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Thanks to accurate first-principles atomic scale simulation techniques and meso-scale          
simulation tools that solve Maxwell’s equations, optical responses of layered structures can be             
predicted accurately from simulations. However, inverting this process remains a challenge,           
that is, to predict suitable materials and structures that will show a certain optical response. Yet                
the latter is usually the process needed for materials design and materials selection as well as                
the design of specific mesostructures. 
 
Our proposed project aims to develop a machine-learning code to design nano- and             
meso-structured materials with desired optical properties. We created a materials database           
that contains optical properties (transmission and reflection spectra) of layered systems such as             
the ones depicted in Fig. 1. They are composed of different materials (BN-ZnO, wz-ZnO, TiO2)               
and different layer-thickness combinations. We will explore whether machine-learning can          
reliably and accurately enough predict the optical properties after being trained on that             
database. This would allow us to skip Maxwell modeling and, eventually, to invert this process               
for layered systems, which represent an easily and quickly accessible test case. If successful              
across the optical spectral wavelength range, we want to extend this approach to more              
complex geometries, for example, spheres/cubes of one material embedded in a cuboid of             
another material, or adjacent cubes of material. 



 
Fig 1. Schematic of bilayer system 

 
We are seeking collaborations with data scientists to implement, test, and use efficient and 
accurate machine-learning algorithms, in order to predict optical properties and meso-scale 
geometries, using our database. A literature survey reveals that using machine-learning to 
obtain a desired (given) optical response hasn’t been attempted before. 
 

1) Database: 
The database is created by considering all possible permutations of materials and 
thicknesses: For example, considering three different materials and thicknesses ranging 
from 100 nm to 1000 nm for each, leads to a total of 600 files for bilayer systems and 
27,000 files for trilayer systems. We solved Maxwell’s equations to compute 
transmission and reflection spectra and stored those in JSON format. The database will 
be extended to include more materials and the lightweight JSON formatted data makes 
it easy to transfer the entire database as each file is only ~3 kB. 
 
Example JSON data for a bilayer system of wurtzite-ZnO (incident layer) and TiO2 
represented in Fig. 1 is given below: 
 
{ 
  "opticalProp":{ 
    "transmission":[0.000000, .. 0.80769], 
    "reflection":[0.090147,...0.017031], 
    "wavelength_nm":[200,... 900] 
  }, 
  "geometry":{ 
    "type":"bilayer", 
    "materials":[ 
      "ZnO-WZ", 
      "TiO2" 
    ], 
    "structure":[ 



      "incidentLayer", 
      "outLayer" 
    ], 
    "thickness":[ 
      200, 
      500 
    ]}, 
  "otherInfo":{ 
    "ID":"10001020205", 
    "author":"Saankhya Bhargava" } 
   } 
 

2) Preliminary results:  
As a first step, we attempt to compute transmission values using machine learning, 
given the materials (one hot encoding is used to categorize the materials) and its 
thicknesses as descriptors. To analyze the data, we use the Pandas library with Python 
which has a feature to convert the JSON files into a dataframe.  
 
The machine learning part of the code is implemented using the k-NN (k nearest 
neighbours) regression classifier, available in the Scikit-learn Python library. The reason 
for choosing the k-nn algorithm is because it is non-parametric and makes no 
assumption about the functional form that connects descriptors and the target 
relationship. 
 
The initial code is tested for transmission values at for three materials. The best 
combination of number of neighbours (k) and train/test percent split on the dataset is 
calculated as shown in Fig. 2, with the optimum combination of k = 8 and training set 
proportion of 0.80 marked in red. 

 
Fig. 2. Scatter plot showing the best combination for k and train set proportion. 



 
In Figs. 3 and Fig. 4, we show preliminary results obtained from a k-NN machine-learning 
algorithm for spectra prediction, using the optimized combination shown in Fig. 2. We 
show both the transmission predicted by the ML model (blue) and the calculated 
transmission using COMSOL (red). Error bars are determined by predicting the 
transmission value at each wavelength using different subsets of database for training. In 
our work, we considered 2000 different subsets for each wavelength.  

 
As can be seen in Fig. 3 and Fig. 4, with applying the k-NN algorithm, the predicted spectra 
show reasonably good agreement with the calculated spectra. As the shape of the curve is 
predicted well with reasonable difference in the transmission values. Our result show 
good potential of applying machine-learning algorithms to the prediction of optical 
responses.  

 

 
Fig. 3. Transmission spectrum of BN-ZnO (1000 nm thick) and TiO2 (1000 nm thick). 

 



 
 

Fig. 4. Transmission spectrum of BN-ZnO (600 nm thick) and WZ-ZnO (500 nm thick). 
 
 
3) Open questions:  

We propose several questions that we want to answer with data scientists in this 
project: 
 

- Our current model uses k-nn algorithm as this is a straightforward and intuitive method 
implemented in scikit-learn. As there are many other machine-learning techniques 
available, it is important to test the quality of the prediction for different methods and 
find the best-suited approach for this problem. We want to work with experienced data 
scientists on this problem, in particular, because we envision to use a technique that 
circumvents separate training for each wavelength and predicts transmission spectra 
that are continuous in the wavelength. Part of this step will be thorough uncertainty 
quantification to explore the limitations of machine learning in the context of predicting 
wavelength-dependent optical transmission. 

 
- We used layered systems to produce the materials database for preliminary work, 

because in this case data can be obtained straightforwardly from analytical equations. 
Within this project, we envision studying more impactful, more complicated geometries 
for which only much more expensive numerical solutions are available, such as periodic 
systems of nanostructures. We would like to work with data scientists to determine 
most promising definitions of descriptors that capture complicated geometries and are 
compatible with machine learning. 

 



- Our ultimate goal is to use machine learning to predict structures and geometries that 
have desired, user-defined optical response. This essentially requires inversion of the 
machine-learning model, which we want to explore for simple test systems (such as 
layered materials) first, and then extend to more complicated geometries. 
 
These three goals are progressively more challenging and also more impactful for the 
materials science community. We hope that together with data scientists we can 
address these open questions within this program and accelerate the discovery of new 
optical materials by combining advanced machine-learning techniques and Maxwell 
modeling.  
 

 
 
 
 
 
 

 


