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Abstract: In the low-carbon era, photovoltaic power generation has emerged as a pivotal focal point.
The inherent volatility of photovoltaic power generation poses a substantial challenge to the stability
of the power grid, making accurate prediction imperative. Based on the integration of a backpropa-
gation (BP) neural network and a genetic algorithm (GA), a prediction model was developed that
contained two sub-models: no-rain and no-snow scenarios, and rain and snow scenarios. Through
correlation analysis, the primary meteorological factors were identified which were subsequently
utilized as inputs alongside historical power generation data. In the sub-model dedicated to rain and
snow scenarios, variables such as rainfall and snowfall amounts were incorporated as additional
input parameters. The hourly photovoltaic power generation output was served as the model’s
output. The results indicated that the proposed model effectively ensured accurate forecasts. During
no-rain and no-snow weather conditions, the prediction error metrics showcased superior perfor-
mance: the mean absolute percentage error (MAPE) consistently remained below 13%, meeting the
stringent requirement of the power grid’s tolerance level below 20%. Moreover, the normalized root
mean square error (NRMSE) ranged between 6% and 9%, while the coefficient of determination (R2)
exceeded 0.9. These underscored the remarkable prediction accuracy achieved by the model. Under
rainy and snowy weather conditions, although MAPE slightly increased to the range of 14% to 20%
compared to that of scenarios without rain and snow, it still adhered to the stringent requirement.
NRMSE varied between 4.5% and 8%, and R2 remained consistently above 0.9, indicative of satis-
factory model performance even in adverse weather conditions. The successful application of the
proposed model in predicting hourly photovoltaic power generation output during winter in Henan
Province bears significant practical implications for the advancement and integration of renewable
energy technologies.

Keywords: photovoltaic power generation; rain and snow weather; genetic algorithm; back propagation;
prediction accuracy

1. Introduction

Amidst rapid economic and social progress, the global community grapples with
the dual challenges of energy scarcity and environmental degradation. Countries around
the globe are focusing on achieving sustainable development with reduced carbon foot-
prints and actively pursuing renewable energy alternatives. According to data from the
International Energy Agency (IEA) [1], as of 2022, the cumulative capacity of installed pho-
tovoltaic systems globally had soared to 1185 GW. Notably, photovoltaic power generation
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contributed to a reduction of approximately 1.4 billion tons of carbon dioxide emissions,
representing a remarkable 30% increase compared to 2021. This reduction accounted for
10% of carbon emissions from the power and heating sector. In the broader context of
the global shift towards low-carbon energy, photovoltaic technology has emerged as a
cornerstone of power generation methodologies.

Furthermore, recent statistics released by the National Energy Administration of
China [2] underscore China’s pivotal role in this global transition. In 2023, China’s installed
solar power capacity surged to 610 million kW, reflecting an impressive year-on-year
growth of 55.2%. This exponential expansion positions China as a frontrunner in the global
energy transition efforts. Consequently, photovoltaic power generation stands out as a
key trajectory for future development, destined to assume an increasingly significant role
in global energy supply dynamics. In comparison to traditional thermal power genera-
tion methods, photovoltaic power generation offers distinct advantages such as abundant
resource availability and environmentally friendly operation. However, it is highly suscep-
tible to weather fluctuations, resulting in pronounced intermittency and unstable power
output. Integrating photovoltaic systems into the power grid often requires prioritizing
grid stability over economic efficiency [3], thus presenting a trade-off between system
reliability and cost-effectiveness.

As the global energy landscape transitions towards renewable sources, the scale of
photovoltaic power generation is poised to significantly expand in the coming years. This
inevitable growth poses a substantial challenge to the stability of global power systems.
Consequently, finding effective strategies to mitigate or preempt the impact of photovoltaic
power generation’s intermittency on grid stability has become an urgent necessity. Cur-
rently, preempting the adverse impacts of grid-connected photovoltaic power generation
often entails forecasting fluctuations in power output beforehand. This proactive approach
facilitates efficient capacity allocation, optimal resource utilization, and fortification of
power grid safety and stability [4]. Traditional methods for predicting photovoltaic power
generation output primarily encompass physical approaches [5] and statistical methodolo-
gies [6]. The physical prediction model hinges on understanding the interplay between
solar irradiance’s physical state and dynamic movement within the atmosphere. It com-
prises mathematical equations delineating atmospheric conditions. However, this method’s
accuracy greatly relies on weather forecasts, whereas rapid weather changes can com-
promise its predictive precision [5]. Conversely, statistical methods leverage historical
power generation data and derived information to forecast time series, albeit with limited
accuracy [7]. In recent years, propelled by advancements in artificial intelligence, machine
learning has emerged as a promising avenue for photovoltaic power generation predic-
tion [6]. Machine-learning models excel in establishing intricate relationships between
inputs and outputs, even when these relationships cannot be explicitly defined. This char-
acteristic renders machine learning particularly adept at tasks such as pattern recognition,
classification, data mining, and prediction [8].

Given the nonlinear nature of meteorological data and the intricate interplay between
various factors influencing photovoltaic power generation, forecasting output represents a
quintessential nonlinear problem. Artificial neural networks stand out as a popular choice
among machine-learning algorithms due to their ability to model and analyze complex
nonlinear processes without necessitating explicit assumptions about the relationship be-
tween input and output variables. Consequently, artificial neural networks find widespread
application in addressing this challenge. For instance, Regidor et al. [9] investigated the
predictive capabilities of an artificial neural network algorithm for short-term photovoltaic
power generation output forecasting within the 1–6 h range. This study incorporated
temperature, pressure, wind, humidity, and solar irradiance as input variables, achieving
outstanding predictive accuracy with a normalized root mean square error (NRMSE) of
less than 20%. Similarly, Kumar et al. [10] combined historical power generation data with
artificial neural networks to conduct short-term predictions of hourly, daily, and weekly
average values of solar photovoltaic power generation. The findings showcased a high
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correlation between predicted and actual outputs, underscoring the efficacy of artificial neu-
ral networks in addressing various photovoltaic power generation prediction challenges.
Oscar et al. [11] developed a measurement Internet of Things prototype to collect on-site
voltage and current measurements from the panel, as well as the environmental factors of
lighting, temperature, and humidity in the system’s proximity. Based on an artificial neural
network, the most effective model utilized lighting, temperature, and humidity with an
RMSE of 0.2553. Collectively, these studies exemplify the extensive utilization of artificial
neural networks in the area of photovoltaic power generation prediction, highlighting their
ability to deliver optimal prediction outcomes for typical issues encountered in this domain.

Certainly, the impact of winter weather conditions, particularly rain and snow, signifi-
cantly affects photovoltaic power generation, primarily due to power losses stemming from
snow and ice accumulation on photovoltaic panel equipment [12]. Consequently, studying
the prediction of photovoltaic power generation under these unique weather conditions
is imperative. Several researchers have delved into this area. For instance, Vaz et al. [13]
employed artificial neural networks to predict the winter output of photovoltaic systems
across five distinct locations in Utrecht, the Netherlands. Their study entailed a month-long
prediction test utilizing local meteorological data and measurement data from nearby photo-
voltaic systems, yielding NRMSEs ranging between 9% and 25%. Similarly, Meng et al. [14]
focused on predicting the average daily photovoltaic power generation in North China
during winter, categorizing winter days into three types: sunny, cloudy, and rainy or snowy.
Their findings showcased low prediction errors for sunny and cloudy days, with mean ab-
solute percentage error (MAPE) as low as 2.83% and 3.89%, respectively. However, in rainy
and snowy weather, MAPE increased by 14.29%. Despite these efforts, current research on
winter photovoltaic power generation forecasting still faces challenges regarding prediction
accuracy, underscoring the need for further exploration and refinement in this domain.

In this study, a short-term photovoltaic power generation prediction model is pro-
posed based on an enhanced BP neural network to analyze photovoltaic power generation
output in Henan Province, China. The model is graded into two sub-networks based
on weather conditions: no-rain and no-snow, and rainy and snowy. Historical power
generation data along with key meteorological variables serve as input parameters for the
model. Moreover, the model incorporates rainfall and snowfall amounts as additional input
variables. Through this approach, hourly predictions of photovoltaic power generation
output in Henan Province for the following day were successfully achieved. The results
confirmed the high prediction accuracy of the model. Given the urgent demand for new
energy development, this research is of utmost practical significance as it promotes the
advancement of photovoltaic power generation technology and facilitates adjustments in
the energy structure.

2. Methods
2.1. Photovoltaic Power Generation Prediction Database Establishment

Henan Province, spanning between 31◦23′ and 36◦22′ north latitude and 110◦21′ and
116◦39′ east longitude, boasts a vast geographical expanse and encompasses 18 prefecture-
level cities. Henan Province is considered China’s largest province in terms of installed
renewable energy capacity and should be an important research target. Given the ex-
tensive territory of Henan Province, this study only focused on selected representative
cities. These cities include the provincial capital of Zhengzhou (34◦16′–34◦58′ north lat-
itude and 112◦42′–114◦14′ east longitude), the industrial hub of Luoyang (34◦32′–34◦45′

north latitude and 112◦16′–112◦37′ east longitude), and the substantial installed capacity
of renewable energy power generation regions of Anyang (35◦12′–36◦22′ north latitude
and 113◦37′–114◦58′ east longitude) and Pingdingshan (33◦08′–34◦20′ north latitude and
120◦14′–133◦45′ east longitude). Choosing regions with different latitudes and longitudes
to include as many solar radiation conditions as possible can help improve the applicability
of the model and reduce prediction errors. The geographic distribution of these selected
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cities is depicted in Figure 1. These cities collectively involve diverse weather patterns and
varying conditions of photovoltaic power generation installation.
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Initially, the hourly photovoltaic power generation data for the aforementioned cities
spanning from January 2022 to April 2023 was meticulously collected and organized. Lever-
aging the central latitude and longitude positions of these cities, comprehensive datasets
encompassing key meteorological factors, including pressure, temperature, humidity, wind
speed, net solar irradiance, and more, were systematically queried. Notably, the meteoro-
logical data were available hourly. The photovoltaic power generation performance data
and meteorological datasets were then carefully matched and correlated to construct a
comprehensive database tailored for forecasting photovoltaic power generation.

2.2. Data Correlation Analysis

The output of photovoltaic power generation is not solely dependent on solar irra-
diance but is also influenced by other meteorological factors such as temperature and
humidity. Considering all meteorological factors as inputs to the forecast could overcom-
plicate the model, resulting in increased computational complexity, which may impede
timely predictions. Moreover, it could potentially elevate prediction errors and compromise
accuracy. Hence, it is essential to properly choose meteorological factors [15]. In practical
photovoltaic power stations, each meteorological factor exerts an influence, albeit with
varying degrees of impact. Correlation analysis can examine the relationships between
different variables. By conducting correlation analysis between photovoltaic power gen-
eration output and various meteorological factors, the magnitude of each factor’s impact
on power output could be discerned. In this study, the Pearson correlation coefficient was
employed to evaluate the correlation between meteorological factors and photovoltaic
power generation output, with the calculation formula depicted in Equation (1).

r =
cov(X, Y)

σXσY
(1)

In the above equation, cov(X,Y) represents the covariance of variables X and Y, σX
and σY represent the standard deviation of variables X and Y, respectively, and r is the
correlation coefficient. A correlation coefficient of 0 indicates no correlation between the
two variables. Positive or negative values of r denote positive or negative correlations,
respectively. Generally, when |r| < 0.2, the variables are considered essentially uncor-
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related. When 0.2 ≤ |r| < 0.4, the correlation is deemed weak. For |r| values falling
between 0.4 and 0.6, the correlation is moderate, while values between 0.6 and 0.8 indicate
a strong correlation. If |r| ≥ 0.8, the variables are highly correlated. Hence, when |r|
between a meteorological factor and photovoltaic power generation output exceeds 0.2, it
is considered as a relevant input variable for the model.

2.3. GA–BP Neural Network Algorithm

The backpropagation (BP) neural network, proposed in 1986, stands as one of the most
prevalent artificial neural networks [16]. It comprises multiple layers and employs the
error backpropagation algorithm for training. Generally, the BP neural network leverages
the gradient descent method, which employs gradient search techniques to minimize the
disparity between actual and expected output values. The BP neural network operation
entails two key processes: signal forward propagation and error backpropagation. During
forward propagation, input signals traverse through the network’s layers, undergoing
transformations via hidden layers to produce output signals. When the actual output
deviates from the expected output, the error is propagated backward through the network.
Error backpropagation involves transferring output errors backward from the output layer
to the input layer, distributing errors across all units within each layer. Subsequently,
network weights and thresholds are adjusted based on the error signals from each layer,
minimizing errors along the gradient direction. Through iterative learning and training,
the actual output progressively converges towards the expected output, culminating in the
determination of network parameters corresponding to minimal error, thus concluding the
training process.

Theoretically, a three-layer neural network is capable of approximating any nonlinear
function [17]. Accordingly, this study adopts a BP neural network configuration comprising
one input layer, one hidden layer, and one output layer, as depicted in Figure 2.
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The genetic algorithm (GA) [18] serves as a stochastic global search optimization
algorithm, mimicking the evolutionary principle of “survival of the fittest” observed in
nature. The fundamental concept revolves around generating a population of individuals
from an initial state, with subsequent iterations refining the population through random
selection, crossover, and mutation operations. This iterative process drives the population
towards regions of higher fitness within the search space. Through successive generations
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of reproduction and adaptation, the population gradually converges towards individuals
that best suit the environment, ultimately yielding an optimal solution to the problem.
However, gradient descent is susceptible to local optima and may struggle to achieve global
optimization. By integrating the BP neural network with GA (GA–BP), the shortcomings of
falling into local optima and suboptimal prediction model performance can be effectively
mitigated. This hybrid approach offers enhanced robustness against local optimality and
enhances prediction accuracy.

2.4. The Prediction Model Based on GA–BP Neural Network

The objective of this study is to predict the photovoltaic power generation output
in Henan Province, China, specifically during winter. The unique weather conditions
characterized by rain and snow pose challenges, as snow accumulation on photovoltaic
panels significantly impacts output, resulting in intricate fluctuations that complicate
prediction processes. To streamline the model and enhance accuracy, the forecasting
framework was split into two sub-models based on rainy or snowy weather conditions.

In non-rainy and snowy weather scenarios, primary meteorological factors were se-
lected as model inputs through correlation analysis. Conversely, in the sub-model for
predicting rain and snow weather; rainfall and snowfall data were integrated to evaluate
their potential effects on photovoltaic power generation system performance. Furthermore,
photovoltaic power generation is influenced by factors such as the direction and angle of
photovoltaic array installation, as well as system conversion efficiency. Neglecting these
factors could lead to inaccurate predictions. Given that meteorological factors alone may
not adequately capture information from the power generation equipment perspective,
historical power generation data were incorporated as inputs. Importantly, since all his-
torical power generation data originated from the same power generation system, they
inherently contain key information regarding the system, including installation position
and angle [10]. This holistic approach ensured a comprehensive consideration of both
meteorological and equipment-related factors, thereby improving prediction accuracy.

The forecasting process unfolded as follows: initially, through correlation analysis,
meteorological factors predominantly affecting the photovoltaic power generation output
of each city were identified. For the non-rainy and snowy weather forecasting sub-model,
input variables encompassed primary meteorological factors, photovoltaic power gener-
ation output from the previous day, and key meteorological factors for the forecast day.
In the sub-model dedicated to rain and snow weather, input variables additionally in-
cluded rainfall and snowfall data. The output signified the forecasted photovoltaic power
generation output for the forecast day. In predicting rain and snow weather conditions,
two comparison routes were adopted: (1) Model I, where the input variables excluded
rainfall and snowfall; (2) Model II, where rainfall and snowfall were considered as input
variables. By comparing the prediction performance of these two models, the influence
of rain and snowfall on the prediction of photovoltaic power generation output could be
better recognized.

The photovoltaic power generation output forecasting process is elucidated in Figure 3.
The detailed parameter settings for the BP neural network were as follows: the number
of hidden layer nodes varied from 1 to 50, and the optimal number of hidden layer nodes
was determined through iterative training. For the GA, the initial population size was set
to 40, the maximum number of iterations was limited to 100, the individual length was
fixed at 20, and the genetic, crossover, and mutation probabilities were set to 0.95, 0.8, and
0.01, respectively.
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3. Results and Discussion

In this study, data from December 2022 to February 2023 were utilized as training and
validation samples for the sub-model aimed at predicting non-rainy and snowy weather.
The large sample size ensured the effectiveness of the model. Conversely, for the sub-model
focusing on predicting in rain and snow weather conditions, data encompassing January
and February 2022 were incorporated to ensure adequate sample quantity. Given the facts
that photovoltaic power generation predominantly occurs during daytime when solar
irradiance is sufficient and that output diminishes during other times, this study forecast
photovoltaic power generation output specifically from 8:00 a.m. to 4:00 p.m. daily.

3.1. Photovoltaic Power Generation Output Forecasting of Non-Rainy and Snowy Weather

In order to select major meteorological factors as inputs, a correlation analysis was
conducted between photovoltaic power generation output and various meteorological
factors in the database. The results of this analysis are presented in Table 1.

Table 1. Correlation analysis results of main meteorological factors.

City Anyang Pingdingshan Luoyang Zhengzhou

Surface pressure (hPa) 0.11 0.037 −0.015 0.077
Temperature (◦C) 0.43 0.52 0.43 0.51

Relative humidity (%) −0.49 −0.62 −0.49 −0.49
Warp wind speed (m/s) 0.23 0.22 −0.065 0.18
Zonal wind speed (m/s) −0.03 0.31 0.17 0.13

Net solar irradiance (J/m2) 0.75 0.77 0.75 0.83

The data presented in Table 1 suggest that the photovoltaic power generation per-
formance of the four cities was primarily influenced by temperature, humidity, and net
solar irradiance. It is worth noting that the most critical factor was net solar irradiance,
with a correlation coefficient of over 0.75. Additionally, temperature and humidity were
relatively major influencing factors, exhibiting correlation coefficients ranging from 0.4 to
0.6. Conversely, the effects of other meteorological factors may be deemed relatively negli-
gible. Therefore, in the sub-model dedicated to non-rainy and snowy weather, the principal
identified meteorological factors were net solar irradiance, temperature, and humidity.

The model’s verification utilized data spanning from 26 February 2023 to 28 February 2023.
The forecasted photovoltaic power generation output for the four cities during winter’s
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non-rainy and snowy weather is depicted in Figures 4–7. It was observed that the pre-
dicted output closely followed the trend of the actual output, with overall differences
being insignificant. However, slight deviations were noticeable near the maximum daily
photovoltaic power generation output, a phenomenon that is also documented in the
literature [19]. This discrepancy could be attributed to the relatively sparse data points near
the maximum value, which somewhat diminishes prediction accuracy. To comprehensively
assess the prediction performance of the model, error indices such as root mean square
error (RMSE), MAPE, NRMSE, and R2 were employed. The calculation equations for these
indices are provided in Equations (2)–(5).

RMSE =

√
1
n∑n

i=1

(
yi − y′i

)2 (2)

MAPE =
1
n∑n

i=1

∣∣∣∣yi − y′i
yi

∣∣∣∣ (3)

NRMSE = RMSE/(ymax − ymin) (4)

R2 = 1 − ∑n
i=1

(
yi − y′i

)2

∑n
i=1(yi − y)2 (5)

As illustrated in Table 2, the RMSE for Anyang and Pingdingshan City ranged between
80 and 90 MW, while for Luoyang City, it fell between 60 and 70 MW. Additionally, the
RMSE for Zhengzhou City was below 40 MW. This discrepancy could be attributed to the
fact that the maximal photovoltaic power generation output in Anyang and Pingdingshan
City was double that of Zhengzhou City, leading to a higher RMSE. Furthermore, MAPE
ranged between 9.66% and 12.61%, indicating that the predicted value had an error of no
more than 13% relative to the actual value. Comparing to that in recent similar research [19],
the obtained MAPE value seems 7% bigger. However, this study was aimed at predicting
the power generation output of all photovoltaic power stations in a city (hundreds or even
thousands of megawatts) rather than just a specific power station (tens of megawatts).
Thus, this discrepancy may be attributed to the presence of various peak values and non-
stationary components in historical power generation data of dozens of photovoltaic power
stations, coupled with uncertainty and variability of the corresponding meteorological
conditions that significantly impact power generation.

Table 2. Photovoltaic power generation output forecasting error of non-rainy and snowy weather.

City RMSE MAPE NRMSE R2

Anyang 89.41 10.67% 7.45% 0.9359
Pingdingshan 84.47 12.61% 6.97% 0.9430

Luoyang 64.91 11.98% 6.69% 0.9487
Zhengzhou 37.76 9.66% 8.91% 0.9220

Generally, NRMSE can compare prediction errors from different samples. NRMSE
in this work fell within the range of 7–9%, demonstrating a positive outcome. Compared
with those in the literature [20], despite not further subdividing no-rain and snow weather,
relatively accurate predictions were achieved in this study. NRMSE decreased by about
8%. Obviously, the selection of major meteorological elements through correlation analysis
and the consideration of historical generation data helped improve the model’s forecasting
performance. Moreover, R2 exceeded 92%, indicating good generalization performance of
the model.
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In Equations (2)–(5), yi represents the actual value, y′
i represents the predicted value,

and ymax and ymin represent the maximum and minimum values of the sample, respectively.
RMSE assesses the average deviation between predicted and actual values, while MAPE
measures the percentage error between the predicted and actual values. NRMSE enables the
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comparison of error magnitudes across different samples, and R2 describes the goodness
of fit.

In summary, the sub-model for forecasting non-rainy and snowy weather achieved
satisfactory results. The prediction error of different cities was at similar levels, and the
small differences could be attributed to different geographic locations and power generation
site information. Consequently, the proposed model is applicable to photovoltaic power
generation systems in diverse situations.

3.2. Photovoltaic Power Generation Output Forecasting of Rain and Snow Weather

Due to the influence of rain and snow, photovoltaic panels may be obstructed by snow
and ice, thereby impeding photovoltaic power generation output [12]. Consequently, it
becomes imperative to conduct photovoltaic power generation output prediction during
rainy and snowy conditions. Table 3 illustrates the correlation analysis results of photo-
voltaic power generation output with rainfall and snowfall in each city. It is evident that
rain and snow do exert a discernible impact on photovoltaic power generation output, with
varying degrees of influence observed across different cities.

Table 3. Correlation analysis results of rain and snow.

City Rainfall Snowfall

Anyang −0.27 −0.25
Pingdingshan −0.23 −0.24

Luoyang −0.14 −0.13
Zhengzhou −0.14 −0.12

The forecasting results of photovoltaic power generation output in four cities during
winter rain and snow conditions are depicted in Figures 8–11. The model was validated using
data from the last day of continuous rain and snow weather in 2022 and 2023, respectively.
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It was observed that the predicted output of both Model I and Model II generally
aligned with the actual output. However, noticeable discrepancies between predicted and
actual values were evident for Pingdingshan and Luoyang cities during certain periods.
This disparity may have been due to two main factors: Firstly, the meteorological conditions
represented by the longitude and latitude coordinates of the city center may not fully reflect
the actual conditions [21]. Accurate meteorological data are pivotal for precise weather
predictions. Secondly, rainfall and snowfall can only partially depict the extent to which
photovoltaic power generation output was influenced by snow and ice. The specific impact
should be determined based on on-site information. These disparities may impede the
full exploitation of the actual change pattern in learning and training of neural networks,
thereby affecting prediction accuracy.

Furthermore, Model II exhibited lower prediction deviation compared to that of
Model I, and its prediction curve more closely resembled the actual output curve. This
suggests that the inclusion of rainfall and snowfall in Model II led to enhanced prediction
performance. Obviously, it will be more complicated when considering the prediction of
photovoltaic power generation under extreme weather of rain and snow.

Table 4 displays the forecast error of photovoltaic power generation output during rain
and snow weather. Compared with that of the non-rainy and snowy weather sub-model,
the RMSE was lower because photovoltaic power generation was hindered in rainy and
snowy conditions, leading to a significant decline in power generation, which in turn
reduced the forecast deviation. In general, the larger the size of the predicted object, the
larger the RMSE [11,20]. Similarly, NRMSE also fell down. However, MAPE seemed to have
grown because in extreme weather there were times when the output of power generation
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was very small, which magnified the error when measured by percentage error. For the
high MAPE in Pingdingshan city, it was found that the prediction deviation in the city was
quite significant at low output levels below 20MW, resulting in an amplification of MAPE.

Table 4. Photovoltaic power generation output forecasting error in rain and snow weather.

City Model RMSE MAPE NRMSE R2

Anyang
Model I 86.04 14.19% 7.85% 0.9339

Model II 61.83 10.52% 5.64% 0.9965

Pingdingshan
Model I 49.54 469.78% 9.03% 0.8955

Model II 37.02 67.54% 6.75% 0.9426

Luoyang
Model I 58.21 15.08% 8.08% 0.9365

Model II 55.35 14.89% 7.68% 0.9668

Zhengzhou
Model I 13.26 20.91% 4.67% 0.9743

Model II 12.58 19.41% 4.43% 0.9818

Additionally, improving the model also improved its performance, which suggested
that adding rainfall and snowfall was essential for accurate prediction. RMSE was reduced
by an average of 13 MW for Anyang and Pingdingshan city, but only by about 2 MW for
Luoyang and Zhengzhou city. This can be explained by the greater negative correlation
between power generation output and rainfall and snowfall in Anyang and Pingdingshan
city. For MAPE, all cities except Pingdingshan had errors of less than 20%, which aligned
with the findings of Meng et al. [14] and satisfied the power grid’s requirements. This was
because a similar input/output pattern was used. It was worth noting that this study aimed
to predict hourly output, while Meng et al. [14] aimed to predict daily power generation.
The prediction level improved, but the prediction error was still relatively small. Compared
with that in the literature [21], MAPE had an increase of 3–5% due to the consideration of
rainfall and snowfall as model inputs.

In addition, the NRMSE for each city was below 9%, which was a significant improve-
ment compared to the results of Vaz et al. [13], signifying the accuracy of the model. In their
study, the rainfall and snowfall were not taken into account separately. Compared with
that found by Meng et al., NRMSE still had a reduction of 2–4%. This further shows that it
is not enough to forecast only on the basis of weather type classification, and the impact of
rain and snow on power generation equipment also needs to be included. Consequently,
R2 exceeded 0.9, also validating the model performance.

To sum up, the sub-model for forecasting rainy and snowy weather achieved satisfac-
tory results. By adding rainfall and snowfall as model inputs, the model was optimized
and its performance increased. Meanwhile, the effect of the model on four cities in different
geographical locations was at a similar level. However, it is obvious that the greater the
correlation between rainfall and snowfall and output, the greater the optimization of the
results obtained after adding input. Consequently, the proposed model is applicable to
photovoltaic power generation systems in special weather like rain and snow.

4. Conclusions

For photovoltaic power generation, weather disturbances pose a significant challenge
when forecasting the output, while forecasting performance holds significant importance
for power grid operation and dispatching. In this study, a short-term forecast model for
China’s Henan Province’s winter photovoltaic power generation output was developed
based on a genetic algorithm–backpropagation neural network. Firstly, through correlation
analysis, the main meteorological factors affecting the power generation output were
selected. Then, the historical power generation data were also adopted as inputs to account
for device information, and hourly photovoltaic power generation output served as the
output. In order to reduce model complexity and improve operation efficiency, the model
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was partitioned into two sub-models tailored to different weather types: non-rainy and
snowy, and rain and snow. At last, conducting predictions for four representative cities
of different latitudes and longitudes in Henan Province, China, the following conclusions
could be drawn:

(1) Through correlation analysis, the primary meteorological factors influencing pho-
tovoltaic power generation output were successfully identified. They were solar
irradiance (correlation coefficient > 0.75), temperature, and humidity (0.4 < correlation
coefficient < 0.6). Rainfall and snowfall also played a role (correlation coefficient up to
0.27). By integrating these factors with historical power generation data, a forecasting
model for photovoltaic power generation output in winter was developed.

(2) In the non-rainy and snowy sub-model, RMSE ranged between 37.76 and 89.41 MW
depending on the magnitude of the predicted object. MAPE remained below 13%,
meeting the requirement of <20%. Additionally, NRMSE fell within the range of
7–9%, and R2 exceeded 0.92. The errors were in a good range. By selecting major
meteorological elements through correlation analysis and the consideration of histor-
ical generation data, the model could be successfully applied to power generation
prediction in different situations (geographical location, power generation equipment
information, weather information).

(3) During rain and snow weather conditions, model performance was improved by
taking into account the effects of rainfall and snowfall. RMSE ranged between 12.58
and 61.83. MAPE increased slightly but still remained below 20%. Moreover, NRMSE
was less than 8%, and R2 exceeded 0.94. These could demonstrate the model’s
effectiveness in predicting photovoltaic power output even under challenging weather
conditions. In addition, the difference in the forecasting of these four cities also
indicated that different regions were affected by rain and snow to different degrees,
and the greater the impact, the more necessary it was to further consider it.

In future work, more factors will be taken into account to make the prediction model
more comprehensive. Specifically, Henan province in the north of China is severely affected
by smog. The deposition of flying dust on photovoltaic panels could reduce the output
performance of photovoltaic power generation [22,23]. Therefore, the measurement of
flying dust and consideration of the effects of different categories will make the model
more practical.
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