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Renewable Energy Laboratory (NREL) and Sandia National Laboratory, 
2) the Canadian Weather Energy and Engineering Datasets (CWEEDS), 
which are available through Environment Canada, and 3) SolarGIS, 
which merges ground observations, satellite data, and an atmospheric 
patterns database to deliver highly accurate global solar radiation data. 
The typical meteorological year (TMY) data files were developed from 
these datasets, which are also the most popular weather files in building 
envelope simulations. Each TMY data file consists of a full year of data 
constructed from 12 months chosen as most typical from the years that 
made up the database. Three broadband solar components including 
global horizontal irradiance (GHI), direct normal irradiance (DNI), and 
diffuse horizontal irradiance (DHI) are available in the TMY data and are 
mostly all needed for a solar analysis or energy simulation. Notably, all 
three solar irradiance types (GHI, DNI, DHI) in the typical weather data 
files are broadband and represent the total amount of ultraviolet (UV), 
visible light (VIS), and near-infrared radiation (NIR), three major com
ponents of the solar spectrum. 

In recent years, growing evidence from the building and solar 
simulation perspective has demonstrated the necessity of separating 
broadband solar radiation into narrowband or even specific spectrum- 
focused design and analytics. For instance, of these three solar compo
nents, solar VIS radiation is beneficial to building electrical lighting 
energy savings and indoor health related to its circadian stimulation [2], 
but it may also lead to negative impacts on indoor visual comfort, such 
as glare issues. While the solar NIR transmission into the building could 
help to reduce the overall heating load in cold climates, it is undesirable 
in hot climates. Similarly, it has also recently been reported that solar 
VIS and NIR transmitted through glazing have different effects on the 
user’s thermal comfort near window zones [3]. From the solar device or 
system design perspective, with the recent development of 
spectral-selective materials, independent spectral band modulation of 
solar radiation has become increasingly viable as a potential means of 
improving building energy efficiency and maintaining indoor visual 
comfort. For example, metallic nanoparticle-based nanocomposites 
have been recently studied and developed to decouple the modulation of 
solar VIS and NIR by using their plasmonic resonance effect at specific 
infrared wavelengths. Jahid et al. proposed reversible photothermal 
windows based on nanoscale solar infrared-induced plasmonic photo
thermal effects, which can modulate solar heat, independent of visible 
light conditions [4]. Shen et al. explored the potential of using silver 
nanorods (AgNRs) for energy-saving applications, with an adjustable 
plasma resonance band from the visible light to the infrared, they can 
ensure higher luminous transmittance than 50 %, while blocking solar 
radiation by about 80 % [5]. Forrest et al. conducted a comprehensive 
review of the recent advancements in semitransparent organic photo
voltaics for various building applications, including power windows. 
The unique feature of narrow and intense absorption spectra exhibited 

by organic materials presents an exciting opportunity for the develop
ment of highly efficient organic photovoltaic devices. These devices can 
maintain semitransparency in the visible spectral range while exhibiting 
strong absorption in the ultraviolet and infrared spectral bands that are 
invisible to the human eye [6]. Other researchers also developed some 
light/heat splitting materials by designing spectral trans
mittance/absorptance of glazing materials in different solar spectra 
[7–10]. 

As such, to meet the above-mentioned needs of separating solar 
spectral components and understand the potential performance of the 
spectral-selective materials/structures, accurate solar spectral informa
tion in weather files of the selected locations is necessary. If solar sim
ulations only take broadband solar radiation into consideration, the 
potential performance of the aforementioned materials/structures in 
building envelopes may not be fully understood. Even worse, it may 
yield misleading or erroneous results. For example, if one studies a 
spectral-selective glazing material (e.g., low-solar-heat-gain low-e 
coatings - low transmittance in the NIR region but high transmittance in 
VIS region), normal broadband simulations would get erroneous results 
because they lack the corresponding solar components to be multiplied 
with VIS or NIR transmittance. Nonetheless, the measurement of solar 
spectral irradiation is a challenging and costly process. Current predic
tive tools are limited to forecasting broad-spectrum solar radiation by 
relying on historical patterns through empirical methods like Autore
gressive Integrated Moving Average (ARIMA) or Artificial Neural 
Network models (ANN). Alternatively, they can estimate specific, 
narrowband solar radiation using physical models such as SMARTS and 
MODTRAN, which are based on the physics of solar radiation. Conse
quently, conventional weather files typically lack the inclusion of 
spectral distribution or narrowband data regarding solar irradiation. 

To address this research gap, a reconstruction algorithm decom
posing solar visible and infrared irradiance from broadband solar radi
ation and weather data for building simulations needs to be developed. 
The solar radiation data used for building simulations include GHI, DHI, 
and DNI, so all these three solar components need to be decomposed to 
narrowband data. In our previous work, we have already developed a 
predicting model using the CART algorithm for decomposing VIS and 
NIR components in GHI based on the typical weather file [11]. 
Accordingly, this work focuses on building spectral solar radiation 
models for DNI and DHI based on extracted and added features from 
readily available weather files without adding new measurements and 
sensors. By leveraging these models, it becomes feasible to develop a 
web-based application that can effectively break down conventional, 
broad-spectrum weather files into distinct, narrowband weather files. 
Furthermore, as part of this research, a case study focused on the anal
ysis of (semi)transparent solar cell performance is conducted using the 
developed models. 

Nomenclature 

NIR Near-Infrared Light 
UV Ultraviolet Light 
GHI Global Horizontal Irradiance, W/m2 

DHI Diffuse Horizontal Irradiance, W/m2 

VIS Visible Light 
DNI Direct Normal Irradiance, W/m2 

CART Classification and Regression Tree 
RMSE Root Mean Square Error 
MBE Mean Bias Error 
TMY Typical Meteorological Year 
AOD Aerosols Optical Depth 
PWV Perceptible Water Vapor 
I0 Extraterrestrial Solar Irradiance, W/m2 

TPV Transparent Photovoltaic 
SZA Solar Zenith Angle 
Kb Normal Clearness Index 
AM Air Mass 
SKC Total Sky Cover, 1/tenth 
Opqcld Opaque Sky Cover, 1/tenth 
Tcld Cloud Transmittance 
Dry Dry Bulb Temperature, ◦C 
Dew Dew Point Temperature, ◦C 
RH Relative Humidity 
Wdir Wind Direction 
Wspd Wind Speed, m/s 
DT Decision Tree 
R2 R-squared 
PCE Power Conversion Efficiency  
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