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Abstract—Because of the high variability of solar generation,
integrating solar energy into the grid requires estimating the
total energy demand and total solar generation behind a node
using such available data as load measurements at the node
and irradiance data. In this work, we propose a flexible, robust
semiparametric solar generation estimation methodology with
uncertainty bounds, which nonparametrically estimates the total
energy demand and parametrically estimates the solar generation
based on a photovoltaic performance model. We demonstrate the
effectiveness of our methodology on experiments that combine
publicly available hourly load and per minute irradiance data
with simulated data. We also demonstrate the high accuracy
achieved by our methodology if per minute load measurements
became available.

with even more frequent observations, such as per minute
observations, the accuracy of this estimation greatly increases.
II. M ODELING AND E STIMATION
Here, we formalize our model, our estimation procedure,
and our assumptions. The notation used throughout the remainder of this work is summarized in Table I.
A. Modeling Assumptions
We define the measured or net load at the substation as the
total energy demand minus the energy generated by solar:
Eg (t) = Er (t) − Ei (t),
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I. I NTRODUCTION
As the manufacturing costs of photovoltaic (PV) panels
decrease, integrating solar energy into the grid remains a
critical challenge owing to solar generation’s high variability
caused by soiling, weather variability, and cloud coverage
[1]. Therefore, in order for operators to better plan and costeffectively dispatch existing energy resources, solar energy
generation must be accurately predicted from available information such as load measurements and irradiance (i.e., solar
penetration) measurements.
Previously, [2] used micro-synchrophasor measurements at
the substation and a solar generator to estimate the amount
of solar energy generation in real time. In particular, [2]
created an accurate linear regression-based methodology for
estimating solar energy generation that was robust to the
high uncertainty of the plane-of-array irradiance. However, the
main difficulties with the approach in [2] were that it used a
restrictive parametric model for the load and had poor accuracy
above a five-minute sampling rate.
In this work, we offer a robust and flexible semiparametric solar generation estimation methodology with uncertainty
bounds using publicly available load and irradiance measurements. Specifically, we allow for the total energy demand to
be modeled using a highly flexible nonparametric model [3],
which requires fewer assumptions than the approach in [2].
Based on the fact that the total energy demand dynamics are
slower than the dynamics of solar energy generators, we can
estimate the total energy demand, solar energy generation, and
proportion of energy demand met by solar using only hourly
load and irradiance measurements. Moreover, we show that

(1)

where Er (t) ≥ Eg (t), which implies Ei (t) ≥ 0.
We will assume that Er (t) is a continuous function of time,
and we will estimate it using a nonparametric Haar wavelet
estimator with a resolution dependent on the rate at which load
measurements and solar irradiance data are collected [3]. For
example, when Eg (t) and IR (t) are known at hourly intervals,
we can use a resolution of 45 minutes, which means that
changes occurring within a 45-minute span cannot be resolved
by the estimator.
For Ei (t), an appropriate model would describe the contribution of a collection of rooftop PV panels connected to
the node with different performance models and incident
irradiance that varies over space. However, such a model
would introduce too many parameters, resulting in nonidentifiability given hourly or even per minute load measurements.
Therefore, a simpler model must be used. To elaborate the
simpler model, we will use the performance model described
in [4], [5], denoted f (IR ), for all rooftop PV generation,
where IR is the solar irradiance incident on the panel. The
performance model, f , depends on the number of panels in
series, the number of panels in parallel, and several other

TABLE I
N OTATION
Eg (t)
Ei (t)
Er (t)
IR (t)
f (IR )
(t)

Net load over [t − 1, t] (MW-hr)
Generated solar energy [t − 1, t] (MW-hr)
Total energy demand over [t − 1, t] (MW-hr)
Average net solar irradiance over [t − 1, t] (W/m2 )
Performance model for solar generation
Error term over [t − 1, t]

parameters. However, from the functional form of f in [4],
[5], for most operating conditions and net solar penetrations,
1.21
f (IR ) ≈ d0 IR
, where d0 accounts for nearly all of the other
parameters needed to describe f . Thus, if all the generators
experience the same solar penetration, IR (t), then a reasonable
aggregate model for Ei (t) would be Ei (t) = d(f ◦ IR )(t),
where d is an unknown parameter that reflects the penetration
level of solar energy and (f ◦IR )(t) = f (IR (t)). While not all
solar generators experience the same irradiance (and we use
varying irradiances in our experiments), we will see that this
aggregate model is adequate for capturing the correct behavior.

C. Estimation Problem Formulation
Letting (t) represent this additive random perturbation and,
with an abuse of notation, letting Er (t) now represent the
underlying total energy demand, we have as our model
Eg (t) = Er (t) − d(f ◦ IR )(t) + (t),

subject to Er (t) + (t) ≥ Eg (t) and d ≥ 0.
Then, we can formulate estimates for Er (t) and d by
solving the following corresponding constrained least-squares
problem,
min

B. Well-Posedness Assumptions

(2)

E∈H5 ,d
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k=1
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[Eg (k) − E(k) + d(f ◦ IR )(k)]

subject to E(k) = E(k + 24), k = 1, . . . , 48
At a resolution of 45 minutes with hourly estimates, the
nonparametric estimator introduces ill-posedness. Specifically,
over the span of one day, our nonparametric estimator would
have 64 unknown parameters, and the solar generation component would have one unknown parameter; and these 65 parameters would need to be determined from the 24 measurements
available over the span of a day. Such a problem is clearly
ill-posed.
We may think that this ill-posedness can be resolved by
including more days in our models. For each included day,
however, the model would add over 60 more parameters and
the number of observations would increase by 24. Hence, we
consider other solutions.
First, we can increase the number of observations taken
within a day. This would certainly fix several difficulties
including some that we will discuss later in this work. At
the moment, however, load data is available only at hourly
intervals from the grid. Another option is to regularize the
estimation by, for example, using a Tikhonov term with prior
estimates of the unknown parameters [6]. Here, we assume
that the total energy demand at any moment is realized as a
mean-zero additive random perturbation of some mean underlying total energy demand, and we regularize this underlying
demand by requiring it to be periodic at daily intervals over
a three-day period, resulting in a model with 65 unknown
parameters and 72 measurements and thus alleviating the illposedness.
Under this regularization, the mean total demand is restricted to the space of continuous, periodic functions, while
the actual realized total energy demand is not required to
be periodic. Therefore, the model allows for flexibility in
representing the total demand and requires the selection of
only one parameter, the resolution level (e.g., 45 minutes).
Moreover, because of the periodicity, large deviations in the
actual total demand from the mean total demand at the same
hour of the day are then a consequence of the error process or,
if the irradiance data allows it, can be used to identify the solar
generation coefficient. Therefore, this modeling framework
offers a flexible representation of the total demand and requires
choosing only a temporal scale. This nonparametric bent is
likely to increase the robustness of the model.

E(k) + ξ(k) ≥ Eg (k), k = 1, . . . , 72
ξ(k) ≥ 0, k = 1, . . . , 72
v
u 72
72
X
uX
t
Eg (k)2 ≥
ξ(k)2
k=1

(3)

k=1

d ≥ 0,
where t is measured in hours and H5 represents the class
of all nonparametric Haar wavelet estimators of resolution
corresponding to 45 minutes. We note that we added an
additional constraint on the size of the slack, ξ(k), whose
purpose is to prevent the estimated values of Er (k) from
deviating appreciably from the constraints imposed by Eg (k).
III. E XPERIMENTAL S ETUP
We now test our model and estimation procedure using
the National Oceanic and Atmospheric Administration’s per
minute solar penetration data for Bondville, Illinois [7], and
Ameren Corporation’s Illinois hourly load data [8] from March
31, 2016, to March 30, 2017. We start with an overview of
how this data is used, and we then describe the details.
A. Overview
We use the per minute solar penetration data to simulate
Ei (t) and to calculate the average hourly solar irradiance,
Ihour (t). We use the hourly load data as our realized value
of total energy demand. Using this total energy demand and
the simulated Ei (t), we compute Eg (t). Then, using this Eg (t)
and the average hourly solar penetration Ihour (t), we solve (3)
ˆ Using these estimates, we estimate
to estimate Êr (t) and d.
the energy demand met by solar and compare it with the true
value used to generate Eg .
B. Solar Generation Simulation
We start by randomly placing N = 100 solar generators
(uniformly distributed) in a unit square. For each generator,
we randomly assign the number of panels between one and
ten. Then, using the per minute solar irradiance data, for
each minute we simulate the irradiance at each generator
by drawing from a positive-orthant truncated, multivariate
normal distribution centered at the solar penetration data at
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Fig. 1. Energy generated by two simulated solar generators using per minute
solar irradiance data from November 1, 2016, to November 3, 2016.
Demand Disaggregation from 11/01/2016 to 11/03/2016
Total Demand
Demand met by Grid

5000

Demand met by Solar

MW-hr

4000

3000

2000

1000

0
0

20

40

Using the simulated hourly values of Eg (t) and the average
hourly values of Ihour (t), we computed the estimators of total
energy demand and the solar generation scaling constant, Êr
ˆ by solving an equivalent formulation of (3) that was
and d,
amenable to the Julia programming language’s “IPOPT” package [9]. Using these values, we estimated the proportion of
energy demand met by solar generation, θ(t) = Ei (t)/Er (t),
and we computed a bias correction and 15% and 85% quantiles
using the Jackknife procedure [10].
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Fig. 2. Disaggregation of the total energy demand into the energy demand
met by the grid and the energy demand met by solar generation.

the specified minute and a covariance matrix, C, whose entries
are given by C(i, j) = σ 2 exp (log(ρ) kx(i) − x(j)k2 ) , where
x(i) is the position of the ith solar generator and ρ ∈ (0, 1).
To enforce a sufficient amount of variability and dependence
between the generators, we choose σ 2 = 200 and ρ = 0.9.
Figure 1 shows the energy generated by two simulated generators using per minute solar penetration data from November
1, 2016 to November 3, 2016.
C. Grid Demand Simulation
Using the load data as the total energy demand and using
the total of the energy generated by the N simulated solar
generators, we can simulate the energy demand met by the
grid by taking the difference of these two quantities. See Figure 2 for an example with 100 generators operating between
November 1, 2016, and November 3, 2016.
D. Estimation
For the estimation, we use solar and load data in four
specific (weekday) time periods, where each is in the middle
of the four seasons: May 5, 2016, to May 7, 2016 (spring);
August 1, 2016, to August 3, 2016 (summer); November 1,
2016, to November 3, 2016 (autumn); and January 31, 2017,
to February 2, 2017 (winter). Using this data, we simulate
solar generation and grid demand as described above.

Figure 3 reports the estimated proportions compared with
the true proportion of energy demand met by solar. We make
several comments. First, the 15% to 85% quantile estimates
are able capture the real scenario. However, there are winter
quantile estimates that are negative. This is a consequence
of the Jackknife procedure, which computes the parameter
estimates by leaving out one observation at a time. Consequently, when we do the calculation for the proportion, we
include the removed observation with the Jackknife parameter
estimates, which allows for possibly negative proportions to
occur. Although these values are not physically realistic and
we could simply truncate at zero, we included the actual
behavior for transparency.
Second, the median estimates are less accurate in the
summer and winter than in the spring and autumn. We believe
that this is the result of the high correlation (both positive
and negative) between the total energy demand and net solar
irradiance on the days used in the estimation procedure. When
such a correlation exists, the two components of the estimation
become colinear, in a sense, and such colinearity allows for
the effects to be captured by either estimators. On the other
hand, for the days used in the spring and autumn estimation,
little correlation exists between the total energy demand and
net solar irradiance, which is why we perform so well.
Table II reports correlations coefficients between the total
energy demand and solar irradiance over the entirety of the
seasons (not just the days considered in the experiment). Thus,
in general, for the current rate at which load observations are
made public, this procedure will be most accurate for autumn.
However, if we are able to collect high-frequency observations,
say at the minute scale, we can do much better, as we show
in the next section.
V. U SING H IGHER -F REQUENCY L OAD O BSERVATIONS
Here, we explore our ability to estimate the proportion of
energy demand met by solar generation when given per minute
measurements of the net load on the grid. We follow the
simulation procedure from the data sources above with one
modification: in order to compute per minute load data from
TABLE II
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Fig. 3. Comparison of the quantile estimates for the proportion of demand met by solar generation.

the Ameren Illinois hourly load data, we interpolate between
hourly points using a Brownian bridge. Figures 4a and 4b
give examples of the data-based simulated disaggregation for
two cases of standard deviations used in the Brownian bridge
interpolation: (1) a standard deviation on the order of the
variation of the solar generation and (2) a standard deviation
that is one-third this value. Again, we note that it is unrealistic
to consider the total demand and the net load on the grid to
have so much noise; doing so, however, allows us to probe
the impact of this uncertainty on the estimates and quantiles.
We now fit the same model described in III with two
exceptions. First, we increase the nonparametric resolution to
a 5.625-minute interval. Second, because the problem is wellposed owing to the per minute observations, we can do away
with the periodicity assumption and limit ourselves to a oneday span of observations. Now, the minimization problem is
min

E∈H8 ,d

1440
X
k=1

1
2
[Eg (k) − E(k) − d(f ◦ Ir )(k)] ,
2

(4)

where k is measured in minutes and H8 represents the class of
all nonparametric Haar wavelet estimators of resolution corresponding to the 5.625-minute interval. We use the estimates
Êr and dˆ to compute θ̂. The estimates of θ and the 15% to
85% bootstrap-based quantile intervals (see [10]) are reported
in Figure 4.

For the mildly noisy interpolation our estimates of the
proportion of demand met by solar, even on a sunny day in the
middle of the summer, are excellent—a significant increase
in the accuracy of the hour-based estimates and uncertainty
bounds. For the moderate noise case, however, our ability to
accurately estimate the proportion of energy generated by solar
decreases. This result indicates that it is the variability of the
solar generation compared with the total energy demand that
allows us such a high accuracy in our estimation in the lownoise cases.
VI. C ONCLUSION
In this work we introduced a solar generation estimation
methodology that uses a highly flexible, nonparametric model
for the total energy demand. Even using only hourly load and
irradiance data, our uncertainty bounds are able to capture the
true underlying signal. Moreover, at the same measurement
rate, we show that we can accurately estimate the underlying signal when the total energy demand and irradiance
are uncorrelated, a situation that occurs most frequently in
autumn. We also show that we can overcome this challenge
with higher frequency load estimates, in which case we can
accurately estimate the solar generation at any time of the
year. Although such data is not currently available publicly,
we expect that it will become public under a high renewable
penetration scenario, since it could be market related (note
that we do not use voltage or other quantities that would also
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Fig. 4. The top row shows the data-based simulation of energy disaggregation. The bottom row shows the recovery of the proportion of the demand met by
solar for the different noise values used in the interpolation.

touch on security issues). Our ability to accurately estimate
the quantities of interest relies on the slower dynamics of the
total energy demand compared with solar generation.
In future efforts we hope to understand the spatial resolution
power of our approach, to improve the inverter model of the
solar generation, and to improve our simulation of plane-ofarray irradiance to further evaluate the methodology’s ability
to accurately recover the total energy demand, solar energy
generation, and proportion of these two quantities.
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