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Abstract—To exploit additional capacity on legacy transmission 
assets, network owners have developed a variety of techniques to 
support real-time thermal rating (RTTR) of overhead lines so as 
to get the maximum possible capacity within their operating range. 
Most RTTR techniques are inferred from effective weather 
conditions (EWCs) that are used to assess the thermal equilibrium 
of conductors indicated by the measured temperature 𝑻𝒄 , thus
making RTTR estimates sensitive to measurement errors (MEs). 
To highlight the impacts that MEs have on RTTRs, this paper 
describes two EWC-based approaches to RTTR estimation and 
assesses the accuracy of their resulting estimates under steady 
state conditions given different levels of 𝑻𝒄 and weather variables.
Furthermore, the paper develops a Monte Carlo-based approach 
to model the propagation of measurement uncertainties through 
to RTTR estimates. Numerous rating scenarios for a particular 
instance are generated through combining a Monte Carlo method, 
where possible MEs are sampled within the sensor specification 
based limits, with an enhanced EWC-based approach that models 
transient changes of 𝑻𝒄  in each scenario. The lower RTTR
percentiles extracted from the rating samples can not only mitigate 
the RTTR overestimation due to MEs, but also inform system 
operators of the risk associated with RTTR decisions. 

Index Terms—Effective weather conditions, measurement error, 
overhead line, probabilistic estimation, real-time thermal rating 

NOMENCLATURE 
AAAC All aluminium alloy conductor 
ACSR Aluminium conductor steel-reinforced 
EPWS Effective perpendicular wind speed 
ESR Effective solar radiation 
EWC Effective weather condition 
HBE Heat balance equation 
MC Monte Carlo 
ME Measurement error 

OHL Overhead line 
PIT Probability integral transform 

RTTR Real-time thermal rating 
SLR Static line rating 
SO System operator 
𝑇𝑎 Air temperature 
𝑇𝑐 Conductor temperature 

𝑇diff Rise of 𝑇𝑐 above 𝑇𝑎

The work described in this paper was funded by the Scottish ‘Energy 
Technology Partnership’ (ETP), Scottish Power Energy Networks (SPEN) and 
National Grid Electricity Transmission (NGET) through the Network 
Innovation Allowance, and Scottish and Southern Electricity Networks (SSEN). 

𝛿𝑡 Time step length for 𝑇𝑐 tracking
𝑇𝑐𝑖 Initial conductor temperature of a time step 
𝑇𝑐𝑓 Final conductor temperature of a time step 

𝑇𝑐𝑚𝑎𝑥 Maximum allowable conductor temperature 
𝐼𝑐 Conductor current 
𝑠𝑟 Solar radiation 
𝑤𝑠 Wind speed 
𝑤𝑑 Wind direction 
∅𝑑𝑙 Incidence angle 
𝑅(∙) AC resistance per unit length of conductor 
𝐻(∙) Heat capacity per unit length of conductor 
𝑓(∙) Steady-state HBE 

𝑓𝑡𝑠(∙) Transient-state HBE 
𝑄𝑐(∙) Convection heat loss per unit length of conductor 
𝑄𝑟(∙) Radiation heat loss per unit length of conductor 
𝑄𝑠(∙) Solar heat gain per unit length of conductor 
∆(∙) Measurement error of variable 
(∙)𝑜 Measurement of variable 
(∙)𝑜′ Possible ‘actual’ value of variable 

I. INTRODUCTION

HE real time thermal rating (RTTR) of an overhead line
(OHL) is the maximum permissible level of power flow at 

which the OHL can be operated safely and reliably under 
prevailing weather conditions without breaching the maximum 
allowable conductor temperature 𝑇𝑐𝑚𝑎𝑥  nor violating the
minimum required clearance through resulting increases in sag 
[1]. The ampacity of an OHL is conventionally limited to a 
static line rating (SLR) estimated by a thermal model of 
overhead conductors [2], [3] based on a conservative set of 
weather conditions for a particular season [1]. A range of RTTR 
techniques [4]-[7] have been developed in recent decades to 
exploit the additional headroom of an OHL’s current-carrying 
capacity available from real-time estimates or predictions of the 
OHL’s actual ampacity through monitoring and inference of the 
behaviour of the conductors. 

RTTR techniques fall into four main categories: those based 
on measurements of weather conditions [8]; measurements of 
conductor temperature 𝑇𝑐  [9]; sag measurements [10]; and
measurements of conductor tension [11]. With the exception of 
a weather-based technique which directly computes RTTRs of 
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conductors from ambient conditions [8], these techniques first 
calculate ‘effective’ weather conditions (EWCs) (e.g., an 
effective perpendicular wind speed (EPWS) that provides the 
same convective cooling as the actual wind conditions [5]) 
based on measurements of line current 𝐼𝑐  and other weather
variables in combination with 𝑇𝑐  that is directly measured or
indirectly obtained from the monitored conductor tension or sag 
via a calibration curve or equation [4], [12]; then the inferred 
EWCs along with measurements of other weather parameters 
and 𝑇𝑐𝑚𝑎𝑥 are used to calculate RTTRs based on the thermal
model of overhead conductors [2], [3]. 

Most research related to uncertainties in RTTR estimation 
deals only with the size of RTTR forecast errors [13]-[17] while 
less attention has been given to the RTTR uncertainty caused 
by measurement errors (MEs). In order to estimate RTTR errors 
from inaccurate weather measurements, an error propagation 
method and a Monte Carlo (MC) method were applied in [18] 
and [19] respectively. In addition to MEs of weather variables, 
the uncertainties of conductor properties including emissivity 
and absorptivity were taken into account by [20] where affine 
arithmetic was used to translate the ranges of all the considered 
sources of uncertainty into the lower and upper RTTR 
boundaries. Considering that the errors in weather readings will 
have a greater impact than those from measurement devices, a 
data-driven method was developed in [21] to detect and replace 
the faulty readings of weather sensors prior to the RTTR 
calculation. For the EWC-based RTTR techniques, Albizu et al. 
[22] analysed influences of a typical 𝑇𝑐 error of ±2℃ on RTTR
estimation in different cases where the difference 𝑇diff between
𝑇𝑐  and air temperature 𝑇𝑎  varies for a specific set of weather
conditions, or a particular weather parameter varies given a 𝑇diff

of 20℃. Furthermore, taking into account MEs of instruments,
the RTTR uncertainty depicted by the deviation from maximum
to minimum possible RTTRs of a particular 30 kV OHL span
at a particular moment was estimated from field measurements
for weather-based, 𝑇𝑐-based and tension-based RTTR systems
separately in their later work, finding that a small 𝑇diff generally
led to a high RTTR uncertainty for the latter two systems [23].
For the RTTR technique measuring the temperature of heating
and reference conductor replicas, Cheng et al. [24] corrected the
MEs of temperature and line current by using a set of correction
coefficients optimised based on laboratory measurements.

The contribution of this paper is to first perform a 
comprehensive assessment on the impacts of MEs on RTTRs 
estimated using two particular EWC-based approaches under 
steady state conditions where the conductor is assumed to be in 
thermal equilibrium. Based on requisite inputs of monitored 𝑇𝑐,
𝑇𝑎 and 𝐼𝑐, (a) the first approach determines an EWPS from solar
radiation (SR) to simulate the actual convective cooling 
experienced by the conductor [22]; and (b) the second approach 
calculates an initial EPWS from wind measurements and then 
adjusts the EPWS along with an effective SR until the 𝑇𝑐

simulated from the adjusted EWCs equals the measured [12]. 
The steady-state analysis explains how, and to what extent the 
MEs affect the EWC-based rating accuracy given various levels 
of 𝑇𝑐, wind speed and SR, especially for the second EWC-based
approach that has received minimal attention in the literature. 

The size of RTTR errors inferred from a steady-state analysis 
may not reflect the actual uncertainties of EWCs due to the 
assumption of the conductor being in thermal equilibrium all 
the time under steady state. This assumption is very likely to be 
breached due to the thermal inertia of conductors, especially 
when there are large changes of 𝐼𝑐 and ambient conditions. The
steady-state analysis using a 𝑇𝑐 value that will continue rising
(or falling) can overestimate (or underestimate) cooling effects 
and thus RTTRs. To deal with the transient nature of 𝑇𝑐, the
paper enhances the EWC-based approaches to estimate EWCs 
that model the 𝑇𝑐 changes over a time period (e.g., 10 minutes)
under transient conditions by considering the thermal inertia of 
conductors. In order to model the propagation of uncertainties 
from MEs through to RTTR estimates, transient-state EWC-
based approaches are combined with a MC method to estimate 
numerous RTTR samples at a particular moment from possible 
‘actual’ values of the monitored variables, i.e., the sums of 
measurements and their potential errors that are randomly and 
uniformly sampled within the maximum positive and negative 
limits based on sensor specifications. Then RTTR percentiles 
extracted from the empirical distribution of RTTR samples are 
compared with the actual rating and the SLR to evaluate their 
statistical consistency and enhancement over SLR respectively, 
providing a deep insight into the performance of the two EWC-
based approaches in the uncertainty propagation under transient 
states, based on which the EWC-based approach most suited to 
probabilistic RTTR estimation in this case is determined. Given 
a system operator (SO) tending to be averse to any significant 
probability of 𝑇𝑐  exceeding 𝑇𝑐𝑚𝑎𝑥  in practice, the RTTR
percentiles at the lower end of a distribution can help alleviate 
the risk of using an overestimated RTTR due to MEs and reflect 
an acceptable risk that there is a small probability of the actual 
rating being lower than the adopted RTTR percentile. 

The paper is structured as follows: Section II describes the 
two EWC-based approaches under steady state and transient 
conditions, and the combination of the latter with a MC method 
to produce RTTR distributions; Section III provides a steady-
state analysis of MEs for each EWC-based approach based on 
the usage of an ACSR ‘Drake’ conductor; Section IV assesses 
probabilistic RTTR estimates that reflect uncertainties of input 
variables for two particular 132 kV OHL spans in Great Britain 
(GB) [8] comprising different conductors in proximity to 
installed weather stations where 10-minute average weather 
data over 63 winter/spring days in 2013 were provided; Section 
V presents conclusions and recommendations for further work. 

II. EWC BASED RTTR ESTIMATION

A. EPWS-SR-based Approach under Steady State
A typical EWC-based approach calculates an EPWS to 

achieve the conductor’s thermal equilibrium based on a steady-
state heat balance equation (HBE) [2] combined with inferences 
or measurements of conductor temperature 𝑇𝑐

𝑜, line current 𝐼𝑐
𝑜,

air temperature 𝑇𝑎
𝑜, SR 𝑠𝑟

𝑜, and a wind incidence angle of 𝜋 2⁄
(i.e., the difference between wind direction and line orientation): 

argmin
𝐸𝑃𝑊𝑆

|𝑓(𝑇𝑐
𝑜, 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ , 𝑠𝑟
𝑜, 𝐼𝑐

𝑜)| (1)
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where 𝑓(∙) is a function describing a steady-state HBE: 

𝑓(∙) = 𝑄𝑐(𝑇𝑐
𝑜, 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ ) + 𝑄𝑟(𝑇𝑐
𝑜 , 𝑇𝑎

𝑜)

−𝑄𝑠(𝑠𝑟
𝑜) − 𝐼𝑐

𝑜2 ∙ 𝑅(𝑇𝑐
𝑜)      (2) 

where terms 𝑄𝑐, 𝑄𝑟 , 𝑄𝑠, and 𝑅 denote the convection heat loss
rate, radiation heat loss rate, solar heat gain rate, and AC 
resistance of the conductor per unit length respectively. Then 
the inferred EPWS along with 𝑇𝑎

𝑜 and 𝑠𝑟
𝑜 is used to determine

the RTTR that relates to 𝑇𝑐𝑚𝑎𝑥 [5]. This approach is named here
as an EPWS-SR-based approach. 

B. EPWS-ESR-based Approach under Steady State
A relatively conservative EWC-based approach is used in [12]

to calculate an EPWS and an effective SR (ESR) based on 𝑇𝑐
𝑜

inferred from the measured sag and measurements of current 
and weather variables. An initial ESR (i.e., 𝐸𝑆𝑅1) is set to be
𝑠𝑟

𝑜 while an initial EPWS (i.e., 𝐸𝑃𝑊𝑆1) is estimated as what
provides the same convective cooling effect as the measured 
wind conditions (i.e., wind speed 𝑤𝑠

𝑜 and direction 𝑤𝑑
𝑜 with an

incidence angle of ∅𝑑𝑙
𝑜 ): 

argmin
𝐸𝑃𝑊𝑆1

|𝑄𝑐(𝑇𝑐
𝑜, 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆1, 𝜋 2⁄ ) − 𝑄𝑐(𝑇𝑐
𝑜, 𝑇𝑎

𝑜 , 𝑤𝑠
𝑜 , ∅𝑑𝑙

𝑜 )|  (3)

Then the initial EPWS and ESR (or their adjusted values) 
combined with 𝑇𝑎

𝑜 and 𝐼𝑐
𝑜 are used to calculate 𝑇𝑐 by:

argmin
𝑇𝑐

|𝑓(𝑇𝑐 , 𝑇𝑎
𝑜 , 𝐸𝑃𝑊𝑆, 𝜋 2⁄ , 𝐸𝑆𝑅, 𝐼𝑐

𝑜)|    (4) 

The EPWS and ESR are iteratively adapted to eliminate the 
difference between the simulated 𝑇𝑐 and 𝑇𝑐

𝑜: (a) if 𝑇𝑐
𝑜 is smaller

than the simulated 𝑇𝑐, ESR is first decreased and EPWS is then
increased when ESR has been reduced to zero until the two 𝑇𝑐

values are matched; and (b) in the case of 𝑇𝑐
𝑜 being greater than

the simulated 𝑇𝑐 , EPWS is first reduced and ESR is then
increased when EPWS has been decreased to zero [12]. Then 
the RTTR is estimated from 𝑇𝑎

𝑜, EPWS, ESR and 𝑇𝑐𝑚𝑎𝑥. This
approach is named here as an EPWS-ESR-based approach. 

C. EPWS-SR-based and EPWS-ESR-based Approaches under
Transient State

The EPWS-SR-based and EPWS-ESR-based approaches 
described above estimate EWCs based on a steady-state HBE, 
adapting EWCs to achieve the conductor’s thermal equilibrium. 
However, in the case of the conductor not reaching thermal 
equilibrium at the end of a particular period (e.g., 10 minutes) 
due to the thermal inertia, the use of a steady-state HBE may 
provide inaccurate EWCs. Given measurements or inferences 
of initial and final 𝑇𝑐 (i.e., 𝑇𝑐𝑖

𝑜  and 𝑇𝑐𝑓
𝑜 ) over a 10-minute period,

an EPWS-SR-based approach can be enhanced to calculate an 
EPWS which eliminates the difference between 𝑇𝑐𝑓

𝑜  and the
final temperature modelled from 𝑇𝑐𝑖

𝑜  under transient conditions:

argmin
𝐸𝑃𝑊𝑆

|𝑇𝑐𝑓
𝑜 − 𝑓𝑡𝑠(𝑇𝑐𝑖

𝑜 , 𝑇𝑎
𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ , 𝑠𝑟

𝑜 , 𝐼𝑐
𝑜)|    (5) 

where 𝑓𝑡𝑠(∙) is a function tracking the transient change of 𝑇𝑐:

𝑓𝑡𝑠(∙) = И𝑇𝑐𝑖
𝑜

𝑁=60(𝑔(𝑇𝑐𝑖
𝑥  | 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ , 𝑠𝑟
𝑜, 𝐼𝑐

𝑜))    (6) 

where, provided that the 10-minute period is divided into 𝑁 
sufficiently small time steps 𝛿𝑡, the operator И𝑇𝑐𝑖

𝑜
𝑁 (∙) starts at the

initial temperature 𝑇𝑐𝑖
𝑥=1 = 𝑇𝑐𝑖

𝑜  of the 1st 𝛿𝑡 and implements 𝑁 
iterations of the function 𝑔(𝑇𝑐𝑖

𝑥  | ∙) which calculates 𝑇𝑐𝑖
𝑥+1 at the 

(𝑥 + 1)𝑡ℎ 𝛿𝑡 (i.e., the final temperature of the 𝑥𝑡ℎ 𝛿𝑡) from 𝑇𝑐𝑖
𝑥

based on a transient-state HBE [2]: 

𝑔(𝑇𝑐𝑖
𝑥  | ∙) = 𝑇𝑐𝑖

𝑥 +
𝛿𝑡

𝐻(𝑇𝑐𝑖
𝑥)

(𝐼𝑐
𝑜2 ∗ 𝑅(𝑇𝑐𝑖

𝑥) + 𝑄𝑠(𝑠𝑟
𝑜)

−𝑄𝑐(𝑇𝑐𝑖
𝑥 , 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ ) − 𝑄𝑟(𝑇𝑐𝑖
𝑥 , 𝑇𝑎

𝑜))  (7)

where 𝐻 is the conductor’s heat capacity per unit length. IEEE 
Std. 738 [2] suggests that a 𝛿𝑡 equal to 10-seconds or less is a 
reasonable choice to ensure accuracy in iterative calculations. 
Therefore, a 10-second 𝛿𝑡 is adopted here, leading to 𝑁 = 60. 

For a transient-state EPWS-ESR-based approach, 𝐸𝑃𝑊𝑆1 is
first calculated via: 

argmin
𝐸𝑃𝑊𝑆1

|И𝑇𝑐𝑖
𝑜

60 (𝑔(𝑇𝑐𝑖
𝑥  |𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆1, 𝜋 2⁄ , 𝑠𝑟
𝑜, 𝐼𝑐

𝑜))

−И𝑇𝑐𝑖
𝑜

60 (𝑔(𝑇𝑐𝑖
𝑥  |𝑇𝑎

𝑜, 𝑤𝑠
𝑜 , ∅𝑑𝑙

𝑜 , 𝑠𝑟
𝑜 , 𝐼𝑐

𝑜))|   (8)

Then EPWS and ESR are adapted from 𝐸𝑃𝑊𝑆1 and 𝐸𝑆𝑅1 =
𝑠𝑟

𝑜, in the same way as in Section II.B, to match 𝑇𝑐𝑓
𝑜  with the

𝑇𝑐𝑓 calculated by 𝑓𝑡𝑠(𝑇𝑐𝑖
𝑜 , 𝑇𝑎

𝑜, 𝐸𝑃𝑊𝑆, 𝜋 2⁄ , 𝐸𝑆𝑅, 𝐼𝑐
𝑜).

A flow diagram demonstrating the two approaches that 
calculate EWCs under steady state or transient conditions is 
provided in Fig. 1. The measured and calculated 𝑇𝑐 are regarded
as the same if their difference is within 0.5 millidegrees Celsius 
(𝑚℃) since a tolerance of 0.5 𝑚℃ is found here to overestimate 
or underestimate RTTRs by smaller than 0.01%. 

Fig. 1. A flow diagram showing EPWS-SR- and EPWS-ESR-based approaches 
for RTTR calculation. 

D. Monte Carlo-based RTTR Uncertainty Estimation
In order that SOs can assess the risk associated with a rating

due to MEs, they should be provided with a probabilistic 
estimate that quantifies the error likelihood.  As was described 
in Section II.C, RTTR errors for overhead conductors are 
affected by MEs of relevant variables in a complex way. In this 
case, Monte Carlo (MC) simulation [25] is used to randomly 
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generate a large number (2 × 104) of sampled values of MEs
for each variable, assuming that errors are uniformly distributed 
within maximum positive and negative limits based on device 
specifications; then sampled errors of variables are added into 
their respective measurements to produce their possible ‘actual’ 
values. In some particular scenarios, the differences between 
‘actual’ final temperatures 𝑇𝑐𝑓

𝑜′  and those that are calculated
from ‘actual’ initial temperatures 𝑇𝑐𝑖

𝑜′ cannot be eliminated by
any normal EWCs within 𝐸𝑃𝑊𝑆 ∈ [0, 15𝑚 𝑠⁄ ]  and 𝐸𝑆𝑅 ∈
[0, 1000𝑊 𝑚2⁄ ]  due to the creation of unrealistic ‘actual’
values, e.g., 𝑇𝑐𝑖

𝑜′ or 𝑇𝑐𝑓
𝑜′ lower than ‘actual’ air temperature 𝑇𝑎

𝑜′,
or an extreme change from 𝑇𝑐𝑖

𝑜′ to 𝑇𝑐𝑓
𝑜′. These extreme scenarios

are therefore removed from the set of scenarios. Then the EWCs 
determined by the transient-state EWC-based approach in the 
remaining ‘effective’ scenarios along with 𝑇𝑐𝑚𝑎𝑥 and 𝑇𝑎

𝑜′ (and
𝑠𝑟

𝑜′ if needed) are used to calculate sampled values of steady-
state RTTRs based on a steady-state HBE [2], from which their 
empirical distribution and percentiles are determined. A flow 
chart describing the process of an EWPS-ESR-based approach 
generating probabilistic RTTR estimates is shown in Fig. 2. 

Fig. 2. The process of a transient-state EPWS-ESR-based approach determining 
probabilistic RTTR estimates. 

Producing more scenarios will smooth the rating distribution 
in MC simulation but decreases the computation speed. As a 
compromise, 2 × 104 scenarios are produced for each case in
this work where greater than 4000 and 8000 scenarios are found 
to be ‘effective’ from the 2 × 104 scenarios for EPWS-SR- and
EPWS-ESR-based approaches respectively. Compared with the 
MC simulation, the affine arithmetic (AA) is a more efficient 
method of computing the boundaries of possible RTTRs based 
on various sources of uncertainty [20], [26]. However, the AA 
focuses on the worst-case, extreme scenario in which, as was 
noted above, the EWC-based approaches might fail to find the 
EWCs that replicate the 𝑇𝑐 changes under transient conditions.
The massive numbers of scenarios produced for each instant in 
the MC simulation ensures the production of conservative 

scenarios including the extreme, replicable ones. The 2 × 104

calculations are simultaneously processed through the matrix 
calculation realised in MATLAB [27], which largely reduces 
the computational burden. In addition, MEs are assumed here 
to be uniformly distributed between the sensor specification 
based maximum positive and negative limits; provided that 
specific distributions of MEs can be obtained from, e.g., 
manufacturers or laboratories, they should replace the assumed 
uniform distributions used in the MC simulation. 

III. THEORETICAL ANALYSIS OF IMPACTS OF MES UNDER
STEADY STATE CONDITIONS 

This section specifies typical maximum MEs for each 
measured variable based on specifications of monitoring 
devices. Their impacts on RTTRs estimated by the two EWC-
based approaches under steady state conditions are theoretically 
analysed for a range of 𝑇𝑐  from 20℃ to 70℃ in combination
with four particular pairs of EPWS and SR. The mathematical 
calculations included in the paper are all implemented using 
MATLAB [27]. It is noted that the paper only deals with MEs 
while failures of sensors are not considered here.  

A. MEs of Variables in RTTR Technologies
The 𝑇𝑐-based RTTR technologies generally have MEs of 𝑇𝑐

between ±1℃ [9]. For tension- and sag-based technologies, it 
is recommended that the sag or clearance of an OHL span 
should be measured or inferred within a minimum accuracy of 
±20𝑐𝑚 [5]. Based on a 4th order polynomial equation which is 
derived in [5] to associate the sag of a 300𝑚 ruling span with 
𝑇𝑐 , as shown in Fig. 3, the minimum accuracy of ±20𝑐𝑚
required for sag may translate into a variation of around ±5℃ 
in 𝑇𝑐 at low 𝑇𝑐 levels (e.g., below 75℃) where a line section is
more likely to achieve a reasonable tension equilibrium 
between suspension spans, leading to a more accurate sag 
estimate for each span within the section [4]. This means that 
the sag measurements being generally produced with errors 
between ±10𝑐𝑚 [10, 28] may cause a variation of ±2.5℃ in 
𝑇𝑐. However, the process of translating sag/tension into 𝑇𝑐 also
suffers from the uncertainties in the sag/tension-𝑇𝑐 calibration
curve or equation. According to CIGRE Technical Brochure 
299 [29], a calibration curve generated based on net radiation 
temperatures can generally have an accuracy of around ±1℃. 
Therefore, the 𝑇𝑐 inferred from sag/tension measurements are
presumed here to have errors within ±4℃ by considering the 
uncertainties in both measurements and calibration curves. 

Fig. 3. A 4th order polynomial for relating 𝑇𝑐 (℃) to sag (m) of a particular 300m 
ruling span [5]. 
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Typical maximum MEs of 𝑇𝑐 , 𝐼𝑐 , 𝑇𝑎 , SR, 𝑤𝑠 and 𝑤𝑑  which
affect the two EWC-based approaches are tabulated in Table I 
where ∆ is a symbol for MEs. The influences of MEs of each 
variable on EWC-based RTTRs will be examined based on a 
‘Drake’ conductor for two particular EPWS levels of 0.5𝑚 𝑠⁄  
(i.e., the EPWS used to calculate SLRs in the GB [1]) and 3𝑚 𝑠⁄ , 
and two particular SR levels of 100𝑊 𝑚2⁄  and 600𝑊 𝑚2⁄ .
Since it is the rise of 𝑇𝑐 above 𝑇𝑎 that determines rates of heat
losses from a conductor, 𝑇𝑎 is fixed at 9℃ (i.e., the 𝑇𝑎 used to
calculate SLRs for Spring/Autumn in the GB [1]). Theoretical 
values of 𝐼𝑐 are estimated for 𝑇𝑐 that ranges from 20℃ to 70℃
under different combinations of weather variables via a steady-
state HBE [2], as shown in Fig. 4. Furthermore, the steady-state 
RTTR related to 𝑇𝑐𝑚𝑎𝑥 = 75℃ is theoretically calculated for
each case and used as a benchmark, as listed in Fig. 4. 

TABLE I 
TYPICAL MAXIMUM MES OF DIFFERENT MONITORED VARIABLES 

Variable ∆𝑇𝑐 ∆𝐼𝑐 [5] ∆𝑇𝑎 [8] ∆𝑆𝑅 [8] ∆𝑤𝑠 [8] ∆𝑤𝑑 [8] 

Accuracy ±4℃ ±0.3% ±0.1℃ ±5% ±2% ±3𝑜 

Fig. 4. Theoretical values of line currents (kA) and RTTRs (kA) calculated from 
different combinations of EPWS and SRs for 𝑇𝑐  ranging from 20℃ to 70℃ 
under steady state conditions. 

B. Assessments of Impacts of MEs on RTTRs
The percentage errors of steady-state RTTRs of the ‘Drake’

conductor determined at 𝑇𝑐𝑚𝑎𝑥 = 75℃ by the two EWC-based
approaches in each scenario are plotted in Figs. 5 – 8 which take 
into account maximum magnitudes of ∆𝐼𝑐, ∆𝑆𝑅, ∆𝑇𝑐, ∆𝑤𝑠 and
∆𝑤𝑑 respectively. In general, (a) RTTRs will be overestimated
by a positive ∆𝐼𝑐 , a positive ∆𝑆𝑅, or a negative ∆𝑇𝑐, and vice
versa; (b) RTTR accuracies are more sensitive to MEs (except 
for ∆𝐼𝑐 ) given smaller differences between 𝑇𝑐  and 𝑇𝑎  since
EPWS are derived from the rises of 𝑇𝑐 above 𝑇𝑎; and (c) ∆𝑇𝑐 =
±4℃ show more significant impacts on RTTRs than errors of 
other variables. The specific impacts of MEs of each variable 
will be detailed in following subsections. 

1) Impacts of line current errors
Fig. 5 shows that ∆𝐼𝑐 = ±0.3% leads to similar percentage

errors of RTTRs as 𝑇𝑐 approached 𝑇𝑐𝑚𝑎𝑥 . When the conductor
operates at a lower 𝑇𝑐  (e.g., below 30℃  in this case) which
corresponds to a low level of 𝐼𝑐 , RTTR errors due to ∆𝐼𝑐  are

reduced, especially in the scenarios of high SRs where SR 
providing an increased proportion in the total heat gain rate 
constrains the impact of ∆𝐼𝑐 on EPWS estimation. Furthermore,
an EPWS-ESR-based approach is generally shown to have 
smaller RTTR errors given a positive ∆𝐼𝑐  that leads to the
calculated 𝑇𝑐 being greater than 𝑇𝑐

𝑜 since it first decreases ESRs
and then increases EPWS if ESRs have been reduced to zero, 
alleviating the overestimation of RTTRs. When ∆𝐼𝑐 < 0, the
EPWS-ESR-based approach is found to decrease EPWS to an 
appropriate level above zero without the need of increasing 
ESRs in this case, generating the same RTTR errors as the 
EPWS-SR-based. 

Fig. 5. Percentage errors of RTTRs estimated by two EWC-based approaches 
due to ∆𝐼𝑐 (solid lines for ∆𝐼𝑐 = +0.3% and dashed lines for ∆𝐼𝑐 = −0.3%). 

2) Impacts of solar radiation errors
Fig. 6 shows that the percentage errors of RTTRs due to ∆𝑆𝑅

estimated by the EPWS-SR-based approach decrease with a 
reduced proportion of SR in the total heat gain rate which 
occurs at times of a low SR or a high 𝐼𝑐 (i.e., corresponding to
a higher 𝑇𝑐). The ∆𝑆𝑅 = +5% is found to be corrected by the
EPWS-ESR-based approach in this case and has no impact on 
RTTRs. In the case of ∆𝑆𝑅 = −5% , the EPWS-ESR-based 
approach reduces EPWS to the levels equalling those that are 
adjusted by the EPWS-SR-based approach; the two approaches 
therefore have the same RTTR errors. 

Fig. 6. Percentage errors of RTTRs estimated by two EWC-based approaches 
due to ∆𝑆𝑅 (solid lines for ∆𝑆𝑅 = +5% and dashed lines for ∆𝑆𝑅 = −5%). 
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3) Impacts of conductor temperature errors
In an EPWS-SR-based approach, an EPWS underestimation

(or overestimation) due to a positive (or negative) ∆𝑇𝑐 can be
slightly mitigated by the accompanying increase (or decrease) 
in the 𝑇𝑐 -dependent conductor resistance. This mitigation is
reduced when SR provides an increased proportion in the total 
heat gain rate. Therefore, errors from EPWS-SR-based RTTRs 
in the scenarios of 𝑆𝑅 = 600𝑊 𝑚2⁄  are slightly greater than
those for 𝑆𝑅 = 100𝑊 𝑚2⁄  (see Fig. 7).

Given ∆𝑇𝑐 = +4℃, the EPWS-ESR-based approach reduces
EPWS to an appropriate level which equals the EPWS-SR-
based EPWS without the need of increasing ESR, therefore 
showing the same performance as the EPWS-SR-based. In the 
cases of ∆𝑇𝑐 = −4℃ , the EPWS-ESR-based approach (a)
always reduces ESR from 100𝑊 𝑚2⁄  to 0 and increases EPWS
to an appropriate level which is smaller than the EPWS-SR-
based EPWS; and (b) decreases ESR from 600𝑊 𝑚2⁄  to an
appropriate level without adjusting EPWS for most of the time. 
Therefore, EPWS-ESR-based RTTR errors with ∆𝑇𝑐 = −4℃
are generally smaller than those that are estimated by the 
EPWS-SR-based approach, especially at times of high SRs. 

Fig. 7. Percentage errors of RTTRs estimated by two EWC-based approaches 
due to ∆𝑇𝑐 (solid lines for ∆𝑇𝑐 = +4℃ and dashed lines for ∆𝑇𝑐 = −4℃). 

4) Impacts of wind condition errors
An EPWS-ESR-based approach needs to calculate an initial

EPWS before the adjustment of EPWS and ESR, which may be 
sensitive to ∆𝑤𝑠  and ∆𝑤𝑑 , leading to an inaccurate RTTR.
Since ∆𝑤𝑠  and ∆𝑤𝑑  are found to have similar impacts in
different scenarios, the heat maps in Fig. 8 show the percentage 
errors of RTTRs due to ∆𝑤𝑠  and ∆𝑤𝑑  in the scenario where
𝐸𝑃𝑊𝑆 = 3𝑚 𝑠⁄  and 𝑆𝑅 = 600𝑊 𝑚2⁄  when 𝑤𝑠  has been
calculated for different combinations of 𝑇𝑐  and ∅𝑑𝑙 . It is
assumed here that 𝑤𝑑 ranges from 0 to 90𝑜 anticlockwise with
respect to the line orientation such that, at times of ∅𝑑𝑙 = 1.5𝑜

or 88.5𝑜 , ∆𝑤𝑑 = ∓3𝑜  leads to the same ∅𝑑𝑙  respectively and
does not affect RTTR accuracies. Furthermore, overestimations 
in EPWS due to (a) ∆𝑤𝑠 = +2%, (b) ∆𝑤𝑑 = +3𝑜  for ∅𝑑𝑙 <
88.5𝑜 , or (c) ∆𝑤𝑑 = −3𝑜  for ∅𝑑𝑙 < 1.5𝑜  are successfully

corrected, with zero RTTR errors being depicted by the hottest 
colour in the associated heat maps. In the other scenarios where 
the EPWS is underestimated, ESR is reduced until the 
simulated 𝑇𝑐 equals the measured; a higher magnitude of RTTR
error usually occurs at times of a lower 𝑇𝑐 and ∅𝑑𝑙  closer to 3𝑜

alongside ∆𝑤𝑑 = −3𝑜.

Fig. 8. Percentage errors of EPWS-ESR-based RTTRs due to ∆𝑤𝑠 = ±2% and
∆𝑤𝑑 = ±3𝑜 in the scenario of 𝐸𝑃𝑊𝑆 = 3𝑚 𝑠⁄  and 𝑆𝑅 = 600𝑊 𝑚2⁄ .

IV. ASSESSMENT OF PROBABILISTIC RTTR ESTIMATES

This section details the process of assessing the effectiveness 
of EWC-based approaches to probabilistic RTTR estimation for 
two particular 132 kV OHL spans. The deviations from actual 
steady-state RTTRs due to MEs are first determined to establish 
a benchmark and emphasise the necessity of providing a rating 
estimate in the form of percentiles. The performance of each 
approach is then assessed in respect to the statistical consistency 
or calibration of probabilistic estimates and additional ampacity 
released by lower RTTR percentiles. 

A. EWC-based RTTR Errors under Transient Conditions
Two particular overhead spans, CQ34-CQ35 and AC102-

AC101B, in close proximity to installed weather stations 4 and 
6 (see Fig. 9) are selected as test spans to evaluate EWC-based 
RTTR errors under transient conditions. They comprise ‘Lynx’ 
ACSR 175𝑚𝑚2  and ‘Poplar’ AAAC 200𝑚𝑚2 conductors
with 𝑇𝑐𝑚𝑎𝑥 of 45℃ and 70℃ and winter/spring SLRs of 485/
450𝐴  and 607/581𝐴  respectively [8]. The weather and line 
measurements used here for the ME propagation analysis are 
the same as those employed for probabilistic rating forecasting 
in [13], allowing a comparison of rating uncertainties caused by 
MEs and prediction errors. 

Fig. 9. Map showing the route of studied OHLs and locations of weather 
stations in North Wales [8]. 
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Since actual values of weather conditions and line currents 
are unknown, they are synthesised from 10-minute average 
measurements and associated errors which are randomly and 
uniformly sampled within the maximum positive and negative 
errors as tabulated in Table I. Based on their synthesised actual 
values, transient changes of 𝑇𝑐 over each 10-minute period are
tracked by Eq. (7) and regarded as the actual 𝑇𝑐. Then ∆𝑇𝑐 are
randomly and uniformly produced within ±4℃ and added into 
the actual 𝑇𝑐 to synthesise the corresponding 𝑇𝑐 measurements.
Fig. 10 shows the distributions of wind speeds and line currents, 
i.e., the dominant factors in the HBE, and 𝑇𝑐 of the two spans
during the chosen period. The wind speed recorded at weather
station 4 or 6 ranges from 0.9𝑚/𝑠 to 2.5𝑚/𝑠 or from 1.2𝑚/𝑠
to 2.9𝑚/𝑠 respectively for greater than half of the time, with
the maximum level reaching around 10𝑚/𝑠  or 8𝑚/𝑠  in the
chosen period which is very close to the highest speed recorded
in the year [8]. The span CQ34-CQ35 is shown to carry smaller
currents on average than AC102-AC101B, though the ampacity
of CQ34-CQ35 has been exploited more efficiently, e.g., the
current flows of CQ34-CQ35 and AC102-AC101B exceeding
80% of their respective SLRs for about 20.1% and 6.4% of the
time respectively. In addition, the span CQ34-CQ35 which had
a smaller emissivity is shown to operate at higher 𝑇𝐶  on average
than AC102-AC101B. Since the focus of this section is to
estimate the EWCs replicating the transient 𝑇𝑐 changes over 10
minutes, Fig. 10 also shows the distributions of step changes of
wind speeds and line currents and the resulting 𝑇𝑐 changes of
the two spans which reached around ±11.5℃ in extreme cases.

Fig. 10. Distributions of 𝑤𝑠 (m/s), 𝐼𝑐 (A) and 𝑇𝑐 (℃) of the two spans and their 
step changes in 10 minutes over the 63 winter/spring days. 

Based on the synthesised actual values and measurements of 
monitored variables, the two EWC-based approaches estimate 
EWCs experienced at the two spans under transient conditions, 
from which steady-state RTTRs are calculated respectively, as 
shown in Fig. 11 where RTTRs are significantly overestimated 
at a number of moments over the day 27/03/2013. The primary 
cause for this is the errors of 𝑇𝑐 measurements at the beginning
and end of a particular 10-minute period. For example, 𝑇𝑐  of
CQ34-CQ35 actually reduces from 7.1℃ to 6.7℃ over 19:50–

20:00 and is measured to change from 4.2℃  to 2.7℃ ; an 
overestimated decrease of 𝑇𝑐 together with negative ∆𝑇𝑐 lead to
an overestimation in EPWS, which overestimates the RTTR by 
646.6 𝐴 at 20:00. Furthermore, EPWS-ESR-based RTTRs are 
always less than or equal to EPWS-SR-based RTTRs due to a 
conservatively estimated EPWS. Moreover, due to additionally 
adapting ESR, the EPWS-ESR-based approach can provide 
RTTR estimates at some particular moments (e.g., 16:40 and 
17:00 for CQ34-CQ35) where the original SRs and zero EPWS, 
i.e., the most conservative weather conditions used by an
EPWS-SR-based approach, cannot model the changes of 𝑇𝑐

measured over the corresponding periods. For example, 𝑇𝑐 of
CQ34-CQ35 is measured to increase from 7.4℃ to 14.2℃ over
16:50–17:00 while given 𝐼𝑐

𝑜 = 250 𝐴 , 𝑇𝑎
𝑜 = 1.7℃  and 𝑠𝑟

𝑜 =
258.6 𝑊 𝑚2⁄ , the simulated 𝑇𝑐 increases to 14.1℃ only based
on 𝐸𝑃𝑊𝑆 = 0 in an EPWS-SR-based approach; in this case,
the EPWS-ESR-based approach additionally adjusts 𝑠𝑟

𝑜  to an
ESR of 268.4 𝑊 𝑚2⁄  which results in the simulated 𝑇𝑐𝑓 equal
to the measured at 17:00.

Fig. 11. Actual RTTRs and measurement-based RTTRs (kA) estimated by the 
two EWC-based approaches for two spans during the day 27/03/2013. 

The distributions of differences between measurement-based 
and actual RTTRs of each span are shown in Fig. 12 where the 
EPWS-SR- and EPWS-ESR-based exceedances are higher than 
250.8𝐴 and 228.5𝐴 respectively for CQ34-CQ35, and 337.8𝐴 
and 305.1𝐴 respectively for AC102-AC101B in 5% of cases. 
Furthermore, the exceedances are found to be greater than 10% 
of actual ratings (i.e., the error margin on RTTR acceptable for 
SOs according to CIGRE Technical Brochure 498 [5]) for about 
30% and 25% of the time for EPWS-SR-based and EPWS-
ESR-based approaches respectively. Therefore, probabilistic 
RTTR estimates should be applied so as to avoid the risk of 
using overestimated RTTRs. In practice, a risk averse SO will 
tend to adopt a particular lower percentile such that there is a 
small probability of an actual rating being lower than the limit 
applied to power flows. 

Impacts of measurement errors on real-time thermal rating estimation for overhead lines
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Fig. 12. Cumulative relative frequencies of differences between measurement-
based and actual RTTRs (kA) estimated by the two EWC-based approaches. 

B. Probabilistic RTTR estimates
Probabilistic RTTR estimates of the two spans are produced

by each EWC-based approach combined with the MC method 
as described in section II.D. The 5th-95th percentiles, 25th-75th 
percentiles and actual values of RTTRs of the two spans are 
shown in Figs. 13 and 14 respectively. The use of lower RTTR 
percentiles, e.g., the 5th percentile (P5), can successfully fill the 
gaps of RTTRs at the moments (e.g., 01:50 for CQ34-CQ35) 
where EWCs cannot be derived from measurements. 

Fig. 13. Probabilistic estimates of RTTRs (kA) by two EWC-based approaches 
for CQ34-CQ35 during 27/03/2013. 

Fig. 14. Probabilistic estimates of RTTRs (kA) by two EWC-based approaches 
for AC102-AC101B during 27/03/2013. 

The probability integral transform (PIT) histograms of 
probabilistic RTTR estimates generated by the two EWC-based 
approaches for two spans are plotted in Fig. 15. The relative 
frequency of 1% per percentile for a uniform PIT histogram 
which reveals a full calibration of probabilistic estimates is 
denoted by a dashed line. The relative frequencies of EPWS-
SR-based lower percentiles are largely reduced in the EPWS-
ESR-based PIT histograms, meaning that EPWS-SR-based 
lower percentiles are mostly greater than or equal to the EPWS-
ESR-based (e.g., EPWS-SR-based P5 ≥ EPWS-ESR-based P5 
for around 98% of the time for two spans). This is because the 
EPWS-ESR-based approach estimates RTTRs in a conservative 
way, and can additionally increase ESR when EPWS has been 
reduced to zero, producing a small sample value of RTTR in a 
particular scenario, which would otherwise be removed from 
the set of scenarios when using the EPWS-SR-based approach. 

Fig. 15. PIT histograms of probabilistic RTTR estimates by the two EWC-based 
approaches for two spans. 

Consistent with current practice in the GB in which SLRs are 
calculated based on a certain small probability of the actual 
rating being greater than the quoted SLR [30], a SO is likely to 
adopt a particular percentile from a probabilistic estimate and 
regard this as the limit which would never be exceeded by the 
loading on a line. To check the effectiveness of the use of lower 
RTTR percentiles, e.g., P5, the distributions of P5 errors (i.e., 
differences between P5 and actual RTTRs) for the two spans 
are shown in Fig. 16. If the probabilistic estimates work well 
then, on average, P5 errors should be positive for less than 5% 
of the time. The positive errors of P5 at the two spans are found 
to be less than 60 𝐴 and within 10% of actual ratings for the 
two approaches. Although the percentage time of CQ34-CQ35 
having a positive P5 error is 5.6%, the P5 errors exceed 1 𝐴 for 
4.63% of the time only. Therefore, the lower RTTR percentiles 
estimated by the EPWS-SR-based approach may be adopted 
here since they have a reasonable calibration (see Fig. 15) and 
provide additional capacities higher than those that are released 
by EPWS-ESR-based percentiles, as shown in Table II. 
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Fig. 16. Cumulative relative frequencies at positive errors of the 5th percentiles 
(P5) by the two EWC-based approaches for two spans. 

TABLE II 
THE AVERAGE ADDITIONAL CAPACITIES ABOVE SLRS (%) RELEASED BY 

LOWER RTTR PERCENTILES OF TWO SPANS 

Span Approach 1st Perc. 3rd Perc. 5th Perc. 7th Perc. 

CQ34-
CQ35 

EPWS-SR 4.15% 6.40% 8.03% 9.42% 

EPWS-ESR 2.50% 5.07% 6.85% 8.30% 

AC102-
AC101B 

EPWS-SR 24.57% 26.49% 27.87% 29.05% 

EPWS-ESR 23.82% 25.88% 27.34% 28.54% 

C. Discussions on RTTR Uncertainties
The probabilistic estimation methods proposed here quantify

the real-time rating uncertainties induced by the MEs of EWC-
based RTTR systems only. The real-time estimation of RTTRs 
can help assess the volume of line overloading and the risk of 
following a particular lower percentile in real time, while RTTR 
forecasts are also useful for SOs to dispatch power flows and 
schedule generation and demands based on forecast results [31], 
[32]. In addition to the MEs, weather prediction errors are major 
sources contributing to the overall uncertainties of RTTR 
predictions that are usually more significant with the forecast 
horizon going further [33]. Based on the probabilistic forecasts 
of 30-minute RTTRs estimated by the auto-regressive models 
combined with weather observations in the same winter/spring 
days [13], the distribution of the P5 errors of 30-minute RTTR 
forecasts relative to the weather observation-based ratings or 
the ‘actual’ ratings is compared with that of the real-time P5 
errors induced by MEs, as shown in Fig. 17. The 30-minute 
RTTR predictions having greater positive P5 errors on average 
than the real-time rating estimation means that the weather 
prediction errors, especially for a longer forecast horizon, 
generally cause more considerable uncertainties than the MEs. 
However, neglecting the effects of MEs could underestimate 
the uncertainties of very-short-term rating forecasts. Fig. 17 
shows that switching the benchmark from the weather 
observation-based rating to the ‘actual’ rating increases the 
frequency and volumes of 30-minute P5 forecasts exceeding 
benchmarks at AC102-AC101B which is more sensitive to MEs 
of weather variables given its higher emissivity and absorptivity. 
Therefore, the influences of MEs on the (auto-)correlations of 
weather conditions captured from historic measurements and 
eventually on weather and rating predictions should be 
modelled in the very-short-term RTTR forecasting methods. 

Fig. 17. Cumulative relative frequencies of P5 errors of 30-min rating forecasts 
relative to weather observation-based ratings and ‘actual’ ratings and those of 
EPWS-SR-based real-time rating estimates induced by MEs for two spans. 

Although the lower rating percentiles estimated here can help 
alleviate the underestimation in the actual rating due to the use 
of the worst-case scenario, they present a certain risk that the 
line current following a particular lower percentile exceeds the 
actual ampacity, which leads to 𝑇𝑐 or sag gradually increasing
towards the maximum allowable limit. Therefore, the estimated 
lower rating percentiles must be reported to a SO along with the 
real-time monitoring of the conductor’s thermal and/or 
mechanical behaviour so as to avoid the violation of the 𝑇𝑐𝑚𝑎𝑥

or the minimum required clearance. In the cases of 𝑇𝑐 or sag
gradually increasing and tending to exceed the maximum 
allowable level, actions that might be adopted to reduce loading 
are to switch the rating limit from the lower rating percentile to 
the worst-case estimation and accordingly curtail the generation 
at or near the sending end of the line and/or reduce the demand 
in the vicinity of the line’s receiving end [13]. In all the cases 
evaluated here, the maximum rise of the EPWS-SR-based 1st, 
3rd or 5th percentile above the actual ampacity of the two 132 
kV spans is about 24𝐴, 45𝐴 or 57𝐴, i.e., equivalent to 5.5𝑀𝑉𝐴, 
10.3𝑀𝑉𝐴 or 13𝑀𝑉𝐴 respectively, which to some extent could 
reflect the capability of loading adjustment required to deal with 
the overestimation of the adopted RTTR percentiles. 

V. CONCLUSIONS AND FUTURE WORK

Real Time Thermal Rating (RTTR) of overhead lines has 
become an essential procedure to support the service needs of 
modern system operators. RTTR must be approached in a way 
that informs asset owners of the risk resulting from propagated 
uncertainty at all stages of the rating assessment. In support of 
this emerging requirement, this paper has contributed an 
investigation of two effective weather condition (EWC)-based 
approaches to estimating RTTR from inference or measurement 
of conductor temperature 𝑇𝑐, line current and weather variables,
and shown how measurement errors (MEs) impact through to 
the resulting rating. This was then demonstrated on the widely 
used Drake conductor specification. The accuracy of RTTR 
usually increases with the rise of 𝑇𝑐 above ambient temperature,
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and is largely influenced by 𝑇𝑐 errors of ±4℃ that reflect the
uncertainties in both sag/tension measurements and the process 
of translating them into 𝑇𝑐 via calibration equations/curves. In
addition, the adjustment of both effective perpendicular wind 
speed (EPWS) and effective solar radiation (ESR) by the 
EPWS-ESR-based approach generally produces a conservative 
rating, though its performance might be additionally affected by 
MEs of wind conditions. 

This paper has also enhanced EWC-based approaches to deal 
with the transient nature of 𝑇𝑐 and combined them with Monte
Carlo simulation to produce probabilistic RTTR estimates 
based on EWCs calculated from sampled values of measured 
variables under transient conditions in generated scenarios. The 
proposed methods are tested based on two spans comprising 
different types of conductors. The lower RTTR percentiles 
estimated by the EPWS-SR-based approach which adjusts 
EPWS only are preferred in this case due to their improved 
calibration and because they provide higher additional 
capacities than EPWS-ESR-based percentiles. The application 
of lower RTTR percentiles not only mitigates the 
overestimation in measurement-based RTTRs but also provides 
a RTTR estimate at the instant where normal EWCs cannot 
simulate the change of measured 𝑇𝑐 due to MEs.

This work assumed that the form of MEs was uniform in 
distribution, which could be replaced with the specific error 
distributions of measured variables if available. Sensors 
informing RTTR will inevitably have a finite number of 
possible failure modes each with an associated distributional 
form, whether it be Normal, biased or possibly auto-regressive 
in nature. A Bayesian treatment of the RTTR error propagation 
is a logical next step since it allows the encoding of domain 
expertise as prior probability distributions and allows their 
combination in a theoretically recognised manner. Furthermore, 
the proposed methods should be extended further to reflect the 
uncertainties of both measurements and predictions in 
distributions of RTTR estimates, using statistical models in [13] 
and [14] to generate probabilistic forecasts of EWC-based 
RTTRs over a range of forecast horizons. In addition, the 
practical application value of lower RTTR percentiles will be 
investigated in future work. 
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