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ABSTRACT The increasing penetration of distributed photovoltaic (PV) generation systems due to the
expansion of renewable energy has posed challenges to power grid operators, particularly in managing the
uncertainty caused by behind-the-meter (BTM) PV systems. These systems are unmeasured, complicating
gross load estimation and grid management. To address this issue, a novel disaggregation method utilizing
net load measurements and partially aggregated advanced metering infrastructure (AMI) data is proposed.
The proposed method uses a weighted least squares (WLS) method by assigning higher weights to nighttime
errors to mitigate daytime errors caused by PV generation. Additionally, a first-order time-scaling method is
introduced to correct temporal discrepancies caused by partially aggregated AMI data. The proposed method
is validated using data provided by the Korea Electric Power Research Institute (KEPRI).

INDEX TERMS Advanced measurement infrastructure, gross load estimation, load disaggregation, non-

intrusive load monitoring, photovoltaic generation.

I. INTRODUCTION

As carbon neutrality accelerates, the use of renewable energy
has surged in recent years [[1], [2]], [3]. For example, the South
Korean government has set a target to increase the share of
renewable energy to over 20% by 2030 [4]. In many countries,
including Denmark, Ireland, and Germany, the penetration
rate of distributed renewable energy sources has surpassed
20% at the national level [5]]. However, the high penetration
of distributed resources introduces new challenges for power
grid operators as it causes issues such as voltage stability and
supply-demand imbalance [6]]. In particular, most distributed
photovoltaic (PV) generation systems are installed behind the
meter (BTM) and system operators do not directly measure
them [7]. According to [8], some companies share PV data
with system operators in a non-real-time, retrospective man-
ner. [9]] indicates that National Grid is gradually developing
infrastructure for real-time DER data sharing, but such capa-
bilities have not yet been fully established. These practices re-
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main limited and are not systematically implemented in many
regions [10]. As a result, the net load measured at substations
appears as a combination of the gross load and BTM PV
generation, introducing significant uncertainty in forecasting
gross load and, hence, challenging grid management recently.

Various disaggregation methods have been developed to
separate the BTM PV generation from the net load profile
measured at substations. For example, [1 1] proposed a model-
based method that combines a clear sky generation model
and weather-solar efficiency effects to estimate BTM PV
generation. [12] proposed a maximal information coefficient-
based correlation analysis for BTM PV estimation. In [13]], an
iterative algorithm was proposed to learn a physical model for
estimating BTM PV generation and a mixed Hidden Markov
model for estimating gross load. However, these studies often
rely on detailed PV system specifications or can yield inaccu-
rate results when the actual PV installation location deviates
significantly from the assumed location.
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In this regard, data-driven methods, which do not require
physical models or PV system specifications, have been in-
vestigated [ 14]], [15], [16]. In [[14]], a method using dimension
reduction and mapping functions was proposed to estimate
BTM PV generation, dealing with limited observable PV
sites. In [[I5], a contextually supervised source separation
method was proposed for real-time PV generation moni-
toring. [[16]] proposed a method for estimating community-
level BTM PV generation using a federated learning-based
Bayesian neural network. In [[17]], an adaptive machine learn-
ing framework was proposed for BTM PV estimation. How-
ever, these data-driven methods require the ground truth of
the BTM PV generation, meaning that they cannot be used
when there is no ground-truth data available.

To overcome the lack of BTM PV generation data, re-
searchers have investigated methods using PV proxy such as
solar irradiation [[18]], [19], [20]. In [18]], a linear regression
model was used for disaggregation using net load data and
irradiation data. [[19] introduced PV and gross load sensitivity
models to estimate the BTM PV generation, using net load
and meteorological data. However, since these methods rely
on irradiation data to estimate PV generation, there is a non-
linear discrepancy between the irradiation data and the BTM
PV generation. This issue has also been highlighted in previ-
ous studies [20]], [21]]. [22] proposed a game-theoretic data-
driven method that uses only smart meter data to estimate
BTM PV generation. However, it can demand a significant
amount of library data for the accurate estimation.

Meanwhile, the adoption of advanced metering infrastruc-
ture (AMI) has seen remarkable growth. For example, in
the United States, the number of operational AMI meters
increased nearly twelve-fold between 2007 and 2017, result-
ing in AMI meters accounting for 51.9% of all meters [23]].
Researchers have investigated the application of AMIs for
load disaggregation [24], [25]], [26]]. However, these studies
primarily focused on non-intrusive load monitoring of in-
dividual household appliances rather than estimating aggre-
gated substation-level loads. In addition, while the AMI can
offer opportunities for accurate disaggregation, its penetration
rate varies across countries and regions, resulting in only
partial measured data availability depending on areas.

Motivated by the above discussion, this study proposes a
BTM PV generation disaggregation method that uses only net
load measurement and partially measured aggregated AMI
data, enhancing its practical applicability. Specifically, we
propose a weighted least squares (WLS)-based disaggrega-
tion method by assigning higher weights to nighttime estima-
tion errors, thereby reducing the impact of daytime estimation
errors caused by unknown BTM PV generation. We analyze
the correlation between the gross load and aggregated AMI
profiles to verify their similarity. Subsequently, the aggre-
gated AMI profile is then used for estimating gross load. In
addition, we introduce a temporal first-order time-scaling to
compensate temporal discrepancies arising from unmeasured
portions in the aggregated AMI data. The proposed method
is verified and analyzed using the hourly collected data,
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FIGURE 1. Aggregated AMI and gross load profiles

characterized by AMI penetration rates and weights between
daytime and nighttime errors. The main contributions of this
study are summarized as:

e The proposed BTM PV generation disaggregation
method uses only net load measurement and partially
aggregated AMI data, without requiring PV generation
and irradiation profiles.

o A temporal first-order time-scaling method is proposed
to mitigate temporal discrepancies arising from the par-
tially aggregated AMI data.

o A WLS-based disaggregation method is proposed,
which assigns higher weights to nighttime estimation
errors to reduce the impact of daytime estimation errors
caused by unknown BTM PV generation.

The remainder of this paper is organized as follows. Section
] analyzes the aggregated AMI data and gross load and
formulates the BTM PV generation disaggregation problem.
Section |[1I| proposes a BTM PV disaggregation model intro-
ducing a first-order time-scaling method and presents a WLS-
based estimation method that assigns higher weights to night-
time data. Section[[V]verifies the disaggregation performance
of the proposed model and estimation method using hourly
collected data. Finally, Section V| concludes the paper and
suggests directions for future research.

Il. PROBLEM FORMULATION
The net load at the substation is represented as the sum of the
gross load and BTM PV generation and expressed as follows

Pnet(t) = Pgross]oad(t) + PpV(t)a (D

where Pp(r) denotes the net load; Pgrossioad (1) represents the
gross load; Py (1) is the PV generation for r € [t1,1, ..., 17]
for T > 0. In this study, we consider the scenario that Py ()
can be measured at the substation, whereas Pgrossioaa(?) and
P,y (1) are not measured directly by distribution system oper-
ators. In addition, in the scenario under consideration, AMI is
installed for selected customers in the substation, providing
their daily load profiles. As AMI data are gathered from a
number of customer sites, the patterns of the aggregated AMI
profiles can be similar to those of the gross load even if the
magnitude of the aggregated AMI data is smaller than that of
the gross load at each time.

We briefly analyze the similarity between the aggregated
AMI and gross load profiles. Figure [T| shows the gross load
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FIGURE 2. Correlation between the gross load and aggregated AMI data
for each feeder with the AMI aggregation rate of (a) 41%, (b) 69%, and (c)
92%

and aggregated AMI data. The black line represents the gross
load data within the feeder. The orange line represents the
aggregated AMI data with the aggregation rate of 41%. A
notable point in Figure[T]is that, despite only 41% of the gross
load being captured by AMI, its profile shows a pattern very
similar to that of the gross load profile. This similarity can be
attributed to the smoothing effect on individual customer load
variability when multiple customer load data are aggregated,
resulting in more regular and predictable load patterns [27].

To quantitatively evaluate the profile similarity between the
two datasets, we conducted a correlation analysis between the
aggregated AMI data and the gross load based on different
AMI aggregation rates. The results, presented in Figure [2]
demonstrate consistently high correlation coefficients across
all feeders, indicating that the gross load profile can be well
represented by the aggregated AMI data, even at low aggre-
gation rates. AMI and gross load data are based on customer
consumption behavior and inherently reflect external factors
such as weather, seasonal variations, and social activities.
Therefore, a pattern based estimation method can be applied
without relying on additional external variables.

Therefore, the goal of this study is to propose a method
to accurately estimate the gross load Pgmssload(t) based on the
aggregated AMI data without the information of the BTM PV
generation, thereby demonstrating the potential to disaggre-
gate BTM PV generation Py, () from the net load Pne(7).

lll. BTM PV GENERATION DISAGGREGATION METHOD

A. OVERALL STRUCTURE OF THE PROPOSED METHOD

Figure [3] provides an overview of the proposed method for
BTM PV generation disaggregation. The proposed method
obtains two inputs to disaggregate BTM PV generation: the
net load data measured at the substation level and the aggre-
gated AMI data collected at the customer level. Then, the two
input data are used for constructing the proposed first-order
time-scaling-aided linear regression model, and the WLS-
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FIGURE 3. Overview of the proposed method for load/PV disaggregation

based gross load estimation method is then performed with
the proposed weighting value selection strategy to obtain the
unknown coefficients in the proposed linear model. Finally,
using the obtained coefficients, the linear model can estimate
the gross load accurately, disaggregating the BTM PV gener-
ation from the net load.

B. LINEAR MODEL WITH FIRST-ORDER TIME-SCALING
COEFFICIENT

The proposed model is defined as follows:

Pnet(t) = Pgrossload(t) + E(t), (2a)
Pyrossiond (1) = Om(t) + Cg + Cil(1) + £(1), (2b)

where m(t) is the aggregated AMI data; 6,, represents the
scaling factor of m(t); C, and C; denote the coefficients
for zero- and first-order regression terms, respectively; &(t)
represents the error arising from the unknown PV generation;
&(r) denotes the gross load estimation error. It is worth noting
that, to account for temporal trends in load estimation, we
introduce a first-order time-scaling variable /(¢), which is
defined as:

r—1
(t) = —— 3
() =7—. ()
where T represents the number of measurements in a day.
For example, T = 24 indicates we have one-hour period

measurement data. Then, ¢ takes values from 1 to 24, and
1(t) increases linearly from O to 1. Therefore, it effectively
corrects offset mismatches between the estimated load and
the net load during nighttime.

In this study, aggregated AMI data are used to estimate the
gross load. However, since AMI systems are only partially
deployed across distribution feeders, unmeasured portions of
load may lead to temporal discrepancies. These discrepancies
arise not only from the limited coverage of AMI systems but
also from differences in load characteristics among customer
types, especially when the data are biased toward specific
customer groups. To clarify this, Figure [ presents daily load
profiles by customer type. In the example distribution feeder,
General Use customers account for the majority, resulting in
a gross load pattern with a distinct daytime peak. In contrast,
other customer types, including Residential Power, have a
smaller share and thus limited influence on the gross load.
Although the aggregated AMI data may appear similar to the
gross load, temporal discrepancies occur because the load

3
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FIGURE 5. Net load and estimated gross load profile without applying the
first-order time scaling

characteristics of unmeasured customer types are not fully
reflected due to the low aggregation rate.

This issue is visually depicted in Figure 5} which shows
the estimated gross load using aggregated AMI data without
applying the first-order time-scaling adjustment. The figure
compares the estimated gross load with the net load during
nighttime. As a result, significant offset mismatches are ob-
served in the early morning and afternoon/evening periods.

C. WLS-BASED BTM PV DISAGGREGATION

This section proposes the WLS method to obtain the coef-
ficients of the proposed model, thereby estimating the gross
load using available data. The proposed method assigns dif-
ferent weights to data points during the optimization process
to reflect the varying importance of data over time [28]. The
WLS method is formulated as follows:

Wy = WXB6, “)

where W is a diagonal matrix containing weights. The coef-
ficient vector 0 is estimated by minimizing the weighted sum
of squared residuals, formulated as follows:
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FIGURE 6. Net load and aggregated AMI profiles
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The proposed WLS method can effectively estimate the
gross load using the proposed model (2). Nighttime data
are not affected by solar power generation and exhibit high
reliability between net load and total load. Therefore, WLS
assigns higher weights to nighttime data to maximize opti-
mization accuracy. On the other hand, daytime data has high
uncertainty due to unknown BTM PV generation. Thus, lower
weights are assigned to mitigate distortions that may occur
due to errors arising from unknown BTM PV generation (Fig.

).

D. METHOD OF ASSIGNING WEIGHTS
Appropriate selection of the weighting matrix W is crucial,
as it can significantly affect the model’s performance. The
weighting matrix is defined as follows:

w1 0 0
0 Wao 0

W = o (%)
0 0 Wao4q

w if t € thione
— et ©)
wy, otherwise
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FIGURE 7. The example of the three types of data

where w, represents the weight for the nighttime, and wy
represents the weight for the daytime; fion; denotes the pre-
scribed time interval for nighttime. To reflect the importance
of nighttime data, we can set w, larger than w;. A key
consideration when setting the weights is that the duration of
the nighttime period should be flexibly adjusted according to
regional or seasonal variability. In addition, the magnitude of
the weights is determined at the user’s discretion. To provide
better understanding, we analyze the effect of different weight
values in Section

IV. EXPERIMENTAL RESULTS
A. DATASET

The datasets used in this study were provided by the Korea
Electric Power Research Institute (KEPRI). The datasets con-
sist of hourly data collected from January 1 to December 31%
in 2023. They were collected from three anonymous regions
with different aggregation rates. The datasets for each region
consist of the following three types: AMI, gross load, and net
load data.

1) AMI data: this data aggregates the measured demand
of customers within each region without including PV
generation. The AMI aggregation rates of the three
regions are 41%, 69%, and 92%.

2) Gross load data: gross load data were measured at the
substations of feeders that do not contain BTM PV
generation. These data serve as the ground truth data
for evaluating the performance of the estimated gross
load results.

3) Net load data: To construct net load data that includes
BTM PV generation and gross load data, BTM PV
generation data were collected from locations near the
aforementioned three regions for the same time period.
Subsequently, the net load data were constructed by
adding the PV generation data to gross load data for
each region.

The example of the three types of data for a day is shown
in Figure[7] Considering regional and seasonal conditions in
the test environment, nighttime weight hours were assigned
as tight = {22,23,24,1,2,3,4,5}.
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FIGURE 8. Probability-based comparison of the proposed and
conventional models

B. EVALUATION METHOD

In this study, we evaluate the accuracy of the proposed method
using data collected hourly over the course of one year. The
proposed method is evaluated using the mean absolute error
(MAE) and root mean square error (RMSE) metrics, which
are defined as:

N
L :
MAE = ﬁ;mfmu

RMSE =

1 N
N ;(pl _pi)2a

where p; represents the actual value at time i, p; represents
the predicted value at time i, and N is the total number of
data points.

C. COMPARISON ANALYSIS OF ESTIMATION MODELS

In this subsection, we present a comparative analysis between
the proposed and conventional models, where we define the
conventional model as one without first-order time-scaling.
Table [I] presents the prediction errors of the models based
on the evaluation method described in Section[[V-B] showing
the prediction errors of the proposed model and conventional
model for a feeder with an AMI aggregation rate of 41%. In
this process, arbitrary weights were applied, with the daytime
weight set to 1 and the nighttime weight set to 10. The analysis
results, presented in Table([T]indicate that the proposed model
achieved approximately a 9.12% reduction in MAE and a
17.59% reduction in RMSE compared to the conventional
model.

In addition, Figure [§] shows the error distribution dur-
ing 22:00-24:00. The proposed model exhibited a bias of
—0.0357 and variance of 0.0312, while the conventional
model showed a bias of —0.1380 and variance of 0.0429.
These results quantitatively demonstrate that the proposed
model achieved a significantly lower bias, with a reduction
of approximately 74.11%, and a smaller variance, reduced by
27.32%, compared to the conventional model.

D. EFFECT OF WEIGHT VARIATIONS IN THE WLS METHOD
In this subsection, the effects of varying nighttime weights
on the disaggregation performance were analyzed. The pro-
posed model was evaluated with nighttime weights set to 1,
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FIGURE 10. The results of analyzing the feeder with an AMI aggregation rate of 69% using the WLS-based model with various weighting ratios of the

optimization coefficients (a) Om, (b) Cg, and (c) G

Model MAE RMSE
Proposed 0.3349 0.4731
Conventional 0.3685 0.5741

TABLE 1. Comparison between models with and without first-order
time-scaling

10, 100, and 1000, and the resulting performance changes
were compared. Figure [] illustrates the prediction results
for a specific day of a feeder with an AMI aggregation rate
of 69% under various weighting configurations. Figure [Oh
shows the results when a 1:1 weighting ratio was applied,
meaning that the standard least square method was used. The
result shows that it failed to achieve accurate predictions,
particularly during the daytime. When the weighting ratio
was set to 1:10 or higher, prediction accuracy improved (Fig.
[9). Table 2] shows that among the tested weights, a nighttime
weight of 10 achieved the best performance. Increasing the
nighttime weight to 100 or higher did not result in further
improvements.

Figure [T0] shows the obtained coefficients of the proposed
model for the one-year data under various weight ratios in
the WLS method. When the weight ratio of 1 : 1 was applied,
the variance of the obtained coefficients was large. This is
because the coefficients were adjusted to minimize the large
errors of the daytime period, which includes the errors caused
by the unknown BTM PV generation. In the case of a weight
ratio of 1 : 10, the variance of the coefficients was rela-
tively small. Since larger weights were assigned for nighttime
errors than those for daytime errors, the coefficients were

6

obtained to mainly reduce nighttime errors, which reduces
the influence of the large daytime errors caused by unknown
BTM PV generation, thereby decreasing the variance of the
coefficients.

Wa : W MAE RMSE
1:1 2.5747 2.8904
1:10 0.2810 0.3772
1:100 0.3104 0.4462
1:1000 0.3114 0.4480

TABLE 2. Performance of the proposed method with various weights

E. EFFECTS OF AMI AGGREGATION RATES

In this subsection, the performance of the proposed method is
evaluated under various AMI aggregation rates. Specifically,
a weighting ratio of 1:10 was applied for AMI aggregation
rates of 41% and 69%, and a ratio of 1:100 was applied for
92%, as these settings yielded the lowest estimation errors
in each case. Figure [[Th shows that even when the AMI
aggregation rate is as low as 41%, the proposed method yields
relatively accurate estimates by successfully capturing the

AMI aggregation rate  MAE  RMSE
41% 0.3349  0.4731
69% 0.2810  0.3772
92% 0.1200  0.1900

TABLE 3. Gross load estimation errors for various AMI aggregation rates
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FIGURE 11. BTM PV disaggregation results for each feeder with an AMI aggregation rate of (a) 41%, (b) 69%, and (c) 92%
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FIGURE 12. (a) Correlation between the gross load and the aggregated
AMI data for a feeder with 92% AMI aggregation rate (b) Correlation
between the gross load and the estimated gross load obtained by the
proposed method for the same feeder

overall trend of the gross load, despite slight deviations in
short-term variability. This demonstrates the method’s reli-
able performance under constrained data conditions.

Figures[TTb and[TTk demonstrate that as the AMI aggrega-
tion rate increases to 69% and 92%, the proposed method ex-
hibits significantly improved agreement with the gross load.
The time-resolution accuracy also improves, and the proposed
method more precisely captures the load trends. This trend is
also reflected in Table[3] where higher AMI aggregation rates
correspond to lower estimation errors. These findings rein-
force the expected benefit of increasing AMI aggregation for
load estimation. More importantly, however, they highlight
the robustness of the proposed method in scenarios where
AMI data is only partially available.
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F. ROBUSTNESS TO AMI MEASUREMENT ANOMALIES

This subsection analyzes the robustness of the proposed
method against anomalies present in AMI data. Figure [IZh
illustrates the correlation between the aggregated AMI data
and the gross load for a feeder with an AMI aggregation rate
of 92%, where each data point is color-coded based on its
correlation characteristics. The green points represent data
within the normal category, where the AMI data exhibit a
relatively linear relationship with the gross load. In contrast,
the red points represent abnormal data, where the AMI values
are excessively high compared to the gross load, indicating
local nonlinearity. This observed nonlinearity is likely caused
by anomalies due to data collection or processing errors.
Since a considerable amount of time has passed since the data
were collected, it is difficult to determine the exact causes of
these anomalies. Therefore, this study does not interpret them
as definitive errors but considers them likely measurement
irregularities due to unidentified causes.

Figure [I2p presents the correlation between the estimated
gross load generated by the proposed method and the gross
load data. Despite the presence of nonlinear anomalies in
the AMI data observed in Figure [I2, the proposed method
mitigates the impact of such abnormal segments and shows
an overall high linear correlation. Figure [I3] compares the
proposed method with the gross load. The red dashed line
corresponds to the nonlinear data segments identified in Fig-
ure [T2p, while the green dashed line represents a portion of
the relatively linear segments. Overall, the proposed method
closely follows the trend of the gross load. However, between
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Normalize Load

—imgen.

Proposed —— Gross load

Netload -==- AMI (Remaining data) AMI (Nonlinear data)

1 25 49 73 97 121 145 169

193

217

Time (hours)

241 265 289 313 337 361 385

FIGURE 13. Time-series comparison between the BTM PV disaggregation results and the gross load, highlighting nonlinear (red dashed line) and linear

(green dashed line) segments identified in Figure[12h

hours 313 and 337, some AMI data exhibited abnormal pat-
terns that differed from the gross load, and due to the nature
of the estimation method, which operates on a daily basis, the
estimated values showed some discrepancies from the gross
load. Nevertheless, overall, the proposed method suggests
that it can reliably estimate the gross load even when local
nonlinear anomalies exist in the AMI data.

V. CONCLUSION

This study proposed a method to disaggregate BTM PV
generation in distribution grids with high BTM PV pene-
tration by utilizing substation-level net load and partially
aggregated AMI data. The proposed method introduced a
first-order time-scaling coefficient to adjust temporal discrep-
ancies caused by partial AMI aggregation. A WLS-based
method was utilized to assign higher weights to nighttime
data in order to reduce the impact of daytime PV generation
variability. The proposed method included a comparison of
estimation models, an analysis of the impact of weight vari-
ations in the WLS method, and an evaluation of AMI aggre-
gation rates. The introduction of the first-order time-scaling
coefficient was proven to effectively mitigate the impact of
partial AMI aggregation, and the WLS-based method with
higher weights assigned to nighttime data was confirmed to be
effective in reducing daytime errors. The analysis of various
AMI aggregation rates indicated that higher aggregation rates
result in lower error rates. In addition, the proposed method
demonstrated robustness to local anomalies in the AMI data.
The proposed method is suitable when full AMI data collec-
tion is not feasible.
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