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Abstract. Photovoltaic power generation has volatility and randomness, which affects the safety 

and reliability of the power system. In order to achieve accurate simulation of photovoltaic output, 

this paper proposes a photovoltaic power timing simulation method based on rolling sampled 

Markov chain model. Firstly, establish a photovoltaic output model and analyze the actual output 

characteristics; Then, based on the first-order Markov chain model, the relationship between 

adjacent days is considered, and a multistate transition probability matrix is established to 

construct an annual time series output model; Finally, based on the annual output data of a 

photovoltaic power station and historical meteorological monitoring data, an example is 

simulated to verify the effectiveness of the proposed method. 

Keywords: Photovoltaic power generation, Markov chain, Time series power simulation, Power 

system 

1.  Introduction  

In 2021, China’s newly installed renewable energy capacity reached 134 million kilowatts, accounting 

for 76.1% of the country’s newly added power generation capacity; The renewable energy generation 

has reached 2.48 trillion kilowatt hours, accounting for 29.8% of the total electricity consumption in 

society. It is predicted that the annual wind and photovoltaic power generation in China will reach 63.6% 

of the total annual power generation by 2050 [1-2]. The volatility and randomness of photovoltaics make 

their large-scale integration complex the structure and operational characteristics of power systems [3-

5]. At the same time, the contradiction between the installed capacity of renewable energy and the 

limited system absorption capacity leads to a large number of “wind and solar curtailment” phenomena 

[6-7]. Therefore, reliable simulation of renewable energy output is particularly important for improving 

resource utilization and meeting the requirements of renewable energy station planning [8-10]. 

There are currently many studies on the timing production of renewable energy output. The reference 

[10] considers scenarios with different penetration rates of new energy, and combines the marginal 

probability distribution of new energy output, volatility of stochastic processes, and spatiotemporal 

correlation to establish a time-series production model for wind and photovoltaic power generation. The 

reference [11] comprehensively considered factors such as wind and solar power output characteristics 

and load characteristics, and constructed an annual time series production simulation model for the 

power grid containing new energy generation; The reference [12] proposes a time-series production 

simulation calculation method for power grid consumption of wind power output based on a large-scale 

wind power network, combining maximum load and minimum coincidence prediction methods. 
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Due to the gap between the models and constraints established by the current time series power 

simulation method and the actual situation, the seasonal and weather characteristics of new energy 

output, as well as the correlation between adjacent daytime output, cannot fully reflect the objective 

situation of new energy output [13]. Therefore, based on the construction of seasonal and weather state 

probability transition matrices, this article proposes a photovoltaic time series power simulation model 

based on rolling sampled Markov chains. Taking a photovoltaic power station in Jiangsu Province as an 

example, the model construction and simulation of photovoltaic output were completed, and the 

traditional sampling simulation, rolling sampling simulation generated sequence, and historical 

sequence were comprehensively compared. Through numerical examples, it has been verified that the 

rolling sampling simulation method proposed in this article not only considers the influence of seasons 

and weather on photovoltaic output, but also eliminates the fragmentation between adjacent months. 

The simulation results are superior to traditional algorithms. 

2.  Photovoltaic output model 

The semiconductor photoelectric effect principle used in photovoltaic power generation converts light 

energy into electrical energy. Research has found that the output of photovoltaic power generation is as 

shown in equation (1) [14]. 

𝐼𝑄 = 𝑁𝑎𝐼𝑒 − 𝑁𝑎𝐼ℎ [𝑒
𝑞(𝑈+𝐼ℎ𝑅𝑏)
𝑚𝐾𝑇𝑁𝑏 − 1] (1) 

In the formula: IQ is the load current, Ie is the photo generated current, Ih is the reverse saturation 

current value of the P-N junction, K is the Boltzmann constant, m is the ideal current factor, T is the 

battery temperature, U is the applied voltage value, Rb is the equivalent resistance value of the series 

resistor, Nb is the number of series resistors, and Na is the number of parallel resistors. 

Photovoltaic power generation is mainly affected by factors such as battery temperature and 

photocurrent, and the magnitude of photocurrent is mainly determined by the intensity of light radiation. 

Generally speaking, as the intensity of light radiation increases within a certain range, the more charge 

carriers are excited in the semiconductor material, resulting in a larger photogenerated current. The 

relationship between photogenerated current and light radiation intensity can be shown by equation (2). 

𝐼𝑒 = 𝜂 ⋅ 𝑃0 ⋅ 𝑒−𝛼𝑑 (2) 

In the formula, η Is the photoelectric conversion efficiency, P0 is the incident light power density, α 

Is the absorption coefficient of semiconductor materials, and d is the optical path length. 

In a photovoltaic power plant, assuming the presence of multiple photovoltaic panels of a certain 

area, the expression for photovoltaic power generation is shown in (3). 

{

𝑃𝑝𝑣 = 𝑘𝑆𝐻𝑒

𝑆 = ∑𝑆𝑗

𝑛

𝑗=1

(3) 

In the formula, S is the total area of the photovoltaic panel, He is the solar irradiation intensity per 

unit area, and k is the conversion efficiency. 

After research, it was found that the probability distribution of light intensity is similar to that of 

wind speed and can be represented by the Beta distribution function. That is, the probability density 

function of light intensity is shown in equation (4), as shown in Figure 1: 

𝑓 (
𝐻

𝐻max
) =

Γ(𝜃 + 𝛽)

Γ(𝜃)Γ(𝛽)
(

𝐻

𝐻max
)
𝛽−1

(1 −
𝐻

𝐻max
)
𝜃−1

(4) 

In the formula, H is the actual intensity value of light, and Hmax is the maximum actual intensity value 

of light during the corresponding time period, β and θ It is a function shape parameter. 
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Figure 1. Probability density curve of light intensity 

Through the model analysis in the previous text, it can be found that the radiation intensity He of 

light can be determined by two discrete variables: the actual intensity H of light and the maximum value 

Hmax of light, while the output power Ppv of photovoltaic power generation can be expressed linearly by 

the radiation intensity He. Therefore, this article believes that the output power of photovoltaic power 

generation and the intensity of light follow the same type of stochastic process. The actual intensity of 

light H is influenced by various factors. Figure 2 shows the 8760-hour photovoltaic output timing chart. 

 

Figure 2. 8760h PV output curve 

3.  Markov Chain Photovoltaic Output Simulation Model 

The rolling sampling Markov chain simulation method used in this article is based on the traditional 

Markov chain simulation method, which only has one state transition matrix. According to different 

months, seasons, and weather types, the transition probability matrix is divided into multiple 

interconnected output state transition probability matrices and weather transition probability matrices 

by rolling sampling the photovoltaic output historical data with a sampling period of 10 days and a 

sampling step of 1 day, Reduced the time span of the sampling interval, eliminated the discontinuity in 

the traditional method of the first and last days of adjacent months, and thus improved the accuracy of 

the model. 

3.1.  A weather probability transition matrix considering seasonal characteristics 

The probability transition matrix of weather, as the core of Markov time series simulation method, needs 

to classify weather types. Considering the factors of seasonal changes, the photovoltaic output is 

characterized by different output characteristics in four seasons within 12 months of a year. Therefore, 

the weather type for the whole year is first set, and based on this, the weather with higher frequency 

each month is statistically analyzed using a rolling sampling Markov chain, and a corresponding weather 

probability transition matrix is established. For example, in January, a weather probability transition 

matrix is established for 6 types of weather. The matrix form is as follows, where S, L, M, C, Y, and H 

represent the 6 types of weather that occur in a month, and P (L|S) represents the probability of the 

previous day’s weather type S being L for that day. 
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𝑃𝑤𝑡 =

[
 
 
 
 
 
 
 
𝑃(𝑆|𝑆) 𝑃(𝐿|𝑆) 𝑃(𝑀|𝑆) 𝑃(𝐶|𝑆) 𝑃(𝑌|𝑆) 𝑃(𝐻|𝑆)

𝑃(𝑆|𝐿) 𝑃(𝐿|𝐿) 𝑃(𝑀|𝐿) 𝑃(𝐶|𝐿) 𝑃(𝑌|𝐿) 𝑃(𝐻|𝐿)

𝑃(𝑆|𝑀) 𝑃(𝐿|𝑀) 𝑃(𝑀|𝑀) 𝑃(𝐶|𝑀) 𝑃(𝑌|𝑀) 𝑃(𝐻|𝑀)

𝑃(𝑆|𝐶) 𝑃(𝐿|𝐶) 𝑃(𝑀|𝐶) 𝑃(𝐶|𝐶) 𝑃(𝑌|𝐶) 𝑃(𝐻|𝐶)

𝑃(𝑆|𝑌) 𝑃(𝐿|𝑌) 𝑃(𝑀|𝑌) 𝑃(𝐶|𝑌) 𝑃(𝑌|𝑌) 𝑃(𝐻|𝑌)

𝑃(𝑆|𝐻) 𝑃(𝐿|𝐻) 𝑃(𝑀|𝐻) 𝑃(𝐶|𝐻) 𝑃(𝑌|𝐻) 𝑃(𝐻|𝐻) ]
 
 
 
 
 
 
 

(5) 

3.2.  State transition probability matrix considering seasonal and weather characteristics 

Divide the output status sequence based on actual photovoltaic output or historical data of local weather 

factors. When selecting the output state, the output range is divided based on the actual power accuracy. 

When the output range is between Pmin and Pmax, selecting Pr as the accuracy value, the discrete state 

number N is (Pmax Pmin)/Pr, and the output sequence is {X1, X2,..., Xt...}, where X1 corresponds to 

output (Pmin, Pmin+Pr), X2 corresponds to output state (Pmin+Pr, Pmin+2Pr), and so on. Due to the 

differences in output characteristics under different weather conditions each month, compared to the 

original Markov model, which places all states into the same state transition matrix, this paper focuses 

on different months based on α And weather type β Establish multiple state transition matrices P 

separately below α, β Based on this, 365 state transition matrices were generated using a rolling sampling 

method. Compared to the original method, it eliminates the increase in error caused by the separation 

between adjacent months. 

3.3.  Simulated output sequence generation process 

This article is based on the output situation and seasonal and weather characteristics of photovoltaic 

stations, and constructs a rolling sampling Markov chain model based photovoltaic output time series 

simulation method. The historical data is sampled by rolling with a sampling cycle of 10 days and a 

sampling step of 1 day. Specific step instructions: 

Step 1: Sort the annual data by month α, weather type β classify the daily photovoltaic output into 

upper and lower parts at 12:00 intervals, and obtain the power state transition probability matrix PS of 

the photovoltaic output with a sampling period of 10 days; 

Step 2: Assuming the initial moment is t0, select the current output power value, determine its output 

state X0 through normalization operation, and select the initial month as α0, initial date is η0; 

Step 3: Based on the initial α0 and η0. Determine the sampling starting point and generate the 

corresponding weather state transition matrix Pɑ0,β based on statistical probability for a total of 370 sets 

of data with a sampling period of 10 days. This matrix reflects the weather change patterns of adjacent 

two days and generates random numbers ε0. Determine the initial weather type based on the probability 

matrix of weather state transition β0. 

Step 4: Obtain the next output state Xt1 from Xt0 and the power state transition matrix PS, and generate 

a random number ε1. Find the corresponding output change in the state transition probability matrix 

within the precision requirement value Pr, and superimpose it with the current output state to obtain the 

final Xt1; 

Step 5: Repeat step 4 in a loop until the simulation of the current day’s output status is completed. 

Based on the weather conditions of the day, generate the predicted weather for the next day through the 

weather probability transition matrix, and generate the output status Xm0 at the first moment of the next 

day. At the same time, generate the output status Xm0 from the β0 and the probability matrix P of weather 

state transition Pɑ0,β tain the weather conditions for the next day β1; 

Step 6: Execute steps 2 to 5, and also scroll back one day in sequence using the rolling sampling 

method to generate the output sequence for the next day, until all output sequences for 365 days of the 

year are generated. 

Proceedings of Urban Intelligence: Machine Learning in Smart City Solutions - CONFSEML 2024
DOI: 10.54254/2755-2721/65/20240483

150



4.  Simulation analysis 

This example uses the daily radiation intensity data of a photovoltaic power station in Jiangsu Province 

from 8:00 to 17:00 throughout the year for simulation verification. The time interval for historical data 

is 15 minutes. The rated power of the photovoltaic power station is 3.5MW. Select 5kW as the required 

precision value for photovoltaic output. 

This article focuses on the 10 main weather types classified by the National Meteorological 

Administration of China. The schematic diagram of 10 typical daily output curves for different weather 

conditions is shown in Figure 4. 

 

Figure 3. PV output diagram of ten weather types 

Generate the annual photovoltaic output power sequence using the rolling sampling Markov chain 

simulation method. Obtain its simulated photovoltaic output sequence throughout the day and compare 

it with the historical output sequence, Jan data shown in Figure 4. 

 

Figure 4. Jan time series model PV output sequence 

Due to certain differences between the simulated weather conditions and historical reality, there is a 

certain error in the average photovoltaic output generated by the simulation compared to the historical 

sequence, but the overall trend of change is consistent. The entire probability matrix is consistent with 

the actual situation 

5.  Conclusions 

This article proposes a photovoltaic output time series simulation method based on Markov chain model. 

Eliminated the problem of decreased model accuracy caused by fragmentation in adjacent months. The 

calculation results show that the improved time series production simulation method is more in line with 

historical data in terms of maximum photovoltaic output, with small errors, proving that the improved 

method is effective and feasible, consistent with the actual output change trend. 
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