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A B S T R A C T

Increasing air pollutants attenuate surface solar radiation, and thus can be influential variables for solar ra-
diation prediction. In this study, six air pollutants of PM2.5, PM10, SO2, NO2, CO and O3 as well as air quality
index (AQI) were chosen for analyzing their single and integrated effects on daily global and diffuse solar
radiation (Rs and Rd) prediction. Seven single air pollution parameters, 15 combinations of two parameters and
20 combinations of three parameters were considered using Support Vector Machine (SVM) based on sunshine
duration or air temperature. Daily meteorological and air pollution data between January 2014 and December
2015 from China's capital city of Beijing were used to train SVM models and data from January 2016 to
December 2016 for testing. Results show that AQI was the most relevant air pollution parameter for both Rs and
Rd prediction, followed by O3 for Rs and by PM2.5 for Rd with slight difference as that of AQI. The combination of
PM10 and O3 and the combination of PM2.5 and O3 were the most influential combination of two air pollution
inputs for Rs and Rd prediction, respectively. The combination of PM2.5, PM10 and O3 was the most optimal
combination of three air pollution inputs for both daily Rs and Rd prediction. Compared with SVM models
without considering air pollution, the accuracy of SVM models with the most influential combinations of one,
two and three air pollution inputs was improved by 13.9%, 19.8% and 22.2% in terms of RMSE for sunshine-
based Rs, respectively. The corresponding values were 15.2%, 22.0% and 22.8% for temperature-based Rs,
16.1%, 21.5% and 24.5% for sunshine-based Rd, and 16.8%, 22.0% and 23.3% for temperature-based Rd. The
results demonstrate the importance of appropriate selection of air pollution inputs to improve the accuracy of Rs

and Rd prediction in air-polluted regions.

1. Introduction

Among the renewable and sustainable energy resources (e.g. solar,
wind, biomass, geothermal and hydroelectric), solar energy has at-
tracted much attention due to its abundant availability on the Earth's
surface and being environmentally-friendly [57,31,45]. Global solar
radiation (Rs) and its component of diffuse solar radiation (Rd) at a
given location are of great importance for agricultural and hydrological
modeling as well as the optimal design and application of solar energy
systems [2,18,25,29,38,41]. Nevertheless, unlike other meteorological

variables (e.g. sunshine duration and air temperature), reliable mea-
surements of global and diffuse solar radiation are not available at
many worldwide locations, particularly in developing countries, due to
the high costs and the difficulty of installation and maintenance of
measuring instruments like Pyranometers [23]. Taking China as an
example, there are 726 long-term weather stations, where 98 stations
record global solar radiation, but only 17 stations measure diffuse solar
radiation [26]. Therefore, various techniques have been proposed to
predict Rs and Rd, e.g. empirical models [1,4,8,24,15] and machine
learning models [11,16,17,34,37,40].
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The empirical models are most commonly used due to their model
simplicity and low computational costs [22,23,44]. Over the past few
decades, many efforts have been made to predict Rs and Rd from various
types of empirical models, e.g. sunshine-based models [24,25,36,5,6]
and temperature-based models [16,17,22,30,50]. Generally, the sun-
shine-based empirical models provide better estimates than those based
on maximum/minimum temperature [13,54]. However, when lack of
sunshine duration measurements, the temperature-based empirical
models are highly preferred for solar radiation prediction due to air
temperature being the most available meteorological variable at any
stations around the world [22]. Although empirical models have been
widely employed for solar radiation prediction, they are difficult to deal

with nonlinear and multidimensional relationships in noisy environ-
ments [28]. Thus, various machine learning techniques have been ap-
plied to predict solar radiation, e.g. Artificial Neural Networks (ANN)
([7,51,32]), Support Vector Machines (SVM) [37,40] and Adaptive
Neuro Fuzzy Inference System (ANFIS) [34,56], etc. Among these ma-
chine learning models, the SVM model has been recently employed for
predicting solar radiation from sunshine duration or air temperature
data owing to its higher accurate predictions compared with the other
models [21,33,39,47].

Apart from sunshine duration and air temperature, other meteor-
ological and geographical factors like precipitation, relative humidity
and location (longitude and latitude), were also used for solar radiation

Nomenclature

C Penalty parameter of the error
CO Carbon monoxide (mgm−3)
k Number of observations
n Sunshine duration (h)
N Maximum sunshine duration (h)
NO2 Nitrogen dioxide (μg m−3)
O3 Ozone (μgm−3)
PM2.5 Suspended particulate matters < 2.5 µm in aerodynamic

diameter (μgm−3)
PM10 Suspended particulate matters < 10 µm in aerodynamic

diameter (μgm−3)

Ra Extra-terrestrial solar radiation (MJm−2 d−1)
Rd Diffuse solar radiation (MJm−2 d−1)
Rs Global solar radiation (MJm−2 d−1)
SO2 Sulfur dioxide (μgm−3)
Tmax Maximum temperature (°C)
Tmin Minimum temperature (°C)
φ Higher-dimensional feature space
ω Weights vector
ɛ Tube size
λ Regularization parameter
γ Minimum loss
Ω Regularization term

Fig. 1. The geographical locations of the 14 major cities in the Beijing-Tianjin-Hebei (BTH) region of China. The average seasonal AQI during 2014–2016 in each city
is also presented.
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