivity plots to a 0 degree line by the shallow peaks around 0 and 180 wind
direction, and the sharp valleys around 90 and 270 degree wind direction, in
Figure 2c.

3.3. Ampacity Calculations

All collected HRRR data are reformatted through the SAND code for
input into the GLASS code. The GLASS code then outputs the steady-state
ampacity for every time step in this year-long analysis. This was done using
two different assumptions, due to the fact that data pulled from the HRRR
archive could sometimes be incomplete. The first assumption was that dur-
ing missing data points, the data were consistent in the near-term, so that
a persistence assumption was used until a new data point occured. Second,
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Table 1: The RMSE values of HRRR model point error compared to the nearest weather
station, at forecast hour 3.

Measurement HRRR Model Points
RMSE Values

Wind Speed 4.57 MPH

Wind Direction 60.1 degrees

Solar Irradiance 127.68 W m—2

Ambient Temperature 4.75°C

data were simply ignored at timestamps weather data was not in the archive
as a limiting calculation when doing the calculation of the overall ampacity
of this line. These two methods are shown in Figure 12a and Figure 12b,
respectively. In the subsequent plots, FC+# is the forecasted data for the
# hour. When looking at the ampacity with the persistence assumption, it
is often seen data is clipped to a fixed value for long periods of time — in
particular near the end of the study as data from one model point is miss-
ing, and the persistence assumption clips the ampacity significantly in Figure
12a. This may be occurring when a near-zero wind condition is forecasted,
then carried through with persistence for a long period of time. Due to this
issue, when utilizing the HRRR archived data, using the second assumption
to ignore data in calculations may be a better alternative than using a per-
sistence assumption. To demonstrate the sensitivity of the ampacity to wind
direction assumptions, the year-long ampacity was also plotted against the
static rating calculated when using a parallel wind-flow assumption, Figure
12¢ (in similar to overall wind patterns in the region in comparison with the
line of interest), which shows the significant change in head room. The rest
of the analysis uses the conservative parallel rating as static.

The ampacity predicted using the HRRR model data for different forecast
hours is shown in Figure 13 for 3, 10 and 18 hours in the future. These data
fix the forecast hour to create a time series of all forecasts at that forecast
hour for the entire data period. This may be the equivalent of a utility
planner always using a specific hour for near- and long-term estimations of
the ampacity on a given transmission line. While differences occur in some
of the peaks and valleys in predictions across the year-long span, overall
the data show very similar trends, with large amounts of ampacity above
headroom in the summer, and slightly less in the winter. Each time the
static rating is crossed by the DLR rating lies in the seasonal-change saddle
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Figure 13: Raw ampacity calculations compared to the static summer and winter ratings
for (a) forecast hour 3, (b) forecast hour 10 and (c) forecast hour 18.

To look at the amount of overall improvement for this line, data from
Figure 13 was processed as a histogram of the amount of time DLR ampacity
is above static ampacity, as shown in Figure 14. The saddle periods in spring
and summer, when the DLR ampacity is occasionally less than the static
seasonal ampacity, are highlighted during the winter data in the histogram
plot. The amount of time that the forecast ampacity is less than static rating
is approximately 90% of the total time in winter.

Ampacity that was calculated for every hour of the forecast was compared
to the near-term ampacity rating, which was calculated from the 3-hour
forecast. The overall difference in this consistency between forecasts was
plotted as a function of the future forecast hour. This change in the forecasted
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Figure 14: The amount of time that the calculated DLR rating is above the static rating
for (a) forecast hour 3, (b) forecast hour 10, and forecast hour 18.

ampacity as a function of the forecasted hour is shown in Figure 15, which
shows the largest increase in error in the early predictive hours from 3 to
4 and 4 to 5. Over the length of the forecast, the gradient of this error
decreases as the forecasted time increases.

This type of estimate may give utility planners confidence as to how much
additional capacity they can utilize during periods of high line congestion.
The maximum error reached at the forecast hour 18 is about 18 A, measured
as a raw difference and potentially a small percent difference depending on
the line rating. This plot also isolates the average difference only when the
error is negative, representing the ampacity lost due to changing conditions.
This error essentially shows the possible difference that could occur using
the FC18 forecast in the future, with a decreasing ampacity as that future
hour is reached due to changes in the forecasted weather. This only raises
the difference from the near term forecast up to 19 A. Derating the future
forecast by the average error of the available ampacity, 19 A, out of a total
600 to 900 A is insignificant (2 to 5%), and should not deter the use of
forecasting for DLR calculations. Based on the calculation of the ampacity
above static shown in Figure 14, the ampacity calculated during summer
months, when congestion can be more prevalent, are nearly never below the
static rating, so this error associated with forecasted ampacity would not be
expected to influence curtailment of typical values. Figure 15 also shows the
standard deviation of this error, which only increases to 28 A by forecast hour
18, which again is minimal compared to the static rating of this line. More
conservative deratings of the forecasted ampacity could utilize the average
minus one standard deviation of the forecast, or the average minus three
standard deviations for 99.7% coverage of the error, assuming a Gaussian
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The total amount of time for which long-term forecasts may deviate from
short-term forecasts is plotted as a percentage of time over the year in Figure
16a. The amount of time that these large errors could possibly occur between
the long-term and the near-term forecasts is well under 1%. During the
course of this year-long study, 90% of the time, the 18-hour future forecasts

are under one standard deviation of error (28 A) from the near-term forecast
hour 3.
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Figure 16: (a) Amount of time the long-term forecasted ampacity is above or below the
near-term forecasted ampacity, (b) the ampacity improvement over the static rating when
derating the line by four standard deviations.

There is a small fraction of time, under 4%, where the long-term fore-
casting hours overestimate the ampacity that is available from the near-term
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forecasted hour by a significant amount (25 to 100 A). During this time,
the longer-term forecasted ampacity may have an error ranging from one
to almost four standard deviations from the near-term forecasted ampacity.
During times when deviations from the near- and long-term forecasts occur,
the system should be monitored closely if it is operating near the maximum
ampacity. As an overly conservative estimate, to make sure the actual am-
pacity of the line is not overextended through using forecasted data, one
could derate the forecasted ampacity by four standard deviations (~100 A
for this line). The result of doing this is shown in the plot in Figure 16b.
This shows that even with derated line ampacity to account for the standard
deviation in the forecasted ampacity, there is still significant headroom when
using DLR calculations during summer months while, during winter months,
this conservative derating may only allow for an increase in ampacity 50%
of the time. However, winter months typically have little congestion in the
region.

Dynamically changing the line rating based on weather forecasts does
present risks to the transmission planners. As is shown in Table 1, weather
forecasts have a certain amount of error on average. The method proposed
here sought to mitigate the forecast error by selecting a 98th percent thresh-
old that should not be exceeded based on recent historical forecast compar-
isons. Better thresholds, binning of forecasts, and scenario-based methods
may be developed to improve the safety factor. In cases where any ex-
ceedance of the maximum conductor temperature is unacceptable, it may be
prudent to select a weather threshold that has never been exceeded based on
the forecast. In addition, bias correction on weather-model forecasts, rather
than bias correction on derating the line, could also be added to risk mitiga-
tion measures. In any method selected, however, the weather forecast average
and maximum errors should be calculated and translated to the average and
maximum errors in the current forecast. The weather data from the HRRR
model points were used to directly calculate ampacity, and this value was
directly compared to the ampacity calculated with observed weather data at
the installed weather stations, shown in Figure 4, over the year-long period
of interest. In Figure 17a, the comparison is shown with the median error
and the upper and lower quartiles of the error over the time period. On
average, the median error is 10.1 A, the lower quartile is -200.5 A, and the
upper quartile is 215.4 A. It should be noted this is the agglomeration of all
weather data, and that, of this data, the lowest value of the limiting span
would be utilized, which should decrease the quartile span. In addition, the
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average median for each month of the study is shown in Figure 17b. The
largest positive differences (i.e., where the forecast ampacity would overpre-
dict the observed ampacity) occur in January and August. In January, the
relative load on this line is minor, and this would likely not have a large
impact. In August, due to inoperable weather stations, this only includes
10 days, which may skew the result for this month when compared to the
other months. However, August is one period of the year with high load from
heating, ventilation and air conditioning systems, and further understand-
ing the risk on this particular transmission line is especially necessary over
that period. When the median is negative, as in April, then the observed
ampacity would be above the forecasted ampacity, and little risk would be
expected. From the utilities” business perspective, a concern could be that
extra ampacity may be going unused. With a system containing installed
weather stations (or other sensors) the real-time amapcity can, of course, be
scaled back if the approaching forecasted weather conditions deviate from
actual weather conditions as a way to mitigate risk.

ll 'n’\l‘f‘

! }\l
‘\r'\wm "

|‘t‘

R
. ‘n'

S ARREERY R
W W !
400 f | "! i

,t‘”

Forecasted Ampacity - Observed Ampacity

&
=3
=]

L L n
10-2016 01-2017 04-2017
Date

(a)

!h ,'\\"n"\ ‘y

—Median

i
\'lh lb"‘ i

\
““f\h‘v"\ﬂ

07-2017

=)
S

Median Forecasted - Observed Ampacity

©
S

3
=

IS
o

n
o

o

ISy
=

A
o

SEP OCT NOV DEC JAN FEB MAR APR MAY JUN JUL AUG
Month

(b)

Figure 17: (a) The median and upper and lower quartile values of the ampacity for all of
the HRRR to weather station comparisons, and (b) the average median of the ampacity
difference in HRRR to weather station value per month.

4. Conclusion

Data from the HRRR model was extracted so that it could be used in
an approach that couples with CFD wind fields. These data are then sub-
sequently used in the GLASS software to calculate the DLR ampacity for
a transmission line across southern Idaho for a year-long period of study.
The error between the calculation of ampacity for the long-term (up to 18
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hour) forecasts and the short-term (3-hour ahead) forecasts, using the HRRR
model coupled with CFD, is relatively minor compared to the static rating
of the line. This should give utilities confidence in utilizing the forecasted
DLR ampacity ratings for alleviating congestion in the utility market. The
data show the potential for this method to be usable by utility companies
to forecast the amount of ampacity on their line for market transactions or
alleviating congestion.

A conservative assumption was made on derating the line by four standard
deviations of the difference between the 3-hour and 18-hour forecast. This
was done as an example to alleviate risk on the system. Even with this
conservative assumption, significant headroom exists for the DLR above the
static rating of this line during summer months, when congestion issues are
typically more problematic. Recent changes to the HRRR model expand its
use up to 36 hours, and the ability to produce an ampacity prediction will
likely become more advantageous as the forecasted time period is expanded.
However, to fully analyze the advantage of the updated HRRR model in a
similar way will take a year of new data collection.

In the future, the model comparison could be coupled with direct-measurement

devices using GLASS on the transmission line of interest to increase confi-
dence in this predictive model for DLR ampacity. Similarly, future work
could include a comparison of the pure model-based approach with direct
measurement data for validation. However, with NWPs, the same accuracy
may not be universal across the entire area studied, and an understanding
of the differences between observed and predicted weather conditions in the
region of interest should be reached prior to using a pure model-based ap-
proach for DLR. If needed, installation of indirect- or direct-measurement
devices along the line should be used in conjunction with the model to in-
crease robustness.
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