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Abstract—As the cost of the residential solar system decreases,
rooftop photovoltaic (PV) has been widely integrated into distri-
bution systems. Most rooftop PV systems are installed behind-the-
meter (BTM), i.e., only the net demand is metered, while the native
demand and PV generation are not separately recorded. Under
this condition, the PV generation and native demand are invisible
to utilities, which brings challenges for optimal distribution system
operation and expansion. In this paper, we have come up with a
novel two-layer approach to disaggregate the unknown PV gener-
ation and native demand from the known hourly net demand data
recorded by smart meters: 1) At the aggregate level, the proposed
approach separates the aggregate PV generation time series from
the aggregate net demand time series for customers with PVs. 2)
At the customer level, the separated aggregate-level PV generation
is allocated to individual PVs. These two layers leverage the spatial
correlations of native demand and PV generation, respectively. One
primary advantage of our proposed approach is that it is more
independent and practical compared to previous works because
it does not require PV array parameters, meteorological data
and previously recorded solar power exemplars. This paper has
verified our proposed approach using real native demand and PV
generation data.

Index Terms—Behind-the-meter, distribution system, PV
generation estimation, rooftop photovoltaic, smart meter.

I. INTRODUCTION

N THE last decade, residential rooftop photovoltaic (PV)

has been proliferating in distribution systems. In most cases,
utilities only install a bi-directional smart meter to record the
net demand of customers with PVs. This type of installation is
referred to as behind-the-meter (BTM), in which case the net
demand equals native demand minus PV generation. Therefore,
the PV generation produced by solar array and the native demand
consumed by appliances are unknown to utilities. Only meter-
ing the net demand can reduce the financial cost for utilities;
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however, as the penetration level of PV increases, the unob-
servability of notable PV generation and native demand brings
significant challenges to distribution systems. We focus on three
specific applications to elaborate the necessity of estimating the
unknown BTM PV generation and native demand: First, the
unavailability of native load and PV generation might cause un-
acceptable forecasting errors because some forecasters require
reconstituting the generation and native demand time series [1],
[2]. In contrast, knowing BTM PV generation and native load
can help utilities forecast generation and load separately, thus
provide utilities useful information regarding load/generation
growth. Second, the invisibility of PV generation and native load
can hinder designing optimal service restoration plans [3], [4].
During the restoration stage after an outage, the native demand
might be several times higher than the pre-outage demand due to
the simultaneous restarting of a large number of air-conditioning
appliances. This anomalous demand should be estimated for
optimal restoration plans because it can damage electric devices
when simultaneously restoring a large number of customers.
In practice, utilities usually multiply the normal native demand
before outage by a ratio to estimate the anomalous demand
during restoration. Also, utilities typically do not consider PVs
as reliable restoration sources [3]. Therefore, separating normal
native demand and generation is needed for designing optimal
restoration plans. Third, the unobservability of native demand
and solar generation might cause inaccurate reliability analysis.
When evaluating a transmission system’s reliability, each dis-
tribution system is generally simplified as a bus whose native
load duration curve is constructed [5], [6]. For those utilities
with a high-penetration PV integration, directly using the net
demand to construct the load duration curve can significantly
underestimate the actual native load [7]. This is because the
net demand is typically smaller than the native demand due to
the existence of PV generation. In contrast, using the native
demand separated from the net demand can help construct more
accurate load duration curves. In summary, disaggregating BTM
PV generation and native demand from the recorded net demand
can enhance distribution system observability and awareness and
can also provide more accurate information for transmission
system reliability analysis.

Previous works on BTM PV generation disaggregation can be
categorized into two types: Type I - Model-based approaches:
PV array performance model is employed to represent physical
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PV arrays. In [8], a PV model is combined with a clear sky model
to estimate customer-level solar generation. In [9], a virtual
equivalent PV station model is utilized to represent the aggregate
generation of BTM PVs within a region. In [10] and [11],
a physical PV model and a statistical model are utilized to
estimate BTM solar generation and native demand, respectively.
One primary disadvantage of these model-based approaches is
that detailed PV array parameters or accurate meteorological
data are required. However, in practice, these parameters are
typically unavailable to utilities. Also, acquiring meteorological
data might cause additional costs to utilities. Type I - Model-free
approaches: In [12] and [13], net demands under heterogeneous
weather conditions are employed to estimate BTM PV capac-
ity, which is then multiplied by a standard solar power time
series to infer BTM PV generations. In [14], native demand
and PV generation are estimated using 1-second net demand
data by identifying appliances’ states, which are then leveraged
to estimate appliance demands and solar power. Based on the
variation difference between load and solar power, in [15], an
approach is proposed for estimating service transformer-level
PV generation. In [16], regional-level generation is estimated
by installing additional sensors to record typical PV generation
profiles. In [17], feeder-level solar generation is estimated by
utilizing net load measurements and a nearby PV farm’s gener-
ation readings. Using known native loads for customers without
PVs and the generations for a limited number of observable PVs,
in [18], the authors formulate an optimization process to estimate
the aggregated native load and PV generation. In [19], a feder-
ated learning-based framework is proposed to probabilistically
estimate community-level BTM solar generation. In [20], an
approach is developed to estimate the reactive power by taking
advantage of the correlation between the weekly nighttime and
daytime native reactive power demands. Furthermore, previ-
ously in [21] and [22], we have proposed two approaches for
estimating the unknown BTM generation using measured solar
power exemplars. One primary shortcoming of the model-free
approaches is that they rely on contextual information, i.e.,
recorded solar power exemplars or meteorological data, which
might bring additional costs to utilities.

Considering the shortcomings of previous approaches, this
paper proposes a novel BTM PV generation and native de-
mand estimation framework which does not require previously
recorded solar power and meteorological measurements. Our
approach is based on two findings from real data. The first finding
is the spatial correlation of native load, i.e., the native demands of
two sizeable residential customer groups are strongly correlated
and have highly homogeneous shapes. The second finding is the
spatial correlation of solar power generation, i.e., the generations
for two PVs in a distribution system are significantly correlated
and have highly similar profiles.

Our proposed approach contains two layers: (1) At the aggre-
gate level, the total generation of all BTM PVs is estimated by
leveraging our first finding. (2) At the customer level, utilizing
our second finding, the estimated aggregate BTM PV generation
is allocated to individual customers. Utilizing the two findings
improves our approach’s robustness against the customer-level
load uncertainty [23]. The second layer contains three steps:
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Native Demand PV Generation
Spatial Correlation Spatial Correlation
Customers Inferring Aggregate BTM Allocating Individual BTM
with & without PVs PV Generation PV Generation
Fig. 1. Overall structure of the proposed BTM PV generation estimation
approach.

first, our approach trains a model to produce multiple candidate
generation time series, using solar power data generated by a
publicly available tool. Second, our approach determines the
peak generation for each PV. Finally, the allocating procedure
is formulated as an optimization problem. The overall structure
of our proposed approach is shown in Fig. 1. This paper has
verified our proposed approach using real hourly native demand
and PV generation data [24].

Smart meters can record individual customers’ demands at
an interval of one hour or shorter. Such fine-grained temporal
and spatial granularity can give us more details than traditional
monthly bills. Many researchers have developed advanced ap-
proaches to mine useful information from smart meter data. For
example, [25] utilizes smart meter measurement to perform state
estimation for enhancing distribution system observability, [26]
employs water consumption data recorded by smart water me-
ters to train aggregate water demand forecasters, [27] utilizes
high-resolution phasor measurement units’ data to conduct false
data detection, and data redundancy strengthening, [28] converts
smart meter data into manageable load profiles via linearizing
load patterns. Our proposed approach takes advantage of smart
meter data’s temporal and spatial granularity to perform BTM
generation estimation.

The main contributions of our paper are summarized as
follows: (1) This paper proposes an approach that does not
rely on PV array parameters, historical meteorological data,
and pre-recorded generation exemplars. This independence can
significantly improve the viability of our approach because ac-
quiring the above three types of information can bring challenges
or additional costs for utilities. (2) Our approach only relies on
the net demands of customers with PVs and the native demands
of customers without PVs for estimating the aggregate-level
PV generation. These two types of demands - net and native
- are typically available to utilities, making our approach sig-
nificantly practical. (3) Our approach innovatively estimates
individual PV-installed customers’ peak generations by mining
net demand data. The peak generations are then utilized to
estimate individual PV-installed customers’” BTM generation
time series.

Throughout the paper, vectors are denoted using bold italic
letters, and matrices are represented as bold non-italic letters. In
addition, we adopt the sign convention that the native demand
consumed by customers and the power output from PVs are both
positive.

The rest of the paper is organized as follows: Section II
introduces our first and second findings regarding spatial cor-
relation of native demand/generation. Section III presents how
we estimate the aggregate generation for customers with PVs.
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Fig.2. Three-day actual native demand curves for three example groups with
different customer numbers.
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Fig.3. Three-day normalized native demand curves for three example groups
with different customer numbers.

Section IV presents the procedure of formulating and solving
an optimization problem to allocate the estimated aggregate
generation to individual PVs. In Section V, case studies are
analyzed. Section VI concludes the paper.

II. SPATIAL CORRELATION OF NATIVE DEMAND/PV
GENERATION

A. Finding 1: Native Demand Spatial Correlation Between
Two Sizeable Groups

By examining real residential native demand data, we find
that once the customer numbers for two groups reach a certain
level, their native demands are highly correlated. This finding
is leveraged for estimating the aggregate native demand time
series for customers with PVs.

Specifically, we use native demand curves to illustrate the
observed spatial correlation. Fig. 2 presents real native demand
curves for three example groups with different customer num-
bers, i.e., 40, 60, and 80, respectively. We can observe that these
three curves demonstrate almost identical shapes, although they
have different magnitudes. The high shape similarity can also
be corroborated by Fig. 3, which presents normalized native
demand curves corresponding to the curves in Fig. 2. Note that
the normalized curves are obtained by dividing the real curves
in Fig. 2 by their peaks, respectively.

To stress the importance of Fig. 3, we first define two types
of customer groups: the residential customers with and without
PVs. These two customer groups are denoted as C,, and C,,
respectively. For C,, its native demand is recorded by smart
meters. For Cy,, we only know its net demand, and we do not
know its native demand. Our goal is to estimate C',,’s unknown
native demand and thus to estimate its PV generation. Therefore,
Fig. 3 inspires us that given the known native demand curve of
C,, we can infer the unknown native demand curve of C,, by
multiplying the native demand curve of C,, by a ratio, r.

Fig. 4. The relationship between native demand ratio and the nocturnal native
demand ratio between two example customer groups.

Since the native demands for the customers in C,, are directly
recorded by smart meters, the native demand curve of C,, can be
obtained by aggregating the native demand time series over the
customers in C,,. The challenge for inferring the unknown native
demand curve of (U, is that the ratio, 7, is unknown and needs to
be estimated. The unknown of r is caused by the unavailability of
the native demand during the daytime for the customers in C,,,.
This is because PV generates power during the daytime, which
masks the native demand in the case of net metering. Thus, we
cannot use daytime native demand to compute 7. Instead, we use
the nocturnal native demand to estimate r because PV does not
generate power during nighttime, and thus the nocturnal native
demand for C,, is known. Based on the above inference, we
propose first utilizing the nocturnal native demand to compute
a nocturnal native demand ratio, r,,, and then approximating r
as 7.

One pre-condition for approximating r as ., is that r should
be close to 7,,. To verify this condition, we randomly select two
groups with different customer numbers ranging from 20 to 80.
Then, for each group, the native demand time series are spatially
aggregated over customers to obtain an aggregate native demand
time series. After that, we compute r using the two groups’ native
demand time series throughout a certain period, and compute
ry, using the two groups’ native demand time series only during
nighttime within that period. Finally, we plot r against r,,, as
shown in Fig. 4. We can see that r is almost identical with r,.
Therefore, we can accurately estimate r by directly letting it
equal 7,.

Once we obtain the estimate of r, we can compute the un-
known native demand of C,, by multiplying the known native
demand of C, by the estimate of r. After that, estimating
the unknown PV generation of C, is straightforward, i.e., by
subtracting the recorded net demand measurements from the
estimated native demand.

B. Finding 2: Generation Spatial Correlation Between Two
PVs

There are two primary factors that determine the generation
spatial correlation: (1) In most cases, a distribution system is
geographically bounded in a small district. (2) The most widely
available sampling resolution for smart meters is 1-hour. Under
these two conditions, different PV arrays are subject to nearly
identical meteorological inputs. Thus, the identical inputs can
result in highly similar shapes among PV generation curves.
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Fig. 6. Three-day normalized generation curves for three example PVs with

different capacities.

Fig. 5 presents three example PV generation curves correspond-
ing to different PV array capacities. Similar to the native demand
curves for sizeable customer groups, these three generation
curves also demonstrate significant spatial correlation, i.e., they
possess highly similar shapes. This high similarity can also be
corroborated by Fig. 6, where the normalized generation curves
corresponding to the three curves in Fig. 5 overlap with each
other. Most importantly, Figs. 5 and 6 inspire us that estimating
a BTM PV generation curve comes down to two steps: first,
determine the generation curve’s shape, and then determine
its magnitude. This two-step method can notably simplify the
estimation of unknown BTM PV generation time series. This
is because compared to model-based methods, our approach is
developed on the foundation of high similarity among generation
curves; therefore, it requires significantly less information.

III. ESTIMATING AGGREGATE BTM PV GENERATION FOR
CUSTOMERS WITH PVs

As elaborated in Section II-A, the native demands of two size-
able customer groups are highly correlated. This high correlation
inspires us that we can infer the unknown native demand of C,
by multiplying the known native demand of C,, by a ratio:

Pw:Porv (1)

where, P,, = {P,,(t)}and P, = {P,(t)},t = 1,..., T, denote
the estimated native demand time series for ', and the actual
native demand time series for C,, respectively. 7" is the total
number of native demands in a selected window (e.g., one
month). P,(t) is computed by aggregating the measured native
demands over customers without PVs:

Py(t) = ZPo,i(t), t=1,...,T, )

IEEE TRANSACTIONS ON POWER SYSTEMS

where, N, represents the total number of customers in C,, i.e.,
customers without PVs. P, ;(¢) denotes the measured native
demand at time ¢ for the 7’th customer in C,,.

In (1), r denotes the native demand ratio between C', and C,,,
and is defined as follows:

_ S Pu(®)
- XL R(1)

However, as presented in Section II-B, since the diurnal native
demand for C, is masked by PV generation and unavailable to
utilities, we need to estimate r using nocturnal native demand
measurements. This approximation method is based on the ob-
servation that PV does not generate power during nighttime and
the verification that r and r,, are almost identical. Specifically,
we use 7, to approximate r:

3

T Pt
=Tn = —Z—P(t)7 4

tel,” ©°

=

where, I,, denotes the set of nighttime hours. In our paper, I,
refers to the hours between 9:00 P.M. and 5:00 A.M. Note that
for the hours in I,,, since PV does not generate power, P, (t)
equals the known aggregate net demand, P/, (¢). Therefore,

Sier, Po(t)
Y, Po(t)’

tel, Lo

T = ®)
where, P, (t) is computed by aggregating the measured net
demands over customers in C,:

N
P(t) =) _P,,(t), t=1,...T, (6)
=1

where, N, represents the total number of customers in C,,.
P! ,(t) denotes the measured net demand at time ¢ for the 7’th
customer in C..

Then, using the estimate of 7 and the known native demand
time series for C,, we can apply (1) to compute the estimated
native demand time series for C,,. Finally, inferring the PV
generation time series for C,,, Gy, = {G(1)}, t =1,...,T,
is straightforward:

CA"\'w:-ijw_-ljwa/ (7)

where, P, = {P., (t)}, t =1,...,T, denotes the known net
demand time series for C,,.

The above procedure for estimating the aggregate-level PV
generation and native demand for C, are illustrated in Fig. 7.

IV. ESTIMATING BTM PV GENERATION FOR EACH
INDIVIDUAL PV

Knowing the aggregate BTM PV generation and native de-
mand might not be sufficient for some applications [29], [30].
For example, some demand response schemes require known
customer-level native demand [12]. Therefore, estimating indi-
vidual customers’ BTM native demand and PV generation is of
significance.

To achieve this goal, we propose an approach to allocate the
estimated aggregate PV generation/native demand time series
to individual customers with PVs. As discussed in Section II-B,
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Fig. 7. Detailed structure of the proposed aggregate-level BTM PV generation/native demand estimation.
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Fig. 8. Three-day normalized aggregate generation curve for all PVs and  Fig. 9. Three-day normalized aggregate generation curve of all PVs and

normalized generation curve for an individual PV facing south.

estimating an individual PV’s generation curve boils down to
determining the generation curve’s shape and its magnitude. In
this section, our approach has three steps to perform allocating:
(Step-I): generate candidate generation curves for individual
PVs; (Step-II): estimate the peak generation for each PV; and
(Step-III): allocate the estimated aggregate PV generation time
series to individual PVs by solving an optimization problem.

A. Generating Diverse Candidate Generation Curves for
Individual PVs

As discussed earlier, in a geographically bounded distribution
system, two primary factors determining a generation curve
are the magnitude and shape. This subsection aims to generate
candidate generation curves for those non-south-facing PVs.
First, we train a regression model using the data generated by
PVWatts Calculator. Then, we feed the estimated generation
curve of a south-facing PV into the trained model to infer the
targeted candidate generation curves for those non-south-facing
PVs.

In Section III, we have obtained the estimated time series for
the aggregate generation of all PVs. One question is whether we
can use that shape to represent the unknown shapes of individual
PVs. To answer this question, we have conducted a numerical
experiment. First, we normalized the aggregate generation curve
of all PVs by dividing the aggregate generation time series by
its peak. Then, in the same way, we normalized the generation
curve of an example PV facing south. The two normalized
curves are plotted in Fig. 8. It can be seen that the normalized
curve corresponding to the aggregate generation for all PVs
is highly similar to the normalized curve for a south-facing
PV. One primary reason for this similarity is that the majority
of residential PVs face south because a south-facing PV can

normalized generation curves for two example PVs facing east and west,
respectively.

[ PVWatts Caleulator H Power Curves for PVs ]

with Typical Azimuths
Estimated Curve for A
South-facing PV

Fig. 10. Overall structure for producing diverse candidate PV generation
curves using power output data generated by PVWatts Calculator.

Trained

Produced Diverse
Regression Models

Generation Curves

typically generate more power than PVs in other directions. Most
importantly, Fig. 8 tells us that a south-facing PV’s generation
curve can be accurately represented by the normalized aggregate
generation curve of all PVs.

Note that in distribution systems, in addition to the majority
of south-facing PVs, there exist some residential PVs with other
azimuths, such as east or west. These non-south-facing PVs’
generation curves cannot be fully represented by the normalized
aggregate PV generation curve in Fig. 8. Specifically, compared
to the normalized aggregate PV generation curve, the normalized
generation curves for an east-facing PV and a west-facing PV
are somewhat “left-skewed” and “right-skewed,” respectively,
as shown in Fig. 9. Therefore, it is necessary to obtain candidate
shapes for those non-south-facing PVs’ generation curves. To
achieve this goal, our basic idea is first to feed PV power data
generated by PVWatts Calculator into a regression model to
capture the relationship between the generations for a south-
facing PV and a non-south-facing PV. Then, the aggregate
generation curve estimated in Section III, which can accurately
represent a south-facing PV’s generation curve, is fed into the
trained regression model to produce diverse generation curves
corresponding to non-south azimuths. The overall structure is
shown in Fig. 10:
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1) Training a Gaussian Process Regression Model: Since the
shape of a south-facing PV’s generation curve can be approxi-
mated as the shape of the aggregate generation curve of all PVs,
one intuitive way for inferring non-south-facing PVs’ candidate
shapes is to produce diverse shapes based on the south-facing
PV’s estimated generation curve. This idea is based on our
observation that there exists a mapping between the generation
curves for PVs with different azimuths. Therefore, one critical
step for producing diverse candidate generation curves is to iden-
tify the relationship between a non-south-facing PV’s generation
curve and a south-facing PV’s generation curve. To capture the
relationship, first, we use PVWatts Calculator [31], an online
application developed by the National Renewable Energy Lab-
oratory (NREL), to generate power output data for PVs with
typical azimuths, e.g., east, south, and west. Then, using the
generated PV output power data, we train a Gaussian Process
Regression (GPR) model to capture the relationship between the
generation curve corresponding to a typical azimuth except for
south (e.g., east) and the generation curve corresponding to the
azimuth of the south. The primary reason for selecting GPR is
that after running numerical tests, GPR demonstrated a relatively
better performance when applied to our dataset than some other
state-of-the-art nonlinear regression models, such as the Support
Vector Machine model and the Polynomial regression model.

Specifically, first, we use PVWatts Calculator to generate
time-series data for a south-facing PV and a PV with other typical
azimuth (e.g., east). Then, each time series is normalized so that
the peak generation is 1 p.u. The two normalized time series
corresponding to the south-facing PV and the non-south-facing
PV are denoted as G% = {G%(t)} and G}, = {G:.(t)}, t =
1,..., T, respectively. G%(t) and G7 ,(t) denote the normalized
generation at time ¢ for a south-facing PV and a non-south-facing
PV, respectively. Our goal is to use G%(t) to explain G ;(¢)
because PVs in a geographically bounded distribution system
typically have highly correlated generations. By conducting
numerical experiments, we find that in addition to G%(t), the
hour-in-day, H,(t), and day-in-year, D, (t), are also related
with G}, (t). Therefore, we use G (t), Hq(t), and D, (t) as the
input variables and G, (¢) as the output variable, respectively,
to train a GPR model. The function of GPR is to capture the
relationship between G (t) and G%(t). The basic idea behind
GPR is that if the distance between two explanatory variables
is small, the difference between their corresponding dependent
variables will also be relatively small. Specifically, the output,
G: . (t), is denoted as a function of the input vector, X*(¢):

Grs(t) = F(X7(1)), (®)

where, X*(t) = [G(t), Ha(t), D, (t)]T. For GPR, f(X*(t)) is
assumed to be a random variable reflecting the uncertainty of
functions evaluated at X * (¢). Specifically, the function f (X *(¢))
is distributed as a Gaussian process:

FXT(@) ~ GP (X (1), KX (1), X" (), )

where, 1(X*(t)) represents the expected value of f(X™*(t)),
ie, the value of G},(t). The covariance function,
K(X*(t),X*(t")), represents the dependence between G},  (t)’s
at different times. In our problem, the covariance function,
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K(-,), is specified by the Squared Exponential Kernel function
expressed as:

202

where, || - ||2 represents lo-norm, o s and o are hyper-parameters,
which are determined using cross-validation. Intuitively, (10)
measures the distance between X*(¢) and X*(¢'), which can
also reflect the similarity between G (¢) and G}, (/).

Note that G (t) and G, , (t) are generated solar powers using
PVWatts Calculator; thus, they are known and a 7T-dimensional
joint Gaussian distribution can be constructed as:

f(X*(1))
: ~N (g, 5%, (11)
[(X(T))
where,
[ (X*(1))
po= : : (12a)
L1 (X(T))
[ K (X*(1),X*(1) -+ K(X*(1),X*(T))
Y= : :
| K (X*(T),X"(1)) -+ K(X*(T),X"(T))
(12b)

The joint Gaussian distribution formulated in (11) represents
a trained non-parametric model, which captures the relationship
between G . (t) and G%(t).

2) Inferring a Non-South-Facing PV’s Generation Curve:
As shown in Fig. 8, the normalized generation curve for a south-
facing PV, G, = {Gs(t)},t = 1,...,T, can be approximated as
the normalized estimated aggregate generation curve for all PVs:

13)

where, Gm denotes the peak of éw. To infer the unknown gen-
eration time series for a non-south-facing PV, G,.s = {G,.s(1)},
t=1,...,T, we assume G,,(t) is a function of G,(1), i.e.,
Grs(t) = f(Gs(t)). By appending f(Gs(t)) to the end of (11),
an (IV + 1)-dimensional joint Gaussian distribution can be con-
structed as:

G ()] [FEX)
G | | rxem)
() FX(0)

~ l,l,* 2* 2*1
() E )

where, X (t) = [G4(t), Ha(t), D, (t)]T is a vector of explana-
tory variables. ¥, represents the training-test set covariances
and X is the test set covariance. Since G, (t), X*(¢), and
X (t) are known, using the Bayes rule, the distribution of G,,5(t)

(14)
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Fig. 11. Load duration curves for an example customer’s diurnal native
demand and diurnal net demand.

conditioned on G, can be computed as follows:

Gs(D)|Grs ~ N (1 (1), £1(2)), (15)
where, p(t) =02 'Gr, and Yi(t) =311 —

£T 27 !5,;. Note that ;11 (t) denotes the most probable value
of the estimated generation at time ¢ for a non-south-facing PV.
By conducting the above inferring procedure for all the ¢’s, we
can obtain a candidate generation time series corresponding
to a particular typical PV azimuth. Since there are multiple
typical azimuths, such as east, and west, we can infer multiple
candidate PV generation time series:

G‘ZES = {G‘ZLS (t)}7

where, GJ _(t) denotes the inferred PV generation at time ¢,
for the j’th typical non-south-facing azimuth. N,,; denotes the
total number of typical non-south-facing PV azimuths and is
determined by conducting numerical experiments.

t=1,..,T, j=1,...,Nns, (16)

B. Estimating Peak Generation for Each Individual PV

Simply knowing the candidate shapes for unknown generation
curves is insufficient for allocating the estimated aggregate
generation to individual PVs. As discussed earlier, we should
also know the magnitudes for the candidate generation curves.
To estimate the peak generation, we employ our observation
from real data that the peak generation is almost identical with
the difference between the minimum diurnal native demand and
the minimum net demand.

Specifically, to explain our observation regarding the correla-
tion, we start with Fig. 11, showing the load duration curves for
the i’th customer’s diurnal native demand, P,, 4 ;(t), and diurnal
net demand, P{u, d)i(t). Thus, we can compute the difference
between the minimums of P, q,;(t) and P, ;;(t):

A7)

/
Dw,l — L w,d,i T w,d, i

where, P, ;; and P, ,; denote the minimums of P, 4(t)
and P/

Y 4.4(t) during a selected window, respectively. Note that
P, 4 is positive, and Blw,d,i is negative. Then, our finding is

that D,, ; is highly similar to the peak generation, G, i, as
shown in Fig. 12. This relationship inspires us to approximate

(kW)
o @
©

»

2 2
2 4 6 8 2 4 6 8
Dy (kW) Dy, (kW)
(a) Spring (b) Summer
Fig. 12.  The relationship between peak generation and the difference between

minimum diurnal native demand and minimum net demand. (a) Spring (b)
Summer
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Fig. 13.  The relationship between minimum diurnal native demand and min-

imum nocturnal native demand. (a) Spring (b) Summer

Guw,m.i as Dy 5

Guwmi=Duwi, i=1,.,Ny, (18)

where, Gwm,i is the estimate of G, ,, ;. However, one challenge
is that D,, ; depends on P, ; ;, which is unknown due to BTM
PV generation. Therefore, we need to estimate P,, ;;, which
is involved with another finding from real native demand data.
Specifically, as shown in Fig. 13, the minimum diurnal native
demand, P, ; ;, can be approximated as the minimum nocturnal
native demand, P, ,, ;:

Bw,d,i ~ Bw,n,iv i =1,..,Ny. (19)

Note that since PV does not generate power during nighttime,
P, ., ; is known to utilities. Finally, using the estimate of P.

Zw,n,i

and the known P,

w,d,i
.d,i» We can compute D, ; using (17), and

then compute Gw,m’i using (18).

C. Allocating the Estimated Aggregate PV Generation to
Individual PVs

Sections III, IV-A, and I'V-B provide the estimated aggregate
generation time series of all PVs, inferred candidate generation
curves for individual PVs, and estimated generation peaks for
individual PVs, respectively. Therefore, estimating individual
PVs’ generation curves comes down to allocating the estimated
aggregate generation time series to individual PVs. This allocat-
ing procedure is formulated as an optimization process:

min ||Ge* K x1—Gull3 + 1 |3 (20a)

Y
st Gex K <1% (Gum+7)", (20b)
0<~vy<Px1, (20c)
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where, G, = [Gs, G, ...,GNrs] is a T-by-N, matrix, which
denotes a collection of candidate generation curves. N, =
Ny + 1 denotes the total number of candidate generation curves.
K =[K.,...,Kn,] is an N.-by-N,, matrix of decision vari-
ables, which denote the weights assigned to candidate generation
curves for individual PVs. K;,i = 1,..., Ny, is an N,.-by-1
vector, which denotes the weights assigned to candidate gener-
ation curves for the i’th PV. The first 1 is an N,,-by-1 vector of
ones. G, * K results in a T-by-V,, matrix, which is a collection
of estimated generation time series for individual PVs. The
first term in the objective function (20a) reflects the difference
between the estimated aggregate PV generation, G,,, and the
weighted summation of individual PV’s estimated generations,
G. * K x 1. The second term in the objective function (20a)
considers the estimation errors of peak generations. A is a
tuning parameter. 7y is an N,,-by-1 vector with non-negative
elements, which reflect the errors of approximating Gy, ; as
D, i, as shownin (18). The second 1 is a T-by-1 vector of ones.
Gw,m - [Gw,'rrz,lv ..

of the estimated generation peaks for all PVs. (Gym +7)
denotes the corrected generation peaks with consideration of es-
timation errors. 1 * (G, +7)" produces a T-by-N,, matrix,
in which each column contains the same element. Constraint
(20b) ensures that the estimated generation time series for each
PV is smaller than its estimated peak generation. 0 is an N,,-by-1
vector of zeros. Py denotes the maximum error of approximating
Guw,m,i as Dy, ; for individual PVs. The third 1 is an NV,,-by-1
vector of ones. Constraint (20c) ensures that the estimation
errors for individual PVs are non-negative and smaller than an
upper bound. The reason for constraining the elements of vy as
non-negative is that D,, ; typically under-estimates G, ., as
shown in Fig. 13.

The optimization process represented in (20) is a convex
quadratic programming problem, thus, we can obtain a unique
solution for K, i.e., K* = [K7, ..., Kjvw]. Then, the estimated
generation time series for the i’th PV, é’wﬂ‘ = {Gw7i(t)}, t=
1,...,T, can be computed as:

Gw,i = Ge*sz

o Gum, Nw]T denotes an N,,-by-1 vector

. No. 1)

Then, thAe estimated native demand time series for the i’th
customer, P, ; = {P,,;(t)},t = 1,...,T, can be computed as:

i=1,..

Pw,ingu)i+éw7i7 i=1,...,Ny.

(22)
where, P, ; = {P,, ;(t)},t =1,...,T, denotes the known net
demand time series recorded by smart meter for the ¢’ th customer
with PVs.

Note that (20) can be solved for a selected window. The
window size, ', can impact estimation accuracy and runtime,
which will be examined in the Case Study Section. The detailed
steps for estimating customer-level PV generation are illustrated

in Fig. 14.

V. CASE STUDY

In this section, the proposed two-layer BTM solar power and
native demand estimation approach is verified using real PV
generation and native demand data.
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Estimate the Minimum Diurnal Native
Demands for Individual Customers

Minimum Diurnal Native Demand and the Minimum

Compute the Difference between the Estimated
Net Demand for Individual Customers

Produced Candidate Estimate the Peak Estimated Aggregate
Generation Time Generations for Generation Time
Series Individual Customers Series
—»[ Optimization ]4—

[ Optimal Weights ]

Estimate Generation Time Series
for Individual Customers

Fig. 14. Detailed steps of the individual customer-level BTM PV generation
estimation.
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Fig. 15. Three-day actual and estimated aggregate PV generation and native

demand curves. (a) Aggregate PV generation (b) Aggregate native demand

A. Dataset Description

The hourly native demand and PV generation data used in this
paper are from a public dataset [24]. The time range of native
demand and solar power is one year. This dataset contains a total
number of 100 customers with PVs and 115 customers without
PVs. For the customers with PVs, the net demand is obtained by
subtracting PV generation from native demand.

B. Aggregate-Level BTM PV Generation Estimation
Validation

Fig. 15 shows three-day actual and estimated aggregate PV
generation/native demand curves. It can be seen that the esti-
mated curves can accurately follow the actual curves. To quanti-
tatively evaluate the estimation accuracy, we compute the mean
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Fig. 16. Three-day actual and estimated PV generation and native demand
curves for an example customer with PV. (a) PV generation (b) Native demand

absolute percentage error (MAPE) as follows:

Yo (t) — Yo (2)
Yw,m

MAPE = 100% Z 7 23)

N,
d tely

where, Y, (t) represents G, (t) or P,(t). Yy, (t) represents
G (t) or Py(t). Yoy m represents Goy, n, OF Py, 1, Where Gy i,
and P, ,, denote the actual peaks of PV generation and native
demand, respectively. I; denotes the set of daytime hours. Ny
denotes the total number of hours in /.

To comprehensively evaluate the performance of our ap-
proach, we also compute the mean squared error (MSE) and
coefficient of variation (CV):

1 - 2
MSE =) (Yut) =Yu(®)) (24)
7, 2 )
cv =2, 05)
1L
where,
1 N
=N, (Yw(t) - Yw(t)), (26a)
1 5 2
Q \/Nd -1 Zteld <(Y’“’(t) = Yy(t) - u) . (26b)

The computed M APE’s for PV generation and native de-
mand are 1.21% and 1.28%;, respectively. The computed M S E’s
for PV generation and native demand are about 58.09. Note that
the actual peaks for the PV generation and native demand are
462.5 and 437.1 kW, respectively. The computed C'V’s for PV
generation and native demand are about -3.48. The above error
metrics reflect the high accuracy of our proposed approach.

C. Customer-Level BTM PV Generation Estimation Validation

1) Estimation Performance: Fig. 16 shows three-day actual
and estimated PV generation and native demand curves for an
example customer with PV. We can see that the estimated curves

TABLE I
EMPIRICAL CDF OF ESTIMATION ERROR METRICS

Empirical CDF 0.1 0.2 0.5 0.7 0.9

MAPE of G (%) 284 405 496 638 880
MAPE of P (%) 163 215 280 367 492
MSE of G 0.04 006 0.10 0.19 033
MSE of P 0.03 005 009 018 029
CV of G -11.80  -5.13  -2.60 237 16.12
CV of P 1130 -4.65 -259 1.77 10.90

can accurately fit the actual curves. To comprehensively examine
the performance of our approach, we compute the M APFE for
all customers with PVs. Specifically, the M AP E’s for the i’th
customer are computed as follows:

Yii(t) —
Yw,m,i

MAPE; = 100% > (27)

Ng

telg

where Y, ;(t) represent G, ;(t) or Py i(t), Yu,.i(t) represent
éw,i(t) or Pw’i(t), and Yy, m,; represent G i OF Py .
Guw,m,i and P, , ; denote the actual generation and native de-
mand peaks for the 7’th customer, respectively. We also compute
the M SE and C'V for each PV-installed customer:

MSE; = Nid t%‘; (Yw,i(t) - Yw,i(zf))2 . (28
oV, = Z— (29)

where,
b= 3 (Fslt) = Yot (300)
S \/ Nid S ((Vas(0) = Yaua(0)) - M,»)z. (30b)

Table I summarises the empirical cumulative distribution
functions (CDFs) for the estimation M APE, MSFE, and
C'V, which are constructed using all the computed M APE’s,
MSE’s, and C'V’s, respectively. As can be seen, for the es-
timated hourly PV generation, 70% of the M APE’s are less
than 6.38%. Regarding the estimated hourly native demand, 70%
of the M APFE’s are less than 3.67%. This effectively verifies
the estimation accuracy of our proposed approach. We also
provide the percentiles of M.SE and C'V based on all the PV-
installed customers’ generation and native demand estimates,
which can more comprehensively evaluate the performance of
our approach.

Note that the above results are obtained under the conditions
that (1) five produced candidate generation curves are employed
(Ne = 5), (2) the tuning parameter in (20a) is 100 (A = 100),
and (3) the optimization process specified in (20) is executed for
individual windows with a time length of one month (7" = 720
hours, the entire year is divided into 12 windows).
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Fig. 17. Three-day produced candidate generation curves corresponding to
three typical azimuths, i.e., east, south, and west.

TABLE II
IMPACT OF CANDIDATE GENERATION CURVES

Case 1 1I 111
Average M APE of G (%) 5671 5474 5473
Average M APE of P (%) 3924 3.086 3.086
Runtime (s) 40 125 194

2) Testing the Candidate Generation Curves: As elaborated
in Section I'V-A, diverse candidate generation curves are pro-
duced for representing the unknown BTM generation. Thus, it
is of interest to examine the effectiveness of producing candi-
date curves. Fig. 17 shows three produced candidate generation
curves corresponding to three typical azimuths, i.e., east, south,
and west, respectively. We can observe that compared to the
generation curve corresponding to the south, the produced curve
corresponding to the east is “left-skewed,” and the produced
curve corresponding to the west is “right-skewed”. Therefore,
the produced curves demonstrate diversity, which is consistent
with our observation on real PV generation curves shown in
Fig. 9.

In addition, we have also quantitatively examined the ef-
fectiveness of producing diverse candidate generation curves.
Specifically, we test the impact of the number of candidate
generation curves, i.e., we solve (20) separately for three cases
with different numbers of candidate curves: (I) one candidate
generation curve corresponding to the azimuth of south; (II)
three candidate generation curves corresponding to the east,
south, and west, respectively; and (III) five candidate generation
curves corresponding to the east, southeast, south, southwest,
and west, respectively. The other conditions for the three cases
are the same: A = 100 and 7" = 720 hours. To evaluate the
impact of candidate number, we compute the average M APE
over all PVs’ M APFE’s obtained from (27). The results are
summarized in Table II. We can see that as the candidate number
increases, the estimation error decreases, and the execution time
increases. In addition, the M AP E for Case I is relatively greater
than Case II and III, and Case II and Case III provide nearly
identical M APFE’s. This is because three candidate curves -
corresponding to the east, south, and west - can comprehensively
represent the unknown BTM generation curve; adding extra
candidate curves simply result in a slight accuracy improvement.

3) Testing the Tuning Parameter A: As discussed in
Section IV-C, A in (20) reflects the confidence of estimating
peak generations for individual PVs. One general principle
for determining A is that the largest element in 7y is a couple
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TABLE III
IMPACT OF WINDOW SIZE T'

T (month) 1 2 3 4
Average M APE of G (%) 547 530 5.18 5.08
Average M APE of P (%) 3.09 299 292 287

of kilo-watts. In addition, the solutions for (20) should not
be sensitive to A, i.e., (20) should be robust to X. To verify
the robustness of our proposed approach, we solve (20) based
on different values of A, and then compute the corresponding
average M APE’s for the estimated PV generation and
native demand. Other conditions are that 7" = 720 hours and
five candidate generation curves - corresponding to the south,
southeast, south, southwest, and west - are employed. The results
show that for the A’s ranging from 100 to 500 with an interval
of 100, the average M APE’s for PV generation and native
demand donot change (5.47% and 3.09%). The invariant average
M AP E’s demonstrate the robustness of our proposed approach.

4) Testing the Window Size T': Since our proposed approach
can be conducted for each divided window, it is of importance
to examine the impact of window size on estimation accuracy.
To do this, we perform our approach for windows with different
lengths and then compute the estimation M APE. In Table 111,
it can be seen that the average M A P E decreases as T  increases.
This is because for a wider window, the probability for the
minimum diurnal native demand, P,, ; ;, equaling the minimum
nocturnal native demand, Bwym-, is larger. Thus, we have a
smaller estimation error for P, g’i, as seen in (19). Then, based
on (17) and (18), it can be seen that the smaller estimation error
for P, 4 ; results in a more accurate D,, ;, which then brings a
more accurate estimate for G, ;. Finally, more accurate peak
generation estimates result in smaller estimation errors for the
PV generation and native demand time series.

D. Performance Comparison

This paper compares our proposed approach with previous
works from two perspectives, qualitatively and quantitatively.

1) Qualitative Analysis: From a qualitative point of view,
one primary advantage of our approach is that it does not
require meteorological data and solar generation exemplars. For
the aggregate level, our approach can perform PV generation
estimation by only using recorded net demand data. For the
customer level, our approach can also work by only relying
on recorded smart meter data, although leveraging PVWatts
Calculator’s generated data can improve the estimation accuracy.

2) Quantitative Comparison: For the customer level, we
have also compared our approach with previous works. Specifi-
cally, we focus on comparing our approach with the method pre-
sented in [22] and [11], which demonstrate better performance
compared to previous works. Table IV summarizes the computed
M APLE’s for our approach and the compared approach. Note
that the average M AP E’s for our approach have lower and up-
per bounds because the considered window size, T', ranges from
one month to four months. As can be seen, the approach in [22]
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TABLE IV
AVERAGE M APE (%) COMPARISON

Approaches  Our Approach  Approach in [11]  Approach in [22]
G [5.08, 5.47] 7.38 5.24
P [2.87, 3.09] 9.94 2.95
TABLE V

AGGREGATE-LEVEL ESTIMATION M AP E (%)

W/O noise Case 1 Case2 Case3 Case4 CaseS5S
G 1.21 1.17 1.22 1.38 1.53 1.73
p 1.28 1.28 1.33 1.43 1.58 1.76
TABLE VI

AVERAGE CUSTOMER-LEVEL ESTIMATION M AP E (%)

W/O noise Case 1 Case?2 Case3 Case4 CaseS5S
G 547 5.84 5.86 5.64 5.54 5.62
p 3.09 3.53 3.68 3.62 3.63 3.80

demonstrates a similar estimation accuracy as our approach
does. However, our approach does not require solar exemplars,
which makes it more independent and practical. The approach
in [11] employs a statistical model and a physical model to
represent the native load and the PV generation, respectively.
Table IV shows that our approach has a better performance than
the approach in [11] in terms of the average M APFE.

E. Robustness Against Measurement and Communication
Noises

To test the robustness of our proposed approach, we add
measurement and communication noises to the net demand
measurements of customers with PVs and the native demand
measurements of customers without PVs. For the measurement
noise, we consider the Class 0.5 (having +0.5% error) specified
by ANSI C12.20. For the communication noise, we test five
different packet loss rates considering that the packet loss rate
depends on the communication bandwidth and data volume.
For example, we purposely change 1% of the measurements
to zero to achieve a 1% packet loss rate. To comprehensively
evaluate our approach’s performance, we set up five cases: Case
1 — 1% measurement lost + 0.5% random noise, Case 2 — 2%
measurement lost + 0.5% random noise, Case 3 — 3% measure-
ment lost + 0.5% random noise, Case 4 — 4% measurement
lost + 0.5% random noise, and Case 5 — 5% measurement
lost + 0.5% random noise. Then, we apply our approach to the
above five cases and compute the M APFE for evaluating the
robustness. The results are summarized in Tables V and VI. We
can observe that the M APE’s slowly increase while the noise
level increases, demonstrating the robustness of our approach.

F. Limitations of the Proposed Approach

Every method has its limitations, and there is no omnipotent
method that can apply to all cases. The limitation of our proposed
approach is that it requires time-series smart meter data with a
temporal granularity that can distinguish daytime and nighttime.
This is because our approach innovatively utilizes the temporal
correlation between the aggregate nocturnal native demand and
the aggregate diurnal native demand. Under this condition, only
having access to the monthly demands of those PV-installed cus-
tomers brings challenges to our approach because it cannot split
the monthly demand into two parts, the diurnal and nocturnal
demands, for computing the nocturnal native demand ratio. We
intend to address this challenge in our future work.

VI. CONCLUSION

This paper is dedicated to proposing an independent and
practical BTM solar power/native demand estimation approach.
Our proposed approach contains two interconnected layers.
The aggregate level leverages the spatial correlation of native
demand to perform the aggregate PV generation/native demand
estimation. The customer level utilizes the spatial correlation
of PV generation to allocate the estimated aggregate PV gener-
ation/native demand to individual customers. The Case Study
verifies that our approach can accurately estimate BTM PV
generation/native demand, significantly enhancing distribution
system observability and situation awareness. The numerical
experiments also demonstrate that our approach does not re-
quire meteorological data and measured solar power exemplars.
Therefore, our approach is more independent and thus is practi-
cal for utilities to implement.
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