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ABSTRACT Understanding the impact of increased domestic heat pump penetration on power distribution
networks is key to achieving decarbonization targets. Distribution networks connect domestic and light
commercial loads to the wider grid, and operating outside of their design criteria will compromise reliability
and may result in outright loss of supply. Owing to the extensive scale of distribution network assets in the
form of transformers and underground cable networks, estimates of the remaining available headroom and
its erosion through connection of new low carbon technology is unclear. The approach contributed in this
paper enables appropriate scaling of electrical heat load, sensitive to local gas-equivalent use, facilitating the
assessment of distribution network threats in the absence of monitoring data. Geospatially linked historical
fiscal demand data is used as a proxy for detailed physical and behavioral model inputs and impacts
are demonstrated experimentally via power flow calculations carried out on models of actual distribution
feeders. Measurement of impact was assessed via voltage and thermal violations against statutory limits.
This contribution can support distribution network operators in forestalling the localized impacts of various
electric heat pump penetration scenarios, reducing potential of overloads, as well as informing optimal
reinforcement investment decisions.

INDEX TERMS Heat pumps, low carbon technologies, load modeling.

I. INTRODUCTION

Heat accounts for over one-third of the UK’s greenhouse
gas emissions [1]. The decarbonization of domestic heating
forms a key part of UK government strategy for reducing
carbon emissions to target levels. To support this, the Seventh
Carbon Budget delivered by the Climate Change Committee
(CCC) in February 2025 indicates that the installation of over
1.5 million heat pumps annually by 2035 will be necessary to
support decarbonization goals [2]. From a power systems per-
spective, the additional loads imposed on low-voltage (LV)
network infrastructure by rapid heat pump uptake will need to
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be accommodated without breaching existing network limits
or quality of service.

In the last decade, electric heat pumps (EHPs) have tran-
sitioned from a fringe solution for low-carbon heat to a key
component of the UK government’s strategy for decarboniza-
tion [3], [4]. In parallel, the development of heat pump load
modelling techniques have progressed as the relevance and
maturity of the technology responds to needs of the energy
sector. The earliest efforts to assess heat pump network
effects in the UK were constrained by a near total absence
of data, limiting assessments to user surveys designed to
capture non-technical information [3] and small-scale trials
[5], [6]. Improvements in availability of load data through
industry trials have facilitated the development of methodolo-
gies for modeling highly aggregated load on national scales,
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FIGURE 1. Basic relational structure between geographic boundary,
geospatially linked physical and behavioral components, heat load and
final electrical heat load imposed on the distribution network.

typically under winter-worst case conditions [7], [8]. Studies
performed at the household-level modeled the relationship
between detailed physical building parameters, occupant rou-
tines, heat pump activity and therefore heat pump electrical
load [9]. In addition to the ratings of the heat pump used,
electrical heat demand is proportional to the physical charac-
teristics of a building, such as construction type and insulation
materials, and to the behavioral routines of the occupant [10]
and climatological conditions [11].

These parameters vary locally due to differences in the
geospatial distribution of housing types [12], customer demo-
graphics, and levels of urbanization. Existing studies have
not addressed this geospatial variability, having primar-
ily focused on highly aggregated load profiles. Figure 1
demonstrates the conceptual relational structure between
these geospatially specific elements and consequent electrical
heat demand and LV network effects. Modeling heat pump
electrical load with geospatial granularity appropriate for
distribution networks, imposes unique constraints not fully
addressed by existing techniques [7] [8] that provide an aver-
age view of electrical heat load, omitting the all-important
extremes.

The modeling presented here and in [13] addresses the
challenge of localizing electrical heat demand by developing
a method to locally scale electrical heat demand predictions
based on pre-existing annual gas meter data. The key contri-
butions of this paper are as follows:

VOLUME 13, 2025

o Coupling of the heat demand scaling model with the
previously developed heat demand shape model [11] to
provide an end-to-end conversion of annual gas demand
to half hourly electrical heat demand suitable for LV
network impact studies.

« Demonstration of the benefits of using localized heat
demand predictions in LV network impact analyses,
as opposed to relying on generalized trial data. This
is illustrated through a comparison of After Diversity
Maximum Demand (ADMD) with local heat demand,
as well as a network case study quantifying the effects
of increasing heat pump penetration.

This paper is structured as follows: Section II outlines the
research context. Section III presents the proposed method-
ology and provides an overview of the approach. Section IV
details the datasets used in the study. Section V introduces
the theoretical basis for converting annual heat-type demand
to daily heat-type demand under data limitations, followed by
the implementation and validation of the method. Section VI
describes the complete workflow for converting annual gas
demand into half-hourly electrical heat demand. Section VII
demonstrates the application of the developed model in a
network context, including an ADMD and network impact
case study that estimates local heat demands and evaluates
the impact of increased heat pump penetration on residential
LV feeders. Section VIII discusses the findings and network
impact assessment. Section IX concludes the study and high-
lights directions for future work. Although the analysis is
based on UK-specific datasets, the methodology illustrates
how supplementary data can be used to enhance insight in dis-
tribution network impact studies, which are often constrained
by limited data availability.

II. ELECTRIFICATION OF HEAT IMPACT ON
DISTRIBUTION NETWORKS

Distribution networks are typically composed of primarily
passive low value assets; the high volume of assets com-
bined with high heterogeneity across a given area presents
further challenges for network operators. This variation can
manifest in network topology, as well as customer demo-
graphics, local weather conditions and levels of urbanization
— all of which can influence direct electrical load as well
as long-term technology penetration. As the ‘last mile’ of
distribution, LV network assets were historically sized using
simple metrics such as ADMD [14], with low risk that the ini-
tial design constraints ever be exceeded due to the relatively
static and predictable nature of LV-connected load over time.
Heat pump load is significant both in terms of energy and
power compared to conventional domestic loads; peak load of
a single heat pump is akin to existing peak domestic load [15].
Similarly, the energy consumption of a heat pump on a cold
winter day is of the same order of domestic energy consump-
tion as charging an electric vehicle (EV) [16]. Furthermore,
heat pump electrical load magnitude and shape characteristics
are seasonal due to the positive correlation with domestic
heating demand [7].
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A. MODELING ELECTRICAL HEAT LOAD FOR LV NETWORK
IMPACT ASSESSMENT

There are two main established branches of heat pump elec-
trical load modeling; the physical approach that features
high individual system detail [17], [18], and the data-driven
approach which draws on practical data but is often unsup-
ported by sufficient underlying information to explain why
and how the heat load manifests as it does [7], [19].

Highly detailed physics-based models are ideal for
small-scale to individual household studies, where the heat-
ing system is highly parameterized and well-defined by the
modeler. The physical model parameters may be closely rep-
resentative of a real household or group of households, but
there remains the difficulty of obtaining appropriate model
input parameters for areas outside of the original study.

In contrast, data-driven approaches bypass the need for
detailed parameterization of physical systems by drawing on
load data recorded from households fitted with heat pumps.
This approach is well suited for making observations about
potential heat pump electrical load effects at scale, as individ-
ual effects can be averaged out due to the aggregation of load
shapes for high numbers of customers [20]. Therefore, whilst
results are broadly indicative for customer groups of hundreds
upwards [7], there remains the difficulty of translating the
trial data from the original sample set to new target areas of
interest for low customer numbers.

B. ELECTRICAL HEAT LOAD LOCALIZATION

Electrical heat load can be expressed as the combination of
the load shape and load magnitude. Both load shape and load
magnitude functions will vary based on geospatially variable
parameters that contribute to electrical heat load, such as
building type and construction.

Previous works have identified a relationship between
occupant demographics, building type and overall household
energy use, where details about the occupants and building
are inferable from smart meter data [21]. Similarly, it has been
demonstrated that household energy consumption patterns
are sensitive to householder demographic and affluence [22],
[23]. In practical terms, this may translate into higher elec-
trical demands for groups of houses with poorer standards of
insulation, or more affluent households with larger interior
volume. Like many domestic load types, heat pump usage
is also behavioral; identically rated heat pump and build-
ing systems may impose radically different electrical loads
due to the thermal comfort preferences and routines of the
occupants [10].

Existing works [7], [9] have highlighted the dependency
on limited samples of heat pump load data for construct-
ing load models. This introduces the risk that modeled load
profiles do not capture the local influence of building and
behavioral parameters and therefore do not capture the corre-
sponding delta between heat load inferred from trial datasets
versus heat load for the target area. Recent works have
tried to address this problem by developing parameter based
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predictions on how heat demand can vary versus building type
and size [18], whilst the variability of heat demand versus
individual behavior has also been documented [10]. Predic-
tions are constrained by availability of locally appropriate
data in the public domain and are reliant on oblique parame-
ters that may not be recorded reliably for all properties.

Metadata such as number of rooms and occupants is cap-
tured in UK census data, but this can be insufficient to
capture the inherent variability in residential property due to
age, construction techniques as well as local demographic
factors [12]. Furthermore, it is difficult to validate the output
of parameterized physics-based models with a specific value
that can be directly correlated with demand.

Within the UK and worldwide, significant geospa-
tial diversity exists across building types [12], customer
demographics [21] as well as commercial heat pump type
and configuration [12]. The absence of sufficiently granular
and comprehensive datasets, combined with the potential
diversity of these parameters, presents an opportunity to
develop alternative methodologies for robustly modeling
locally granular heat demand at geospatial and temporal
scales appropriate for LV network analysis.

ill. METHODOLGY OVERVIEW
For electrical heat load, there are two primary components of
interest:

o load magnitude; the scale of electrical heat load during
active periods, proportional to the physical parameters
of a household such as construction and insulation type.

o load shape; the time-of-day activity of the electrical
heat load, linked to behavioral patterns of household
occupants and thermal routines.

This work couples the load shape model developed in [11]
with a novel methodology for determining the appropri-
ate scaling for load magnitude through use of existing gas
demand data. These components are then combined in a
conversion model which performs the end-to-end translation
of localized annual gas type demand into localized half hourly
electrical heat demand suitable for LV network type studies.
Figure 2 demonstrates the relationship between the existing
demand shape model, combined with the novel scaling and
end-to-end conversion model developed in this work. This
conversion model is then used to quantify LV network impact
for two case studies, demonstrating the sensitivity to the
geospatial variability of electrical heat. A brief overview of
each component is outlined below.

A. HEAT DEMAND SCALING

This work draws on geospatially granular gas demand data to
inform localized heat demand magnitude. Due to the annual
resolution of this dataset, a model is developed to translate
the data into predicted daily demand that can then be coupled
to the load shape model. This work exploits two fundamental
theoretical relationships:

VOLUME 13, 2025
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FIGURE 2. Methodology overview for scale localization of electrical heat and its impact on power distribution networks.

« the sinusoidal variation of seasonal temperature varia-
tion in high latitude environments; and

« the direct proportionality of heating demand to daily
average temperature [11].

By inferring that seasonal heat demand is directly propor-
tional to the sinusoidally variable seasonal temperature, heat
demand itself may be assumed to be primarily sinusoidal at
a seasonal level. This sinusoidal characteristic is held to be
applicable regardless of the specific heat demand type but
will naturally be subject to daily random variation due to
temperature fluctuations and human activity such as public
holidays and other routines. Furthermore, this proportionality
will exist regardless of customer magnitude — a small house-
hold will have lower overall heat demand but will still vary
in a sinusoidally proportional manner to local temperature in
the same way a large energy inefficient household would.
Therefore, each customer’s seasonal demand variation can
be represented as a sinusoid of fixed frequency and phase
regardless of heat demand type or customer size. Each
customer features their own unique amplitude and offset
values that form the aggregate representation of the individ-
ual customers geospatially linked physical and behavioral
parameters. If the annual energy consumption (area under the
sinusoid) is known, the unique amplitude and offset values
for the customer can be inferred. The amplitude and off-
set parameters are extracted from the demand datasets by
linearizing the raw data. This then defines the sinusoidal
function that approximates daily demand for each individ-
ual customer. Linear regression is a natural choice for this
task as heat demand varies sinusoidally, making the linear
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relationships more easily interpretable after linearization of
the raw data.

This linearization is performed versus three heat type-
datasets, direct-heat, gas and electrical heat demand. The
output of this regression is to extract the unique amplitude
and offset parameters that define each customer’s seasonal
demand curve. These unique offset and amplitude values are
then fitted to a generic probabilistic model that translates
annual to daily demand with common fit parameters for all
three heat demand types.

This model is then validated versus the training datasets
and tested versus each specific heat-type demand to confirm
that the annual to daily demand relationship is consistent for
all demand types. Mean absolute percentage error (MAPE),
mean absolute error (MAE) and coefficient of determination
(R?) are calculated versus the daily error and the peak error.

B. HEAT DEMAND DAILY PROFILE

Electrical heat demand shape has been demonstrated to
vary in accordance with the time of day, behavioral pat-
terns, and occupancy routines of the user in addition to
temperature [7]. Furthermore, it has been demonstrated that
these load shapes are applicable regardless of the size of
household being heated. This methodology uses the load
shape model developed in [11] to provide the time-of-day
activity for the heat demand model. The load shape model
probabilistically generates 48 half-hourly normalized load
shapes sensitive to daily average temperature, daily total nor-
malized demand, and level of customer aggregation. These
normalized load shapes provide the base electrical heat
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TABLE 1. Dataset overview for annual-daily winter peak demand
translation.

Dataset EDRP RHPP RHPP Postcode
[15] [10] [10] BEIS [16]
Type of Heat . Direct
Demand Gas Electric Heat Gas
Model . .. ..
Function Training Training Training Target
Number of
Customers/ 4000 700 700 3 million
Entities
Sampling .30 . 2 ) 2 Annual
Frequency minutes minutes minutes
. Average 15
Geographic N/A N/A N/A households
Resolution
[24]
Date of 2010 2012 - 2012 - 2015 —
Collection 2015 2015 Present

demand that is then scaled by the method developed in this
paper.

C. ENERGY VECTOR CONVERSION MODEL

Using linear conversion efficiencies, gas demand is translated
into equivalent electrical heat demand. The electrical heat
shape conversion model from [11] is combined with the
electrical heat scaling methodology derived in this work. This
transforms the daily electrical heat demand into a series of
sub-daily shapes, suitable for LV network impact analysis.

D. LV NETWORK IMPACT

The developed model and its global fit parameters are applied
to annual gas demand data for the postcode or geographic
area of interest, producing estimates of daily electrical heat
demand. This methodology is demonstrated through two case
studies in the context of LV networks:

o The first case study examines the relationship between
localized ADMD, the number of customers, and the heat
pump coefficient of performance (COP), alongside a
network impact assessment conducted on a real distri-
bution feeder.

« The second case study explores average, high, and low
electrical heat demand scenarios to assess the impact
of localization on average minimum endpoint voltage
across varying levels of heat pump penetration.

Together, these case studies highlight the applicability of the
developed model and enable localized analysis in comparison
to the averaged outcomes observed in existing trial datasets.

IV. CASE STUDY DATASETS

The datasets considered within this study consist of the
training datasets used to construct and test the relation-
ship between annual and daily heat demand, alongside the
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FIGURE 3. Distribution of mean annual gas demand for 2017, 2018 and
2019 per postcode.

target dataset where the daily heat demand is predicted in the
absence of data using the developed predictive model.

A. MODEL INPUT DATA

Three datasets, detailed in Table 1, are used to construct
and test the relationship between annual and daily heating
demand. All are existing heat-type demand data where both
the annual and daily demand is known, ensuring that the
methodology may then be applied to low temporal resolution
datasets where only the annual demand is known.

B. MODEL TARGET DATA

The target dataset for this study is the Department for
Business, Energy & Industrial Strategy (BEIS, replaced
in February 2023) Postcode Gas Demand dataset [25].
This features annual gas meter information for 1.1 million
postcodes in the UK, with each postcode representing an
average of 15 households. This dataset therefore features
high spatial granularity but very low temporal resolution.
This dataset has been released in annual editions every year
since 2015 to the present day and therefore represents an
up-to-date view of UK gas-provided heat demand. Mean
annual gas demands are shown in Figure 3 at a postcode scale
resolution.

V. SCALING OF ELECTRICAL HEAT DEMAND

Localization of electrical heat load necessitates the incorpo-
ration of the various physical, behavioral and climatological
factors that influence the geospatial variability of heat
demand. This section outlines the theory, implementation,
and validation of the annual-to-daily scaling relationship used
in this work to derive a localized heat demand scaling factor,
which transforms normalized demand shapes into locally
sensitive demand magnitudes.

VOLUME 13, 2025
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A. THEORETICAL RELATIONSHIP BETWEEN ANNUAL AND
DAILY DEMAND

Heating demand for an occupied property is primarily linked
to the ambient external air temperature, the desired internal
temperature and the physical parameters of the property.
These determine the input energy required to bring the
building to a comfortable steady state condition for the
occupant [20]. While the physical parameters and desired
internal temperature remain more or less static on seasonal
timescales [26], [27], the external air temperature varies sea-
sonally in accordance with the local climate of the property.
For non-equatorial locations this translates into a large varia-
tion between the seasonal minimum and seasonal maximum
demand and therefore an equivalent large variation in elec-
trical network conditions. At a seasonal level, behavioral
effects such as daily usage patterns are minimized and on a
daily or longer time scale, demand is fundamentally propor-
tional to temperature rather than behavioral components [7].
Due to the sinusoidal characteristic of seasonal temperature
variation [28] mean daily heating demand can therefore be
approximated as a fixed frequency sinusoid as indicated in
Figure 4. This can be further deconstructed as follows, with
the mathematical relationship in (1) and visually in Figure 5.
In addition to the variables in Figure 5, frequency fis deter-
mined by the length of the year and Phase ¢ is constant and
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FIGURE 6. Transformation of sinusoidal function (left) to linear form and
linear regression (right) for example customer.

is used to offset the lag between the Gregorian calendar and
seasonal temperature minimum and maximums. These are
related as follows:

Dtemp .
fD) = T sin2rf + @) + Doffser (nH
Dpase = Dtemp - Doﬁset 2
Dtemp > Dpase 3)
Dmax = Dtemp + Dpase (4)

This definition allows the idealized sinusoid to be decom-
posed into the temperature dependent and non-temperature
dependent components. By assuming the function as a sinu-
soid plus fixed rectangular component, overall demand may
be represented as a fixed non-temperature dependent load
plus varying temperature dependent sinusoid. This is key as
while household gas demand in the UK is primarily heating,
non-temperature dependent components such as cooking and
water heating contribute a continuous seasonal load that is
largely insensitive to temperature and minimal in scale to
peak heating demand [29]. Additionally, due to local climate
or personal preference, some households may maintain a
heating baseload throughout the year [10]. Having shown that
the temperature dependent component is the most significant
portion of the overall gas demand and that the overall demand
function closely approximates an ideal sinusoid, it is there-
fore possible to model the daily demand using the annual
consumption as a single input. The area under a sinusoid is
proportional to the maximum amplitude, meaning that here
it represents the total annual gas consumption D ;q; for a
particular customer, which is then related to the maximum
demand Dyepp. Equation (2) defines the value of Dy and
represents the minimum heat demand during a year; cal-
culated by subtracting the offset parameter of the sinusoid
Djfser from the magnitude of the sinusoid Dyepp. This is
constrained by (3) which defines Dy, being always greater
than Dpgge, 1.€., heat demand must remain positive throughout
the year. The maximum seasonal demand D,,,, is defined
in (4), where D,y is the sum of Dyep and Dpgge.

2
D .
Dannual = / % sin2rf + @) + Dogser (5)
0
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TABLE 2. Sinusoidal and linear forms for daily demand.

Parameter Sinusoidal Form Linear Form
Total Daily f(D) = @sin(sz +¢) .
Demand 2 Bot+ B xf ()
+(Dtemp - Dbase)
Temperature D
Dependent ﬂsin(an +¢) Bix f(®)
Component 2
Non-Temperature
Dependent Dpase Bo

Component

This approach may then be used to extrapolate a daily
winter demand peak that will be experienced at the minimum
seasonal temperature as well as intermediate daily demand
figures throughout the year. This relationship is used to derive
apredicted daily winter peak demand from a measured annual
demand, supporting network analysis on seasonal and daily
timescales in the presence of low temporal resolution demand
data.

B. APPLICATION OF SINUSODIAL APPROXIMATION TO
DEMAND DATASETS

This section outlines the process used to extract the customer
specific sinusoidal amplitude and offset fit parameters from
raw heat-type demand data. The sinusoidal parameters are
then used to fit the training datasets to make predictions for
the target using a single unified model that is insensitive to
heat demand type. The methodology can broadly be split
into initial conditioning of the data, parameter extraction and
dataset fitting.

1) PARAMETER EXTRACTION

As has been described previously, daily heat demand may
be represented as a sinusoidal function at a seasonal level
due to its proportionality with temperature variation. Each
customer therefore features a unique amplitude and offset
value that reflects demand magnitude and ratio of temperature
dependent to non-temperature dependent load. These unique
amplitude and offset values are extracted from the condi-
tioned training datasets through application of a univariate
linear regression. Here (6) is used to convert the x-axis in
the original time series data for each customer from day of
the year to day angle, where day of year ranges from 1 to
365 and day angle ranges from -1° to 1°. A value of 1.1 is
used for ¢ to compensate for the lag between day angle and
seasonal temperature. This folds the sinusoidal function into a
linear function as shown in Figure 6, allowing representation
in the generalized linear form provided in (7). In the linear
form By forms the y-intercept and is equivalent to Dpgse
in the sinusoidal form (2)(8). B; forms the gradient of the
linear regression and is equivalent to Dy, in the sinusoidal
form (4)(9). In (7), ¢ represents the general error function of
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the solution. From inputs of demand data for gas, electrical
and heating types we can derive the unique set of Sy and
B1 values for each customer and then relate to the annual
demand figure. Using the fully visible training dataset, the
relationship between real annual and real peak demand is
examined alongside the predicted peak demand; this process
is performed in the subsequent section.

o . [ DayofYear
f ( ) = sin (T%T + ¢) (6)
SD)=Bo+ B xf(°)+e (7N
ﬂO = Dpase (8)
,31 = Dax )

2) MODEL FITTING

This section outlines the methodology for translating the
individual customer sets of Bp and B; values extracted in
the previous section from the gas, electric and direct heat
training datasets into representative probability distributions
that reflect the fitted amplitude and offset values extracted for
each of the demand datasets. For all customers in the heat, gas
and electrical training datasets So(amplitude) and B; (offset)
values have been derived in line with the parameter extraction
process. To transform all customer values to a common scale,
the unique Bpand B values are normalized with respect to
each individual customer’s unique annual demand, given as

kWh

D

Bo_Scated = A;TI (10)
DkWh

B1 Scaled = % (11)

The probability distributions of the normalized By scaieq
(10) and B1_scatea (11) values for the training datasets are
illustrated in Figure 7. As per Table 2, B¢ reflects the offset
or non-temperature dependent component of the load profile.
B1 represents the amplitude, or temperature dependent com-
ponent of the load profile that varies seasonally. The three
probability distributions derived from the heat-type demand
datasets are then averaged [30] in order to construct global
probability distributions for By scaied and B1_scalea (€qua-
tions (12) and (13) respectively). These are also plotted in
Figure 7. A normal distribution is used to provide a general fit
and two primary observations can be made. The Bo_scaleq dis-
tribution for all datasets features a very closely aligned mean;
387 for gas, 394 for electric and 391 for heat. This confirms
that the amplitude (m) for all heating types is fundamen-
tally proportional to annual demand through the sinusoidal
assumption. Furthermore, this illustrates that within real
demand data this sinusoidal characteristic remains dominant.
The offset of the P(85“ ) distribution with respect to the

1_scaled

P(ﬁfﬁi@gfgjl) and P(ﬂfiec%’lhjj” )illustrates that, on average, gas
type demand features a slightly higher 8; offset value than
electrical and direct heat type demands. This is to be expected

due to gas type demand incorporating non-heating uses such
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as cooking [31] and therefore contributing a higher baseload.

glectrical gas direct heat
P( global ) P (ﬂofxcaled )+P (ﬂ Oﬁscaled) + (ﬂ 0_scaled )
B =

0_scaled 3
(12)
glectrical gas direct h
global P (ﬂl_scaled ) +P (ﬂl_scaled) + (ﬁli’;eczlle;m)
P(ﬂ 1_scaled ) = 3
(13)

C. VALIDATION

Modifying the generalized linear form presented initially
in (7), the daily demand for any day of the year for any heat
type demand can now be predicted using only the known
annual demand D" and the global probability distri-

Annual

butions P(,Bogjllfﬁ) and P(B; ;?Zézdl) constructed in pervious

sections. This output is given by (14) and shown in Figure §
for customer sets of varying population sizes.

Dk Wh

Dk Wh
Annual +

Annual f o (14)
P (ﬂoxmled) P (ﬁf;ﬁﬁ) X ( )

global

f (Dprea) =

Two general tests are performed to assess the quality of the
model output and the sensitivity of this methodology to heat
demand type:

« Daily Error testing: Calculation of MPE and coefficient

of determination for general daily error case.

o Winter Peak Error testing: Calculation of MAPE for

Daily Winter Peak demand.
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General daily error is of interest to assess the quality of
the predictive model for applications where time series load
profiles are applied, such as in studies incorporating different
low carbon technologies. Peak error is of interest as this is
an indication of the worst-case network conditions, and in
itself influences ADMD which is an established metric for LV
network planning [14]. The developed model is tested versus
populations of customers to assess the error at a typical LV
network scale. For each heat demand type, random customers
are selected from the global training dataset pool to generate
customer group sizes of 1, 5, 10, 25, 50, 75 and 100. For each
customer group size 100 random samplings are performed,
with the error for each sampling being calculated and aver-
aged.

The f (Dpreq) function for a continuous 365-day period is
computed for each individual customer in a customer set. The
daily mean percentage error and coefficient of determination
R? with respect to the measured values are also calculated.
For all heat demand types, the R? converges on greater than
0.95 for customer group sizes of 25 or above. Similarly, the
MPE converges on less than 10% for all heat demand types
for customer group sizes of 25 or greater.

Figure 9 shows the mean percentage error and standard
deviation for each group size and heat demand type combina-
tion. This illustrates that for all three heating types, the error
converges on a low mean percentage after approximately
25 customers, despite the inherent offset associated with each

158783



IEEE Access

A. Anderson et al.: Localized Gas Equivalent Model of Electrical Heat Demand

R=2 Daily Mean Percentage Error

1.0

R2

0.9 1 g
’ w
a

0.8 - —e— R2 (Gas Demand) =

20 —e— MPE (Gas Demand)

30 30 30
MAPE MAPE MAPE
(Gas Demand) (Electrical Demand) (Heat Demand)

20 20 20

o

1.0

20 40 60 0 20 40 60

R2
MPE (%)

=

)

0o //
0.8 A —e— R2 (Electrical Demand)

204 —o— MPE (Electrical Demand)

T T T 0 T T

Daily Winter Peak MAPE (%)
o
o
o

0 20 40 60 0 20 40 60 v r“'—*—iw -10
1.0
< 204 —e— MPE (Heat Demand) -20 -20 ~20
~ 0.9 <
- § 10 4
0.8 —o— R2 (Heat Demand) -30 -30 -30
T T T 0 T T T 0 50 100 0 50 100 0 50 100
0 20 40 60 0 20 40 60

Number of Customers Number of Customers

Number of Customers ~ Number of Customers ~ Number of Customers

FIGURE 9. R2, daily mean percentage error and daily winter peak MAPE for the proposed model.

case. In context, for distribution network load forecasting
applications, errors of 11% to 16% have been previously
achieved [32].

VI. ENERGY VECTOR CONVERSION MODEL

This section outlines the process for transforming input
annual gas demand into half hourly electrical heat demand
using the annual to daily demand relation developed in this
work and the daily to half hourly demand relation developed
in [11]. The conversion model provides the link between a
geographic area, input gas demand and the translation into a
half hourly electrical heat demand suitable for LV network
impact analysis.

The workflow for this process is shown in Figure 10.
Beginning with the input annual gas demand D‘g’”’ml , this
is converted into the peak winter value Dpq using (15).
The input nrepresents the number of customers that corre-
sponding Dy, values are generated for. Gas, direct heat and
electrical heat type demands are all expressions of the input
energy required to bring a household to a target temperature
level. Using appropriate conversion efficiencies, translation
between heat type demands can be performed as shown
in (15) and (16). To translate daily gas demand into the equiv-
alent electrical demand, two conversion efficiencies must be
considered. The first n accounts for the gas to heat effi-
ciency of the gas boiler system, typically 80% to 90% [33].
Therefore, to transform the predicted direct heat demand from
gas (15) is applied. The second efficiency COP (coefficient of
performance) represents the efficiency of the heat to electrical
conversion for the heat pump system, typically 2.5 to 3 for
modern systems [34]. This is applied with the inputs of (16) to

derive the equivalent daily electrical heat daily demand D, daily
daily
; D
dail
D" = —— (15)
n
daily
; D
daily H
D = 2 16
E CoP (16)
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In order to perform the final transformation between daily
electrical heat demand D, daily , and half-hourly electrical heat
demand th, the probablhstic electrical heat load shape
model from [11] is used. This relates the input daily demand
magnitude D 94l (o a set of 48 half hourly demand magni-
tudes. An mput temperature of 0°C and the input duty cycle
function derived from the RHPP dataset in [11] is applied to
translate to half-hourly shapes representative of peak winter
conditions.

VII. LV NETWORK IMPACT

Having described the methodology for transforming input
annual heat type demand into half hourly electrical heat
type demand, this section demonstrates the application of the
derived approach in an LV network context.

A. ADMD STUDY

ADMD remains a useful metric for DNOs to assess and size
the physical ratings of network assets with respect to the
maximum expected load conditions [14]. High penetrations
of heat pumps stands to significantly alter existing design
assumptions and it is therefore of interest to estimate ADMD
from localized electrical heat load. This section examines
the variation in predicted ADMD due to electrical heat load,
given the normal variation in annual gas demand in the BEIS
dataset. ADMD is calculated using (17) where N is the total
number of customers, i is the summation index and P; is the
demand.

|

ADMD = - ;P, (17)

By combining the previously developed electrical heat
shape model [11] and the model derived in this work,
a method to localize ADMD is constructed. This is used
to predict a local ADMD contributed by electrified heating,
sensitive to local building parameters and demographics.
The mean and +1 standard deviation of annual gas demand
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FIGURE 10. Workflow for conversion of annual gas demand to half hourly
electrical heat demand.

from the BEIS dataset are used as inputs for this study.
The parameters n, COP, and the number of customers ()
are varied to demonstrate how ADMD changes in response.
Figure 11 demonstrates the output of this workflow. The
sensitivity of final ADMD with respect to COP is evident;
due to technological advancement COPs have improved in
recent years [34].

Figure 12 demonstrates the relationship between COP,
ADMD and the variation with respect to the annual gas
demand dataset. A one-standard deviation from mean input
annual gas demand translates into approximately a 20% devi-
ation in terms of predicted ADMD. The potential network
impact becomes more severe as the number of customers
and the COP decrease. The ADMD curve obtained from the
raw RHPP dataset in [7] falls between the mean case for a
COP of 2 to 2.5. This suggests that the RHPP household
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sample set is broadly representative of the average housing
stock of the UK reflected in the BEIS annual gas postcode
dataset. In the Customer-Led Network Revolution (CLNR)
study, the ADMD of electrical heat pumps converged on
1.5kW for customer populations of 50 or greater [14]. For
both the RHPP and CLNR studies, enhancements in COP,
compared to the time of original data collection, will lead to
a deviation in the final estimated ADMD from the original
trial data. The method derived in this work has the capability
to refine ADMD estimation beyond the conventional average
representations, by generating predictions that are sensitive
to local parameters and the ongoing enhancements in COP.

B. NETWORK IMPACT STUDY

To demonstrate the methodology derived in this paper in an
LV network impact context, the approach is applied to a real
distribution network feeder. Low and high feasible postcode
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FIGURE 13. Aerial geospatial image of modeled residential feeder.

heat demands, extracted from the 2019 distribution illustrated
in Figure 3, are converted into equivalent electrical demands
using the workflow depicted in Figure 10. These demands
are then applied to the corresponding feeder, allowing for an
examination of the potential impact of increased HP pene-
tration. The impact of these demands is contrasted against
the electrical demand figure from the pre-existing RHPP
dataset. Alongside this, the equivalent population average
heat demand from the RHPP dataset is used.

The feeder, is modeled in OpenDSS with GIS network data
using the method described in [35]. The feeder consists of
54 loads connected with an unbalanced phase distribution and
has a total length of approximately 1600 meters. Impedance
and maximum current data for the cabling was matched to
GIS cable type information based on [36] and [37] [38].
An aerial geospatial image of the modeled feeder is provided
in Figure 13 where Bing Aerial [39] and QGIS [40] are used
for visualization.

1) IMPACT ASSESSMENT METHODOLOGY

Half-hourly electrical HP demand profiles are generated for
various HP penetration cases, ranging from 0% to 100% in
10% intervals. These profiles are created using the work-
flow outlined in Figure 10 and then stochastically distributed
across the feeder loads. The Elexon demand profile for a win-
ter’s day [41] is used for the base load. The minimum feeder
endpoint voltage is used to quantify the network consequence
of the results.

2) NETWORK ENDPOINT VOLTAGE IMPACT

Figure 14(a)-(c) represents each individual annual gas
demand as an equivalent heat pump load; 9,000 kWh (low),
14,000 kWh (RHPP-mean) and 19,000 kWh (high) respec-
tively. In comparison of Figure 14(a) and Figure 14(b) the
low demand scenario yields a higher average minimum end-
point voltage across the day as HP penetrations increase
than compared with the RHPP-mean. This indicates that
the impact from HP uptake is less severe, particularly in
relation to the impact from the early morning space heating
demand. This demand sees the minimum endpoint volt-
age drop below 216 V at around 50% penetration in the
RHPP-mean scenario compared with at 80% in the low sce-
nario. The impact on the traditional evening peak is also
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reduced. In contrast, in comparison of Figure 14(b) and
Figure 14(c), the impact of HP uptake on the minimum
endpoint voltage is more severe: the lower average minimum
endpoint voltage across the day as HP penetrations increase is
prominent in comparison with the RHPP-mean. As evidenced
by Figure 14, variations in heat demand have the potential
to influence at what penetration of HPs voltage violations
are likely to occur and the subsequent severity. Therefore,
in using the standard RHPP-mean approach, as is currently
common practice, the true scale of HP impact may be heavily
over/under-estimated which would feed into DNO decision
making. This may translate to an over/under-estimation in the
scale and cost of the solution necessary to support HP uptake
to ensure reliable network operation. The results presented
emphasize the scale of impact from variations in heat demand
on the network and the value of this methodology in its ability
to capture these variations.

VIIl. DISCUSSION

The paper has demonstrated a robust and easily scaled
methodology for deriving local heat demand. This allows
local electrical heat load estimation from a single annual
gas demand figure, enabling the derivation of localized daily
winter demand for temporally sparse datasets. The annual
to daily demand translation methodology was tested using
a common process and fit parameters for three heat-type
demands, and a range of customer population sizes, with a
MAPE below 10% for population sizes of 25 and greater.

This work overcomes the usual requirement and costs to
obtain detailed building, demographic, and behavioral param-
eters to construct a bottom-up model of local heat demand.
The approach has been shown to be insensitive to size of
customer or specific heat demand type. By drawing on a geo-
graphically granular dataset, combined with the developed
methodology for improving temporal resolution of heat-type
demand data, the existing reliance on pure heat pump trial
data for modeling electrical heat load at LV scale can be
reduced and instead augmented with locally sensitive demand
data. As a result, this approach can be adapted to predict
future local electrical heat demand for air source heat pumps,
ground source heat pumps and potentially electrical combi
boilers where appropriate model inputs for conversion effi-
ciencies are used. Previously, it has been highlighted by
the authors in [7], that a key outstanding issue with these
approaches was the difficulty of rescaling findings to new
target areas. This issue is not constrained to electrical heat
load modeling and reflects a wider issue in the literature for
modeling new load types at the distribution network level,
where modeling efforts are often constrained by limited and
aging trial data.

Through the ADMD and network impact studies, the vari-
ation in final electrical heat load due to local heat demand has
been demonstrated. Purely from an ADMD perspective, a one
standard deviation shift in input local annual gas demand
has been shown to translate into a 20% shift in predicted
local ADMD. Therefore, whilst existing datasets provide an
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average view of potential electrical heat load, they do not
reflect the true diversity of potential electrical heat loads
present in the overall population which will impact on the
distribution network.

The network impact study demonstrates the variation in
average endpoint voltage versus time of day and penetration
level of heat pumps. The average case from the RHPP dataset
alongside example high and low gas demand cases are shown,
with average minimum endpoint voltage shown to strongly
correlate with the three electrical heat scenarios. This demon-
strates the potential variation from the mean when comparing
highly aggregated electrical heat pump load obtained from
geographically distributed trial data, overcoming limitations
of localized results for specific geospatial clusters of physical
and behavioral parameters.

IX. CONCLUSION

Achieving the UK’s carbon reduction targets depends on the
widespread deployment of heat pumps while ensuring dis-
tribution networks remain reliable under increased electrical
loads. Currently, gaining detailed insights into LV network
loads that reflect geospatial variability remains a significant
challenge for DNOs. This challenge is emphasized by indus-
try innovation projects focusing on enhancing visibility of
the distribution network at the low-voltage “last mile” level
[42], [43]. This work presents a scalable methodology that
leverages geographically granular, postcode-level annual gas
demand data combined with temporally detailed but less
spatially resolved datasets to accurately estimate localized
electrical heat demand profiles. The approach overcomes
traditional barriers of detailed building and behavioral data
requirements, providing a practical alternative to bottom-up
modeling techniques.

Through the development and application of this compos-
ite model, we demonstrate the ability to translate annual heat
demand into half-hourly electrical demand with a MAPE
below 10% for customer populations of 25 or more. The
methodology proves invariant to customer population size
and heat demand type, making it adaptable across different
heat technologies such as air source and ground source heat
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pumps. Importantly, our ADMD and network impact analyses
reveal significant variability in electrical heat load driven by
local gas demand differences. A one standard deviation shift
in local annual gas demand results in approximately a 20%
change in predicted ADMD, illustrating that average datasets
mask true load diversity.

This work thus highlights the critical value of integrat-
ing geo-demographic data and localized demand scaling in
distribution network studies. By capturing spatial and tempo-
ral variability, the proposed methodology enables DNOs to
more accurately assess risks, optimize investment, and better
plan for heat pump uptake under uncertainty. Beyond the
UK context, this approach provides a transferable framework
for incorporating multiple data sources to de-risk emerging
technology adoption scenarios and support resilient low volt-
age network planning. Future work will explore extending
this methodology to incorporate dynamic customer behavior
changes and interactions with other low carbon technologies,
such as electric vehicles, to further improve network planning
under multiple transition scenarios.
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