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Abstract: With the increasing penetration of the photovoltaic (PV) generator, uncertainty surrounding
the power system has increased simultaneously. The uncertainty of PV generation output has an
impact on the load demand forecast due to the presence of behind-the-meter (BtM) PV generation.
As it is hard to assess the amount of BtM PV generation, the load demand pattern can be distorted
depending on the solar irradiation level. In several literature works, the influence of the load demand
pattern from BtM PV generation is modeled using environmental data sets such as the level of solar
irradiation, temperature, and past load demand data. The particulate matter is a severe meteorological
event in several countries that can reduce the level of solar irradiation on the surface. The accuracy
of the forecast model for PV generation and load demand can be exacerbated if the impact of the
particulate matter is not properly considered. In this paper, the impact of particulate matter to load
demand patterns is analyzed for the power system with high penetration of BtM PV generation.
Actual meteorological data are gathered for the analysis and correlations between parameters are
built using Gaussian process regression.

Keywords: behind-the-meter photovoltaic; load demand forecast; particulate matter

1. Introduction

The increase in photovoltaic (PV) generators in the power system changes the load and
generation pattern significantly. The power system operator needs to manage the increase
in PV generation during the daytime by decreasing the generator output. PV generation
relies on solar irradiation on the surface of the solar cell panel and solar irradiation is
heavily influenced by the atmospheric condition, such as cloud cover (CL), moisture level,
and particulate matter in the air. Particulate matter is defined as a mixture of solid particles
and liquid droplets found in the air. Particulate matter is generally considered to be the
particles that range in size from a few nanometers to tens of micrometers [1]. The source of
particulate matter is pollutants emitted from power plants, industries, and automobiles.
Once airborne, it can travel several hundred kilometers and can cover large areas. Due to
industrialization and an increase in the number of automobiles in developing countries,
the intensity of particulate matter kept increasing for the last decades, not only in the
developing countries themselves, but also in the countries adjacent to the developing
countries [2]. Wildfire and dust storms are other major sources of particulate matter, and
the frequency of those events is increasing due to global warming [3].

PV generation is hard to predict and creates lots of noise compared to conventional
generators. Due to the intermittency and uncertainty of PV generation, operation of the
power system with a large PV generator requires a huge amount of reserve generators that
leads to an increase in the total generation cost. Thus, grid operators use forecast informa-
tion to decrease the required volume of reserve generators and reduce the generation cost.
The accuracy of forecasting generation and load demand may have a critical impact on
the operation cost and the stability of the power system with the large penetration level of
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renewable generators [4]. The prevalence of forecast errors is directly related to the amount
of reserve required in the system [5].

Forecasting the uncertainty of PV generation is essential for the stable operation of
the power system. PV generation is directly influenced by the solar irradiation on the
surface. Thus, one can calculate the ideal solar irradiance on the surface by using the
information on the rotation of the earth and its location in the orbit around the sun. There
are differences between the calculation and the actual amount of solar irradiation on the
surface due to several interference matters. Clouds in the atmosphere block the solar
irradiation directly and significantly reduce the PV generation. Thus, cloud forecast is
important for PV generation forecast. Dust and particulate matter are other factors that
influence PV generation in several countries with low air quality. Dust and particulate
matter reduce the efficiency of the PV module by reducing solar irradiation as they are
attached on the surface or flown over the area of the PV module [6]. In [7,8], the authors
show a clear correlation between particulate matter and solar irradiation. This implies that
particulate matter can impact PV generation. Particulate matter also causes soiling loss on
PV panels as it accumulates on solar panels over time [9]. Thus, the impact of particulate
matter on PV generation needs to be analyzed in many aspects.

Load demand is another important factor for power system operation. Its behavior is
dependent on human behavior and is influenced by various environmental parameters.
The most critical factor that affects load demand is temperature since there is a substantial
amount of electrical power demand used for air conditioning and heating. Power systems
with high PV penetration experience a temporal reduction in their load demand during
daytime due to the behind-the-meter (BtM) PV generators [10]. BtM PV can be identified
indirectly through the change in load demand during the daytime. Several works addressed
the issue of the distortion of load demand due to BtM PV generation. In [11], the author
decoupled load demand and BtM PV generation to increase the accuracy of the load
demand forecast. The author estimates the baseline load demand by training an artificial
neural network (ANN) model with actual load demand data. In [12,13], baseline load
demand is directly decoupled from the load demand pattern using a pair of load demand
patterns that have significant solar irradiation differences.

There is a clear correlation between BtM PV generation and load demand. Hence,
the intensity of particulate matter affects PV generation in several regions. However,
there are no papers that illustrate the relationship between particulate matter and load
demand as shown in Table. 1. In this paper, the impact of the intensity of particulate matter
on the accuracy of the load demand forecast is analyzed based on data collected by the
meteorological station in Jeju Island. The contributions of this paper are as follows:

• Analyze the impact of the intensity of particulate matter on the load demand and PV
generation;

• Build the PV forecast model considering the intensity of the particulate matter;
• Build the load demand forecast model considering BtM PV generation.

2. Load Demand Forecast Considering BtM PV Generation and Particulate Matter
2.1. Load Demand Forecast with BtM PV Generation

Load pattern is relatively easy to predict as it shows similar patterns day by day. It
continuously increases during the day and decreases during the night. A peak time is
around 2 to 3 pm as most people use electricity. Thus, the future value of load demand can
be estimated from the past load demand data collected from the day with similar conditions
such as temperature or calendar date. These conditions are important parameters for load
demand estimation.

There has been abundant literature surrounding load demand estimation. The auto-
regressive integrated moving average (ARIMA) is a simple but accurate method to estimate
the load demand’s time series model. Since load demand has a pattern in which the shape
is repeated every 24 h, an ARIMA model with 24 lags can be used for the forecast. For more
accurate estimation, several heuristic parameters are included in ARIMA models, such as
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meteorological values [14]. In [15], the author used customized parameters to reflect the
variable change in heat and cooling load demand in terms of temperature.

Recent studies proposed machine learning-based non-linear models with several
hidden layers for estimation. An artificial neural network (ANN) is a suitable model
that can integrate multiple parameters for the load demand forecast [16]. There are more
suitable machine learning models used to estimate consecutive inputs such as long- and
short-term memory (LSTM) and the non-linear auto-regressive neural network (NAR) [17].
The NAR model works like linear time series models, such as ARIMA; however, it can
reflect non-linear characteristics depending on the conditions of input parameters [18].

Load demand with a high level of BtM PV penetration has a distorted pattern de-
pending on the level of solar irradiation. These phenomena influence the accuracy of the
forecast model directly. Load demand can be reduced when the level of solar irradiation
is high during the daytime due to the generation via BtM PV. Thus, the influence of BtM
PV generation can be measured by comparing similar load demand patterns that have
different solar irradiation levels. As shown in several literature studies [12], decoupling of
BtM PV generation can increase the accuracy of the load demand forecast. As shown in [11],
the ANN approach to time series prediction of load demand can model the non-linear
influence of BtM PV generation on the load demand forecast without directly decoupling
them from the original load demand pattern. Among several neural network approaches,
NAR with exogenous (NARX) input models is often much better at learning long time
dependencies than conventional recurrent neural networks [18]. The NARX model can be
used to estimate load demand and solar generation patterns with additional parameters
(exogeneous inputs), such as the intensity of particulate matters [19].

Thus, an accurate forecast on solar irradiation levels and a proper estimation of the
capacity of the BtM PV generator can increase the accuracy of the load demand forecast.
PV generation forecast starts with the solar irradiation level. The amount of PV generation
can be calculated directly by the level of solar irradiation and temperature. Solar cell perfor-
mance decreases with increasing temperature [20]. The temperature forecast requires huge
amounts of data calculation in relation to the dynamic behavior of atmosphere. Numerical
weather prediction (NWP) models are used to calculate and simulate the mechanisms of
atmospheric dynamics all over the globe [21]. Although it has coarse grid resolution, minor
errors on the forecast value of temperature have less impact on the accuracy of the PV
generation forecast. The range of change in the solar irradiation level throughout the day is
more extreme compared to those of the temperature.

Table 1. Comparison of load demand forecast methods with BtM PV generation.

Objectives Method Contributions

Direct decoupling method [12] Estimate BtM PV capacity Support vector regression Estimation of the BtM PV
capacity in analytical solution

Data-driven neural
network [11]

Forecast the baseline load
demand ANN with recurrent inputs Non-parametric prediction of

baseline load demand

Neural network with PM Forecast the baseline load
demand ANN with recurrent inputs

Non-parametric prediction of
baseline load demand

considering PM intensity 1

2.2. Pv Forecast Considering Particulate Matter

The levels of solar irradiation can present a direct relationship with the movement of
the sun. The relative movement of the sun and specific location on the surface of earth can
be calculated theoretically. The extraterrestrial solar irradiation level refers to the amount
of solar irradiation received at the outer atmosphere of the earth, calculated as [22]:

G0 = GSC(1 + 0.033 cos
360n
365

)× (cos φ cos ρ cos ω + sin φ sin ρ) (1)
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where GSC is the solar constant. n is the day of the year range 1 to 365. φ is the latitude of
the given location. ω is the hour angle defined by local time (hour) and longitude as:

ω = (t − 12)× 15 + (λ − 120) (2)

where t is the local time and λ is the longitude. The solar declination ρ is the angle between
the earth–sun line and the earth’s equatorial plane.

ρ = 23.45 sin 360 × 284 + n
365

(3)

The extraterrestrial solar equation can be calculated using Equations (1)–(3), a deter-
ministic variable. Solar irradiation on the ground level can be reduced significantly by
clouds. The level of thickness and the extent of the cloud can be categorized into 10 levels
(0 is a clear sky and 10 is a fully covered cloudy sky). CL data and extraterrestrial solar
irradiation levels can be combined to estimate the ground solar irradiation levels. ANN
is a suitable model used to build non-linear relations between predictors and estimators.
Particulate matter can be considered along with CL data. The impact of particulate matter
on solar irradiation levels is significant when the sky is clear.

Figure 1 shows the NARX estimation model with several hidden layers for solar
irradiation level estimation. For the model in Figure 1, the output value y(t) can be
estimated using the past outputs y(t − 1), y(t − 2), . . . , y(t − dy) and the estimated values
of exogenous observations x1(t), x2(t), . . . , xn(t) are used as inputs. This model can be
written in the form [18]:

y(t) = Φ
{

β0 +
N

∑
h=1

βhΦh[γh0 +
n

∑
l=1

dul

∑
il=1

γilhxl(t − ilh) +
dy

∑
j=0

γjhy(t − j)]
}

(4)

where Φ is the logistic sigmoid activation function, β0 is the bias value of output, and βh
is the output layer weights. γh0 is the input bias and γilh, γjh are weights of each input
layers. dul is the number of input lags for exogenous values and dy is the number of
input lags for output values. There are 48 input lags and every data has an hourly time
step. Several exogenous inputs can be used for better estimation; in this case, CL data,
extraterrestrial solar irradiation levels, and particulate matter data are used. There are
two types of particulate matter data based on the size of the particle. PM10 represents the
intensity of particulate matter in cubic space (m3) and each particulate matter is smaller
than 10 µm, while PM2.5 represents particulate matter smaller than 2.5 µm. The CL data can
be categorized into upper and lower levels based on the height where the cloud is formed.
The upper cloud data show the amount of CL in the area higher than 7000 m, while the
lower cloud data are used for the CL below 7000 m. Thus, there are five exogenous inputs
for the NARX model for solar irradiation estimation. The extraterrestrial solar irradiation
is a deterministic variable and can be calculated for any given time and location. For the
forecast of the solar irradiation level, forecast data of CL and extraterrestrial irradiation are
required. In this paper, the forecast data from the global data assimilation and prediction
system (GDAPS) are used for cloud and particulate matter data. GDAPS is based on the
NWP model and is capable of predicting data up to 60 h in advance.
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Figure 1. Non-linear auto-regressive neural network model for solar irradiation and load de-
mand forecast.

2.3. Load Demand Forecast Model

Load demand data with BtM PV generation have distorted patterns depending on the
presence of solar irradiation during the day. The distortion can be identified by comparing
the shape of the load demand pattern with different solar irradiation levels [12]. The
amount of BtM generation can be directly decoupled from load demand data. The baseline
load demand data have reduced distortion via BtM PV generation and forecast accuracy
will increase when baseline data are used for prediction purposes. If the solar irradiation
level is known, distortion via BtM PV generation can be reflected by non-linear models
without extra steps to decouple baseline load demand data [13].

Figure 2 shows the overall data flow for the load demand forecast. For load demand
forecast, 168 input delays are used to fully utilize the past data for a whole week. Load
demand clearly reduced during weekends compared to the demand during weekdays. A
single day of the week is used as a categorical variable in Figure 1 model. Temperature
and humidity are important parameters for load demand forecast as they decide the level
of heating and cooling load demand over the network. Solar irradiation data are also
used as an input for the NARX forecast model to reflect distortion via BtM PV generation.
After each NARX model is trained, it is transformed into a closed-loop model, as shown in
Figure 1. The solar irradiation level is estimated using past irradiation data along with other
exogenous inputs. The result of solar irradiation estimation is used as an input for load
demand forecast. By using past load demand data and estimated values of temperature
and humidity, load demand is estimated and the result more accurately reflects distortion
via BtM PV generation.
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Figure 2. Load demand forecast considering BtM PV generation and particulate matter impact.

3. Case Study

Based on the proposed forecast model, the impact of particulate matter on the accuracy
of the load demand forecast is verified with data collected from the actual power system
and meteorological station in Jeju Island, Korea. Figure 3 shows the temperature, humidity,
CL, and load demand data collected from January 2019 to December 2021. Jeju Island has
four specific types of weather conditions (spring, summer, fall, and winter) that are clearly
different from season to season. Thus, temperature distribution is wide and load demand is
also influenced by the change in season and weather conditions. In Figure 4, histograms of
PM2.5 and PM10 data are depicted. Jeju Island is not the most severe region for particulate
matter intensity, yet a high level of particulate matter can be recorded once in a while,
especially during the spring and fall seasons.

Figure 3. Atmospheric data and load demand data collected from Jeju Island (January 2019–
December 2021).
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Figure 4. Histogram of PM2.5 and PM10 data collected from Jeju Island (January 2019–
December 2021).

Figure 5 shows the result of a linear regression between extraterrestrial solar irradiation
and actual solar irradiation levels on the surface. A group of blue dots is recorded when
particulate matter intensity was higher than 100 µg/m3. A group of red dots appear when
the particulate matter intensity is less than 30 µg/m3. Both groups have a very low CL
index. The red and blue line represents the result of the linear regression of each data. A
reduction in solar irradiation can be found between two groups when similar extraterrestrial
solar irradiation levels are given. It can also be found in Figure 5 that particulate matter
has less impact as extraterrestrial irradiation increases. Furthermore, extraterrestrial solar
irradiation is calculated based on the movement of the sun, and extraterrestrial solar
irradiation is usually higher during the summer season. In Korea, particulate matter is
frequent and strong during the spring and fall seasons; thus, a reduction in solar irradiation
in light of particulate matter is more significant during these seasons.

Figure 5. Scatter plot of extraterrestrial solar irradiation to actual solar irradiation in terms of the
intensity of particulate matter.
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In Figure 6, a more direct relationship between particulate matter and solar irradiation
can be found using neural network regression analysis. In total, 26,280 h of data are used
for training the Gaussian process regression (GPR) model for analysis. Figure 6 shows
the change in the level of solar irradiation measured on the ground as the intensity of
2.5 particulate matter changes. Each line represents the case with a different combination
of prediction variables, such as temperature, load demand, CL, and so on. Each lines are
drawn by the GPR model. As shown in the graph, the solar irradiation level decreases as
the intensity of particulate matter increases. Since the intensity of particulate matter rarely
goes down below 20 µg/m3, there is an ambiguous linear relation between solar irradiation
and a low level of particulate matter data. There is an inverse proportional relationship
between particulate matter intensity and solar irradiance when the intensity of particulate
matter is larger than 45 µg/m3 (red vertical line in Figure 6). This non-linearity suggests
that non-linear regression modeling is required, such as the NARX model that is used in
this paper.

Figure 6. Neural network analysis on the influence of particulate matter to the level of solar irradiation
measured on the ground.

Detailed analysis based on changing the level of each particulate matter’s intensity
is shown in Figures 7 and 8. Figure 7 shows the change in the level of solar irradiation
measured on the ground as the intensity of PM10 increases. Each line represents the case
with a different combination of prediction variables, such as temperature, load demand, CL,
and so on. Each graph in the figure has a different level of PM2.5 intensity. The panel on the
leftmost site shows the result of regression analysis when the intensity of PM2.5 is 0, while
the panel on the rightmost side shows the result when the intensity of PM2.5 is 160. Each
of these results shows a decrease in solar irradiance as the intensity of particles increases. It
should be noted that there is an inverse or ambiguous linear relationship between PM10
intensity and solar radiation when the particle intensity is low. It should be noted that there
are reverse or ambiguous linear relations between PM10 intensity and solar irradiation
when the particulate matter intensity is low. This region keeps widening when PM2.5
intensity increases. The correlation between the intensity of PM10 and PM2.5 was found to
be very high, which indicates that there is a high chance of finding the high intensity of
PM2.5 in the air if the high intensity of PM10 is measured. Thus, those ambiguous linear
relations found in the graph rarely occur.
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Figure 7. Neural network analysis on the influence of particulate matter (PM10) to the level of solar
irradiation measured on the ground.

Figure 8. Neural network analysis on the influence of particulate matter (PM2.5) to the level of solar
irradiation measured on the ground.
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The result of the solar irradiation forecast is shown in the upper panel of Figure 9. The
lower panel of the figure shows the record of particulate matter intensity measured at the
same time. As seen from the graph, the forecast model without consideration of particulate
matter intensity has slightly bigger values, while the actual solar irradiation was found to
be slightly lower. The forecast model that uses particulate matter data has better accuracy
than the model that does not use it.

Figure 9. Comparison between the result of solar irradiation forecast with and without (w/o)
considering particulate matter

In Figure 10, the result of the load demand forecast is shown in the uppermost panel.
The panel in the middle of the figure shows the record of solar irradiation at the same time
and the lowermost panel shows the record of particulate matter intensity. As shown in the
first panel, the shape of the load demand forecast with particulate matter input is more
closely located to the actual load demand data than the forecast without particulate matter
input. The accuracy of each model is quantified as a mean square error (MSE), as shown in
Table 2. The MSE value of the forecast model becomes smaller when the particulate matter
is considered.

Table 2. Accuracy of the load demand forecast of each model with and without considering particu-
late matter.

Forecast with PM Forecast without PM

MSE 2.07 × 103 2.3004 × 103
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Figure 10. Comparison between the results of the load demand forecast with and without (w/o)
considering particulate matter.

4. Discussion

The influence of particulate matter on solar irradiation can be identified throughout
the analysis in this paper. It can be found easily by comparing the data set collected from
the meteorological station. The presence of particulate matter affects the accuracy of the
solar irradiation forecast or the PV generation forecast. Since the load demand affects by
the solar irradiation level due to the presence of a BtM PV generator, the accuracy of the
solar irradiation forecast inevitably affects the accuracy of the load demand forecast.

The influence of the intensity of particulate matter is considered in a recurrent neural
network model with exogenous inputs. It has been shown that the neural network approach
is appropriate to model the influence of particulate matter on PV generation. Several
empirical studies have shown that the neural network approach for the estimation of load
demand is suitable to model the influence of BtM PV generation without decoupling them
from the original load demand pattern.

In the case study, the performance of the load demand forecast model was enhanced
when a more accurate PV estimation model was used by considering the intensity of
particulate matter. There was a limitation in this study as the high intensity of particulate
matter is recorded in specific seasons (spring and fall). If the framework of the proposed
analysis was confined to specific seasons and the analysis was conducted in place with
higher intensity of particulate matter, the linear relationship between the particulate matter
and load demand can be analyzed in detail.
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As there was a clear correlation between the intensity of particulate matter and PV
generation, further research should be conducted on the estimation of the stochastic forecast
error in terms of the intensity of particulate matter. The results of the analysis in this paper
also suggest that further studies are required for the power system with severe particulate
matter problems.

Author Contributions: Conceptualization,Y.Y.; Methodology, Y.Y.; writing—original draft, Y.Y.;
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8. Dogan, T.R.; Beşli, N.; Aktacir, M.A.; Dinç, M.N.; İlkhan, M.A.; Öztürk, F.; Yıldız, M. Seasonal effects of atmospheric particulate

matter on performance of different types of photovoltaic modules in sanliurfa, Turkey. Atmos. Pollut. Res. 2020, 11, 2173–2181.
[CrossRef]

9. Micheli, L.; Muller, M.; Kurtz, S. Determining the effects of environment and atmospheric parameters on PV field performance. In
Proceedings of the 2016 IEEE 43rd Photovoltaic Specialists Conference (PVSC), Portland, OR, USA, 5–10 June 2016; pp. 1724–1729.

10. Haque, M.M.; Wolfs, P. A review of high PV penetrations in LV distribution networks: Present status, impacts and mitigation
measures. Renew. Sustain. Energy Rev. 2016, 62, 1195–1208. [CrossRef]

11. Wang, Y.; Zhang, N.; Chen, Q.; Kirschen, D.S.; Li, P.; Xia, Q. Data-driven probabilistic net load forecasting with high penetration
of behind-the-meter PV. IEEE Trans. Power Syst. 2017, 33, 3255–3264. [CrossRef]
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