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Highlights:

*  An ensemble learning approach for solar irradiance prediction is proposed.

*  Easily accessible meteorological parameters are used as inputs to the model.

*  The contribution of the input features is discussed using interpretation techniques.
*  The Bayesian optimization algorithm is used to tune the model hyperparameters.
*  The proposed model is verified to outperform other state-of-the-art models.

Abstract: High-temporal-resolution solar irradiance data are essential for calculating and assessing
high-performance buildings. However, limited access to measurement equipment often restricts the
availability of such data. To address this challenge, this study proposed a highly accurate, interpretable,
and convenient method for ultra-short-term global horizontal irradiance (GHI) prediction. Firstly, a
dataset containing six types of conventional meteorological parameters and corresponding irradiance
values was prepared, and its feasibility for model development was investigated through correlation
analysis. Then, the eXtreme Gradient Boosting (XGBoost) model, combined with Bayesian
optimization (BO) algorithm, was developed to predict 1-minute GHI based on the selected meteorological
parameters. Finally, the prediction mechanism was revealed by analyzing the feature importance and the
effect of key features using interpretation techniques. The results show that the BO-XGBoost model
outperforms the other state-of-the-art models, with coefficient of determination (R?) of 0.907 and root
mean square error (RMSE) of 76.199, especially in clear sky conditions, the R? and RMSE can be
0.990 and 24.077. The model interpretation results further indicate that GHI prediction heavily relies
on the solar elevation angle and relative humidity, along with their interactions. This study provides a
cost-effective solution for obtaining irradiance data critical for designing and optimizing solar-based
low-carbon buildings.
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1. Introduction
1.1. Significance of solar irradiance prediction

As global warming intensifies, countries have ramped up efforts to tackle climate change driven by
carbon emissions. Many countries have pledged to achieve net-zero carbon emissions by 2050. Among
various sectors, the building sector accounts for approximately 40% of global energy consumption and
about 30% of carbon dioxide emissions [1]. Promoting energy management in buildings has therefore
become a key strategy for carbon reduction and decarbonization.

Solar energy is one of the most promising clean energy sources for integrating renewables into
buildings, with the potential to reduce electricity consumption by 20% to 50% [2]. Reliable solar irradiance
data is essential for evaluating solar-driven building performance and for predicting and managing energy
utilization [3]. Such data are typically obtained from typical meteorological year (TMY) datasets or
standardized meteorological files [4,5]. However, due to the significant spatiotemporal variability of solar
irradiance, these data files often fail to accurately reflect local irradiation conditions [5], potentially leading
to significant errors in building energy calculations. In addition, with the promotion of net-zero energy
buildings, especially with the widespread deployment of building integrated photovoltaic (BIPV)
technology [6], building calculations are placing greater demands on the temporal resolution of radiation
data. Consequently, acquiring accurate, localized, and ultra-short-term solar irradiance data has become
critical for optimizing building energy performance and advancing low-carbon, zero-carbon, and smart
building technologies.

Despite this need, the large-scale deployment of solar irradiance measurement equipment remains
limited due to high costs and complex maintenance requirements, especially in remote or rural regions [7,8].
In China, only a small number of meteorological stations record solar radiation data [9,10], and even in
developed countries, stations capable of high-temporal-resolution radiation monitoring are relatively
scarce [11]. As a result, the development of irradiance prediction models has emerged as an effective and
economical alternative.

1.2. Available prediction methodologies

Solar radiation variability is influenced by a multitude of dynamic meteorological and environmental
factors, which are usually adequately incorporated into corresponding prediction models. These models
are categorized into three types based on different classification criteria.

1.2.1. Input type-based classification

Solar irradiance prediction methods can be classified into four categories based on input factors: satellite
or sky imagery-based methods, historical irradiance-based methods, meteorological data-based methods,
and methods combining multiple data sources from these categories. The first usually requires specialized
equipment for image capture, followed by image analysis [12]. As presented in studies [13—15], the models
primarily utilize sky images as input variables, sometimes supplemented with additional data sources.
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However, the complexity of cloud properties, the cost of image acquisition, and the tediousness of the
image data processing steps pose challenges to this method [16], limiting regional applicability and
predict accuracy enhancement. The second relies on extensive historical irradiance data across various
time scales [17,18], occasionally integrating other inputs such as sky images [19,20]. Availability of
historical data is constrained by equipment limitations and other factors, restricting their widespread
application. In contrast, meteorological data-based methods leverage real-time, detailed, and accessible
meteorological information, making them particularly valuable in resource-constrained environments [7,21].
For instance, Urraca et al. achieved one-hour-ahead solar irradiance predictions using meteorological
records and solar calculations [12]. Despite achieving a root mean square error (RMSE) of approximately
100 W/m?, there remains room for accuracy improvement. Li et al. developed BP and CNN models
using meteorological parameters, achieving RMSE values below 70 W/m? for irradiance predictions in
Shanghai and Xi’an [9]. The accuracy of these models has also been validated in simulations of building
energy consumption and PV power generation.

1.2.2. Method-based classification

In terms of prediction methods, models can be broadly classified into statistical, physical, machine
learning. Statistical models usually leverage historical time series data and are adept at capturing linear
relationships [11]. However, their performance diminishes when dealing with problems that are nonlinear
or influenced by external factors [22]. Physical models, also known as radiative transfer models [8],
involve complex and rigorous radiative transfer boundaries that require substantial computational
resources and time [23]. Numerical weather prediction models, a type of radiative transfer model [24], are
primarily suitable for longer-term forecasts (greater than 6 hours and up to several days) [21]. With the
advancement of artificial intelligence, machine learning methods have gained increasing importance in
various prediction tasks. These methods are capable of learning from datasets and establishing nonlinear
mappings between input and output variables without the need for explicit programming [21], thereby
reducing prediction errors and enhancing fitting accuracy. In particular, ensemble algorithms have
contributed to the development of increasingly robust and efficient models that achieve a favorable balance
between simplicity and performance [22]. For instance, Fan et al. found that the XGBoost model excels in
estimating daily irradiance based on temperature and precipitation data, particularly in humid subtropical
climates [25]. Hassan et al. demonstrated that using gradient boosting (GB), random Forest (RF), and
bagging to estimate daily global horizontal irradiance (GHI) in the Middle East and North Africa resulted
in more stable and accurate performance compared to support vector regression (SVR) and artificial
neural networks (ANN) [11]. Lee ef al. compared several ensemble learning (EL) algorithms, including
boosted trees (BS), bagged trees (BG), RF, and generalized random forest (GRF), with single regression
methods such as support vector machine (SVM) and Gaussian process regression (GPR), concluding that
the ensemble methods provided better prediction performance [26].

1.2.3. Time interval-based classification

Solar irradiance prediction models are classified based on different prediction intervals, ranging from
ultra-short-term to long-term predictions. Ultra-short-term predictions cover intervals from 1 second to
1 hour, focusing on capturing rapid fluctuations in irradiance [27]. These predictions are crucial for
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applications requiring real-time adjustments, such as PV system control and grid management [28,29]
and building energy simulation [3]. Despite their importance, research in this area remains limited
compared to longer-term predictions [30,31]. Few studies have explored predictions at hourly [9,17] and
intra-hourly [32,33] scales, highlighting challenges in achieving high accuracy due to the rapid
variability of solar energy. For instance, Bhatt et al. developed three deep learning (DL) models for solar
irradiance prediction with lead times ranging from 15 minutes to 1 hour and 30 minutes [34]. Nunes
Maciel et al. utilized ANN and LightGBM models to predict GHI at intervals ranging from 1 to 60
minutes, revealing limitations in accurately predicting GHI at 1-minute intervals [13].

1.3. Objectives of this study

Solar irradiance prediction is essential for enhancing the precision of low-carbon building performance
calculations. Although existing research has made notable progress, several key challenges remain
insufficiently addressed: (i) Ultra-short-term irradiance prediction models with high temporal resolution
still require further development and improvement; (ii) Existing approaches often rely on costly or
complex data sources, while the potential of using only conventional meteorological parameters remains
underexplored; (iii) Model interpretability remains insufficiently addressed, with few studies focused on
explaining the underlying prediction mechanisms or identifying the most influential input variables.

To address the above research gaps, this study proposed a high-accuracy and interpretable model
for ultra-short-term solar irradiance prediction. The main contributions of this study are as follows: (i)
Minute-level global horizontal irradiance (GHI) forecasting is conducted by applying a Bayesian
optimization strategy to the XGBoost model, improving prediction accuracy at this fine time scale
compared with methods primarily focusing on hourly or longer intervals; (ii) The framework relies
exclusively on six conventional meteorological variables that are widely available across most regions,
thereby demonstrating a practical and cost-effective alternative to approaches requiring costly or
complex data sources; (iii) Integrated interpretability techniques were employed to enhance the
transparency and credibility of the model. Analyses based on SHAP and PDP provided new insights into
the relative importance of meteorological variables. These contributions not only improve the accuracy
of minute-level irradiance forecasting but also provide practical insights into variable importance,
thereby supporting solar-based low-carbon building design and energy system optimization.

2. Methodology

This section systematically introduces the methods for developing, evaluating and interpreting the
prediction models, including data collection and analysis, ensemble learning (EL) algorithms,
hyperparameter optimization algorithm, model performance metrics, and interpretation methods. The
framework and detailed workflow for this study are shown in Figure 1.

Firstly, the meteorological and irradiance data were prepared, and their temporal distribution
patterns and correlations were analyzed. Secondly, the prediction models were developed using EL
algorithms coupled with Bayesian optimization with meteorological data as inputs and irradiance as
outputs, and the performance of the proposed model was evaluated and compared. Finally, the
interpretation techniques were employed to identify and determine the importance and effect of input
features in the prediction process.



Smart Constr.

Article

Data preparation

Model development

Measurement and acquisition

Correlation analysis: r = (E(X - X)(¥ - V))/(JEWX - )2 JE(¥ - H)?)

{ Ensemble learning

'>|Subset 1 U_’ ‘ Model 1|k

e

S ~
Dataset

Original

Prediction

data

>|éub5et KU_' ‘Mﬂdﬂ K

¥
Bayesian Optimization

[ . '

(xk+1rf(xk+1))
Update ‘

L lef = {xl:krf(xl:k)}
t

e \ 2
List of observed VariablesJ tHyperparametric screening

v

Interpretability analysis

ISEANT=IsT=1
#= (Zh*mwm] - )

.
2 a 2 1 a "
) = Bl ssxe)] = [ P3P ee) = Flasxe®)

&

Performance evaluation

R*=1

L0 —9)°

IO -9

Feature importance & effect

Solar Elevation Angle
Relative Humidity

Air Mass

Ambient Temperature
Wind Direction

Wind Speed

g 8

w0

Relative Humidity

8

s
s

0 10 20 30 40 5 60 70 80
Mean (|SHAP value|)

Solar Elevation Angle

Predicted & actual value

-
g

)
1]
3

N =39072
R?=0907
RMSE = 76,199

Predicted GHI (W/m?)
@
8

0 250 500 750 1000
Actual GHI (W/im?)

)

Number of Samples

BO-XGBoost

14000
12000
10000
8000
6000
4000

2000 4

0

Number of Relative
Error < 30%: p4184

|l|n.‘

.|1II|
200 0 200

Predicted Error (W/m?)

Figure 1. The framework and workflow of this study.
2.1. Dataset description

The measurement site is located in Beijing, situated in the northern part of China’s North China Plain,
with a temperate monsoon climate and four distinct seasons [19]. The dataset spans from January to
December 2023 with a sampling interval of 1 minute, comprising meteorological data and global
horizontal irradiance (GHI) data, continuously recorded throughout the year. To ensure data quality,
irradiance values below 50 W/m? were excluded, as they mainly occurred during sunrise, sunset, and
extreme weather conditions, when the measurements are often affected by higher signal-to-noise ratios.
After filtering, a total of 195,357 GHI samples and their corresponding meteorological parameters were
retained for model construction.

In this study, the spectrally integrated GHI over the 280-2500 nm range was defined as the model
output, as this wavelength interval contains the vast majority of solar energy relevant to photovoltaic
performance and building applications. The model inputs consisted of six conventional meteorological
parameters: ambient temperature (AT), relative humidity (RH), wind speed (WS), wind direction (WD),
solar elevation angle (SEA), and air mass (AM) [21,26,35-38]. Among these, AT, RH, WS, and WD
were directly measured, while SEA and AM were calculated from geographic and temporal information.
During the modelling process, 80% of the entire dataset was randomly selected for model training and
the remaining 20% for testing [10,11,35].
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Before formally determining these as effective variables for model development, Pearson
correlation analysis was conducted to assess the correlations between the input variables and between
the input and output variables, as shown in Equation (1). After performing the correlation analysis, the
variables will be used for model development, as shown in Table 1 and Figure 2a.

L IX-RHr -1
VIX X2 /3 -7)?

where X and Y represent the values of the two variables, X and Y represents the mean value of X and

(1

Y, respectively.

Table 1. Input and output variables for prediction models.
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Figure 2. Flowchart of the proposed BO-XGBoost model.
2.2. Ensemble learning algorithm

Ensemble learning (EL) enhances model prediction performance by combining multiple weak learners
to form a robust model structure [36]. In this study, the eXtreme Gradient Boosting (XGBoost) was
selected as the primary model due to its strong capability in handling nonlinear relationships and high
computational efficiency, which are particularly important for ultra-short-term irradiance forecasting, as
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illustrated in Figure 2b. For comparison, three other representative ensemble learning algorithms,
Gradient Boosting Decision Tree (GBDT), Random Forest (RF), and Categorical Boosting (CatBoost)
prediction models, were also implemented to benchmark the proposed approach.

The GBDT algorithm, proposed by Friedman, is a boosting-based method that iteratively reduces
prediction residuals through gradient descent optimization, and has been widely recognized for its strong
predictive performance [11]. Random Forest (RF), introduced by Breiman, is based on bagging and
random feature selection, which reduces correlation between trees and improves generalization [39].
CatBoost, developed by Yandex, is an advanced variant of gradient boosting that incorporates ordered
boosting and efficient handling of categorical variables to avoid overfitting and target leakage [22].
XGBoost, proposed by Chen, is a scalable and efficient boosting algorithm that supports parallel tree
construction and regularization, enabling fast training and robust prediction [40].

2.3. Hyperparameter optimization

For machine learning models, especially tree-based and neural network algorithms, hyperparameters
play a critical role in degerming model performance. To enhance model performance, it is essential to
identify the optimal hyperparameters for each model. This is achieved through hyperparameter tuning
and optimization, a process involving the exploration and testing the hyperparameter space [36].

Most existing studies on solar energy prediction have adopted grid search or random search for
hyperparameter tuning. However, these methods are computationally expensive and often fail to ensure
global optimality, especially when dealing with complex models containing a large number of
hyperparameters. This limitation is even more pronounced in minute-level forecasting, where models must
rapidly adapt to highly dynamic irradiance fluctuations. To address this issue, this study employs the
Bayesian optimization (BO) algorithm, as shown in Figure 2c, to efficiently identify the optimal
hyperparameter configurations for XGBoost and other ensemble models. BO iteratively proposes new
candidate configurations based on prior evaluations, thereby enabling efficient exploration of the
hyperparameter space. Compared with grid search and random search, BO significantly reduces
computational cost and improves search efficiency, resulting in more effective and stable tuning. The core
framework of the BO algorithm is sequential model-based optimization (SMBO), with the surrogate model
and acquisition function as the two key components that distinguish different BO methods. The overall steps
for performing SMBO are as follows [41]:

Step 1. Based on the existing tuning history H = {xq., f(x1.,)}, a probabilistic model y(x)
is established. Specifically, in a given domain space, a random selection of hyperparameters x.j
and their associated objective function values f(x;.,) is used to form the observation variables list
H = {x1.4, f(x1.4)}. Subsequently, the probability distribution of the observation variables H is
modeled using the Tree Parzen Estimator (TPE) algorithm. For the observation points x on either side
of a specific threshold y*, different probability distributions are constructed, as shown in Equation (2).

1),y <y”
PGl ={ )0 S )
where y* is the threshold corresponding to the quantile y of y (p(y < y*) =y), and I(x) and g(x)
represent the probability distributions of the hyperparameters for the objective function values below
and above the threshold y*, respectively.
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Step 2. The next hyperparameter combination Xxj,; is selected according to the acquisition
function. Utilizing the hyperparameter probability distributions described above, the Expected
Improvement (EI) strategy is employed to find the next optimal hyperparameter combination. The
calculation process is shown in Equation (3).

/2 " = y)p(dy

El,-(x) = )
Y X
y+@-y) —‘?((x))
where the value of El,,+(x) depends solely on the ratio of the probabilities 99 nce vy is determined

I(x)

-1
(ELy(x) « (y +(1-v) %) ). This means that in the next round of search, the goal is to find the

candidate hyperparameter combination X, that minimizes this ratio.

Step 3. Update the existing observation variables list H. Calculate the value of the objective
function f(xy,,) corresponding to the hyperparameters x,,, and add the new observation
(%41, f(xx41)) to the existing observations list H.

Step 4. Repeat Steps 1 to 3 with the updated observations list H until the predefined number of
iterations is completed.

2.4. Performance metrics

Errors are an inevitable issue of prediction models. In this study, the coefficient of determination (R?)
and the root mean square error (RMSE) were selected to evaluate the model performance. R? represents
the strength of the linear relationship between the actual and predicted values and is a widely used
goodness-of-fit statistic. RMSE, which is the square root of the average of the squared differences
between the actual and predicted value, helps to identify and eliminate outliers in the data. It is one of
the most reliable and popular performance evaluation metrics. In general, good model performance is
indicated by higher R? and lower RMSE. The calculations for these metrics are as follows:

Z?:l(yi - yi)z
2 4
R-=1 ?:1(}11' L “4)

1 n
RMSE = jﬁzm(” — 9)? ()

where y; is the actual value, y; is the predicted value and y is the mean of all actual values.

2.5. Interpretation techniques

To enhance model interpretability, this study adopted interpretable machine learning techniques to
explain the model’s decision-making process and prediction results. By understanding the model’s
prediction mechanisms and revealing potential adversarial perturbations that may alter the model output,
the credibility and controllability of the model can be improved [42].

2.5.1. SHapley Additive exPlanations

The SHapley Additive exPlanations (SHAP) technique, proposed by Lundberg and Lee, is an
interpretable machine learning method [43] rooted in the principles of game theory. By constructing an

8
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additive explanation model, SHAP fairly distributes feature contributions, overcoming the issue of

dependence on feature order. This method quantifies the importance of each input variable in making

predictions, enabling the interpretation of outputs from any machine learning model. By calculating

SHAP values, individual sample prediction, overall model prediction, and feature selection can be

explained. The calculation is based on Equation (6).

ISItAN] = 1S] = D!
INI!

i =

SCN\{i}

[f(SU{D — f(S)] (6)

where i represents the feature of a given sample vector, ¢; is the importance value of feature i to the
model, N is the set of all features, N\{i} is the set excluding feature i, S is a subset containing any
number of features, |S| is the number of features in subset S, and f(*) is the output of the model.

2.5.2. Partial Dependence Plots

The Partial Dependence Plots (PDP) technique, proposed by Friedman et al., is an interpretable machine
learning method that reveals the linear or nonlinear relationships between one or more feature inputs and
the model output, thereby helping to explain the behavior of complex models. By conditionally
averaging the target feature and marginalizing the non-target features, the PDP technique quantifies the
average impact of the target feature on the model output.

In this study, one-dimensional PDP (1D-PDP) and two-dimensional PDP (2D-PDP) were used to analyze
the effect of a single target feature and the interaction of two target features, respectively, on the output of the
machine learning model. In PDP, the partial dependence function f;, (xs) for the target feature x; is defined

as the expectation over the marginal distribution of the non-target features x, as shown in Equation (7).

N
fus(5) = B [f o 0] = [ £, 2)0PG0) = 1) F s xc ) )

where N is the number of samples in the dataset, and x,® is the i-th samplel:zilue of the non-target feature x.

3. Results and discussion

3.1. Data analysis

3.1.1. Data distribution

Table 2 presents the monthly means and standard deviations of meteorological inputs and GHI outputs used
in the development of the subsequent prediction model. The data indicate that the ambient temperature (AT)
is relatively low during the winter months (January to February, November to December) and increases
gradually through the spring and summer (March to October). Relative humidity (RH) varies significantly
between months but is generally higher in summer (July to September). Wind direction (WD) and wind
speed (WS) show slight variations across different months but remain relatively stable overall. In addition,
there are significant differences in solar elevation angle (SEA), air mass (AM) and global horizontal
irradiance (GHI) values across the months.
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Table 2. Monthly descriptive statistics for input and output variables.

Mean (Standard Deviation)

Variable 2301 2023-02 2023-03 2023-04  2023-05 2023-06 2023-07 2023-08 2023-09 2023-10 2023-11 2023-12  Allmonths
1.097 3.407 11.896 15.654 22.85 29.421 29.259 28.238 24.342 18.513 6.181 ~1.347 17.533
AT (4.594) (3.692) (5.295) (4.494) (4.229) (5.114) (5.026) (4.265) (3.886) (3.546) (6.88) (6.693) (11.327)
. 28.433 36.211 27.946 36.044 43.917 37.195 53.93 57.571 55.548 40.958 37.882 38.572 41318
(9.069) (15.962) (14.448) (17.005)  (17.474)  (16.239) (20.109) (16.314) (16.143)  (14481)  (15.102)  (14.231) (18.48)
167.29 167.279 163.435 156.91 159.184 155.754 155.091 154.608 155.413 155.823 158.319 158.388 158.557
Wb (114.1)  (103.273)  (104.759) (98.486) (96.73)  (101.438)  (105.199)  (107.814)  (102.686)  (111.129)  (115.915)  (111.644)  (105.394)
1.248 1.188 1.575 1.623 1.299 1.381 1.325 1.17 1.054 1.13 1.577 1.275 1.326
WS (1.321) (1.116) (1.39) (1.481) (1.151) (1.132) (1.116) (0.909) (0.876) (0.971) (1.502) (1.305) (1.208)
SEA 20.499 26.186 32.103 39.264 44.047 43.152 45.496 42.512 35.113 27.395 21.475 19.505 34.611
(7.261) (9.662) (13.106) (16328)  (18.809)  (20.656) (19.35) (16.01) (14.157) (11.03) (8.232) (6.73) (17.376)
M 3.504 2.853 2.493 2.111 1.943 2.111 1.898 1.847 2.297 3.074 3.869 3.705 2.522
(2.071) (1.889) (1.81) (1.493) (1.379) (1.608) (1373) (1.147) (1.713) (3.357) (4.602) (2.45) (2.253)
Gl 302.443 339.51 419.835 417.186 461.43 508.247 435366 436.332 384.197 386.862 308.117 283.69 403.748

(143.843)  (195.19) (222.428)  (269.314)  (284.186)  (295.997)  (296.453)  (270.081)  (228.242)  (197.815)  (165.176)  (146.813)  (249.576)

Figure 3 visually displays the GHI distribution for each month, revealing a strong correlation between GHI values and the time of day: values are lower in
the morning, peak at noon, and gradually decrease in the afternoon. It is also evident that GHI values are lower in winter and higher in summer. These patterns in
meteorological and irradiance data align with the seasonal climate characteristics of Beijing, which experiences cold and dry conditions in autumn and winter, and
warm and humid conditions in spring and summer.

10
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Figure 3. Distribution of GHI at 1-minute intervals throughout the year.

3.1.2. Correlation between data variables

This section conducts an exploratory analysis of the correlations between each input as well as between
the inputs and outputs. This analysis helps to determine whether solar irradiance can be predicted from
a single weather indicator and how it depends on the combination of multiple weather indicators [44].
Figure 4 shows the Pearson correlation coefficients between the six types of meteorological
variables and GHI, as well as among the meteorological variables themselves. It can be observed that
the GHI is positively correlated with SEA, AT and WS and negatively correlated with RH, AM and
WD across different months. Although the absolute values of the linear correlations between GHI and
the WD are relatively low, there may be non-linear relationships between them. Therefore, this does
not necessarily mean that WD is more independent and can be ignored. The complex relationships
between the meteorological variables and GHI shown in Figure 4 indicate that these six types of
meteorological variables are potentially useful features in the prediction process, leading to the
development, optimization, and evaluation of the prediction model in the next section [24,44].
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Figure 4. Heatmap of correlations among inputs and between inputs and the output.

3.2. Model development and performance comparison
3.2.1. Model hyperparameter optimization

Although ensemble tree algorithms generally share the same hyperparameters, the default values and
importance of these parameters may vary between different algorithms due to the differing principles
and assumptions on which each algorithm is based. Consequently, the importance of the same
hyperparameters and the strategies for tuning them may differ between algorithms.

Figure 5 visualizes the Bayesian optimization (BO) process of the hyperparameters of the XGBoost
model proposed in this study, illustrating the impact of different hyperparameter combinations on the
cross-validation R? and gradually revealing the interactions and progressive relationships among the
hyperparameters. This approach provides a comprehensive understanding of the optimization strategies
under different hyperparameter combinations. The white asterisks in each heatmap marks the point with
the highest R?, indicating the best performance of the model under the specific parameter combination.
Specifically, the combination of a high subsample ratio (0.881), a larger tree depth (18), a moderate
number of estimators (635), and a low learning rate (0.012) yields the best model performance. This
result provides important guidance for hyperparameter tuning, helping to find the optimal balance
between model complexity and generalization ability, thereby improving the model’s prediction
performance and robustness.

In addition, the hyperparameter tuning information and cross-validation R? values for the
XGBoost model and three other comparison models under BO are shown in Table 3. The hyperparameter
tuning ranges, optimal values, and performance metrics for each model are listed. The comparison
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reveals differences in hyperparameter optimization among the models. Despite the differences in the
complexity and selection of hyperparameters, all models identified optimal values within their respective
hyperparameter spaces and demonstrated high predictive ability in cross-validation. Notably, the
XGBoost exhibited highest cross-validation R? after optimization, indicating a clear advantage in
handling the current dataset.
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Figure 5. Hyperparameter optimization process of the XGBoost model.
Table 3. Results of hyperparameter optimization of the models.
Model Hyperparameter Tuning space Optimal value Cross validation R?
n_estimators [50, 1000] 632
BO-GBDT learning_rate [0.00001, 1] 0.026 0.891
max_depth [1,20] 16
n_estimators [50, 1000] 718
BO-RF - 0.894
O max_depth [1,20] 18
border _count [1,255] 90
iterations [50, 1000] 955
BO-CatBoost 0.851
atboos 12_leaf reg [0.00001, 100] 0.029
learning_rate [0.00001, 1] 0.454
n_estimators [50, 1000] 635
max_depth [1,20] 18
BO-XGBoost - 0.902
O-XGBoos learning_rate [0.00001, 1] 0.012
subsample [0.5, 1.0] 0.881
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3.2.2. Model performance

The determination of model performance is primarily based on R? and RMSE . The prediction
performance of the proposed BO-XGBoost model was compared with the simultaneously developed
BO-GBDT, BO-RF, and BO-CatBoost models, as shown in Figure 6.
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Figure 6. Scatter plot of predicted versus actual values and error distribution.

The upper part of the Figure 6 shows the scatter plots of the predicted and actual GHI values for
each model and their fitting results, while the lower part displays the corresponding histograms of the
prediction error distributions. It can be seen that the BO-XGBoost model can be identified as the best
model as the values of R? and RMSE in the test set are 0.907 and 76.199 respectively, with smaller
errors and the most concentrated distribution. In contrast, the BO-GBDT and BO-RF models the next
best, and the BO-CatBoost model has a more dispersed error distribution and larger errors, resulting in
relatively poorer prediction accuracy. These results demonstrate that the BO-XGBoost model is
particularly effective in capturing the rapid and high-frequency fluctuations of solar irradiance at the
minute level, which is a key challenge often overlooked in previous irradiance prediction studies that
mainly focus on hourly or longer intervals.

Furthermore, Figure 7 shows the distribution of the actual and predicted GHI values from four
models (BO-GBDT, BO-RF, BO-CatBoost, BO-XGBoost) over different time periods to facilitate a
deeper analysis of the accuracy of model predictions. It can be seen that all models capture the seasonal
and daily patterns of GHI, but there are certain differences in predicting high GHI values. Among them,
the predicted values of the BO-XGBoost model are very close to the actual values, especially in higher

irradiance domains such as midday and spring-summer seasons.
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Figure 7. Comparison of the distribution of predicted versus actual values over time.

3.3. Interpretability for the proposed model

From the model performance comparison results, it is evident that the BO-XGBoost is the optimal
algorithm for predicting GHI. However, the mechanisms by which meteorological parameters influence
irradiance are still not fully understood. Therefore, this study analyzed the importance and effects of
input features within the BO-XGBoost model. This analysis not only enhances the model’s credibility
but also provides a foundation for further improvements to the model.

3.3.1. Feature importance

Figure 8§ presents a SHAP summary plot for the BO-XGBoost model, illustrating the overall importance

of the model’s input features.
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Figure 8. Input feature importance of the BO-XGBoost.

As depicted in the mean bar chart in Figure 8a, regardless of whether the values are positive or
negative, higher absolute value indicates greater importance of the corresponding feature to the GHI
prediction. The y-axis represents the input features, ranked from top to bottom in terms of importance
as SEA, RH, AM, AT, WD and WS with importance percentages of 30.735%, 28.696%, 25.070%,
11.441%, 2.045% and 2.013%, respectively. Among these features, the SHAP values for SEA and RH
are the highest, indicating that SEA and RH are the two most important features in the prediction model.
This finding is consistent with physical principles: SEA directly determines the solar incidence angle
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and atmospheric path length, thereby strongly affecting irradiance intensity, while RH influences
scattering and absorption processes, reducing direct irradiance. While AM and AT also contribute
notably, the importance of WD and WS is negligible, consistent with previous studies [4,45]. As shown
in the beeswarm plot in Figure 8b, the SHAP values are assigned to different features for the predictions,
displaying the directionality of the features. By examining the horizontal color distribution of each
feature variable, it is possible to identify whether each feature responds positively (positive values on
the x-axis) or negatively (negative values on the x-axis) to the prediction values. Unlike other features,
higher RH and AM have greater negative contributions to the GHI prediction. The dominance of SEA
and RH, together with the considerable contributions of AM and AT, provides new insights into the
meteorological drivers of minute-level irradiance variability, an aspect of interpretability at this temporal
scale that has rarely been explored in previous studies.

3.3.2. Feature effect

After identifying the key features influencing GHI prediction, it is necessary to further determine
their relationships with the prediction outcomes. To achieve this, one-dimensional partial
dependence plots (1D-PDP) were generated for the key features (i.e., the two most important ones, as
noted above), as shown in Figure 9a,b, along with a two-dimensional partial dependence plot (2D-PDP),
as shown in Figure 9c.
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Figure 9. The individual and interactive effects of two key features on GHI prediction.

It is evident that changes in SEA have a significant effect on the response-based GHI prediction,
which is positively correlated with the contribution to prediction, as shown in Figure 9a. As illustrated
in Figure 9b, RH, identified as the second most important feature, also exerts a considerable influence
on GHI prediction, predominantly exhibiting a negative correlation pattern with pronounced fluctuations.
Due to the potential for complex interactions between different features, analyzing the PDP for a single
feature may not be comprehensive. PDPs with two features can more visualize the effect of feature
interactions on the prediction results. As shown in Figure 9c, the two-dimensional partial dependence
plots (2D-PDP) illustrate the dependence of the GHI prediction on the interactions between SEA and
RH. This means that the same SEA results in greater GHI at lower RH compared to higher RH. When
SEA exceeds approximately 20° and RH less than approximately 60%, the interaction between these
two features significantly affects the prediction. When RH remains constant, the contribution of SEA to
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GHI prediction is almost entirely positive. This is particularly evident at lower RH values, where the
gradient of partial dependence changes more significantly. The above PDP analysis results help to
understand the specific mechanisms underlying meteorological response-based solar irradiance
prediction, facilitating the further development and application of solar spectrum prediction models.
These patterns demonstrate threshold-like behavior, whereby RH levels above approximately 60%
substantially limit irradiance even under high SEA conditions. Such nonlinear responses highlight the
importance of explicitly considering humidity effects in forecasting models. The PDP results further
demonstrate pronounced nonlinear and interactive effects of SEA and RH on GHI prediction,
underscoring that ultra-short-term irradiance forecasts are highly sensitive to compound meteorological
conditions. These results advance the understanding of irradiance dynamics at fine temporal resolutions.

Overall, the integration of SHAP and PDP not only confirms physical intuition but also provides
practical insights into microscale meteorological response mechanisms, significantly enhancing the
transparency and reliability of the proposed model. In building energy simulations and PV grid
integration, these insights can inform computational calibration and operational planning.

3.4. Impact of factors on prediction accuracy
3.4.1. Time intervals

To further assess the sensitivity of the model to prediction time intervals, this subsection analyzes the
performance of the proposed BO-XGBoost model and the three comparison models at prediction time
intervals of 5, 10, 20, 30 and 60 minutes, respectively, as shown in Figure 10.
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Figure 10. Variation of model performance metrics at different minute intervals.

As shown in Figure 10, the performance of each model is affected differently by the time interval,
with a general trend that larger time intervals result in greater prediction errors, indicating strong
sensitivity to the prediction time [46]. In this study, the BO-XGBoost model with a 1-minute prediction
interval performs the best, which is consistent with previous findings that shorter prediction intervals
lead to higher model performance [24,47].
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3.4.2. Weather conditions

Solar irradiance is influenced not only by the time of day and season but also by weather conditions.
Therefore, it is essential to further evaluate the effectiveness of the developed model in predicting
extreme irradiance, particularly under cloudy and rainy conditions. This study categorizes the entire
dataset into three weather types: clear sky, partly clear sky, and non-clear sky. The applicability of the
developed model is then tested under these three different weather conditions. The clear sky refers to
weather condition where sunlight is direct and abundant throughout the entire day. The partly clear sky
refers to conditions where the weather alternates between sunny and cloudy or rainy periods, with
intervals of sunlight and clouds. The non-clear sky refers to consistently overcast or rainy conditions
throughout the entire day, resulting in dim light.

Figure 11 shows the distribution of actual and predicted GHI for nine randomly selected discrete
days. There are small deviations between the actual and predicted values for each prediction model,
particularly with larger variations in sky conditions leading to larger deviations. However, compared to
BO-GBDT, BO-RF and BO-CatBoost, the BO-XGBoost model proposed in this study demonstrates
superior capability in tracking the actual irradiance trend.
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Figure 11. Representative examples under different weather conditions: (a) clear sky; (b) partly

clear sky and (¢) non-clear sky.

On days 1-3 with clear skies, as shown in Figure 11a, the actual GHI values exhibit a smooth,
hump-shaped distribution over time. The predicted values generated from the BO-XGBoost model
closely align with the actual values in real-time, effectively capturing the dynamic changes in GHI
throughout the day. On days 4-5 with partly clear skies, as shown in Figure 11b, the actual GHI values
display a relatively smooth curve during sunny periods and more fluctuations during other complex sky
conditions. Notably, compared to clear sky conditions, the performance of the models is almost
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unaffected under this weather condition, with the BO-XGBoost model consistently maintaining high
prediction accuracy. On days 6-9 with non-clear skies, as shown in Figure 11c, the actual GHI values
show irregular changes and significant fluctuations throughout the day due to meteorological factors.
However, compared to the other three models, the BO-XGBoost model proposed in this study still
demonstrates a stronger competitive advantage.

Additionally, the average R? and average RMSE for the four prediction models under the three
types of weather conditions are shown in Figure 12. The results highlight that all models are influenced
by weather variations, with higher prediction accuracy under clear sky conditions compared to partly
clear sky and non-clear sky conditions. This discrepancy underscores the increased difficulty in
accurately predicting solar irradiance under complex weather conditions, aligning with the conclusions
of existing studies [14,15,17,24,44,48,49]. However, the BO-XGBoost model proposed in this study
consistently exhibits superior performance across all prediction scenarios, including clear sky, partly
clear sky and non-clear sky. Specifically, under clear sky conditions, the BO-XGBoost achieves an R?
of 0.990 and an RMSE of 24.077, while under non-clear sky conditions, it still maintains strong
prediction accuracy with an R? of 0.971 and an RMSE of 42.031. It is worth noting that although the
BO-GBDT presents comparable prediction results, requires significantly more computational time
compared to BO-XGBoost. Therefore, the BO-XGBoost model proposed in this study can be considered
the optimal choice. Therefore, the BO-XGBoost model proposed in this study can be considered the
optimal choice.
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Figure 12. Model performance metrics in different weather conditions.

While the weather type classification in this study may differ somewhat from other published
research, the comparative analysis remains illustrative in a broader context. Table 4 summarizes the
model prediction results from this study and several other studies, highlighting the progress made by the
proposed model in this study in overcoming the challenges posed by complex weather conditions.
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Table 4. R? and RMSE/MRMSE of different models in different sky conditions.

Model Clear sky Partly clear sky Non-clear sky
Reference tvpe
yp R? RMSE nRMSE R* RMSE nRMSE R? RMSE nRMSE
CNN-A-
Hou et al. [48] Lo 0-966 / 0.054  0.956 / 0.087 / / /
Huang LSTM-
ot ol. [20] VLP / 25229  0.047 / 141.827  0.359 / 26.629  0.463
YU et al. [49] LSTM 0990  27.610 / 0.920  70.810 / 0.933  43.280 /
Kumari et al. [50] Lg;%[ 0.979  47.524 / 0932 79.851 / 0.967 53257 /
Papachristopoulou  NWC- ) 560 55900 0115 0.840 135600 0379 0730 138000  1.008
etal [51] SAF
Bae et al. [35] SVM 0.969  49.260 / 0.945  62.570 / 0'9218 57.870 /
GBDT 0992  22.236 / 0978  36.575 / 0974  40.239 /
RF 0.981  33.647 / 0.954  52.827 / 0.946  57.398 /
This study
CatBoost  0.943  57.801 / 0.873  88.068 / 0.839  99.294 /
XGBoost  0.990  24.077 / 0.975  39.019 / 0.971  42.031 /

3.5. Limitations and future work

The proposed BO-XGBoost framework achieves a favorable balance between prediction accuracy and
computational efficiency, significantly reducing the cost of minute-level irradiance modeling and
demonstrating strong potential for engineering applications. Nevertheless, its generalizability remains
limited. The model was developed and validated using data from a single site in Beijing, which
represents a typical temperate continental climate. Although the dataset spans a full year and reflects
pronounced seasonal variability, its applicability to other climate zones still requires further validation.
For regions with climatic conditions similar to Beijing, the framework has strong potential for
transferability and application.

Future research should extend the analysis to multi-site and multi-climate datasets to assess
scalability and identify transferable patterns. In addition, incorporating numerical weather forecast data
as model inputs represents an effective means of enabling real-time predictions at larger spatial scales,
thereby supporting practical applications in power system operation, PV grid integration, and building
energy management.

Overall, by relying solely on conventional meteorological parameters, the proposed framework
offers good practicality, cost-effectiveness, and scalability, making it well suited for deployment in real
engineering contexts.

4. Conclusions

To obtain accurate ultra-short-term irradiance data with extremely limited measurement equipment
resources, this study proposes a prediction framework using the XGBoost model combined with BO
algorithm, based on six types of conventional meteorological parameters. The prediction mechanism is
further interpreted using SHAP and PDP techniques to enhance the model’s credibility. The following
conclusions can be drawn:
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(1) The BO-XGBoost model exhibits significant advantages in irradiance prediction, achieving the
highest accuracy compared to the other three state-of-the-art models with R? of 0.907 and RMSE of
76.199. Particularly under clear sky conditions, the model’s R? and RMSE further improve to 0.990
and 24.077, respectively.

(i1)) Among all input features, the solar elevation angle (SEA) and relative humidity (RH) are
identified as the top two features influencing model predictions, contributing 30.735% and 28.696%
respectively. GHI predictions are positively correlated with SEA and negatively correlated with RH.
Additionally, the interactions between SEA and RH further impact the GHI predictions.

(ii1) Longer prediction time intervals and more complex weather conditions reduce the model’s
prediction accuracy. However, even under complex weather conditions, the BO-XGBoost model
maintains a high level of prediction accuracy, demonstrating a strong competitive advantage.

This study advances the field of solar energy applications by introducing a cost-effective, efficient,
and interpretable irradiance prediction framework. The generalizability of the model, however, remains
limited by the current dataset, which is restricted to the Beijing area. Future work should incorporate
multi-site and long-term datasets to further evaluate and extend the applicability of the proposed
approach. Despite these limitations, the findings provide methodological and practical insights that can
inform subsequent research and support the development of solar-driven building performance
simulations and low-carbon energy system design.
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