
TYPE Methods
PUBLISHED 13 November 2025
DOI 10.3389/frsgr.2025.1632546

OPEN ACCESS

EDITED BY

Mahdi Khosravy,
Osaka University, Japan

REVIEWED BY

Bo Zhang,
Nanjing University of Posts and
Telecommunications, China
Xiaotong Wang,
Hebi University of Technology, China

*CORRESPONDENCE

Yue Xing
xingyue@tsinghua-eiri.org

RECEIVED 21 May 2025
ACCEPTED 29 September 2025
PUBLISHED 13 November 2025

CITATION

Dong H, Gao Y, Hu L, Gao Y and Xing Y (2025)
Study on a simulation method for
photovoltaic power output series based on
the headroom model.
Front. Smart Grids 4:1632546.
doi: 10.3389/frsgr.2025.1632546

COPYRIGHT

' 2025 Dong, Gao, Hu, Gao and Xing. This is
an open-access article distributed under the
terms of the Creative Commons Attribution
License (CC BY). The use, distribution or
reproduction in other forums is permitted,
provided the original author(s) and the
copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic practice.
No use, distribution or reproduction is
permitted which does not comply with these
terms.

Study on a simulation method for
photovoltaic power output series
based on the headroom model
Hong Dong1, Yuqun Gao1, Liujun Hu1, Yanna Gao1 and
Yue Xing2*
1Guangzhou Power Supply Bureau, Guangdong Power Grid Co., Ltd., Guangzhou, China, 2Sichuan
Energy Internet Research Institute, Tsinghua University, Chengdu, China

Existing photovoltaic (PV) output simulation methods often rely on arti�cial
neural networks for short-term forecasting, and there has been a struggle
to capture long-term patterns and stochastic �uctuations when using Markov
Chain Monte Carlo techniques. To address these limitations, this paper
proposes an improved headroom model-based approach that enhances
traditional methods in three key aspects. First, unlike traditional headroom
models that ignore temporal dependencies in output �uctuations, the
approach integrates probabilistic distributions with soft sequential constraints
to preserve time-dependent patterns. Second, whereas previous studies often
overlooked seasonal weather variations, here PV output curves are classi�ed
into representative weather types and seasonally adaptive Markov chains
are constructed to model radiation dynamics and transition probabilities.
Third, to address the oversimpli�cation of sunrise and sunset transitions,
the method introduces a specialized statistical correction tailored to these
critical periods. The method accurately models PV output patterns and
�uctuations, demonstrating <1% deviation in annual duration (4,121 h) and
utilization (1,297 h), with a 7.80%�14.59% lower root mean square error and
10.27%�14.07% reduced mean absolute error vs. conventional methods. It
e�ciently generates realistic long-term sequences from limited data, enhancing
the accuracy and e�ciency of PV power sequence simulation.
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1 Introduction

Energy is the foundation of sustainable economic and social development and is an
indispensable power guarantee for human production and life (Liu C. C. et al., 2022). As
an important part of renewable energy (Li P. D. et al., 2022), photovoltaic (PV) power
generation in China has been developing rapidly in recent years, e�ectively alleviating both
the energy crisis and environmental pressures (Liu J. et al., 2023). However, the output
power of PV power generation systems is easily a�ected by environmental factors such
as irradiation and temperature, and it exhibits signi�cant randomness and uncertainty
compared to traditional power sources (Zhou et al., 2023). These issues pose a huge
challenge to the safety and reliability of power system operations. Simulating the output
curve of PVs is important for the optimal design of PV power plants, grid con�guration
planning, and the formulation of new energy policies (Lee et al., 2021).

Frontiers in Smart Grids 01 frontiersin.org

https://www.frontiersin.org/journals/smart-grids
https://www.frontiersin.org/journals/smart-grids#editorial-board
https://www.frontiersin.org/journals/smart-grids#editorial-board
https://www.frontiersin.org/journals/smart-grids#editorial-board
https://www.frontiersin.org/journals/smart-grids#editorial-board
https://doi.org/10.3389/frsgr.2025.1632546
http://crossmark.crossref.org/dialog/?doi=10.3389/frsgr.2025.1632546&domain=pdf&date_stamp=2025-11-13
mailto:xingyue@tsinghua-eiri.org
https://doi.org/10.3389/frsgr.2025.1632546
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/frsgr.2025.1632546/full
https://www.frontiersin.org/journals/smart-grids
https://www.frontiersin.org






Dong et al. 10.3389/frsgr.2025.1632546

FIGURE 1

Flowchart showing the PV output simulation procedure.

Step 3. Fit probability distributions for baseline, o�set, and
�uctuations by weather type. A kernel density estimation method
is used to �t the probability distribution of the normal output
moment benchmark value, o�set value, and �uctuation value for

each type of weather. The statistics for each time period relative to
the previous time period relative power di�erence, are called the
�uctuation value.

Step 4. Simulate weather types by season. The weather
clustering results in seasons, respectively, the number of weather
types and transfer probability, generate a weather Markov chain,
which randomly generates the weather type of each day.

Step 5. Sample daily baseline and �uctuation curves to generate
relative output. According to the weather type, sample simulation
each day’s benchmark value and �uctuation coe�cient curve to
obtain the PV relative output curve.

Step 6. Correct sunrise and sunset times. Consider 1 h after the
start of daily PV output and 1 h before the end of output as the
sunrise and sunset time of each day, and correct the relative output
of this time.

Step 7. Combine the net outputs to calculate the PV output
time series. The PV relative output obtained from the simulation is
multiplied by the headroom output to obtain the actual PV output.

3.1 Weather type classi�cation and weather
type simulation

3.1.1 Comparison of security e�ciency
Weather factors a�ect the amount of solar radiation received

by the PV power plant, which in turn a�ects its output (Hui et al.,
2022). The relative PV output curves are signi�cantly di�erent for
di�erent weather factors (Wang et al., 2024). Since the �uctuation
characteristics of the PV output are only related to the thickness of
cloud cover, it is not necessary to classify many weather types for PV
output time-series modeling, and it is only necessary to classify the
generalized weather types obtained through the clustering analysis
of PV output curves.

An SOM is a kind of unsupervised learning network, the
complex can realize the dimensional mapping from the input
space (n-dimensional) to the output plane (2-dimensional), and
the mapping has topological feature preservation properties (Liu
S. Q. et al., 2023). In this paper, we adopt an SOM method to
select four feature quantities of one day’s output data to form
feature vectors instead of the relative output curve vectors of
photovoltaic power plants for clustering analysis, and divide the
photovoltaic output curves according to the clustering results. Each
class of curves corresponds to a di�erent type of weather. The four
selected eigenquantities are the base value, standard deviation, �rst-
order di�erence absolute mean, and �rst-order di�erence absolute
maximum, and they are calculated as follows:

� Baseline value, d1. This index re�ects the level of output
throughout the day, e.g., high on sunny days and low on rainy
days, and can be calculated from Equation 16:

d1 D
1
n

nX

iD1
PN(i) (16)

where PN(i) represents the relative PV output at the ith moment of
the day.
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FIGURE 2

Flowchart showing the PV relative output sequence simulation
procedure.

extracting only the o�set value of each time period in turn does
not enable a re�ection of the time-ordered nature of PV series
�uctuations. Therefore, it is necessary to count the relative output
di�erence of each time period relative to the previous time period;
that is, the �uctuation value v0.

Bandwidth selection plays a critical role in non-parametric
KDE modeling. Excessive bandwidth leads to oversmoothing of the
probability density function, obscuring essential structural features,
while insu�cient bandwidth results in over�tting through the
inclusion of spurious local �uctuations. In this study, the optimal
bandwidth for each weather type is determined using an established
formula (Rao et al., 2023). The impact of bandwidth selection on
the simulated PV output sequences will be further examined in
Section 4 (Case Study) to validate modeling robustness.

3.2.2 Sampling method considering the
time-ordered nature of PV series �uctuations

After completing the extraction of the output characteristics
and weather transfer characteristics of the original sequence, the
simulation of the PV sequence can be performed. The overall

FIGURE 3

Flowchart showing the sunrise and sunset time correction process.

simulation process is shown in Figure 2. The speci�c steps are
as follows.

Step 1. Sample daily baseline by weather type. Simple
sampling of daily baseline values based on randomly generated
weather chains.

Step 2. Sample o�set by weather type. Simple sampling of daily
o�set values based on randomly generated weather chains.

Step 3. Subtract o�set to calculate �uctuation. Take the current
moment’s o�set value and subtract it from the value at the previous
moment to get a sample of the �uctuation value v0.

Step 4. Judge sampling result. Denote the probability density
distribution function of v0 as f .v0/. Construct a new probability
density function q .v0/, satisfying kq .v0/ > f .v0/, where k is a
constant. Sample

�
0, kq .v0/

�
uniformly to get u0. If u0 <f .v0/, then

accept this sampling and go to the next moment. Otherwise reject
this sampling and resample the o�set value distribution until the
sampling is accepted.

Step 5. Proceed to the next moment. Accept this sampling to get
the o�set value for that moment.
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FIGURE 4

Full-year historical data.

FIGURE 5

Headroom Output periods for historical and headroom sequences.
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Figure 10 shows the simulated output curves for each type
of weather. Observing the generation of speci�c daily output
curves in Figure 10, it can be seen that the output characteristics
of the di�erent types weather are well-re�ected. Moreover, the
sampling method is consistent with the continuity of PV output
because the simulated curves do not show frequent and drastic
�uctuations within a short period of time due to the consideration
of the temporal nature of the �uctuations. In terms of simulation
speed, after repeated tests, it takes less than 10 s to generate a
PV simulation output sequence with a length of 1 year, and the
program runs e�ciently.

Since the proposed simulation method builds upon the
traditional headroom model-based approach (referred to as the
original method), its improvements include selective sampling of
�uctuation amounts and a correction method for sunrise and
sunset times to better restore the characteristics of the historical
series. To further validate the e�ectiveness of the proposed method,
the probability density function and autocorrelation function were
used to assess whether the simulated results preserve the historical
characteristics of the original series. A comparative analysis was
conducted of the historical output, the simulated output generated
by the original method, and the simulated output generated by

FIGURE 10

Six weather simulation output curves. (A) Overcast, (B) Rainy, (C) Sudden change, (D) Sunny, (E) Cloudy A, and (F) Cloudy B.
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the proposed method. The autocorrelation coe�cients of the
three outputs are presented in Figure 11, while the probability
distributions relative to the rated capacity are shown in Figure 12.
The results demonstrate that, in terms of both autocorrelation

FIGURE 11

Comparison of the autocorrelation coe�cient.

FIGURE 12

Comparison of the probability density function.

coe�cients and probability distribution, the proposed method
yields simulation results that align more closely with the historical
output than the original method, thereby enhancing the �delity of
historical characteristic restoration.

The root mean square error (RMSE), mean absolute error
(MAE), and normalized RMSE (NRMSE) were computed for
both methods across four distinct seasons. As summarized
in Table 2, the proposed method consistently achieves lower
RMSE, MAE, and NRMSE values compared to the original
method in all seasonal cases. These results quantitatively
con�rm that the proposed simulation approach more accurately
replicates the historical output characteristics than the
original method.

4.6 Parameter sensitivity analysis

To comprehensively evaluate the robustness of
key parameters in the proposed model, systematic
sensitivity analyses were conducted for both the KDE
bandwidth selection and the sunrise/sunset correction
window length.

For the KDE-based modeling approach, the bandwidth
sensitivity was investigated by adjusting the original optimal
bandwidth by �20%, �15%, �10%, and �5%. As illustrated in
Figure 13, the resulting RMSE, MAE, and NRMSE metrics for all
four seasons exhibit a distinct concave pattern, with minimum
values consistently occurring at the original bandwidth setting.
This behavior con�rms that the bandwidth derived from the
established optimal formula represents the most appropriate
choice for minimizing simulation errors across di�erent
seasonal conditions.

Regarding the sunrise/sunset correction, the sensitivity analysis
examined window lengths ranging from zero (no correction)
to nine time intervals. Figure 14 demonstrates that all three
error metrics reach their minimum values when implementing
a �ve-interval correction window, validating the original
parameter selection. This optimal window length e�ectively
balances the transitional period characterization while avoiding
overcorrection e�ects.

5 Conclusions

This paper proposes a new simulation method for photovoltaic
output based on the traditional headroom model. By introducing

TABLE 2 Comparison of simulation errors between the proposed and original methods.

Error metrics RMSE MAE NRMSE

Method Proposed Original Proposed Original Proposed Original

Spring 15.6755 17.7450 8.0027 9.1803 1.2762 1.4447

Summer 14.8972 16.6202 7.7548 8.7376 0.8396 0.9590

Autumn 14.7222 17.2376 7.4174 8.6320 0.8882 1.0633

Winter 14.1354 15.3311 6.8808 7.6681 1.1091 1.2029
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FIGURE 13

Seasonal error metric variations under bandwidth adjustment. (A) RMSE, (B) MAE, and (C) NRMSE.

selective sampling of the �uctuation quantity and improving the
correction method at sunrise and sunset, the characteristics of
the historical series can be restored with high accuracy. At the
same time, when simulating weather types, the probability of
weather transfer is statistically analyzed by season to re�ect the
�uctuating characteristics of PV power output with seasonal and
weather changes. Through the simulation of the output of an actual
PV power plant, it is veri�ed that the method proposed in this
paper can e�ectively simulate the regular changes and random
�uctuations of photovoltaic power generation. We draw the
following conclusions.

First, improvements in the sampling method for
temporal �uctuations and the correction method for
sunrise and sunset times have enhanced the practicality
of the model. This paper introduces a selective sampling
of the �uctuation amount when sampling the benchmark
and o�set values of the relative photovoltaic output.
Simulation results show that the simulated sequence
generated by this sampling method closely matches the
historical data in terms of probability distribution and
autocorrelation, better re�ecting the characteristics of the
historical sequence. Validation with operational PV plant data
demonstrates superior performance, with a 7.80%�14.59%

reduction in RMSE, a 10.27%�14.07% lower MAE, and a
7.80%�16.4% improvement in NRMSE compared to the
original method.

Second, the categorization of weather types and the use
of Markov chains enhance the �exibility of simulation.
Through SOM clustering of the historical data of the PV
output, the weather is categorized into multiple types, and
Markov chains are used to simulate the transfer probability
of di�erent weather, which e�ectively retains the �uctuating
characteristics of the PV output with seasonal and weather
changes. The method is able to accurately simulate the
regularity and �uctuation of output power under di�erent
weather conditions, and is suitable for medium- and
long-term simulation.

Last, the case study con�rms that the proposed PV
simulation method achieves high computational e�ciency
while accurately replicating actual output characteristics. Key
metrics show excellent agreement: annual output duration
(4,121 vs. 4,161 historical hours) and utilization hours
(1,297 vs. 1,283 historical hours) both demonstrate less than
1% deviation. This precise performance makes the method
particularly valuable for grid scheduling, plant design, and policy
development applications.
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FIGURE 14

Impact of sunrise/sunset correction window length on simulation accuracy. (A) RMSE, (B) MAE, and (C) NRMSE.
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