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Abstract

Quantifying small scale domestic solar (PV) generation from energy consumption is be-
coming increasingly important as the install base of small solar (PV) panels rapidly grows.
Unfortunately, it is often the case that the only insight into the consumption and generation
of energy within a house comes from smart-meter readings. The smart meter records the
amount of energy the house takes from the grid, and does not independently measure and
report the local generation that might be consumed by the home, or fed back to the grid. To
address this issue, we propose a novel approach to disaggregate solar (PV) generation from
energy consumption that also infers installed PV capacity. This is done by disaggregating
PV generation from censored smart meter readings, and specifically by finding the most
likely distribution for the energy consumption and using it to infer the solar generation. We
extend this approach to propose the first technique to infer PV capacity without weather
data or a solar proxy, using instead only smart meter readings given a group of houses
in close proximity. We evaluate the algorithm on two datasets: (i) the US Pecan Street
dataset is adapted so that net energy meter readings are censored; and (ii) a constructed
dataset, combining smart meter readings from UK households and solar energy generation
from locations across the UK. Our results show comparable accuracy at inferring PV ca-
pacity compared to existing approaches, which cannot deal with censored readings which
represent over 50% of PV panel installations in the UK.

Keywords: Solar Energy, Smart Meters, Data Disaggregation, Residential Sector, Energy
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1. Introduction

Solar energy (PV) generation in the UK has increased by a factor of 130 between Decem-
ber 2010 and December 2019, with small installations (under 10 kW) increasing in number
by 4000%*, making up a growing proportion of the grids electricity supply. Thus, grid op-
erator who must balance the supply and demand of electricity in real time in order to keep
the grid at a stable frequency [1, 2, 3], have an increasing challenge to estimate the quantity
of energy provided by these PV installations. Ideally, the location of these panels, and their
capacity would be reported to the grid operator, and their generation would be measured
and reported in real-time through smart meters. Unfortunately, in the UK, no reporting
scheme currently operates, and the deployed base of smart meters (and those scheduled to
be deployed to all UK homes in the future) do not separate local generation and consump-
tion. Rather, they simply record the net energy taken from the grid. More significantly,
they also fail to report net export to the grid, and simply report 0 kWh of consumption
over each half hour, during these periods. In statistical terms, these observations are said
to be censored. Thus, there is a need to develop approaches to identify homes with PV
panels installed, and to estimate their real-time net contribution to overall grid generation,
by disaggregating domestic energy generation using existing censored smart meter data.

In the setting where smart meters are uncensored, existing approaches often combine
known physical models of PV panels with an analytical approach to identify the maximum
generation of a PV panel to disaggregate the energy generated [4, 5]. Others take a su-
pervised learning approach to the problem, using radial basis functions and wavelet kernel
support vector machine that map weather metrics to a solar output [6]. Many approaches do
not focus on disaggregation, but only on inferring PV generation using its relationship with
weather [7, 8]. Alternative approaches have implemented solar disaggregation at a feeder or

small-region level, which does not correspond directly to our work [9, 10, 11].

thttps://www.gov.uk/government /statistics /solar-photovoltaics-deployment (Accessed 16,/04,/20)
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The above approaches do not explicitly account for censored smart meter readings. This
means that they would not work in over 50% of real world settings where censoring occurs
due to incorrect installations?. As the number of PV panel installations grow, this creates
a significant issue in balancing the grid. A new approach is required to deal with censored
smart meter readings, otherwise PV panels will go undetected and their generation unac-
counted for. Without a non-intrusive approach, costly interventions need to be taken, such
as re-fitting smart meters or installing new hardware, to measure PV generation separately.

In this paper, an approach to disaggregate PV generation and energy consumption from
censored smart meter readings is presented. The approach infers the maximum power input
into the house that can be expected from the specific system of PV panels, this means the
inverter efficiency is also accounted for. Then using a solar proxy, which is defined as the
known solar generation from a local house, the PV generation can be inferred. Using a
solar proxy to infer solar generation of a different house has been successfully demonstrated
in other bodies of research [5]. To find the PV capacity, the most likely joint probability
distribution of the PV capacity and the energy consumption for each time period across a
year is found. Figure 1 provides a visualisation of this process.

Our novel approach allows solar disaggregation to be performed in real-world situations
where smart meter readings are censored. Furthermore, in line with current smart meter
standards, only half-hourly readings are required for the algorithm to work. The algorithm
can classify the presence of PV panels on small buildings and infer the solar generation
at each time of the day. The algorithm is evaluated on the widely-used US Pecan Street
dataset, and to demonstrate the viability of the approach in the UK setting a dataset is
constructed combining a dataset of UK smart-meter readings and a dataset of energy gener-
ation recordings from small PV systems. Combining the two datasets is required as there are
multiple publicly available datasets of small houses with labelled energy consumption, how-
ever there are currently no large scale datasets with local energy generation also recorded.

Our experiments demonstrate the algorithms success at detecting houses with solar panels

Zhttps://www.utilityweek.co.uk/sta-warns-smart-meters-solar-panels-decoupled (Accessed 16/04,/20)
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Figure 1: The leftmost plot shows the energy consumption for a random day from the Pecan Street dataset,
whilst the second plot shows the corresponding energy generation for the day. The third plot displays the net
meter reading, which most existing approaches to solar disaggregation are designed to use. The rightmost
plot shows the corresponding readings of a censored smart meter - notice here the regions where net smart

metering is censored, namely kept at zero when negative.

from censored smart meter readings and inferring their PV capacity and PV generation.
This is the first approach to explicitly deal with censored smart meters and the results are
comparable to other approaches, which do not address the issue of censored readings and
assume net-metering. This approach will allow inference of PV capacity and generation from
all energy generating customers in the UK, as the current methods rely on reporting to the
feed-in tariff, inference from quarterly energy generation and national grid models which do
not explicitly account for generation by individual homes.

The rest of the paper is structured as follows. Section 3 outlines the model to infer
PV capacity from censored smart meter readings. Section 4 illustrates our implementation
of an algorithm to infer PV capacity, which is extended in Section 5 to not require solar
irradiance. Finally, Section 6 introduces the datasets, Section 7 outlines the experiments
and the results and Section 8 summarises our contribution to the field and outlines future

work.

2. Related Work

Recent work proposes a method for disaggregating solar PV generation behind-the-meter

for individual buildings using historical advanced metering infrastructure, which records the
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net energy consumption for a house, feeder level net energy consumption, and a solar proxy
(similar to what is used in this paper), however the approach still requires net meter data,
which means that in its current form it would not work when the smart meter data is
censored. [5]. Other work has looked at identifying PV generation on a larger geographic
basis, estimating the electric generation from “invisible solar PV resources” by identifying
a small number of solar PV sites and using it to estimate a larger set of sites via data
dimension reduction and clustering techniques [12, 13]. The total capacity of the PV sites
must be known a-priori and this approach does not work on a household-specific basis like
our proposed approach, but only for regions.

To disaggregate solar energy generation from smart-meter readings a number of machine
learning techniques have been proposed. One such approach is to use support vector machine
models with different kernel functions to disaggregate the solar energy generation from smart
meter readings [6, 14]. However, the approach requires procuring data at a granularity that
is much finer than that available from a regular smart meter, as it uses dedicated meter
hardware. Other approaches to disaggregate energy generation rely on physical models
to infer solar irradiance and then use a physical model to map the solar irradiance to the
predicted PV energy generation [4]. This approach works by predicting the base load energy
used by a house and also finding the times in the year when there is no reduction in solar
irradiance due to weather. By combining these two sources the solar generation of the house
can be predicted. Deep learning approaches to real-time observability of PV generation
behind the meter have also shown success [15]. However, none of the above approaches have
been shown to deal with situations where smart meter readings are censored, which is the
focus of this work.

Physical models can fail in real world settings, due to the models not correctly repre-
senting the true complexity of the actual system being described and due to the difficulty
in forecasting solar irradiance that is incident on the ground [16]. Recent success has been
achieved via data-driven or hybrid approaches, where the observed relationships between the
actual solar irradiance reaching the ground and weather factors are used to train the models.

This relinquishes the requirement on the physical models to accurately reflect the real world.

5
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This paper provides a benchmark for common machine learning techniques applied to the
problem of forecasting solar irradiance and guides towards which weather features are useful
inputs for a predictive model [7]. Alternatively, neural networks have been used to predict
solar irradiance incident on the ground [17, 18]. Intuitively we can attribute their success to
the ability of deep learning to consider a large set of weak features (i.e. weather factors) as
there is a non-trivial correlation between different weather factors affecting solar irradiance.
Other approaches show the strong correlation that solar irradiance has in time, however
these methods are limited as they are unable to forecast beyond the next 30 minutes [19].
Satellite and aerial imagery has been utilized in recent work to detect solar panels and
to construct a dataset of the actual deployment of solar panels [20, 21, 22, 23]. Advances
in deep learning have made it possible for image recognition techniques, using convolutional
neural networks, to be deployed on large-scale tasks [24, 25]. One such deep learning frame-
work, DeepSolar, finds the GPS location of PV panels and the size of the installation from
30cm-resolution satellite imagery data [20]. The framework has been used to create a dataset
of PV panel locations around the US, locating 1.47m panels with a precision of 93.1% in
residential areas. Extensions to this research have culminated in a predictive model that
estimates the solar deployment density based on census data. The use of satellite imagery
allows for a scalable and non-intrusive approach to detect the location of solar panels. How-
ever high-quality satellite data can be expensive, making this approach prohibitive in some
applications. Whilst this approach can provide estimates of the solar PV generation based
on panel size and location, there is no way to infer the real amount being generated, and it
can only provide an upper bound on predicted generation. Other research has also shown
the benefits of using satellite imagery to improve nowcasting from power data demonstrating
the feasibility to use satellite imagery techniques in parallel with other approaches [26]. As
such this is a complementary field of research and can be used in tandem with our proposed

approach to validate results (cf. Future Work).
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3. Censored Solar Disaggregation Model

We consider a dataset of smart-meter readings, rp,y [kWh], where h € [1..H|, t €
[1..T], d € [1..N], such that H denotes the number of households, T is the number of
time steps the data readings are separated into, and N is the number of days of data. A
smart meter records only the energy supplied to the house from the grid. This means if
behind-the-meter energy generation, gnq [kWh], is larger than the energy consumption, @y

[kWh], there is a censored reading, rpiq = max(0, Thia — Gntd)-

3.1. Energy Generation

The PV panel is assumed to be the only source of possible energy generation in the
household. A PV panel generates energy according to gnig = 7¢hfiq, where 7 [hours] is
the constant time step size, ¢;, [kW] is the PV capacity, namely the maximum power input
into the home from the PV panel. In particular, ¢, = 0 kW implies that there is no PV
panel present. In this paper we use a solar proxy as an input to the algorithm. The solar
proxy factor, 0 < f;q4 < 1, is the proportion of the solar proxy recorded divided by the
maximum recorded solar proxy for the year. The accuracy with which the solar proxy
correctly represents the solar energy generation of the house in question will improve as the
scale of smart meter installations increases, as it will reduce the distance to the nearest PV

panel.

3.2. Energy Consumption

It is assumed that the energy consumption, x4, for a given time step (e.g., 10:00-10:30,
with 7 = 0.5 h) comes from a probability distribution, P, parameterised by the set ©,, valid
for all days, d, as:

Xhta ~ P(Op).

To select the probability distribution that best represents the energy consumption of
residential households, multiple distributions that can model asymmetric data have been

empirically evaluated. From the evaluation the gamma distribution has been selected as

7



149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

the probability distribution that best model energy consumption for a given time step in
a residential household. It has been chosen as it produced the maximum likelihood, and
equivalently, minimized the Kullback—Leibler divergence with the energy consumption data
across all houses tested. Regions with different energy consumption patterns may benefit
from re-evaluating which distribution provides the best fit, however this was the best fit for
the houses we tested from the UK and the US. Mixture distributions may show improved
results, however in order to keep the run time as low as possible, distributions with less
parameters to infer have been preferred.

An indicator function is defined as I;q = 1 if r,g > 0, and equal to 0 if censored for the
respective time step, day, and household. A point is defined as censored if r;,; = 0 kWh.

For the uncensored observations we have that:

Thtd = Thtd + TCh frd, (1)

whereas in the censored case we know that the unknown energy consumption, xp:q, is

bounded above by the energy generated, as:

Thid < TCh frd- (2)

In order to succinctly describe quantities over whole populations, we define sets of data
corresponding to each house and time step. We introduce sets comprising values of indicator
functions, energy consumption values, smart meter readings and solar proxy factors for
a time step, as: Iy, = {lya,d € [1..N]}, Xn = {2pa,d € [1..N]}, Ry = {rnw,d €
[1...N]}, and F; = {fi4,d € [1...N]}, respectively. We similarly define the set of alpha
and beta parameters for the gamma distribution, PV capacity, indicator function values,
energy consumption values and smart-meter readings for a specific time step and day across
houses, as follows: a; = {ap, h € [1..H|}, B, = {Bn,h € [1...H|}, C = {cp,h € [1...H]},
Lig = {Tpa, h € [1...H]}, X1q = {xpta, h € [1...H]|} and Ryq = {rpa, h € [1...H]}.

4. PV Capacity Inference with Solar Proxy

We present a novel algorithm to infer the PV capacity, ¢;, using a smart meter with

censored readings, r,,4. For a given house, our algorithm aims to find the maximum power

8
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input into the home that can be expected from the installed PV panels. Notice that there is
a counter-intuitive nature about the algorithm, as the PV capacity, which is our main point
of interest, is found in the process of estimating the most likely distributions for energy
consumption, Xpq.

Our algorithm finds the most likely gamma distribution representing the energy consump-
tion for each time slot. If we first consider dealing with uncensored smart-meter readings,
namely when all the smart-meter readings are known, then by finding the most likely en-
ergy consumption, we also find the most likely PV generation, gn:q, via Equation (1). This
approach is extended to when the smart-meter readings are censored and we do not have
a direct relation between the energy consumption and PV generation, the only relation we
know is the inequality seen in Equation (2).

We work with half-hourly smart meter data (7 = 0.5 h) and only use the time steps
when the sun is shining, since a solar proxy factor equal to 0 does not help with the task
of inferring PV generation. Our algorithm is trained using 365 days of half-hourly readings
from historic smart meters and recorded solar irradiance. It is worth reiterating that whilst
the smart meter readings are known, the energy consumption values are unknown and are
being inferred. Once the PV capacity, ¢y, is known, it can be used to calculate the PV energy
generation for any time step with the solar proxy, fu:q. Also, note that the inferred value of
the PV generation is constrained as we are inferring a scalar value (the PV capacity), which
is shared across all time steps for the house, assuming the PV capacity remains constant,
and this value is multiplied by the solar proxy, fu:, for that specific time step to give the
energy generation.

In this work the energy consumption is assumed to follow a gamma distribution across
days for each half-hour period in a specific house. Other distributions, such as the log-
normal distribution, lend themselves to analytical solutions and may prove to be better
assumptions when working with different datasets where energy consumption patterns are
different. The unknown parameters of the gamma distribution, denoted as ay,; and Sy, are
found by maximum likelihood estimation. When the true value in some cases is not observed

due to the smart meter censoring readings below 0 kWh, a specific likelihood function can

9
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be used, which deals with data that is censored below [27]. To find both the PV capacity
and the parameters of the gamma distribution representing the energy consumption, these

parameters are iteratively updated in turn to maximise the likelihood.

4.1. Log-Likelihood of Censored Smart Meter Readings

A standard likelihood function is the product of probability density functions (PDF) for
all the given data points. The PDF at a specific value corresponds to the probability that a
data point with that value is observed. When the smart meter reading is 0 kWh, the energy
consumption is unknown and we do not have a data point to calculate the corresponding
PDF. However, we know that for the censored data points the energy generated by the PV
panel is an upper bound on the energy consumption. Hence, the cumulative distribution
function (CDF) of the upper bound is used when the smart meter reading is censored, as it
describes the probability that the energy consumption value is less than the upper bound
27]. In summary, the proposed model uses the CDF when the smart meter reading is
censored and the PDF when it is uncensored. The PDF, ¢, and CDF, &, for the gamma
distribution are defined respectively as follows where the gamma function is represented as
I', whereas v denotes the lower gamma function:

«

o(z|a, B) = F’Ea) 7 ! exp(—pr),

d(x|a, B) = %.

For a specific house and time, we infer the gamma distribution parameters, «a;; and
Bnt, parameterising the set of energy consumption values, X;, given the calculated set of
indicator functions I, the smart meter readings Ry, and the solar proxy readings F';. We
can then find the likelihood of the energy consumption data by factorising across the days

as follows:

£(ahtaﬁht7ch‘Rht7HhtaFtaT) =
N

H O (Thsa| e, Bre) "4 ® (T, fra| e, ﬁht)(l_ﬂhtd)- (3)

d=1

10
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Note that we have the PDF of xq = rpq + 7¢nfia (as per Equation (1)) when the smart-
meter reading is uncensored and the CDF of predicted PV generation when censored. By
maximising this likelihood function the most likely gamma parameters representing half-
hourly energy consumption, ay; and By, and PV capacity, ¢, are found. The likelihood
function is factorised across all days (N) in the year.

As the log function is monotonically increasing, finding the maximum of the likelihood

is equivalent to finding the maximum of the following log-likelihood expression:

log L(cwnt, But, cn| Be, Ing, Fy, T) =

N

Z Thia 10g(¢(flfhtd|04ht, 5ht))

d= 1N

+ Z 1 — I[htd log (I)(Tchftd’ahtvﬁht))- (4)

=1
The golden section search is a standard technique used to find the extrema of a function.
Since the log-likelihood of the gamma distribution with respect to each variable is uni-modal
(see Figure 2), we use this technique to find the parameters that maximise the log-likelihood,
with the other parameters being fixed. The benefit of using the golden section search is that
we do not need to revise the approach if we change the distribution, as we only need to be
able to calculate the PDF and CDF for that distribution. The golden section search finds
the parameters of the gamma distribution, aj; and [, maximising the likelihood as follows:

(ag,, Bry) = aiil,lﬁl;ix log L(ane, Brt, cn| Ruey Lng, Fy, T). (5)
Furthermore, also using the golden section search the PV capacity can be found since it is
independent of the time of the day, we find the value of ¢;, that maximises the likelihood

across all gamma distributions, corresponding to single time intervals of the day, namely:

T
¢y = argmax » _10g L(atne, But, | Rie, It Fr, 7). (6)

Ch t=1

11



Algorithm 1: Iterative golden section search to find PV panel capacity via likeli-

hood maximisation

Result: Returns ¢,
input: 7, rp Vhe([l,...,H|, te[l,..,T], d€[l,...,N], fia (if known)V ¢ €
1,..,7], de[l,...,N]|

Cp — 1V h
ftd =1V t? d
for hin 1:H; tin 1:T; d in 1:N do
if rpq > T f1q then
| e =1
else
| Iha =0
end

end
LL = Zthl log['(aht,ﬁhta Ch’Rht,Hht, F,, T)
while LL is not converged do

for hin 1:H; t in 1:T do

(Oé}kltu B/ﬁt) = argrrgax log L(@ht> Bht, Ch’Rhta Ihe, Fy, 7')
QntsPht
(ahtuﬁht) < (OéZt?B}tt)

end

for hin 1:H do
¢, = argmax Zthl log ﬁ(aht, Bht, Ch\Rht, Dhe, F'y, T)

Ch

cp < ¢,
end
for tin 1:T; d i 1:D do // Ignore if solar irradiance is known

= argmax log Liwe(fralew, By, C, Ria, lia, 7)
td

ftd < f;j
end
LL= 23:1 log L( e, Brt, | R, Ine, F'y, T)

end

12
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Figure 2: The log-likelihood function is uni-modal with respect to ape, Bne and cp, with the other parameters

kept fixed.

The log-likelihood is maximised by finding the ay; and [j; parameters for each gamma
distribution that best represent the energy consumption at each time step. Then for each
house we find the value of the PV capacity, ¢, that maximises the likelihood of the in-
ferred energy consumption values being from their respective gamma distributions. This is
then repeated until the log-likelihood converges (see Algorithm 1, set h = 1 and follow the

instructional comments).

5. PV Capacity Inference with Only Clearsky Solar Irradiance

We extend the above approach to the inference of PV capacity only using clearsky irradi-
ance (as opposed to a solar proxy for each panel), under the assumption we have a group of
houses in close proximity (e.g., sharing the same postcode). The clearsky (solar) irradiance,
Std, 1s the solar irradiance that would be incident on the ground if there was no atmospheric
or weather interference. It is calculated using existing physical models, as it only depends
on the location on Earth relative to the Sun. To identify how much of the solar irradiance
is actually incident on the ground, the clearsky solar irradiance is multiplied by the clearsky
irradiance factor, f;q < s;q < 1, defined as the solar irradiance at a particular time compared
to the maximum recorded solar irradiance of the year.

Assuming all houses receive the same solar irradiance, an additional step is added in the

13
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previous algorithm to find an estimate of the solar proxy factor, namely f;4, for each time step
across all houses, so that we maximise the likelihood that the inferred energy consumption
values come from their corresponding distributions. Consider the new likelihood function
which factorises the probability distribution across houses and is no longer conditioned on

fiq as it is now being inferred:

Eirr(ftd|at7 /Bty C7 tha th» 7_) =

H
T ¢(nialane, Bue) @ (T fualons, Bue) 4. (7)
h=1

This likelihood function is factorised over houses (H) in close proximity, as opposed to
Equation (3) that factorises over days (N) for a single house. To infer the solar proxy, the
likelihood is conditioned on the predicted gamma distribution parameters. This is due to
the close houses sharing the same solar proxy, fu:q, but having unique PV capacity, ¢;,, and
unique gamma distribution parameters representing energy consumption, ay; and Gy;. The

value of f;; maximising this likelihood is given by:

ft*d = argmax log [’irr(ftd|at7 ﬁta C, th7 tha T)‘ (8)

fra

The approach finds the solar proxy factor that gives either the most likely energy consump-
tion, or an upper bound on the energy consumption in the case of censoring. As illustrated
in Algorithm 1, this becomes an extra step in the algorithm as the most likely gamma distri-
bution parameters for each house, oy, and [y, the most likely PV capacity for each house,
cp, and the most likely solar proxy values, f;4, are inferred iteratively and until convergence.

Notice that this approach is realistically not feasible over a single house, as the inferred
solar proxy factor would likely overfit, being dependent on a single data point. On the
contrary, finding the solar proxy factor across a batch of houses (assumed to be adjacent)
regularises the most likely solar proxy factor and allows for a prediction of its true value (see
Algorithm 1). Let us emphasise that this is not intended to be an improvement of the above
algorithm, but rather an approach that works with more limited data and an exploratory
result towards alternative methods to using weather to predict solar irradiance for inferring

PV generation.
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6. Datasets

To evaluate the approach a subset of the US Pecan Street dataset and a constructed UK
dataset are used.

The Pecan Street dataset provides energy data for houses with PV panels [28]. We have
cleaned the data by creating censored smart meter readings for each house, as obtained from
their energy consumption and generation. From this dataset, 30 houses have been identified
to have solar panels and selected and the PV Capacity is in the range 2.5 kW to 10.2 kW
for the Pecan Street dataset.

Alongside this, we have constructed a dataset representing smart meter readings from
the UK, comprising solar energy generation from locations across the UK from the Sheffield
Solar microgen dataset [29], and smart meter readings from London households®. Curation
of this dataset is required as there are no large scale public UK datasets that record energy
usage, PV energy generation and local solar irradiance. To create the dataset a selection of
smart meter readings for 260 houses are taken from the London smart meter dataset and
treated as energy consumption. A manual check was conducted to ensure that there is no
PV energy generation on the selected houses. Each house has been randomly assigned one
of the 50 available PV generation profiles from the microgen dataset. The maximum power
output for each PV system in the microgen dataset has been re-scaled to demonstrate how
the algorithm works across a range of PV capacity values in the range 0.5 kW - 6.5 kW with
20 values drawn randomly in each 0.5kW band, additionally 20 houses were included with
no PV panel (0 kW). Then, the half-hourly smart meter readings for the combined dataset
are calculated using the formula rp,y = max(0, xpg — 7 fracn). Only the daylight hours of
each day have been used. As the assignment of the PV panels to the smart meters is random
this can be considered as a worst-case scenario as there is typically correlation between the
energy usage of a home and the PV capacity.

The solar proxy has been implemented as seen in previous papers by taking the known

proportion of the PV energy generation through the day [5]. There is potential for transpo-

3data.london.gov.uk/dataset /smartmeter-energy-use-data-in-london-households (Accessed 16,/04,/20)
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sition errors, where there is a difference between the plane of incidence for the solar proxy
to the PV system that is being evaluated. However, it has been shown that the geometry
of the proxy system can be recovered and mapped to the geometry of the PV system being
evaluated removing this source of error [4]. Furthermore, it is shown that the factors other
than orientation only affect the maximum power output, hence they can be absorbed into
the PV capacity term which represents the true power input to the house from the PV
system.

The clearsky solar irradiance is calculated using existing techniques such as the Bird

model (as seen in the package PVLIB) [30, 31].

7. Empirical Evaluation

To evaluate the performance of the algorithm four metrics are used. The root mean
square error (RMSE) measures the accuracy of the inferred values by taking its distance
from the true value, regardless of the true PV capacity. RMSE is a useful metric in a
situation when we are not interested in the contributions of individual houses and instead

focus on the total prediction of PV generation,

Note that, ¢, denotes the inferred PV capacity and ¢, is the real PV capacity. To measure

the precision we also calculate the mean absolute percentage error (MAPE). The MAPE

calculates the absolute error as a percentage of the real PV capacity,

Ch — Cp

1 H
MAPE = —
H; Chp,

Furthermore, to identify the bias in the estimations the mean normalised bias error (MNBE)

is calculated,

H
1 éh — Cp,
MNBE = — .

We also measure the classification rate, which is the number of houses correctly predicted

to have a solar panel. In order to classify the presence of a PV panel, we have selected a PV
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Figure 3: Each boxplot represents the distribution of percentage error for the 20 houses in each 0.5 kW band
of PV capacity. The performance of the approach appears to be independent of the PV capacity, however
there is a bias and the approach consistently over-estimates the PV capacity which the approach can be

adjusted for.

capacity threshold, and assumed that if the inferred generation is above the given threshold,

then a PV panel is present.

7.1. PV Capacity Inference with Solar Proxy

For our constructed UK dataset we have selected 260 houses from the smart meter
readings from London households dataset that do not have a PV panel installed, and have
treated the readings as energy consumption. They are then combined with PV generation as
described in Section 6 to create the dataset used for the experiments. For the 30 houses with
from the US Pecan Street dataset we have run the algorithm twice: once with the censored
smart meter readings as described above, and once with the solar generation removed to

emulate if the houses did not have solar panels.

7.1.1. Inference of PV Capacity

The first key takeaway from Table 1 is the 100% classification rate, meaning that the
algorithm correctly identified every incident where there was a PV panel present and every
incident where there was not. This was achieved by setting a threshold at 0.05 kW, and any
value below this was reported as not having a PV panel. Furthermore, the results indicate

that the performance of the algorithm does not vary with the size of the panel and there

17



297

298

299

300

301

302

303

304

305

306

does not appear to be a range of values where the approach fails, showing the algorithm
performs in the range of expected PV capacity values.

However, there is a consistent bias in the results as the MNBE, as Figure 3 shows. The
algorithm typically infers the PV capacity to be larger than the true value: this is most
likely caused by the distribution representing energy usage over-estimating the amount of
energy used and hence leading to a larger PV capacity being inferred. This can potentially
be addressed by finding a distribution that better represents the energy usage in the specific
scenario, or if the bias is known for the dataset the inferred values can be corrected for the

bias.

MAPE (%) MNBE (%) RMSE  Classification (%)

UK dataset
0 kW - - 0.01 100
0.5 - 1.0 kW 18 17 0.14 100
1.0- 1.5 kW 10 9 0.16 100
1.5-2.0 kW 13 9 0.32 100
2.0 - 2.5 kW 14 12 0.44 100
2.5 - 3.0 kW 13 6 0.41 100
3.0 - 3.5 kW 14 11 0.62 100
3.5-4.0 kW 15 13 0.73 100
4.0 - 4.5 kW 15 15 0.81 100
4.5 - 5.0 kW 15 12 0.92 100
5.0 - 5.5 kW 12 7 0.71 100
5.5 -6.0 kW 13 11 0.96 100
6.0 - 6.5 kW 10 8 0.76 100
Average 13 11 0.64 100

Pecan Street
Average 29 -18 1.68 100

Table 1: The MAPE, MNBE, RMSE and classification metrics for each band of 20 PV capacity values on
the UK dataset and across the Pecan street dataset. The performance is relatively consistent across all

ranges of values with the RMSE increasing as expected due to the larger PV capacity values.

There is also a noticeable drop in performance from the constructed UK dataset to the
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Pecan Street dataset, with the MAPE across the dataset going from 13% to 29%. The
drop in performance on the Pecan Street dataset is expected as it typically has PV systems
with larger PV capacity, and if the PV generation is large relative to the energy usage it
can be difficult to accurately infer the PV capacity as more information is censored. This
explanation is validated by the MNBE showing an 18% under-estimate of PV capacity in
the Pecan Street dataset on average due to the high energy generation censoring a large
proportion of the smart meter readings. This is a difficult issue to address with censored
smart meters and providing a lower bound on the PV capacity for these households may
have to suffice. Combining this approach with satellite imagery will provide an upper and

lower bound on the potential PV generation.

7.1.2. Failure without Consideration of Censoring

To show the importance of correctly handling censored observations, we have demon-
strated in Table 2 what happens if we treat the censored smart meter readings (rp,q = 0
kWh) as a net reading and ignore censoring. Following Algorithm 1, we have set I,y = 1
for all data points. The algorithm fails to detect the presence of PV panels or correctly infer
the PV capacity, demonstrating the importance of using an appropriate likelihood function

to deal with censored observations.

UK Dataset
PV No PV All
MAPE 99.6% - -
RMSE (kW) 123 001 087
Classification 0.4% 98.2% 49.3%

Table 2: Error metrics and classification rate of PV capacity inference without censoring

7.2. PV Capacity Inference with Clearsky Solar Irradiance

For this experiment we have used the constructed UK dataset, and present the outcomes
in Table 3. We have taken a sample of 250 houses with PV panels and 250 houses without PV
panels. The smart meter readings have been calculated similarly to the previous experiment,

and we have normalised the actual PV generation from one of the microgen dataset houses
19
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and randomly assigned a PV capacity between 1.5 kW and 3.0 kW to each house with a
PV panel, whereas the houses without a PV panel have been left as is. The solar irradiance
and PV capacity data have then been disregarded and we have implemented our algorithm
to infer the PV capacity for each house. In our implementation, once the inference of a PV
capacity has gone below 0.1 kW, we have classified the house as not having a solar panel
and removed it from the next iteration as it would no longer contribute useful information

to the problem.

UK Dataset
PV No PV All
MAPE 33.0% - -
RMSE (kW) 0.55 0.01 0.39
Classification 100% 100% 100%

Table 3: Error metrics and classification rate of PV capacity inference with clearsky solar irradiance

Whilst the RMSE is similar to the previous results for the constructed UK dataset,
the MAPE is larger (more than twice as large), indicating that the approach without solar
irradiance incurs a larger error in houses with solar panels of smaller PV capacity. To the
best of our knowledge, this is the first approach to infer PV capacity that does not require
solar irradiance or weather data as an input. Whilst in practice if the location is known
then weather data could be acquired, the purpose of this implementation and experiment
was to show the feasibility of alternative approaches to solar dissagregation, in particular
approaches that do not inherit errors related to inferring solar irradiance from weather data.
Weather-based approaches to solar disaggregation to infer PV capacity are still considerably
more accurate, however we believe this shows the feasibility of an alternative approach
and could inspire related research efforts that use local clusters of households to infer PV

generation [5].

7.3. Runtime and Scalability

The runtime on a single Intel 7*" gen i7 CPU core to detect the presence and capacity of a

PV panel averaged at 9.32 seconds per house (8.54 seconds per house excluding data loading)
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across the 240 houses with PV panels and at 5.74 seconds per house (5.06 seconds per house
excluding data loading) for the 20 houses without PV panels. There are approximately 25
million homes in the UK, of which about 1 million homes have PV panels, which means to
infer the PV capacity for all buildings across the UK it would require 16000 CPU-hours.
As each house uses a separate instance of the algorithm, the workload could be parallelised
across multiple CPUs and, based on current AWS EC2 T2 prices, it could be conducted for
under $400. Further speed-ups are expected by employing GPU-based computations.

A nationwide scan only needs to be run once to detect panels and their associated PV
generation. The algorithm can be re-run at set intervals at the discretion of the user to
update their dataset of solar panel locations and capacity. Once the capacity of the solar
panel is known - the inference of expected solar generation for the next time step is in the
magnitude of seconds to infer the generation for all houses with solar panels, as it is a single
calculation using the solar irradiance. The run times of the algorithm and inference show

that this approach is fit for purpose at scale and affordable with cloud computing services.

8. Conclusions and Future Work

In this paper, we have proposed the first approach to dissagregate solar (PV) generation
from energy consumption given censored smart meter readings and to infer the PV capacity.
To evaluate our approach, we have used an appropriate subset of the Pecan Street dataset
and a custom dataset that we have created by combining data supplied from the Sheffield
Solar microgen dataset and the smart meter readings from London households. We have
shown that if the solar irradiance is known as a proxy from a single panel, we can detect the
presence of a PV panel successfully 100% of the time on our test data, and we can additionally
infer the PV capacity. Using our approach, solar dissagregation can be performed on over
500,000 houses in the UK alone where alternatives that do not address the censoring of
smart meters would fail. We have also shown that we can infer PV capacity with clearsky
solar irradiance if we have a group of houses in a local area, and combined with the inferred
values of solar irradiance using smart meter readings, we have presented the first approach

to infer solar generation with clearsky solar irradiance.
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In future work we plan to extend our approach to deal with daily censored smart meter

readings. This has the added difficulty of not knowing at what time of day the censoring has

occurred. We are also working with grid operators and energy suppliers to operationalise our

research. Extensions to the work could look to combine this research with recent approaches

to detecting solar panels using satellite imagery. Using both approaches in parallel can

improve the confidence that a panel is correctly detected. Furthermore, satellite imagery

can be used to detect the size of PV panels, and if our algorithm infers the real PV capacity

to be below what is expected of a PV panel of the detected size, it could be used to identify

faulty panels.
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