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Abstract— The optical, structural, and physical characteristics of zinc tellurite glasses doped with neodymium oxide nanoparticles, 

which are produced by the melt-quenching method, were examined in this work. The amorphous character of the glasses was verified 

by XRD analysis. Using the Pair Distribution Function (PDF) and Monte Carlo simulations and visualisation for precise molecule 

distribution representation, an intuitive Python interface was created to emphasize these features. The density increased with increasing 

Nd2O3 concentrations, from 5346 to 5606 kg/cm2. Density data was used to infer the molar volume. The best projected density was 

achieved by the Gradient Boosting Regressor model, with a R2 of 0.9988 and an RMSE of 0.0032; the best predicted molar volume was 

achieved by linear regression, with a R2 of 1 and an RMSE of 2.67e-15. These models successfully represent the correlations between 

dopant concentration and glass properties, advancing our knowledge of the optical properties for further glass technology research. 
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I. INTRODUCTION

Glass is a versatile substance with many applications. As 
can be seen with the unaided eye, windows used in building 
construction are one of the most amazing and undeniable 
creations. Globally and effectively, the shift from large scale 
(conventional glass) to Nano scale (fibre optic) has taken 
place.  It has been noted in science that among all elements, 
glass is the one that is most amorphous. The lack of crystal 
properties in glass, and its atomic configurations are also 
asymmetric and have long distance distributions. The atomic 
arrangements of the glass network serve as evidence for short-
range order [1]. It’s inorganic compounds with a partial ionic 
and covalent bond composition, as well as inorganic and 
organic compounds, with the ability to create chain structures 

of covalent bonds inside the structure, bound together by Van 
der Waals forces, are the two categories of materials used to 
form glass [2]. 

The concept of excellent glass is being evaluated deeper, 
and the materials used are being improved. According to a 
study by Damas et al. (2012) [3], tellurium oxide (TeO2) can 
function as a host material in glasses due to its lowest phonon 
energy below 780 cm-1 and the greatest apparent 
transparency, especially in the near-mid infrared spectral 
bands. These glasses appear to be superior to quartz, 
phosphate glasses, or borosilicate glasses in terms of 
absorption and scattering losses as well as chemical stability 
[3], despite having greater refractive indices. Glasses can only 
be created when tellurium oxide is combined with other 
compounds, like oxides and halides. Because of its excellent 
ability to dissolve rare earth elements, tellurium oxide is also 
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considered as a good dopant. Tellurium oxide has a strong 
ability to dissolve rare earth ions as dopants and is considered 
to be a favourable environment for its radiative transitions [4]. 

The optimal method for creating tellurite glass systems 
with zinc oxide was based on the traditional melt quenching 
technique. ZnO, a well-established substance can fully form 
samples in glassy and amorphous characteristics.  Due to 
ZnO's exceptional properties, it is suggested that better-
quality glass can be produced focusing on the targeted 
parameters which is density, molar volume, ultrasonic 
velocities, elastic moduli, softening temperature, fractal bond 
connectivity, micro hardness, Debye temperature, and 
acoustic impedance [5]. 

On the other hand, neodymium (III) ion (Nd3+), one of the 
rare ions doped in glasses, has earned recognition as one of 
the most efficient. The magnificence of Nd3+'s are anticipated 
to enable numerous better glass applications, such as 
frequency up conversion, amplification, and laser emission 
[6]. Because glasses are so important technologically, a lot of 
research has been done to explain their structural details. This 
knowledge helps to clarify the connection between structure 
and properties, and can be used to develop novel materials, 
most notably glass with a silicate basis [7]. 

Graphical representation of the atomic structure of glass is 
essential for highlighting its amorphous characteristics. There 
are plenty of methods to visualize this structure such as radial 
distribution [8], that allows a clear understanding of the nature 
of glass at the atomic level. These representations are 
important to distinguish the amorphous structure of materials, 
known for its key features such as the absence of periodicity 
and the presence of short-range order. Various tools are 
already available in the field of material science and more 
specifically for the analysis and representation of the atomic 
structure of materials. Examples of these tools include 
VESTA, Diamond and OVITO [9-10], which offer powerful 
visualization capabilities for both crystalline and amorphous 
materials. VESTA and Diamond are particularly user-friendly 
with graphical interfaces, while OVITO provides advanced 
visualization and analysis through both GUI and optional 
Python scripting.  

Farrow et al., [11] stands out for its focus on Pair 
Distribution Function (PDF) analysis, making it ideal for 
studying the local atomic structure of amorphous materials. 
One of the tools is RDF Tools which, according to Mitchell 
& Petersen [12], is a software tool for quantifying short-range 
ordering in amorphous materials. However, some of these 
tools often come with certain limitations, such as the need for 
commercial licenses. Our solution is a Python-based 
graphical interface designed for the analysis and the 
representation of glass structures. The interface developed in 
this article allows users to specify the molecules composing 
the glass, input the wavelength used in their experiments, and 
enter the relevant equations directly. Additionally, this article 
not only uses the Pair Distribution Function (PDF) analysis 
but also enhances the relevance and accuracy of the atomic 
structures simulated by using the Monte Carlo simulations. 
Combining these techniques makes the simulations much 
more accurate and detailed for the materials studied. 
Integrating advanced visualization with an intuitive interface 
is a significant improvement in accessibility and usability, 

making it an ideal choice for researchers focused on the study 
of glass structure [12]. 

In this paper, the ternary glass series of zinc tellurite doped 
neodymium oxide nanoparticle glasses, including optical 
properties studies were implemented and navigated to the 
behaviour of glass. Both the existence of nanoparticles in 
glass production processes and their physical characteristics 
were investigated and evaluated. The theoretical predictions 
and simulations at different neodymium oxide nanoparticle 
concentrations were used to examine some of the properties 
of the manufactured glasses like the density and the molar 
volume of the glass. This study dives into the ML models used 
and chosen such as Linear Regression and Gradient Boosting 
Regression. 

II. MATERIALS AND METHOD 

The main components used in this study are neodymium 
oxide nanoparticles, Nd2O3 NPs (Assay, Alfa Aesar, 99.9%), 
zinc oxide, ZnO (Alfar Aeser, 99.9%), and tellurium oxide, 
TeO2 (Puratronic, Alfa Aesar, 99.9%). The melt-quenching 
procedure was used to melt the chemical at high temperatures 
in an atmosphere [34]. In this research, a series of glasses with 
the chemical composition [(TeO2)0.70(ZnO)0.30] (1-x) 
(Nd2O3 NPs) x, with x = 0.01 to 0.05 molar fractions, were 
produced using the melt-quenching method. 

To guarantee homogeneity, the weighted chemical mixture 
was stirred for about 30 minutes using a cylindrical glass rod. 
The chemical mixture in the alumina crucible was then 
warmed in an electric furnace for 30 minutes at 400°C. This 
procedure serves to remove any moisture that may be present 
in the chemical mixture. The dry mixture was put in a separate 
furnace that was set to 800°C [13]. The molten mould was 
transferred to the first electric furnace after the mixture had 
completely melted [14] and heated for approximately 60 
minutes at 400°C to complete the annealing process. Thermal 
stress was minimised by enabling the glass molecules to cool 
and organise themselves into a solid state during this process. 
The final samples were taken out of the furnace and allowed 
to cool overnight at room temperature. 

A. Pair Distribution Function (PDF) 

The atomic pair distribution function [PDF, G(r)] is a 
simple 1D function that contains information about structural 
correlations in a material. This function describes the 
distribution of distances between pairs of particles contained 
within a given volume. 

According to Billinge (2008) [15], the atomic PDF, �(�), 
is defined as:  

G�r� = 4. π. r. �ρ�r� − 
��,  (1) 
where 
(�) is the atomic pair-density, 
� is the average 
atomic number density and r is the radial distance.  

The PDF yields the probability of finding pairs of atoms 
separated by a distance r. It is obtained by a sine Fourier 
transformation of the reciprocal space total scattering 

structure function �(�) [16]:  

G�r� = �
� . �  Q. �S�Q� − 1� . sin�Qr� . dQ�

�   (2) 

where �(�) is the corrected, normalized, diffracted intensity I 
from the sample and Q is the magnitude of the scattering 
vector [17],    

Q =  .!."#$%
&    (3) 
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One limitation to the PDF analysis is that it may assume all 
object locations are mutually independent, which is 
inaccurate for hard objects because it doesn’t account for the 
minimum separation required between them. This can lead to 
errors in structural parameters derived from PDF analysis. In 
this study, the intensity I is equal to the count of rays 
diffracted by the glass in the experiment.  

B. Monte Carlo Simulation 

The Monte Carlo is a class of computational algorithms 
that rely on repeated random sampling to obtain numerical 
results. One of the key principles of this method is Random 
Sampling, which means that we use the randomness to 
explore the solution space of a problem. For example, 
generating random numbers and using them to simulate 
processes or solve problems. It is important to note that the 
results form random sampling is then statistically analysed 
and used to draw conclusions regarding our data [18]. 

The Monte Carlo method can be used in various fields and 
to various data. It applies to problems with no probabilistic 
content as well as to those with inherent probabilistic structure 
[19]. Here, the Monte Carlo simulation was used to represent 
the atomic structure of the glass studied. The positions of the 
atoms were initialised randomly in the material [20].  

�' = �(' , )' , *'�            +,� - = 1,2,3, … , 1 
The energy of the system is then calculated based on the 

difference between the interpolated Pair Distribution 
Function (PDF) value at a given distance and 1. This is a 
simplified model where deviations from the desired PDF are 
penalised [21]. 

2 =  ∑ ∑ �+4�' , �56 − 1��758'9:7;:'8:  (4) 

Here, +4�' , �56 is the PDF interpolator value for the distance 

between atoms - <=> ?. Where A variable as selected 
randomly and its position was perturbed slightly, while 
ensuring that the new position is within the simulation box 
[22]: 

�'@AB = �' + ∆�   (5) 

where ∆� is a small random vector. 
The new energy of the system (After the perturbation) is 

calculated and compared with the old one:          

∆2 =  2@AB − 2EFG   (6) 
An acceptance criterion is then applied where the new 

configuration is accepted if the new energy is lower. On the 
other hand, a probability based on the Metropolis criterion 
will be accepted. This Monte Carlo method effectively 
explores the configuration space, choosing arrangements that 
match the desired PDF, thereby simulating the atomic 
structure of the material. 

C. Machine Learning Methods for Property Prediction 

In this study, different machine learning approaches were 
employed to predict various physical properties of the 
TZNnPs glass system (Density and Molar Volume). This 
study focuses on these two parameters as a starting point, the 
results can be generalised to predict other parameters in the 
same data.  

A comparison was done between the different approaches, 
and for each target value (the value that is needed for 
prediction), the best model was chosen to work with. The 
problem of this study falls in regression model, where this 
model relationship is required between a continuous target 

variable (Density, Molar Volume) and different independent 
variables.  

For the Density of the glass system, the best performing 
machine learning model was Gradient Boosting Regressor. 
On the other hand, for the Molar Volume, the model chosen 
was Linear Regression. These techniques offer valuable tools 
for uncovering relationships between the experimental Nd 
nanoparticle data and the target physical properties. 

D. Linear Regression 

Linear regression is a statistical method for modelling 
linear relationships between one or more entities (independent 
variables) and a continuous target variable (dependent 
variable) [23]. When there is a single feature, it is called a 
single-variable linear regression and if there are multiple 
features, it is a multiple linear regression [24]. In the current 
case, the dependent variable (That can also be called as target 
value) is the Molar Volume, and the independent variables are 
the parameters with which is performed based on the 
experiment: Nd ion concentration (N), molar volume, 
ultrasonic velocities, elastic moduli, softening temperature, 
fractal bond connectivity, micro hardness, Debye 
temperature, and acoustic impedance. 

The linear regression model is presented by the following 
equation [25]:   

H = <�  +  <:. I:  + <�. I� + ⋯ +  <@ . I@   (7) 

where Y represents the predicted property value, I' represent 
the independent variables (Nd nanoparticle data), 
<:, <�, … , <@  the slope of the line, and <� is the y-intercept. 

 
Linear regression offers several advantages: 

1) Interpretability: The coefficients provide insights 
into the direction and strength of the relationship between the 
independent and dependent variables [26]. 

2) Computational Efficiency: Linear regression 
algorithms are relatively fast to train and can handle large 
datasets efficiently [27]. 

3) However, a key limitation of linear regression is its 

assumption of linearity. If the relationship between the Nd 
nanoparticle data and the property is non-linear, the model 
predictions may not be accurate [28]. 

E. Gradient Boosting Regression 

Gradient Boosting is a machine learning technique that 
combines the predictions from several models to improve the 
overall predictive accuracy [29]. It is particularly useful for 
regression and classification problems. In the current case, 
this is a regression problem, the objective of the study is to 
predict and model a continuous dependent variable (Density 
or Molar Volume), using the parameters used in the 
experiment. The term "gradient" in Gradient Boosting refers 
to the method of using the gradient of the loss function to 
minimize errors during training [30]. The "boosting" part of 
the name implies that the algorithm combines weak predictive 
models to form a strong learner [31].  

In each stage, a regression tree is fit on the negative 
gradient of the given loss function [32]. The negative gradient 
represents the direction in which the loss function decreases 
the most. The new tree is added to the ensemble, adjusting the 
predictions based on the errors made by the existing trees. 
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One of the main advantages of Gradient Boosting is its 
predictive power. It often outperforms other algorithms on a 
variety of datasets. However, it can be computationally 
expensive and slow to train, especially with large datasets. It 
also requires careful tuning of parameters and regularization 
to avoid overfitting [33]. In the current case, the dataset 
studied is not large, which won’t cause problems in our usage 
of the Gradient Boosting model.  

F.  Mathematical formulation 

The final prediction of the Gradient Boosting Regressor is 
an additive combination of individual tree predictions [34]: 
 

+�(� = ∑ KL . ℎL�(�NL8:      (8) 
 

where: M is the number of trees (boosting stages), KL  is the 

weight (learning rate) for the (m)-th tree, and ℎL�(� 
represents the prediction of the (m)-th tree for input (x). 

G. Machine Learning  

In machine learning, comparing between the different 
models tested plays a crucial role in modelling the target value 
in the best way possible. There are different ways and metrics 
to compare between the different models tested in the study. 
The MSE, MAE, RMSE, and R-Squared metrics are the ones 
mainly used to evaluate the prediction error rates and model 
performance in regression problems [35]. The metrics used in 
this study are RMSE and R-Squared.  

The RMSE (Root Mean Squared Error) is the error rate by 
the square root of the difference between the original and 
predicted values extracted by squared the average difference 
over the data set [36]. 

OP�2 =  Q:
7 . ∑ �)' − )R'��7L8:      (9) 

where: N is the number of values predicted,  )R' is the i-th 
prediction of Y.  

Whereas the R-squared (Coefficient of determination) 
represents the coefficient of how well the values fit compared 
to the original values. The value from 0 to 1 interpreted as 
percentages. The higher the value is, the better the model is. 

O� = 1 − ∑�ST;SRT�U
∑�ST;SV�U   (10) 

where:  )V is the mean value of the predictions of Y [37].  
The objective of the comparison between the different 

models used will be having an R-Squared very close to 1 and 
a RMSE closer to 0.  

H. Feature Selection for Property Prediction 

In this study, all the parameters of the experiment were 
used to predict the different outcomes that was needed. 
Nevertheless, there was still a need to select only the relevant 
features, for the models to become more accurate in the 
predictions made. 

One of the feature selection methods was the use of the 
Variance Inflation Factor (VIF), which represents how well 
the variable was explained by other independent variables 

[38]. As mentioned above, the O� value was determined to find 
out how well an independent variable was described by the 

other independent variables. A high value of O� means that the 
variable is highly correlated with the other variables. This was 
captured by the VIF, which was as denoted below [39]: 

WXY =  :
:;ZU          (11) 

 
Multicollinearity can be a problem in a regression model, 

because the estimated regression coefficients become 
unstable and difficult to interpret in the presence of 
multicollinearity. This is where the VIF interferes since it can 
show the correlation of a variable with a group of other 
variables. It captures the multicollinearity of the variables that 

we use. The closer the O� value to 1, the higher the value of 
VIF and the higher the multicollinearity in the dataset.  

III. RESULTS AND DISCUSSION 

A. Glass Analysis 

In order to confirm the structure of glass, Figure 1 depicts 
the X-ray diffraction (XRD) spectra of TZNnPs. A large 
hump with no clearly visible sharp peaks can be seen in the 
glass' XRD pattern at 20 to 35 degrees. These spectra show 
the traits of an amorphous structure, proving that a crystalline 
phase is not present [40–41].  
 

 
Fig. 1  XRD pattern of the TZNnPs glass system  

To validate the experimental results, the Pair Distribution 
Function (PDF) was plotted alongside the experimentally 
obtained data. As illustrated in Figure 2, the graph reveals a 
striking similarity between the experimental data and the 
PDF, particularly in the curve's form. This strong correlation 
underscores the reliability of the experimental findings, 
affirming their accuracy and consistency with theoretical 
expectations [42]. 

 
Fig. 2  Pair Distribution Function for TZNnPs glass system  
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To validate the experimental results and visualise the 
atomic structure of the studied material, a Python-based 
graphical user interface (GUI) was adopted. Figure 3 
illustrates this interface, which includes features such as input 
fields for wavelength, components of the material, and the 
ability to upload an Excel file containing experimental data. 
This GUI enables users to effectively manage and analyse 
complex datasets, providing a robust platform for visualising 
atomic structures and confirming experimental findings. Such 
tools are essential for advancing materials science research by 
offering user-friendly environments for detailed data analysis 
and visualisation [43]. 

 
Fig. 3  Python-based GUI developed  

After using the Pair Distribution Function (PDF) and 
Monte Carlo simulations, the atomic structure was examined 
for varying concentrations. Figure 4 illustrates the results, 
highlighting that the Monte Carlo simulations, depicted in the 
second row, outperform the PDF in revealing the amorphous 
nature of the glass used in the experiments. The effectiveness 
of Monte Carlo simulations in accurately modelling 
disordered materials and providing insights into the atomic 
structure has been well-documented in the literature [44 - 45]. 
These simulations are particularly advantageous for 
understanding the complex, non-crystalline structures often 
found in amorphous materials.  

 
Fig. 4  Atomic structure for TZNnPs glass system and with Monte Carlo and 

PDF 

To visualise the different structures obtained, especially the 
difference between the usage or not of the Monte Carlo 
simulation. The graphs of the atomic structure were plotted 
for a specific density. Figure 5 shows how the Monte Carlo 
enhances and highlights the amorphous structure of the glass 
used in the experiments.  

 
 

 
Fig. 5 Comparison between Atomic Structures with Monte Carlo and with 
PDF only  

B. Machine Learning Approach 

 
Fig. 6 Density and molar volume variation with Nd NPs molar concentration 
in TZNnPs glass system 

The discrepancy between the TZNnPs glasses' density and 
molar volume values is shown in Figure 6. As the 
concentration of Nd2O3 NPs climbs from 0.01 to 0.05 molar 
fraction, the density of the produced glasses increased from 
5346 to 5580 kg/m3. This was because heavier Nd2O3 NPs 
replaced lighter ZnO atoms thus, increased the glass's overall 
average molecular weight [44]. 

The molar volume grew from 25.464 cm3/mol to 26.192 
cm3/mol as the concentration of Nd2O3 NPs increased from 
0.01 to 0.05 molar fraction. The molar volume increased as 
Nd2O3 NP concentration rised due to the presence of more 
non-bridging oxygen molecules. (NBO). Glass containing 
neodymium oxide serves as a modifier by occupying network 
interstices and introducing additional neodymium boron 
oxide (NBO) into the structure. The presence of Nd2O3 NPs 
may ultimately caused the glass network to stretch [46]. Since 
x is bigger than 0.02 molar fraction, the increase in molar 
volume might be caused by the smaller Te and Zn atoms being 
replaced by larger Nd atoms. The present study shows that as 
Nd2O3 NP concentration rises, the glasses' molar volume rises 
as well. Therefore, an increase in molar volume is equivalent 
to an increase in the open volume of the glass network [46]. 

In order to have an idea about the glass’ behaviour towards 
Nd2O3 NPs concentration change prior to future experiments, 
the data was used from this experiment to develop a Machine 
Learning tool to predict the values of density and molar volume 
based on the other physical properties of the glass [47]. 

This section presents the results of the machine learning 
predictions for the following target properties: density, and 
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molar volume [48]. The dataset comprised both experimental 
data points and synthesised data points for Nd2O3 
nanoparticles (NPs), representing the molar fraction of Nd2O3 
in the glass system. To enhance the robustness and 
generalisation capability of the predictive models, the 
experiment was repeated numerous times with different 
scenarios. 

B. Density Prediction 

The analysing of the data began as well as defining the best 
model to use for each prediction based on metrics like RMSE 
and R² score [49]. Below are the best five models for the 
prediction of density given by the comparison models’ 
function obtained from pycaret.regression library [50]:  

TABLE I  
RANKING OF THE 5 BEST MODELS FOR THE DENSITY’S PREDICTION (USING 

COMPARE MODELS) 
 Model RMSE R2 

gbr 
Gradient Boosting 

Regressor 
0.0055 0.9938 

et Extra Trees Regressor 0.0057 0.9935 

ada AdaBoost Regressor 0.0065 0.9906 

dt 
Decision Tree 

Regressor 
0.0065 0.9901 

xgboost 
Extreme Gradient 

Boosting 
0.0088 0.9841 

 
The prediction of density was proceeded using these 

models. The dataset started to randomise and dividing it into 
a training set (67%) and a testing set (33%) [51]. The models 
were trained using the training set and were then used to 
predict the values of density, whilst their performance was 
evaluated using the RMSE and R² score [49]. The curves of 
the values predicted by the models were plotted and compared 
to the actual experimental values of density. The result is as 
follows: 

 
Fig. 7  Graph of predicted values of density using the different models 
compared to actual values 

The RMSE and R² scores of the different models are 
presented in the Table 2: 

TABLE II 

RMSE AND R² METRICS FOR THE BEST 5 MODELS FOR THE DENSITY ‘S 

PREDICTION 

Model  Gradient 
Boosting 

Extra 
Trees 

Ada 
Boost 

XGB Decision 
Tree 

RMSE  0.00464 0.006
08 

0.0065
9 

0.005
71 

0.00580 

R²score 0.99756 0.995
81 

0.9950
8 

0.996
30 

0.99619 

 
Based on these results, it can be concluded that the best 

performing model is the Gradient Boosting Regressor. Thus, this 
model will be elucidated and applied in the prediction of density. 
In order to improve the model’s RMSE and R² score, the feature 
selection need to be executed by measuring each feature’s 
importance and the correlation between the features [52]. 

TABLE III  
FEATURE IMPORTANCE TABLE FOR THE DENSITY’S PREDICTION 

Feature Importance 

F 0.342446 

N 0.311603 

△E  0.180110 

Concentration 0.026311 

Rm 0.021963 

OPD 0.020850 

χ 0.019286 

E1/2 0.018584 

M 0.017427 

ɛopt 0.008868 

Vm 0.006662 

αm 0.006043 

E2 0.004871 

αme 0.004685 

Λth 0.004203 

ɛ 0.002209 

Rp 0.001264 

αe 0.001202 

Ri 0.000884 

n 0.000528 

 
Using this important comparison, the least important 

features was removed and the impact on the RMSE and R² 
score was observed. When the least important feature “n” was 
removed, a RMSE was obtained amounting of 0.003595 and 
R² score of 0.99854 thus, the accuracy of the prediction 
improves. Whereas, when two features: “n” and “Ri” were 
removed, we got RMSE = 0.0049998 and R² = 0.99717, 
which decreased the quality of the prediction. It can be 
concluded that the importance of the parameters of the 
features calculated is not enough to do the feature selection 
and improve the accuracy of the model since there can be 
underlying multicollinearities between the features. What is 
of importance, is that an indicator calculated by a function in 
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the code that measures is based on the dataset, and what 
features the model used, are more important in the prediction. 
To identify these multicollinearities [53], the correlation 
matrix was depicted, as well as performing a y-data profiling 
using the pandas-profiling library to generate a 
comprehensive data profiling report. The ProfileReport class 
from this library provided a quick and easy way to create a 
detailed report that included aspects on statistics, correlations, 
and visualisations for both the target variable and the entire 
dataset. [53]. 

The correlation matrix looks as follows: 

 
Fig. 8  Matrix of correlation factors between all features 

The y-data profiling provides a report including alerts 
presented below:  

 
Fig. 9  Overview of the Profile Report’s alerts using ydata profiling 

To decide which of these highly correlated features to be 
removed to improve the model's predictions, the Variance 
Inflation Factor (VIF) was calculated for each feature. This 
helped to prevent multicollinearity. This is a situation where 
two or more features in a regression model are highly 
correlated with each other [54]. Multicollinearity can distort 
the results of the model and make it difficult to determine the 
individual effect of each feature on the target variable. The 
values of the VIFs calculated are presented in the table below:  

TABLE IV  

VIF VALUES FOR THE DIFFERENT FEATURES USED IN THE PREDICTION OF 

THE DENSITY 

Feature VIF Feature VIF 

Concentration ꝏ ɛ 1.251825e+02 

E1/2 ꝏ ɛopt ꝏ 

E2 ꝏ χ ꝏ 

△E ꝏ M ꝏ 

n 8.803430e+00 N 
ꝏ 

Rm ꝏ Rp ꝏ 

OPD 4.503600e+15 
Ri 1.055298e+06 

αm ꝏ F ꝏ 

αme ꝏ Λth ꝏ 

αe ꝏ Vm ꝏ 

 
Based on the VIF values, it was decided to remove the 

features with infinite VIF values [56]. After doing this, the 
following prediction was obtained: 

 
Fig. 10  Graph of predicted values of density after removing the highly 
correlated features compared to actual values 

The RMSE of this new prediction was 0.0032 and R² = 
0.9988, which were the best scores obtained from all the 
predictions performed previously. It can be concluded that for 
an accurate prediction of density, the use of Gradient Boosting 
Regressor as a model was required, and the features “n”, 
“OPD”, “ɛ” and “Ri” as the prediction variables.  

To comprehend the optical characteristics of glass, two 
essential quantities are the refractive index, 'n', and the optical 
packing density (OPD). By measuring the degree of refraction 
as light enters glass from another medium, the refractive index 
establishes how light travels through the material [55]. This 
characteristic, which affects the focusing power and clarity of 
the glass, is crucial for building lenses and other optical 
components. For applications like eyeglasses and cameras, 
slimmer lenses with the same optical power are possible with 
a higher refractive index. The refractive index is also 
influenced by optical packing density, which is the measure 
of how closely atoms or molecules are packed within the 
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glass. Higher refractive indices and superior mechanical 
qualities of denser materials make them appropriate for high-
performance optical applications [56]. 

Glass's optical characteristics are further influenced by the 
dielectric constant and internuclear distance. The material's 
capacity to store electrical energy in an electric field, which 
influences wave propagation, polarisation, and light 
interaction, is measured by the dielectric constant. When it 
comes to optical equipment like modulators and capacitors, a 
larger dielectric constant can improve function [57]. This 
characteristic also sheds light on the constancy and purity of 
the material, which are essential for dependable and effective 
optical systems. The average distance between the atoms' 
nuclei within a glass, or the inter-nuclear distance, influences 
the atomic structure and bonding properties of the material. 
Stronger bonding is typically indicated by shorter distances, 
which improve the mechanical strength and thermal stability 
of the glass. This parameter also affects the electrical and 
vibrational characteristics of the glass, affecting its emission 
and absorption spectra, which is important for laser 
applications [58]. 

IV. Molar Volume Prediction 

For the Molar Volume prediction, the same way was 
proceeded as for density, starting by defining the best 5 
models to use, with the following RMSE and R²:  

TABLE V  
RANKING OF THE 5 BEST MODELS FOR THE MOLAR VOLUME’S PREDICTION 

(USING COMPARE MODELS) 

  Model RMSE R2 

lr Linear Regression 0.0042 0.9987 
br Bayesian Ridge 0.0075 0.9974 
et Extra Trees Regressor 0.0112 0.9878 
gbr Gradient Boosting Regressor 0.0127 0.9782 
huber Huber Regressor 0.0142 0.9655 

 
Then, the same splitting ratios were used for the training 

and testing sets. The prediction plots compared to the 
experimental values are presented below:  
 

 
Fig. 11  Graph of predicted values of density after removing the highly 
correlated features compared to actual values 

The RMSE and R² for these predictions are as follows:  

TABLE VI  

RSME AND R2 METRICS FOR THE BEST 5 MODELS FOR THE MOLAR 

VOLUME’S PREDICTION 

Model RMSE R² score 

Linear Regression 2.67439 e-15 1.0000 

Bayesian Ridge 0.012351 0.995852 

Extra Trees 0.002733 0.999797 

Gradient Boosting 0.009199 0.997699 

Huber Regressor 0.010933 0.996750 

 
As depicted in Table 6, the linear regression provides the 

best R2 and RMSE values for the prediction of the Molar 
Volume. Thus, it can be concluded that it’s the best model to 
be used. It is also important to note that no further feature 
selection is needed to improve the model, unlike the 
prediction of the density done previously with the Gradient 
Boosting, where the model used needed improvements via 
feature selection [54]. 

 
Fig. 12  FTIR Spectra for the TZNnPs glass system 

Further study was conducted using Fourier transform 
infrared (FTIR) spectroscopy based on the crystallinity of the 
glass matrices. The details of the chemical bond between the 
elements were revealed by the FTIR findings [59]. Two 
crucial structural features differentiate the tellurite oxide 
structure, a trigonal bipyramid (TeO4) and trigonal pyramid. 
(TeO3). Pure TeO2's absorption band was visible at 640 cm-1, 
and the trigonal bipyramid (TeO4) and trigonal pyramid's 
stretching wave were both visible between 600 and 700 cm-1. 
(TeO3). Between 650 and 700 cm-1, TeO3 had a stretching 
band, while TeO4 had an oscillation band between 600 and 
650 cm-1 [60]. Figure 12 displays the FTIR spectra that were 
obtained between 250 and 1300 cm-1 and comprised the kind 
of bonding that was taking place. Between 600 and 700 cm-1, 
the two structural elements of the tellurium oxide pattern were 
visible. The major band, which was linked to the symmetrical 
pyramid of the TeO4 structural unit, was discernible between 
603.23 and 632.74 cm-1 [61]. 

Since the ZnO band was presented but offered no spectral 
information, the zinc lattice had entirely disintegrated. TeO4 
samples were produced. This strongly binds oxygen anions to 
the glass network. Consequently, as the TeO4 concentration 
rises, the amount of non-bridging oxygen decreases and vice 
versa [62]. Additionally, the transmission spectra were 
converted into absorption spectra in order to ascertain the 
TeO4 content. The TeO4 content in the glass was then 
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represented by the area under the TeO4 absorption curve. 
Origin 6.0 software was used to look at the area under the 
absorption graph and calculate the concentration. Table 7 and 
Figure 13 show the different TeO4 concentrations in 
comparison to the Nd molar fraction. 

TABLE VII  
BAND CENTER (B), BAND AREA (A), (TEO4, TEO3) CONCENTRATION FOR 

TZNNPS GLASS SYSTEM 

 
Fig. 13 TeO4 and TeO3 contraction variation with Nd NPs molar 
concentration in TZNnPs glass system 

In this experiment, an increasing amount of non-bridging 
oxygen was rectified by a decreasing amount of TeO4 as the 
quantity of Nd3+ ions increased from 0.01 to 0.02 molar 
content. Additionally, as the Nd3+ ion concentration rose from 
0.02 to 0.05 molar concentration of Nd2O3 NPs, the TeO4 

concentration then rose gradually. The additional bridging 
oxygen (BOs) had resulted in a more densely packed network, 
which was reflected by the rise in TeO4 content [63]. The 
glass network's arrangement of trigonal pyramidal TeO3 
structural units supported the development of a bridge oxygen 
and the change from TeO3 to TeO4 [64]. 

Additionally, Figure 14 displays TEM images of TZNnPs 
glass with a 0.03 molar percentage. The TEM images showed 
the microstructure of the glasses, which held nanoparticles of 
various sizes (74 nm). Neodymium nanoparticles were found 
to aggregate once they were incorporated into the glass 
matrix, which is similar to their typical size as unprocessed 

particles, which ranges from 15 to 30 nm. The bigger particle 
size after glass formation is brought on by the Ostwald 
ripening, in which smaller particles diffuse to larger particles 
[65]. In addition, the nanoparticles could also enhance the 
absorption and emission properties. From the phenomenon, a 
few potential mechanisms promoting application can develop 
such as quantum dots and photonic effect. 

In quantum dots, semiconductor nanoparticles are 
embedded in glass. This scenario can introduce size-tunable 
absorption and emission properties, which are useful in 
applications such as lasers, displays, and bio-imaging. 
However, under photonic effect, nanoparticles can create 
photonic bandgap structures within the glass, affecting how 
light propagates through the material and enabling 
applications in photonic crystals and waveguides.  

 
Fig. 13  The TEM morphology of TZNnPs, x = 0.03 molar content glass 

IV. CONCLUSION 

The glasses TZNnPs under study revealed that the molar 
volume and density rose from 25,7066 to 26,3452 cm3 and 
5346 to 5606 kg m-3, respectively. Studies of the crystallinity, 
structural changes, and morphological structures of the 
glasses were conducted using XRD, FTIR, and TEM 
observations. Studies using the Python-Based GUI showed 
that the atomic structure is amorphous. When we increase the 
concentration of Nd2O3 NP, the amorphous characteristics of 
the glass are more apparent. This interface can also serve 
other studies, using new molecules and materials. 
Furthermore, ML models used to predict the different 
properties showed great performance as shown not only by 
the graphs comparing the predictions to the actual values but 
also with the metrics used to evaluate their performances such 
as the R-Squared and the RMSE.  

The best model for the prediction of the density was 
Gradient Boosting Regressor. It is important to note that a 
feature selection and visualisation was done afterwards, 
showing that there are some parameters that contribute more 
than others to the prediction process. This is due to the 
multicollinearity present between some of the features. 
Whereas for the prediction of the molar volume, the best 
performing model was Linear Regression. To conclude, this 
study could be generalised to the predictions of the other 
parameters of the glass, and with more data, the models 
chosen will be able to perform even better.  
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