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Abstract
Improving the accuracy of solar radiation short-term nowcasting (<6 h) is an
important measure to ensure power grid dispatching and also one of the highly
challenging technical bottlenecks. Based on the cloud-radiation relationship, a
solar radiation short-term nowcasting model (R model) was constructed using
the cloud relative radiation forcing ratio retrieved from ground-based solar irra-
diance observations, and the forecasting performance of the R model was eval-
uated using 16 years of irradiance observation data from the Southern Great
Plains Central Facility. The results show that: (1) In cases with cloud presence,
the forecasting performance of the R model is greatly improved compared to the
traditional Simple persistence model (Simple model), and still shows 2%~25%
improvement compared to the intelligent persistence models with higher fore-
casting performance (Smart model or RCRF model). (2) In the overall verifica-
tion comprising 2.9$×$10^5 cases of eight cloud types over 16 years, when the
forecast lead time exceeds 1 h, the forecasting performance of the R model is sig-
nificantly superior to that of the Simple model and the RCRF model. Compared
with the RCRF model, the R model can improve the forecasting performance
for global radiation and direct radiation by 25% and 19%, respectively, at a 6 h
forecast lead time, with the forecast lead time extended by 1.5 h and 1 h, respec-
tively. (3) The R model provides a benchmark model with higher accuracy for
solar radiation short-term nowcasting. Meanwhile, this model can perform fore-
casting relying solely on short-term ground-based irradiance observation data,
providing a new approach or possibility for radiation forecasting at photovoltaic
power plants lacking synchronous meteorological element observations.
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Abstract

Improving the accuracy of short-term solar irradiance forecasting represents
both a crucial safeguard for ensuring grid dispatching security and one of the
most challenging technical bottlenecks in the field. Based on the cloud-radiation
relationship, this study constructs a short-term solar irradiance forecasting
model (R model) utilizing the cloud relative radiative forcing ratio derived from
ground-based solar irradiance observations. The forecasting performance of the
R model is evaluated using 16 years of irradiance observations from the South-
ern Great Plains (SGP) Central Facility site in the United States. The results
demonstrate that: (1) In cloudy cases, the R model significantly outperforms
the traditional simple persistence model and achieves a 2%–25% improvement
over the more advanced smart persistence model (also referred to herein as the
cloud relative radiative forcing (RCRF) model). (2) In comprehensive valida-
tion across 2.9$×10^{5}$ cases encompassing eight cloud types over 16 years,
the R model exhibits superior forecasting accuracy compared to both the sim-
ple and RCRF models at lead times exceeding 1 hour. Specifically, relative to
the RCRF model, the R model improves forecasting performance by 25% for
global horizontal irradiance and 19% for direct normal irradiance, while extend-
ing the forecast lead time by 1.5 hours and 1 hour, respectively. (3) The R
model establishes a more accurate benchmark for short-term solar irradiance
forecasting. Moreover, since the model requires only short-term ground-based
radiation observations, it offers a novel approach and new possibilities for irradi-
ance forecasting at photovoltaic power plants lacking concurrent meteorological
observations.

Keywords: persistence model; short-term irradiance forecast; forecasting per-
formance; photovoltaic power plant
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1 Introduction
Photovoltaic power generation constitutes a vital component of clean energy and
represents an important renewable energy source for achieving carbon neutrality
goals. China’s arid northwestern regions possess the most abundant solar energy
resources in the country. However, due to the inherent volatility, intermittency,
and randomness of solar energy, particularly under cloudy conditions, variations
in solar irradiance caused by cloud changes can lead to dramatic fluctuations
in photovoltaic power output, threatening the security, stability, and economic
operation of the power grid. Short-term solar irradiance forecasting (0–6 hours)
serves as a critical guarantee for the stable dispatching of photovoltaic power.
Improving forecasting accuracy under cloudy conditions is not only essential for
optimizing grid dispatching and rational load distribution but also represents
one of the most challenging issues in current solar irradiance forecasting research.

With increasing demand for solar photovoltaic power generation, solar fore-
casting methods have advanced rapidly, evolving from early statistical models
(such as autoregressive moving average and exponential smoothing) to numeri-
cal weather prediction systems (e.g., WRF-Solar), persistence models, and ma-
chine learning approaches. These various forecasting models have been widely
applied in solar irradiance prediction, demonstrating high accuracy under clear-
sky conditions. However, each has distinct advantages and disadvantages. For
single-site, hourly solar irradiance predictions, persistence models and time se-
ries methods remain the primary approaches, while mesoscale numerical models
dominate for extended spatial scales and longer lead times (0–6 hours). Nev-
ertheless, under cloudy conditions, all these models suffer from low forecasting
accuracy.

Notably, except for persistence models, other approaches require extensive obser-
vational data support. In contrast, persistence models can forecast future time
steps using only a single observation, offering a remarkably simple principle
with very high accuracy for short-term clear-sky forecasting. Consequently, per-
sistence models typically serve as benchmark models for evaluating the perfor-
mance of other forecasting approaches. Furthermore, since photovoltaic power
stations are usually equipped only with radiation observation instruments and
have limited historical radiation data, and because the reference value of nearby
meteorological station data decreases significantly when the distance between
meteorological stations and photovoltaic plants exceeds 10 km, persistence mod-
els represent a more practical choice for solar irradiance forecasting at photo-
voltaic power stations.

If a persistence model could be constructed for cloudy conditions with improved
forecasting accuracy, it would undoubtedly become a valuable tool for short-
term solar irradiance forecasting. Currently, traditional persistence models
mainly include the simple persistence model and the smart persistence model.
The simple persistence model, which neglects cloud effects and solar movement,
typically provides acceptable forecasts only within 15 minutes. The smart per-
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sistence model preliminarily accounts for cloud radiative forcing effects by defin-
ing the clear-sky index as the ratio of total radiation to clear-sky total radia-
tion. While the smart persistence model shows significant improvement over
the simple model under cloudy conditions, it can only forecast global horizontal
irradiance (GHI) and cannot effectively predict direct normal irradiance (DNI).

Liu Weijia developed the RCRF model based on cloud relative radiative forcing,
which can be considered an extension of the smart persistence model capable of
forecasting both GHI and DNI. However, the RCRF model only considers the
combined effects of clouds on radiation without accounting for more detailed
macroscopic features such as cloud albedo. According to radiative transfer
equations, the relative radiative forcing ratio derived from ground-based irra-
diance observations can approximately represent cloud albedo. Building upon
this principle and employing a persistence approach, this study constructs a new
solar persistence model (R model) and evaluates its performance using 16 years
of observations from the SGP Central Facility site, aiming to provide a more
accurate benchmark model for short-term solar irradiance forecasting.

1.1 Data Sources

The data used in this study are obtained from the Atmospheric Radiation Mea-
surement (ARM) program’s Southern Great Plains (SGP) Central Facility
site (https://www.arm.gov/). The dataset spans 16 years (in Central Standard
Time) with a temporal resolution of 15 minutes. This data product is derived
from 1-minute observations that have undergone averaging and rigorous quality
control procedures, including fitting and other validation processes. The dataset,
directly available from the website, contains 2.9$×10^{5}$ samples across eight
cloud types: shallow cumulus, other low clouds, dense cumulus, deep convective
clouds, altocumulus, altostratus, and cirrostratus. The data have undergone
strict quality control and are widely used in atmospheric cloud research. The
forecast lead time in this study is 15 minutes.

1.2 Construction of the Relative Radiative Forcing Ratio-Based Per-
sistence Model and Performance Evaluation

1.2.1 Model Construction In the simplified radiative transfer equation, rel-
ative radiative forcing (RCRF�) is defined as:

𝑅𝐶𝑅𝐹𝑖 = 1 − 𝐹𝑎𝑙𝑙,𝑖
𝐹𝑐𝑙𝑟,𝑖

where the subscript i denotes the parameter identifier, which can represent either
global horizontal irradiance (GHI) or direct normal irradiance (DNI). 𝐹𝑎𝑙𝑙,𝑖 and
𝐹𝑐𝑙𝑟,𝑖 represent the downward irradiance and clear-sky irradiance, respectively.
The cloud relative radiative forcing ratio (R) is defined as:
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𝑅 = 𝑅𝐶𝑅𝐹𝐺𝐻𝐼
𝑅𝐶𝑅𝐹𝐷𝑁𝐼

where 𝑅𝐶𝑅𝐹𝐺𝐻𝐼 and 𝑅𝐶𝑅𝐹𝐷𝑁𝐼 are the relative radiative forcings for GHI and
DNI, respectively. For convenience, the vertical component is hereafter referred
to as 𝐹𝑎𝑙𝑙,𝐷𝑁𝐼 .

The persistence model assumes that the value of a variable (V ) at a future
time (𝑡𝑓) is a projection of its value at a historical time (t), i.e., 𝑉 (𝑡𝑓) = 𝑉 (𝑡).
Therefore, the model based on the persistence of the cloud relative radiative
forcing ratio (R) satisfies:

𝑅(𝑡𝑓) = 𝑅(𝑡)

By substituting the terms from the definition of R into the equation for time 𝑡𝑓
and replacing 𝑅(𝑡𝑓) with 𝑅(𝑡), we obtain:

𝑅(𝑡) = 𝑅𝐶𝑅𝐹𝐺𝐻𝐼(𝑡𝑓)
𝑅𝐶𝑅𝐹𝐷𝑁𝐼(𝑡𝑓)

Rearranging this equation yields:

𝑅𝐶𝑅𝐹𝐺𝐻𝐼(𝑡𝑓) = 𝑅(𝑡) × 𝑅𝐶𝑅𝐹𝐷𝑁𝐼(𝑡𝑓)

Substituting the definition of 𝑅𝐶𝑅𝐹𝐺𝐻𝐼 into this equation and rearranging
gives:

1 − 𝐹𝑎𝑙𝑙,𝐺𝐻𝐼(𝑡𝑓)
𝐹𝑐𝑙𝑟,𝐺𝐻𝐼(𝑡𝑓) = 𝑅(𝑡) × 𝑅𝐶𝑅𝐹𝐷𝑁𝐼(𝑡𝑓)

Further substitution and rearrangement produce the forecasting equation based
on cloud relative radiative forcing ratio (R):

𝐹𝑎𝑙𝑙,𝐺𝐻𝐼(𝑡𝑓) = [1 − 𝑅(𝑡) × 𝑅𝐶𝑅𝐹𝐷𝑁𝐼(𝑡𝑓)] × 𝐹𝑐𝑙𝑟,𝐺𝐻𝐼(𝑡𝑓)

𝐹𝑎𝑙𝑙,𝐷𝑁𝐼(𝑡𝑓) = [1 − 𝑅𝐶𝑅𝐹𝐷𝑁𝐼(𝑡𝑓)] × 𝐹𝑐𝑙𝑟,𝐷𝑁𝐼(𝑡𝑓)

The clear-sky irradiance 𝐹𝑐𝑙𝑟,𝑖 in these equations is estimated using a five-point
weighted smoothing method:

𝑅𝐶𝑅𝐹(𝑡𝑓) =
𝑡

∑
𝑗=1

𝑎𝑗 × 𝑅𝐶𝑅𝐹(𝑡 − 𝑗)
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where j represents the j-th time step in the moving process, t represents the total
number of past time steps used, and a is the smoothing coefficient (typically set
to 1/5 for five-point weighted averaging).

For comparison, the forecasting formulas for the simple persistence model and
the smart persistence model (as an extension of the RCRF model) are also
provided:

𝐹𝑎𝑙𝑙,𝑖(𝑡𝑓) = 𝐹𝑎𝑙𝑙,𝑖(𝑡)

𝐹𝑎𝑙𝑙,𝑖(𝑡𝑓) = [1 − 𝑅𝐶𝑅𝐹𝑖(𝑡)] × 𝐹𝑐𝑙𝑟,𝑖(𝑡𝑓)

1.2.2 Forecast Performance Evaluation Metrics This study employs the
percentage root mean square error (PE) to evaluate model forecasting perfor-
mance, defined as:

𝑃𝐸 = 𝑅𝑀𝑆𝐸
̄𝑦𝑜𝑏𝑠

× 100%

where 𝑅𝑀𝑆𝐸 = √ 1
𝑛 ∑𝑛

𝑘=1(𝑦𝑜𝑏𝑠,𝑘 − 𝑦𝑓𝑐𝑠𝑡,𝑘)2, k and n represent the k-th and
total number of time steps, respectively; 𝑦𝑜𝑏𝑠,𝑘 and 𝑦𝑓𝑐𝑠𝑡,𝑘 are the observed and
forecasted values; and ̄𝑦𝑜𝑏𝑠 is the mean observed value. PE is a dimensionless
quantity, with smaller values indicating better model performance.

Additionally, this study introduces the PE-SRCRF metric to characterize the
performance improvement of the new model relative to the reference model:

𝑆𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝑃𝐸𝑚𝑜𝑑𝑒𝑙 − 𝑃𝐸𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
𝑃𝐸𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

× 100%

where the subscripts“model”and“reference”denote the evaluated new model
and reference model, respectively. Positive values indicate performance improve-
ment, while negative values indicate inferior performance relative to the refer-
ence model.

2 Results and Analysis
2.1 Case Study of Radiation Components Forecasting Under Cloudy
Conditions

Using radiation data from September 7, 2002, at the SGP Central Facility site
as an example, which includes both clear-sky and cloudy periods, [Figure 1: see
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original paper] shows cloud observations from the total sky imager and corre-
sponding irradiance measurements. Before 10:00, the sky was cloudless, and
both GHI and DNI showed continuous upward trends approaching peak values
of approximately 800 W・m−2 and 600 W・m−2, respectively, consistent with
clear-sky irradiance characteristics. From approximately 12:00 to 16:00, scat-
tered cloud patches appeared over the station, causing significant fluctuations in
observed irradiance during this period and resulting in observed values substan-
tially lower than clear-sky irradiance, demonstrating that clouds simultaneously
reduce both GHI and DNI.

The simple persistence model, RCRF model, and newly constructed R model
were used to forecast GHI and DNI at lead times of 1, 2, and 3 hours. Since the
RCRF model can be considered an extension of the smart persistence model
across radiation components, the smart persistence model is hereafter repre-
sented by RCRF. [Figure 2: see original paper] presents the observed GHI and
DNI values alongside forecasts from the three models at different lead times. Vi-
sual inspection reveals that the R model outperforms both the simple and RCRF
models, with both R and RCRF showing significantly better performance than
the simple model. To quantitatively assess model performance, PE values were
calculated for all three lead times, as shown in . The results indicate that
PE values increase with lead time for all models, reflecting growing forecast
errors and decreasing performance. However, the PE values for the R model
are substantially lower than those for the simple and RCRF models across all
lead times. Specifically, at the 1-hour lead time, the R model reduces PE by
2.9$×10{2}×10{2}$% for DNI. Even when compared to the better-performing
RCRF model, the R model achieves improvements of 2%–18% across the three
lead times, with greater improvement for GHI than DNI. Although all models
show increasing PE values with lead time, the R model maintains superior per-
formance, with its advantages becoming more pronounced at longer lead times.

[Figure 3: see original paper] displays scatter plots of predicted versus observed
values at the 3-hour lead time. The results show that for both GHI and DNI,
the simple and RCRF models exhibit wider scatter distributions, with high-
frequency regions located away from the diagonal line, indicating substantial
deviations between observations and predictions. In contrast, the R model shows
high-frequency scatter concentrated along the diagonal, demonstrating smaller
deviations. While both simple and RCRF models tend to overestimate high
values, their performance remains significantly inferior to the R model. These
results suggest that the R model offers particular advantages at longer lead
times.

2.2 Overall Sample Forecast Performance Validation

Although the case study demonstrates superior forecasting performance, con-
clusions drawn from a single case may be subject to considerable randomness.
Therefore, this study further validates the new model using 16 years of day-
time observations from the SGP Central Facility site. The dataset comprises
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2.9$×10^{5}$ samples across eight cloud types: shallow cumulus, other low
clouds, dense cumulus, deep convective clouds, altocumulus, altostratus, and
cirrostratus.

[Figure 4: see original paper] illustrates the variation of PE values with forecast
lead time. For both GHI and DNI, when the lead time is within 1 hour, the R
model’s performance is slightly lower than that of the simple model. However,
beyond 1 hour, as lead time increases, the R model not only significantly outper-
forms the simple model but also surpasses the RCRF model. Compared to the
better-performing RCRF model, the R model improves forecasting performance
by 25% for GHI and 19% for DNI, with improvements increasing gradually with
lead time.

Another critical metric for evaluating forecast performance is the extension of
lead time. Since the simple model demonstrates good prediction accuracy within
1 hour, its PE value serves as a reference for determining whether other models
extend or shorten the forecast lead time. The method involves identifying the
lead time at which other models first exceed the simple model’s PE reference
value. In [Figure 4: see original paper], the horizontal red dashed line represents
the simple model’s PE value. The results show that compared to the simple
model, the RCRF model extends the lead time from 1 hour to 1.5 hours for GHI
and from 1 hour to 1.75 hours for DNI. The R model further extends these lead
times to 4.5 hours and 2.75 hours, respectively—representing extensions of 3.5
hours for GHI and 1.75 hours for DNI relative to the simple model, and 3 hours
for GHI and 1 hour for DNI relative to the RCRF model.

[Figure 5: see original paper] presents the PE-SRCRF score of the R model
relative to the RCRF model across forecast lead times. Positive values indicate
superior R model performance, while negative values indicate inferior perfor-
mance. The results demonstrate that the R model outperforms the RCRF
model across all lead times, with performance improvements gradually increas-
ing as lead time extends. Notably, this study derives the core forecasting factor
—the cloud relative radiative forcing ratio—based on the relationship between
clouds and radiation [Equation (1)]. This ratio simultaneously considers the
combined effects of clouds on both GHI and DNI. The RCRF model only utilizes
𝑅𝐶𝑅𝐹𝐺𝐻𝐼 , while the R model incorporates both 𝑅𝐶𝑅𝐹𝐺𝐻𝐼 and 𝑅𝐶𝑅𝐹𝐷𝑁𝐼 ,
suggesting that introducing additional radiation information enhances forecast-
ing accuracy. According to the forecasting equations, the R model requires only
short-term ground-based radiation observations without auxiliary observations
(such as cloud measurements), providing a new approach for irradiance forecast-
ing at photovoltaic power plants lacking concurrent meteorological data.

3 Discussion
The persistence model constructed based on relative radiative forcing ratio is
a mathematical model with physical significance. In lightly polluted regions
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such as the SGP Central Facility site, the relative radiative forcing ratio can ap-
proximate cloud albedo. Validation across 2.9$×10^{5}$ cases and eight cloud
types demonstrates that its short-term forecasting performance is significantly
superior to the current best-performing smart persistence model. However, in
heavily polluted areas, theoretical derivation suggests that the relative radiative
forcing ratio contains information about both cloud albedo and pollutants. For
instance, northwestern China’s desert regions consistently experience massive
dust aerosol loading, requiring further observational data to validate the model’
s universality.

Additionally, the theoretical derivation assumes a single, uniform cloud layer,
while the actual atmosphere may present more complex scenarios such as multi-
layer clouds, horizontal cloud inhomogeneity, three-dimensional effects, hori-
zontal photon transport, and influences from aerosol particles and water vapor.
These factors warrant more in-depth investigation in future research.

4 Conclusions
This study constructs a short-term solar irradiance forecasting system (R model)
using the cloud relative radiative forcing ratio derived from ground-based irra-
diance observations. The forecasting performance of the newly developed R
model is evaluated using both a 16-year cloudy case from the SGP site and
2.9$×10^{5}$ samples across eight cloud types, with comparisons made against
traditional persistence models (simple and RCRF). The main conclusions are
as follows:

1. For cloudy cases, the R model demonstrates substantial improve-
ments over the simple persistence model, with PE values decreasing
by 2.9$×10^{2}$% for both GHI and DNI. Even when compared to
the better-performing RCRF model, the R model achieves 2%–25%
improvement, with greater enhancement for GHI than DNI.

2. In comprehensive validation using 2.9$×10^{5}$ samples, the R model
shows slightly lower performance than the simple model within 1-hour
lead times. However, beyond 1 hour, its performance becomes significantly
better than both the simple and RCRF models. Compared to the RCRF
model, the R model improves forecasting performance by 25% for GHI and
19% for DNI, extending lead times by 1.5 hours and 1 hour, respectively.
Relative to the simple model, the R model extends lead times by up to
4.5 hours for GHI and 2.75 hours for DNI.

3. The superior performance of the R model implies that incorporating more
cloud information enhances forecasting accuracy. The R model provides
a more accurate benchmark for solar irradiance forecasting under cloudy
conditions. Since it requires only short-term ground-based radiation ob-
servations, it offers new possibilities for short-term solar irradiance fore-
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casting at photovoltaic power plants lacking concurrent meteorological
observations.
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