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A B S T R A C T   

Previous works find that multiple nanoparticle sizes in radiative cooling paints increase solar reflectance 
compared to a single particle size. In this study, we assess this finding by combining Mie theory, Monte Carlo 
simulations, and machine learning methods to identify the optimum particle size combinations in BaSO4 and 
TiO2-acrylic radiative cooling paints. We have found that the optimal multiple particle sizes indeed outperform 
the optimal single size in TiO2 paint, but surprisingly underperform compared to the optimal single size in BaSO4 
paint. This is due to the near constant refractive index of BaSO4 across the solar spectrum. Also, different particle 
size distributions yield similarly high solar reflectance as long as the average particle size is in the neighborhood 
of 300–600 nm. Considering that it is unfeasible to precisely manufacture a single particle size, we conclude that 
the true benefits of multiple particle sizes is that they enable cost effective manufacturing while preserving robust 
high performance.   

1. Introduction 

Space cooling currently accounts for 11 % of the total energy use in 
residential buildings in the US and is expected to increase to 16 % in 
2050 [1]. This increase, along with the increase in the number of 
buildings, will put additional demand on the electricity grid as well as 
exacerbate the urban heat island effect. To meet these demands as well 
as to provide efficient cooling methods where electricity is not as 
available, passive cooling technologies can be used which do not require 
energy input. Radiative cooling paint can provide passive cooling by a 
combination of reflecting greater than 85 % of solar heating and emit
ting radiation into the deep space through the atmospheric sky window. 
For every 1 % increase in solar reflectance, passive cooling increases by 
about 10 W/m2, allowing for up to 150 W/m2 of cooling with an ideal 
emitter [2]. With recent advancements in materials and electromagnetic 
interactions at the nano scale, radiative cooling paints have made sig
nificant strides towards providing viable passive cooling. 

Early pursuits of radiative cooling paints were limited by their per
formance [3–6]. More recent works have engineered a variety of factors, 
including the pigment material, particle size, size distribution, and 
concentration to achieve enhanced radiative properties in a single layer 
[2,7–9]. Wang et al. showed TiO2 particle agglomeration reduces solar 
reflectance and should be minimized [10]. Peoples et al. predicted large 

differences in solar reflectance using varying size nanoparticles in TiO2 
paint due to different particle sizes reflecting different portions of the 
solar spectrum more efficiently [2]. This work concluded that a com
bination of particle sizes can increase a paint’s reflectance due to the 
broadband nature of the solar spectrum. Multiple other works including 
Chen et al. [11], Dong et al. [12], and Wang et al. [13] have reached the 
same conclusion that a combination of particle or pore sizes increase 
solar reflectance over a single particle size. The concept was used by Li 
et al. in achieving a remarkable 98.1 % solar reflectance with a single 
layer BaSO4 paint due to BaSO4 having no absorption within the solar 
spectrum, where a distribution of particle size was shown to yield higher 
solar reflectance than a single particle size again [8]. It should be noted 
that some of these works compared a distribution to a single size at the 
average size of the size distribution as obtained in experiments, while it 
was unclear whether that is the optimal single size. Especially for novel 
radiative cooling paint materials such as BaSO4, little is known on what 
the optimal single particle size and multiple particle size combinations 
are. Therefore, it warrants study to optimize single size and multiple 
sizes, and evaluate whether multiple sizes always enhance solar 
reflectance. 

In this study, we examine the role nanoparticle size plays on BaSO4 
and TiO2 radiative cooling paint. Initially, the spectral response of 
varying nanoparticle sizes is examined to build an understanding about 
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the system. The optimum single nanoparticle size at different paint 
thicknesses is determined so that the optimal single size is known for 
comparison purposes. Then, starting near the optimal single nano
particle size, an additional nanoparticle size is added and optimized 
through an evolutionary algorithm as well as a brute force search to 
determine the optimal combination of nanoparticle sizes. Due to 
manufacturing constraints to make an affordable paint, nanoparticle 
sizes will be within a certain distribution. The effect of this distribution 
across different size particles is examined, and the benefits of such dis
tribution are discussed and updated from previous understanding in 
terms of meeting manufacturing constrains while preserving similarly 
high solar reflectance. 

2. Methodology 

Determining the spectral response of a nanoparticle medium can be a 
computationally expensive task, hindering efforts to quickly ascertain 
optimal particle size combinations. In this study, Mie theory is used to 
calculate the optical properties of each individual particle size from the 
material properties. The material properties required are the refractive 
index and the extinction coefficient. Both the TiO2 and BaSO4 properties 
used are the same as from previous works on these paints and should be 
noted that the BaSO4 refractive index is estimated with a Drude model 
[2,8]. In this work, we propose two separate methods to efficiently 
determine the ideal nanoparticle size combination. The first method 
applies Monte Carlo simulations and a pre-trained deep neural network 
with the optical properties to model photon transport. However, due to 
computational limitations, an optimization algorithm is required to find 
the optimal combination of particle sizes. The second method, a reduced 
order analysis with several assumptions is computationally efficient 
enough to perform a bulk force search of all particle size combinations at 
set intervals. This second method will help to confirm the optimization 
method is not stuck in a local maximum. 

2.1. Mie theory and effective medium theory 

Mie theory is an analytical solution to Maxwell’s equations for 
electromagnetic wave interaction in homogenous spherical particles 
where the diameter is comparable to the photon wavelength. In this 
work, we use Mie theory formulated for an absorbing medium by Fris
vad et al. [14]. By providing the complex index of refraction of the 
nanoparticle and matrix, the scattering coefficient, absorption coeffi
cient, and asymmetry parameter can be calculated for a single particle. 
Then, effective medium theory can be used to create an effectively ho
mogenous medium with volume averaged properties [2,6] along with a 
dependent scattering correction at volume fractions greater than 8 % 
[15]. The dependent scattering correction by Kamiuto [16] for packed 
sphere beds is applied where both the absorption and scattering coeffi
cient are adjusted by: 

μcorrected = μ
(

1+
3
2

f −
3
4
f 2
)

(1)  

where μ is the independent scattering or absorption coefficient, and f is 
the volume fraction of nanoparticles. In this work, the absorption co
efficient includes the absorption from the matrix the nanoparticles are 
embedded in by: 

μa = μa,p +
4πkm

λ(1 − f )
(2)  

where μa,p is the absorption coefficient of the medium due to the 
embedded nanoparticles, km is the extinction coefficient of the matrix, 
and λ is the photon wavelength [14,17]. 

2.2. Monte Carlo photon transport 

Monte Carlo simulations can model the radiative transport equation 
for scattering and absorbing media by tracking photon packets, and 
stochastically modeling the probabilistic events such as scattering angle 
and step size [18]. This method is commonly applied to radiative heat 
transfer problems, as well as specifically for radiative cooling paints [7, 
8,18,19]. While far more efficient than directly solving Maxwell’s 
equations, Monte Carlo simulations are still computationally intensive. 
In this work, a Monte Carlo program based off the process described in 
Wang et al. is used to calculate the spectral response, including the 
reflectance, absorptance, and transmittance [20]. The solar reflectance 
is then calculated by integrating the spectral reflectance with the AM1.5 
solar spectrum [21]. 

2.3. Reduced order analysis 

Due to the complexity of Monte Carlo simulations, which requires 
the effective medium’s refractive index, scattering coefficient, absorp
tion coefficient, asymmetry parameter, and thickness as inputs, there is 
not a simple method to curve fit this data for fast analysis and optimi
zation. To reduce the number of dimensions for radiative cooling paint 
optimization, several assumptions can be made. First, to remove the 
absorption coefficient, it is assumed the matrix is non-absorbing. For the 
acrylic based paint, the absorption within the solar spectrum due to the 
matrix is generally less than 2 %. Second, to remove the refractive index 
as a variable, it is assumed the matrix the nanoparticles are embedded in 
has a constant index of refraction of 1.5. For acrylic based paint this 
value ranges between 1.48 and 1.56. Third, to combine the scattering 
coefficient and asymmetry parameter, a reduced scattering coefficient is 
defined as: 

μ′
s = μs(1 − g) (3)  

where μs is the scattering coefficient and g is the asymmetry parameter. 
This approach has been used before [22,23], and testing with radiative 
cooling paint examples show negligible difference with this method. 
With these three assumptions, the reflectance of a medium at a specific 
wavelength is now only a function of the reduced scattering coefficient. 
Using effective medium theory [24], the reduced scattering coefficient 
for a medium with multiple different size nanoparticles can be calcu
lated by: 

μ′
s =

∑n

i=1

3fiQsca,i(1 − gi)

2di
(4)  

where i is an index for each particle size, n is the number of different 
particle sizes used, Qsca,i and gi are the scattering efficiency and asym
metry parameter of an individual particle calculated using Mie theory, 
and fi and di are the volume fraction and diameter corresponding to that 
particle size respectively. Using a small number of Monte Carlo simu
lations at a constant thickness, a spline fit can be used to estimate the 
reflectance at each wavelength based only on the reduced scattering 
coefficient calculated by Eq. (4), significantly reducing the computa
tional power required. 

2.4. Evolutionary algorithm 

Evolutionary algorithms are regularly used in optimization problems 
with multiple maxima/minima by replicating nature’s process of “sur
vival of the fittest” [25]. This process works by creating a population of 
individuals with traits, where each trait is a variable in the system. Each 
individual is evaluated with a fitness function that selects the top in
dividuals to then create a new generation. The traits of these top in
dividuals are mutated as they are passed down to the next generation, 
creating a new set of individuals with unique traits. In this study, an 
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evolutionary algorithm with momentum [26] will be used to optimize 
the particle sizes and volume fractions by: 

xt+1
i = xt

i

(

1+ 2α
(

rand −
1
2

))

+ β
(
xt

i − xt− 1
i

)
(5)  

where x represents an individual which is a set of traits, the subscript i 
refers to one of the individual’s traits such as nanoparticle size or volume 
fraction, the superscript t is the generation, α is the ratio of xt a trait can 
mutate within, β is the momentum term, and rand is a random number 
between zero and one. Ideally the evolutionary algorithm would eval
uate each individual’s fitness as the solar reflectance calculated through 
Mie theory in combination with Monte Carlo simulations, however high- 
fidelity Monte Carlo simulations are too computationally expensive for 
an iterative optimization method. Instead, for the first 250 generations, 
a deep neural network which has been pre-trained on radiative cooling 
paints is used to replace the Monte Carlo simulations [27]. This will 
allow for fast optimization to approximate the ideal particle sizes and 
volume fractions and provide good initial conditions. Then, the next 50 
generations will use Monte Carlo simulations with 300,000 photons 
(with a standard deviation in solar reflectance of 0.02 %) to discover the 
true optimal the sizes and volume fractions. The combination of ma
chine learning and Monte Carlo simulations will allow for accelerated 
optimization while still providing high quality results. 

3. Results and discussion 

To better understand directly how nanoparticle size affects spectral 
reflectance, several paint examples are shown in Fig. 1. Fig. 1(A) shows 
four different BaSO4-acrylic and TiO2-acrylic paints varying the diam
eter of the nanoparticles from 200 to 1600 nm. For both paints, the 
smaller nanoparticles have the highest reflectance at shorter wave
lengths while the larger nanoparticles have the highest reflectance at 
longer wavelengths. Fig. 1(B) shows the spectral reflectance for four 
different thickness of BaSO4-acrylic paints with the nanoparticle diam
eter held constant. As the thickness increases, the reflectance increases 
and the returns eventually diminish. This is due to the transmission, 
which decreases exponentially as the thickness increases and cannot be 
further reduced. Based on this knowledge and previous literature, we 
theorize that BaSO4-acrylic paints will benefit from multiple particle 
sizes to achieve high reflectance for two arguments. One, due to the 
broadband nature of solar irradiation, multiple particle sizes can more 
efficiently reflect different regions of the solar spectrum. Two, as a 
paint’s reflectance increases, a single particle size’s reflectance will 
reach diminishing return whereas a separate particle size may provide 
regions in the spectrum with higher returns. Additionally, it is important 

to note that this study does not consider particle agglomeration and 
assumes particles are dispersed within the matrix. 

3.1. Single nanoparticle optimization 

First, the optimal single particle size will be determined. As the 
particle size varies between 250 and 10,000 nm for BaSO4-acrylic paint, 
only one maximum exists. Fig. 2 shows the solar reflectance as a function 
of nanoparticle size for five different thicknesses. The optimal single 
nanoparticle size range that gives a reflectance within 0.0005 of the 
peak reflectance for each paint thickness is shown. At a paint thickness 
of 50 µm, the optimal nanoparticle size is 435 nm, but as the paint 
thickness increases to 800 µm the optimal nanoparticle size is 515 nm 
(Fig. S1). This confirms previous intuition as when the reflectance is 
lower at the smaller thicknesses, it is better to choose a nanoparticle size 
that reflects the peak wavelength of the solar irradiation. However, as 
the reflectance increases and returns diminish, it is better to choose a 
nanoparticle size with a broader reflectance spectrum. Fig. 2 also shows 
that as the paint thickness increases, the range of particle sizes that will 
provide similar reflectance values widens due to diminishing returns. 

However, any single size nanoparticle between 400 and 530 nm 
provided a solar reflectance within 0.002 of the maximum for each 
thickness tested, so optimization for different thicknesses is not crucial 
to a paint’s performance as long as the nanoparticle size is within an 
acceptable range. 

3.2. Multiple nanoparticle optimization 

Using the evolutionary algorithm described in the methods section, 
BaSO4 and TiO2-acrylic paint are optimized with two different nano
particle sizes with a pre-trained neural network for the first 250 gen
erations, then with Monte Carlo simulations for the last 50 generations. 
Poor initial conditions are used to test the robustness of the algorithm, 
starting with one 25 nm particle and one 2000 nm particle. The evolu
tionary algorithm reduces the volume fraction of particle 2 to 0 % 
leaving only a single particle size for both BaSO4 and TiO2. The single 
particle remaining converges to the expected optimal single size 
(Fig. S2). 

This problem is commonly seen in optimization as the solution found 
was a local optimum but not the global optimum. This process is 
repeated where the initial two nanoparticle sizes are set at 0.2 and 0.6 
µm, which is near the ideal solution. Here, to compare at similar solar 
reflectance values, the TiO2 maximum volume fraction is limited to 10 % 
while the BaSO4 maximum volume fraction is limited to 60 %. For the 
TiO2 paint the solution converges to two particles sizes sharing the total 

Fig. 1. (A) Spectral reflectance for a few nanoparticle sizes from 200 to 1600 nm in 100 µm thick BaSO4-acrylic paint with a 60 % volume fraction and 25 µm thick 
TiO2-acrylic paint with a 30 % volume fraction; (B) Spectral reflectance for four different thicknesses ranging from 100 to 400 µm of BaSO4-acrylic paint. 
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volume fraction as seen in Fig. 3(B). Using Monte Carlo simulation with 
1,000,000 photons (standard deviation in solar reflectance of 0.005 %), 
these results are confirmed showing the TiO2 particle combination found 
has a 0.87 % higher solar reflectance over the optimal single particle 
size. However, for BaSO4 paint the two-particle optimization does not 
find an improved solution over the single particle optimization as seen in 
Fig. 3(A). This is surprising as previous literature as well as the intuition 
developed from Fig. 1 suggests multiple particle sizes should increase 
the solar reflectance. To confirm these results as well as to test if multiple 
particle sizes are beneficial at thicker paints where the reflectance is 
higher, the reduced order analysis described in the methods section is 
applied. As this relies on spline interpolation instead of Monte Carlo 
simulations for each wavelength, the computational speedup allows for 
a brute force. A 1000 µm thick paint is examined where every combi
nation of two nanoparticle sizes is tested with the respective volume 
fraction between 0 and 60 % with intervals of 2 % (total volume fraction 
kept at 60 %), and the nanoparticle diameter limited between 40 and 
1000 nm with intervals of 40 nm. The optimal solution found provides a 
solar reflectance of 0.96 with a 58 % volume fraction of 520 nm particles 
and 2 % volume fraction of 480 nm particles. A Monte Carlo simulation 
using a non-absorbing acrylic medium provides a solar reflectance of 
0.96 using this solution, showing the difference between these two 
methods are negligible for non-absorbing paints. Since this method is 
restricted to 40 nm intervals, this is repeated with 1 nm intervals be
tween 480 and 520 nm. With the refined intervals, the optimal solution 
is a single 518 nm size nanoparticle, confirming a single size is ideal for 
BaSO4 paints. Additionally, calcium carbonate pigment and air pores are 
examined to build a better understanding of if TiO2 is unique in that 
multiple particle sizes are ideal, or if BaSO4 is unique in having a single 
optimal size. In Fig. 3(C) and 3(D) we see for CaCO3 and air pores the 
two-particle optimization does not find a solution that improves the 
solar reflectance over the single particle size optimum. 

With these results, we conclude that for BaSO4 radiative cooling 
paint, multiple particle sizes do not increase the solar reflectance as 
compared to the optimal single size particle, contrary to previous un
derstanding. There are multiple reasons this may be seen. First, if mul
tiple particle sizes are tested without the optimal single particle size 
being known, results may indicate a higher solar reflectance than the 
non-optimal single particle sizes that are being used as the comparison. 
This result may not hold true if the optimal single particle size was 
determined and tested as well. The main reason, however, is due to the 
change in refractive index over the solar spectrum. The large change in 

the refractive index of TiO2 creates a high sensitivity to changes in 
particle size in the reduced scattering coefficient at the shorter wave
lengths but a low sensitivity at longer wavelengths as seen in Fig. 4. 
BaSO4, CaCO3, and air pores have relatively little to no change in 
refractive index across the solar spectrum, so the sensitivity to particle 
size stays similar across the spectrum. Due to the change in particle size 
sensitivity in the TiO2 reduced scattering coefficient, the benefits seen 
from different particle sizes reflecting different regions in the solar 
spectrum are amplified. From this trend, we theorize that when there is 
an appreciable change in refractive index across the solar spectrum for 
low absorbing dielectric nanoparticles, multiple particle sizes may be 
beneficial. 

3.3. Nanoparticle size distribution 

Due to the processes involved in manufacturing nanoparticles it is 
not realistic to expect a single size nanoparticle, but rather a distribu
tion. Especially when developing a radiative cooling paint, the cost of 
manufacturing can limit a paint’s commercial potential. While TiO2 
particle size distributions have been studied previously [28], little is 
known as to how a distribution will affect the radiative properties for 
BaSO4 paint. For this study, 101 individual particle sizes are used to 
model the distribution where the minimum and maximum individual 
particle size used is +/- 45 % of the mean particle size. The volume 
fraction of each particle size follows a Gaussian distribution where +/- 
45 % of the mean particle size is two times the standard deviation. Fig. 5 
shows the effect of different distributions at different mean nanoparticle 
sizes for a lower and higher reflectance example of BaSO4 and TiO2-a
crylic paint. For both the thin and thick examples, the distribution 
provides similarly high solar reflectance as the single size particle. The 
thin and thick examples volume fraction and thickness were selected to 
provide a similar solar reflectance between pigments. This contrasts 
with Ref. [2], a previous study from our group, which showed a nano
particle distribution increases TiO2 solar reflectance. When simulating 
the same case as Ref. [2] (2000 µm, 8 % volume fraction, 104 +/- 37 nm 
particles) where the acrylic absorption is not considered, similar results 
are seen as theirs where the distribution does increase the reflectance. 
However, a distribution does not increase the reflectance when the ab
sorption in acrylic is considered. For both BaSO4-acrylic and 
TiO2-acrylic paint, the broadband nature of the solar spectrum along 
with the diminishing returns at high reflectance values allow for the 
distribution to provide similarly high reflectance even though 

Fig. 2. Solar reflectance of BaSO4-acrylic paint as a function of particle size with a 60 % volume fraction for a few different thicknesses from 25 to 800 µm. The bars 
on each curve show the range of particle sizes with a reflectance within 0.0005 of the peak reflectance. 
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non-optimal sized particles are utilized. 

4. Conclusion 

In this work, we investigate the role of multiple nanoparticle sizes 
and distributions in radiative cooling paint. Previous works, and our 
own intuition, indicate that multiple particle sizes increase solar 
reflectance compared to a single particle size due to the broadband 
nature of the solar spectrum. We have found that optimized multiple 
particle sizes do indeed increase solar reflectance over a single optimal 
particle size for TiO2-acrylic paint, but not for BaSO4-acrylic paint due to 
the near constant refractive index of BaSO4 across the solar spectrum. 
We have also found that a particle size distribution at the optimal mean 
particle size has negligible effects on solar reflectance for both BaSO4 
and TiO2-acrylic paint. Considering that it is unfeasible or too expensive 

to precisely accomplish a single particle size in manufacturing processes, 
we conclude that contrary to previous understanding, the true benefits 
of particle size distributions in radiative cooling paints with low ab
sorption dielectric nanoparticles are that they enable cost effective and 
robust manufacturing processes by allowing a fairly wide range of 
average particle size and size distribution while preserving a similarly 
high performance. 
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TiO2-acrylic paint at a 10 % volume fraction, (C) CaCO3-acrylic paint at a 20 % volume fraction, and (D) Air pore-acrylic paint at a 20 % volume fraction. 
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