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INTRODUCTION

Under the goal of carbon peaking and carbon neutrality, the installed capacity of photovoltaics
continues to grow explosively. By 2020, the cumulative installed capacity of photovoltaic power
generation in China will reach 203 GW, ranking first in the world (Liu et al., 2021). Recently, China’s
National Development and Reform Commission has put forward the work requirements for the
large-scale development of distributed photovoltaics in the whole county (city and district), which
will further promote the development of distributed photovoltaic power generation and accelerate
the clean and green transformation of energy structure (Long et al., 2022). In order to promote the
green, safe, and efficient operation of distribution networks, it is necessary to focus on the key
technologies of new distribution network modeling, planning, and regulation based on distributed
photovoltaics. However, distributed photovoltaic power generation has strong uncertainty. How to
accurately describe the uncertainty in the distributed photovoltaic power grid has become a key
problem in distribution network modeling (A. R. Jordehi, 2018).

It can be found from the previous research results that probability theory has been proven to be an
effective method to simulate uncertainty in the power grid. Lee and Baldick (2016)presented the wind
load mode based on a generalized dynamic factor model. Sun et al. (2020)generated weather scenario
data by deriving the conditional probability density function of current weather prediction using
Bayesian theory. Compared with the probability model, the planning model based on statistical
machine learning (SML) has good controllability and scalability (Fu, 2022). The SML model can
more accurately describe the uncertainty of photovoltaic power generation to a certain extent by fully
mining the multi-feature and high-dimensional raw data (Fu et al., 2021). Fu et al. (2015) combined
multi-objective particle swarm optimization (MOPSO) and support vector machine (SVM) to solve
the uncertain optimization problem of distributed generation in the distribution network. Huang
etal. (2020)established a deep joint generation model of radiation-electric load-temperature scenario
based on denoising variational autoencoder, according to different weather scenarios, which
improved the reliability of energy supply in extreme scenarios). Fu et al. (2020) comprehensively
used Markov chain and copula function to capture the uncertainty and correlation of weather
scenarios. The aforementioned research shows us the potential of SML in power grid modeling and
planning and proves that SML can be an effective tool to deal with uncertainty.

At present, the uncertainty modeling methods for photovoltaic output are mainly probability
modeling methods based on traditional statistics and scenario generation methods. In recent years,
the probability generation model in SML represented by generative adversarial networks (GAN) has
been favored by researchers. It has been applied to the uncertainty of new energy power generation
(Wang et al., 2019), providing a new idea for us to solve the uncertainty of photovoltaic output.
Among the factors affecting photovoltaic output, the weather is the direct factor that leads to strong
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FIGURE 1 | Photovoltaic power generation uncertainty simulation method based on SML.

fluctuation and uncertainty of photovoltaic output (Fu and Zang.,
2019). The uncertainty caused by weather affects the safe and
stable operation of the power grid to a certain extent and is not
conducive to the coordination and arrangement of power
generation plans by the power grid dispatching department.

TECHNOLOGY METHODOLOGIES

This section consists of two parts. First, the photovoltaic power
generation model is introduced in the Photovoltaic power
generation model section. Second, in the Photovoltaic power
generation uncertainty simulation method based on SML
section, a photovoltaic power generation uncertainty
simulation method based on SML is proposed.

Photovoltaic Power Generation Model

Solar radiation and temperature have a significant impact on the
output of photovoltaic power generation. However, the micro
weather scenario of photovoltaic power station is a complex
nonlinear system, which has the characteristics of randomness,
volatility, and uncontrollability. Due to the existence of season,
day and night, overcast, sunny, rain, and snow, the solar radiation

and temperature are uncertain. In addition, clouds have an
important impact on the transmission of solar radiation. Due
to the distribution differences in local cloud height, thickness, and
shape, the solar radiation under the same cloud amount is not
necessarily the same, so the temperature has greater uncertainty.
At the same time, the micro weather scenario of the photovoltaic
power station will also interact and affect other weather changes
outside, making it more difficult to analyze the uncertainty of
solar radiation and temperature.

Solar radiation directly affects the power output of
photovoltaic cells. The photocurrent and photogenerated
electromotive forces of photovoltaic cells are different under
different solar radiation. The level of photovoltaic power
directly depends on the intensity of solar radiation. Therefore,
the uncertainty of solar radiation will directly affect the
uncertainty of photovoltaic power generation. Solar radiation
and air temperature directly affect the temperature of
photovoltaic cells, affect the temperature drift of photovoltaic
cells, and have a great impact on the work of photovoltaic cells,
thus indirectly affecting the power output of photovoltaic cells.
Therefore, the uncertainty of air temperature will also affect the
uncertainty of photovoltaic power generation. To sum up, the
power output of photovoltaic power generation is mainly affected
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by solar radiation and photovoltaic cell temperature. The power
output of photovoltaic cells can be modeled according to these
two variables (Rohani and Nour., 2014).

OURe
P =

[1+75(T,-Ts)], (1)

where § represents the power derating factor (%); U is the rated
capacity of photovoltaic cell array (kW); Re represents the solar
radiation in the real environment (kW/m?), with uncertainty; Rs
is the inherent solar radiation under standard test conditions
(STC) (kW/m®); # represents temperature coefficient of a
photovoltaic cell (%/°K); Tb and Ts, respectively, represent the
real photovoltaic cell temperature and the cell temperature (°K)
under STC, and Tb is directly affected by the temperature and
solar radiation, resulting in strong uncertainty of Tb.

The air temperature and solar radiation directly affect the
temperature of the photovoltaic cell. The air temperature and
solar radiation are used to model the temperature sequence of
photovoltaic cells corresponding to the time step. The formula is
as follows (Brihmat and Mekhtoub., 2014):

Te + & [1 - —“;';“)} (T~ Tow)

Ty = ok , @)
1+ W"Tf‘ (T~ T.n)

where Te represents the temperature in the real environment (°K),
with uncertainty; Tr refers to normal operating cell temperature
(NOCT) (’K) of the photovoltaic module. Te,n and Re,n are the
ambient temperature ('K) and solar radiation (kW/m?) of
corresponding T, respectively, which are fixed values; o, 5, and y
are constants, which, respectively, represent the maximum power
point efficiency, solar absorptivity of the photovoltaic cell array, and
solar transmittance (%) of covering on photovoltaic cell array under
STC. The temperature of photovoltaic cells is directly affected by air
temperature and solar radiation. The physical constraints of two
weather variables directly lead to the uncertainty of photovoltaic cell
temperature and affect the photovoltaic output. Therefore, the air
temperature and solar radiation that cause uncertainty are the focus
of our attention.

Photovoltaic Power Generation Uncertainty
Simulation Method Based on SML

The traditional probability model has some defects in dealing
with uncertainty. Therefore, we proposed a photovoltaic power
generation uncertainty simulation model based on SML, which
uses GAN to simulate the photovoltaic output, as shown in
Figure 1.

The aforementioned figure shows the specific modeling
process, and the lower part of the figure is the uncertainty
simulation of photovoltaic power generation using GAN. In
GAN, the generator and discriminator are the key
components. Because of the timing characteristics of
photovoltaic power data, the generator and discriminator are
internally composed of stacked long short-term memory (stacked
LSTM). As shown in the figure, LSTM has a complex internal
structure, which can alleviate the problems of gradient explosion
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and gradient disappearance during model training. Finally, both
the generator and discriminator are followed by a fully connected
layer to output the final results. The generator randomly samples
from the real photovoltaic power data samples to learn the
probability density function (PDF) of photovoltaic power data,
so as to convert a random Gaussian noise into photovoltaic power
data. The discriminator is a two-category model, which is
responsible for distinguishing the authenticity of photovoltaic
power data. Its goal is to judge the data generated by the generator
as “false” and the real photovoltaic power data samples as “true”
as far as possible. The goals of the generator and discriminator are
contradictory. However, in the continuous confrontation game
between the generator and discriminator, the generation ability of
the generator is continuously improved to generate more real
photovoltaic data. Jensen-Shannon divergence is usually used to
calculate the distribution distance in GAN.

J P log 2P data
5 T
o Pduta + Pgenemte

1 2P enerate
+ = P enera; elo gid-xa 3
2 J’ 7 i gpdata + Pgenemte ( )

]S(Pdmm Pgenemte) = dx

N =

where Pdata is the PDF of the real photovoltaic power generation
data, and Pgenerate is the PDF of the data generated by the
generator.

The traditional probability algorithms are complex and time-
consuming, while GAN directly fits the probability distribution of
real sample data, we do not need to explicitly specify the
probability model or fit the characteristics of probability
distribution and do not need to carry out complex sampling
and manual labeling of data, which greatly reduce the
computational burden. After the repeated confrontation game
between the generator and the discriminator, the generator can
learn the uncertainty and correlation of photovoltaic power
generation data and generate a large number of high-quality
and diverse photovoltaic power generation data. Therefore, with
the help of SML, we can more efficiently analyze the uncertainty
of distributed photovoltaic power generation.

DIFFICULTY ANALYSIS AND TREATMENT

In the traditional probability model calculation, how to ensure the
correlation between the two variables is a difficulty, which usually
needs to be handled by Copula function and other methods.
However, in the neural network, just insert the data of multiple
variables into a data sample at the same time and train the neural
network, the neural network will actively establish a functional
relationship between multiple variables and solve the problem of
correlation.

The data of photovoltaic power generation in each time step is
continuous. The data on timestamp are not isolated and static. It
is affected by the data on the previous time step or even further
time step. In view of the timing characteristics of photovoltaic
power data, we introduce LSTM. LSTM is a variant of recurrent
neural network (RNN). The RNN has the ability of memory. It
can find the law from the historical sequence data and save this
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law in the network. On this basis, LSTM adds a cell state, which
increases the capacity and pertinence of memory. Therefore, the
use of LSTM can better capture the timing characteristics of
photovoltaic power generation data.

In the simulation, how to make the data have diversity is
difficult. The simulated data should not only comply with the
real data distribution but also have diversity, so as to reflect the
uncertainty of photovoltaic power data. The traditional tool for
GAN to calculate the distribution distance is Jensen-Shannon
divergence, but this method has many defects. The binary loss
calculated by the discriminator through Jensen-Shannon
divergence may be difficult to give full play to the learning
ability of the generator and capture the timing distribution law
in the photovoltaic power data. Based on the traditional loss
function, the new loss function is added in this article.

Loss = zn:(|\/D(Pdata) — /D (P gencrate)
) @)

where D represents the variance of the data, and E represents the
mean of the data. For a series of data, the mean can be used to
evaluate the size of the data, and the variance can be used to
evaluate the dispersion of the data. Compared with only using
Jensen—-Shannon divergence as the loss function, adding a new
loss function will improve the authenticity and diversity of the
simulated photovoltaic power data and better reflect the
uncertainty in the simulation data.

+ |E(Pdam)

-E (Pgenerute)

DISCUSSION

Due to the influence of weather and other uncontrollable
factors, photovoltaic power data have high uncertainty and
also have high-dimensional characteristics in time and space
dimensions. In the traditional probability model, the methods
used to describe the uncertainty of system variables mainly
include the simulation method, analytical method, and
approximate method. However, these algorithms are
complex and time-consuming, so it is difficult to model
and analyze the photovoltaic power generation data. On
this basis, SML, as an effective combination of probabilistic
model and machine learning, simplifies the calculation
process by virtue of functional correlation. We use the
GAN to model the uncertainty of photovoltaic power
generation. We do not need to use Markov chain to
repeatedly sample, infer in the learning process, or
explicitly specify the probability model or fit the
probability distribution characteristics, which greatly
reduces the burden of solving probability problems and has
good advantages in calculation speed.

Many existing achievements are based on weather scenario
modeling, rather than direct modeling of photovoltaic power
generation (Rohani and Nour., 2014). The photovoltaic power
generation model uses solar radiation and air temperature to
simulate photovoltaic power generation. If the power data on
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photovoltaic power generation are modeled directly, the
constraints of weather uncertainty on power generation will be
ignored. Simulating the weather scenario first can impose more
strict physical constraints on the photovoltaic power generation
model and ensure its universality.

CONCLUSION

Photovoltaic power generation is an important way to achieve the
goal of carbon peaking and carbon neutrality. However, the
randomness and uncontrollability of weather variables make
distributed photovoltaic power generation have strong
uncertainty. At the same time, the output of a photovoltaic
power station is an uncertain variable. The universal access to
photovoltaic power stations makes the uncertainty of photovoltaic
power generation become a high-dimensional uncertainty
problem. Therefore, how to better analyze the uncertainty of
photovoltaic output has become a key problem. In order to
solve this problem, we proposed the uncertainty simulation
method of photovoltaic power generation based on SML, which
improves the accuracy and credibility of the analysis results,
enhances the calculation efficiency, generalization ability, and
interpretability of the algorithm, effectively analyzes the
uncertainty in photovoltaic power generation, and proves that
SML can become a powerful tool to analyze and solve the
uncertainty problem in distributed photovoltaic power generation.

In the development of the artificial intelligence era, deep
learning and reinforcement learning in the field of SML have
an active development trend, which will provide us with more
new ideas and methods to analyze the uncertainty of photovoltaic
power generation in the future. Deep learning is often applied to
photovoltaic prediction (Wen et al., 2021), and reinforcement
learning can be applied to control decision-making in
photovoltaic power generation (Zhang et al, 2021). At the
same time, with the upgrading of computer hardware, we can
face high-dimensional and large-scale data with ease, which
provides the possibility for us to solve the high-dimensional
uncertainty of photovoltaic power generation.
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