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Abstract 

In this study, we use an ultra-high-resolution micro-fabrication of porous media using two-
photon polymerization (TPP) direct green laser writing maskless technology. By leveraging nonlinear 
light-matter interactions, using this process we can achieve sub-diffraction-limited features without the 
layer-by-layer constraints of traditional additive manufacturing. We print the structures using an 
inverted optical microscope with a 20X objective lens by tuning process parameters i.e., refractive index 
of photoresist, laser power, printing speed, and exposure time to closely match the CAD design. After 
printing, we develop the samples using a chemical bath and assess their quality using scanning electron 
microscopy (SEM) images. We then measure their optical radiative properties using a micro-
spectrophotometer across the 400nm - 750 nm range. To validate these results, we then compare them 
against Monte Carlo ray tracing (MCRT) simulations and Machine Learning (ML) predictions, 
observing a deviation of ~< 5% - 8%. Overall, this study aims to establish an integrated framework 
where experimental results are validated through MCRT simulations and accelerated using ML-based 
predictions of radiative properties. This high-precision, low-waste fabrication approach offers 
consistent radiative properties with computational models and shows strong potential for engineering 
applications in micro-optics, photonics, solar energy, and metamaterials. 

1. Introduction

The optical radiative properties of porous media are critical for their integration into energy-
efficient devices[1–3]. Characterizing these properties has been extensively studied, with computational 
methods such as Monte Carlo ray tracing(MCRT)[4–8], renewal theory to derive explicit analytical 
estimates achieving close agreement with Monte Carlo Ray Tracing results[9] and finite-difference time-
domain (FDTD) simulations[10,11] emerging as key approaches at the micro and nanoscale[12]. To 
mitigate the high computational costs associated with these methods[4,9], researchers have explored 
machine learning algorithms for predictive modeling of radiative properties[5,13–16]. However, the 
fabrication of energy-efficient devices remains challenging, especially as the structural scale of porous 
media approaches the micro- or nanoscale. Recent advancements in deposition techniques have shown 
promise, but micro- and nanoscale additive manufacturing[17–20] offers a more sophisticated and precise 
solution for fabricating stochastic porous media. Additive manufacturing has evolved from a prototyping 
tool into one of the widely adopted production methods in various engineering applications especially 
in industries[21–23]. This growth is driven by its capability in the production of complex geometries, 
material waste minimization, and rapid design iterations[24,25]. There are several types of additive 
manufacturing, one of which involves processes based on liquids, especially useful in micro- and 
nanofabrication 

Liquid-based additive manufacturing[26] techniques, e.g., stereolithography (SLA), digital 
light processing (DLP), and two-photon polymerization (2PP) work by curing photoresists with laser 
light exposure. These methods deliver unparalleled precision and high-resolution capabilities, making 
them well-suited for fabricating intricate micro-scaled structures. However, they are constrained by 
slower build times for larger structures, limited material options restricted to specific resins, and high 
operational costs. Despite these drawbacks, liquid-based methods are indispensable for applications 
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requiring precise, high-resolution manufacturing. Among them, two-photon polymerization (TPP) 
[27,28] which allows for the fabrication of complex three-dimensional micro and nano-scaled structures 
with sub-diffraction-limit resolution as low as 100nm. TPP is a key component of sophisticated 
microscale production because of its versatility in working with a wide range of materials, such as 
metals, polymers, hybrid composites, and organically modified ceramics. 

In this study, we present an additive manufacturing method for fabricating single-layered 
porous media using the TPP technique. The fabricated layers have thicknesses ranging from 1 µm to 5 
µm, with random pore orientations and porosities of approximately 30% to 65%. The optical radiative 
properties such as absorptivity, transmissivity, reflectivity, and scattering are measured using a micro-
spectrophotometer over the wavelength range of 400 nm to 750 nm. To assess the dimensional accuracy, 
and precision of fabrication, we perform Scanning Electron Microscopy (SEM) imaging analysis at a 
magnification of 700x and 1500x, operating at 5 kV voltage with a working distance of 10mm. These 
analyses provide detailed insights into potential distortions or dislocations in the fabricated porous 
structures. We then compare the precision of radiative property measurements with Monte Carlo ray 
tracing simulations. To reduce the computational expenses of MCRT, we train a customized machine 
learning (ML) model to predict radiative properties and compare the results with experimental 
measurements. This two-stage verification process reveals the possibility of fabricating true-scale 
microporous structures and evaluate their radiative behavior using both MCRT simulations and ML 
predictions with less than 5% deviation. 

2. Experimental and Computational Methodology

In this section, we demonstrate the methodology in three different steps, Section 2.1 details the 
experimental procedure, Section 2.2, and 2.3 details computational procedures – Monte Carlo ray tracing 
(MCRT) and Machine Learning. 

2.1 Fabrication of porous media 

The fabrication and measurement procedures, based on the theoretical framework described in 
Section 2.1, are outlined in Figure 1. A Micro-light 3D micro-3D printer, a CRAIC Technologies  

Figure 1. Process flow of the experimental procedure for additively manufactured micro-scaled porous medium. 

micro- spectrophotometer, and a ThermoFisher Scientific (Apero 2) Scanning Electron Microscope (SEM) 
were employed for the experimental process. Fabrication is initiated by uploading a 3D CAD design of 
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porous medium in (.STL) format, ensuring precise replication of the porous medium. After optimizing the 
fabrication parameters, the porous structures were produced using the two-photon polymerization (TPP) 
technique, with pre-processing steps integrated into the Micro-light 3D system for sample preparation. 
 

Figure 2 shows the images of the micro-3D printing setup by Micro-light 3D and the pre-
processing step for sample fabrication. Figure 3 illustrates the 2D CAD design alongside optical 
microscope images of the fabricated samples at 20× and 40× magnifications, both pre-and post-
processing. The CAD design is printed within the droplet of photoresist material deposited on a glass 
substrate  

 

Figure 2. (a), (b) images of the 3D printing setup by Micro-light 3D, (c) sample preparation process 

technique which follows non-linear two-photon absorption phenomenon and the technology is able to 
create a solid 3D-printed structure from a photoactivable material droplet of (thickness: ~0.17 mm; 
dimensions: 24 × 24 mm). The material underwent two-photon absorption in a highly localized volume, 
or "voxel," at the focal point, where a photopolymerization reaction solidified the liquid monomer into 
a polymeric structure. Using the above methodology, three monodisperse porous media samples were 
fabricated and subsequently characterized as shown in Figure 3. 
 

 

Figure 3. Steps followed in the 3D printer, (a) CAD model (.STL) file of the monodisperse porous structure with a 
diameter of 100µm, (b) printed sample under optical microscope before post-processing, (c) printed sample under 

optical microscope with 20X lens after post-processing (chemical bath), (d) printed sample at 40X magnification to 
demonstrate outer periphery of pores and air-dielectric interface. 

2.2 Computational Methodology - Monte Carlo ray tracing (MCRT)  
 

An energy bundle can be reflected, transmitted, and absorbed based on the following equation 
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𝜌 + 𝜏 + 𝛼 = 1 
 

(1) 

 
The reflectivity and transmissivity of an incident wave at the material discontinuity are computed 
using Fresnel's relation as follows assuming unpolarized light: 
 

𝜌 = 0.5 (
𝑛1𝑐𝑜𝑠𝜃2 − 𝑛2𝑐𝑜𝑠𝜃1 

𝑛1𝑐𝑜𝑠𝜃2 + 𝑛2𝑐𝑜𝑠𝜃1
)

2

+ 0.5 (
𝑛1𝑐𝑜𝑠𝜃1 − 𝑛2𝑐𝑜𝑠𝜃2 

𝑛1𝑐𝑜𝑠𝜃1 + 𝑛2𝑐𝑜𝑠𝜃2
)

2

, 𝜏 = 1 − 𝜌  

 

(2) 

 
The angle of refraction at the material discontinuity can be obtained based on Snell’s law. The power 
attenuation of the ray is computed based on the traveling distance of the light through the absorbing 
medium which can be expressed according to Beer’s law as follows: 
 

𝐸𝑓 = 𝐸𝑖ⅇ−𝛽𝑠 (3) 
 
where 𝐸𝑖 is the initial power of the light entering the domain is the extinction coefficient of the 
absorbing medium and shows the traveling distance of the light. The engineering features used in this 
study include mean and variance of the area, perimeter, convexity, bounding box, extent, solidity, and 
eccentricity of particles, mean horizontal and vertical lineal path distribution (forward and backward), 
two-point correlation function, averaged coordination number of particles, representative elementary 
volume, averaged coordination number of particles, chord length distribution, and tortuosity. The 
physics-based features include the porosity, refractive indices of the host and particle mediums, the 
initial angle of irradiation from the boundaries, and the coordinates of the emission. 
 

2.3 Computational Methodology – Machine Learning (ML) 
 

After ground truth (labeling) dataset generation, mentioned in Section 2.2, we apply a customized 
bounding box algorithm which creates imaginary bounding boxes around each pore to calculate the 
geometric features of the particles. We then proceed to extract in-vitro geometric features, i.e., directional 
geometric metrics to define the position distribution. To do so, we use a machine learning (ML) model. For 
the final model, we employ a series of convolutional and pooling layers following Eqns. (4) – (7) below.  

 
                                             𝜁𝐶𝑁𝑁 =  𝐶𝑜𝑛𝑣𝜃𝐶𝑁𝑁

(𝑋𝑔𝑒𝑜𝑚−𝑖𝑚𝑎𝑔𝑒)                                                                (4) 
 

                                                   𝜁𝐶𝑁𝑁 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝜁𝐶𝑁𝑁)                                                                    (5) 
 

                                                         𝜁𝐶𝑁𝑁 =  𝐶𝑜𝑛𝑣𝜃𝐶𝑁𝑁
(𝜁𝐶𝑁𝑁)                                                                       (6) 

 
                                                         𝜁𝐶𝑁𝑁 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝜁𝐶𝑁𝑁)                                                                    (7) 
 
where 𝜃𝐶𝑁𝑁 represents learnable parameters, 𝜁𝐶𝑁𝑁 represents feature map after the above operations and 
𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑖𝑛𝑔 is the max-pooling operation. Simultaneously we have the tabular matrix of features 
extracted through bounding box algorithm as well as the input physical features for simulation. We combine 
them using the Eqn. (8) to concatenate extracted in-vitro directional features with their corresponding 
features in the tabular matrix. 
                                                      𝜁ℎ𝑦𝑏𝑟𝑖𝑑 = 𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝜁𝐶𝑁𝑁, 𝑋𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠)                                                    (8) 
 
Afterwards, we perform a deep learning operation on the combined datasets of ground truth and extracted 
features, to train and predict our desired radiative properties. The output layer (l = L + 1) which produces 
the network’s prediction can be written using Eqns. (9) and (10) below: 
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                                                                 𝜁(𝐿+1) = 𝑎𝐿 ∗ 𝑊(𝐿+1) +  𝑏(𝐿+1)                                                             (9) 
 

                                                                         𝑦̂𝑖 =  𝜎(𝐿+1) (𝜁(𝐿+1))                                                                         (10) 
 
where,  𝑦̂𝑖 denotes the predicted outputs from ML model, L denotes the layers and ơ is the activation 
function. 
 

3. Results and Discussions 

3.1 Radiative property measurement 

The samples' optical radiative properties are measured using a micro-spectrophotometer 
(CRAIC Technologies) over the wavelength range of 400 nm to 750 nm for unpolarized light specified 
in Figure 4. The device employs a pixel-based approach to measure the absorptance of the surface area 
covered by each pixel. A pixel size of 50 µm × 50 µm is selected to maximize sample coverage. During 
measurement, light is emitted from top to bottom along the Z-axis. The shadowed pixel enables the 
system to detect the overall absorptance within the defined volume. 

 

 

Figure 4. (a) Comparison between the measured absorptivity and scattering of the sample and the MCRT 
simulations, (b) 95% confidence interval of the MCRT simulations of the sample showing the measurable 
uncertainties from experimental results, (c) Training and cross-validation of ML model based on MCRT 

simulations, (d) comparison of MCRT simulations and ML model predictions to evaluate prediction accuracy 

Figure 4 (a) shows experimentally measured absorptivity. From 400 nm to 450 nm, absorptivity 
decreases, but it begins to rise beyond 450 nm. This behavior is consistent with the inverse relationship 
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between absorptivity and scattering in porous media, where increased scattering typically results in 
lower absorptivity. In the media, scattering is wavelength-dependent, redistributing photon paths. 
However, the expected inverse relationship between absorptivity and scattering is disrupted between 
450 nm and 700 nm. This deviation is likely attributable to the material’s intrinsic properties, including 
its band gap energy, as well as scattering-induced light trapping, which effectively increases the optical 
path length of photons within the sample. Furthermore, the AM 1.5 solar irradiance spectrum exhibits 
a high photon flux in this range, which enhances light-matter interactions, thereby increasing 
absorptivity. Beyond 700 nm, as the photon flux diminishes in the AM 1.5 spectrum, the absorptivity 
trend realigns with the expected inverse relationship to scattering. This behavior underscores the role 
of porous structures in redirecting photons into absorbing regions, which boosts absorptivity and 
temporarily disrupts the typical inverse correlation between absorptivity and scattering. Figure 4(a) also 
shows the deviation between experimentally measured absorptivity and MCRT simulation obtained 
absorptivity. Figure 4(b) shows the deviation between MCRT simulations and ML predictions across 
the wavelength. Figure 4(c) shows an image defining the axis used to measure the optical radiative 
properties along the Z-axis. Figure 4(d) presents a comparison between the measured absorptance, and 
computational data obtained using Monte Carlo ray tracing. It also provides absolute error and mean 
absolute error between the two across the considered wavelength range. 

 

3.2 Scanning Electron Microscopic (SEM) Imaging 

For advanced characterization and high-resolution imaging of our additively manufactured 
mono-layered porous medium, we utilized a ThermoFisher Scientific Apero 2 Scanning Electron 
Microscope (SEM). Since the photoresist material used for fabrication is non-conductive, the surface 
was first coated with a few nanometers of gold sputtering to enhance conductivity. SEM imaging was 
then performed to analyze the fabricated sample. Figure 5(a) presents the SEM image of the sample at 
a 1 nm resolution, 700× magnification, 5 kV working voltage, and a 10 mm analytical working distance. 
 

 

Figure 5. Scanning Electron Microscopy (SEM) images of the porous media sample, (a)700X magnification, (b) 
1500X magnification. 

Figure 5(b) provides a higher magnification (1500×) image highlighting the outer periphery of the pores 
and the metal-dielectric interface. This detailed imaging analysis allows for the refinement of fabrication 
parameters for micro-scaled additive manufacturing and facilitates comparison with computationally and 
analytically derived radiation loss values, offering insights for further optimization. 
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4. Conclusion 

This paper presents a procedure for fabricating micro-scaled porous media via two-photon 
polymerization (TPP) and characterizing their optical radiative properties using a micro-
spectrophotometer across the 400 nm to 750 nm wavelength range. Scanning Electron Microscopy 
(SEM) was employed for high-resolution imaging and materials analysis, providing critical data for 
optimizing the fabrication process and comparing radiation loss with computational and analytical 
models. This methodology enables the evaluation of the feasibility of fabricating complex porous media 
designs, previously studied computationally, and offers the potential for inverse design to fine-tune 
printing parameters. It also shows the possibility of integrating ML models to optimize the process of 
manufacturing energy-efficient optical devices, including thin-film solar cells and micro-photonic 
sensors. 
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