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Abstract: Recent advances in artificial intelligence have spurred significant interest in accurately predicting the thermophysical properties and 
rheological behavior of nanofluids. This study introduces four support vector regression (SVR) models optimized using the Dragonfly Algorithm 
(DA) and the novel FOX-inspired Optimization Algorithm (FOA). The models were evaluated with two cross-validation techniques, Leave-M-Out 
(LMO) and Holdout, to estimate the thermal properties of trihybrid nanofluids (THNFs). Trained and tested on a diverse dataset compiled from 
published experimental studies, these models exhibited exceptional predictive accuracy. Performance evaluation using metrics such as mean 
squared error (MSE) and Theil's U² revealed remarkably low error values, with all models achieving correlation coefficients (R) and 
determination coefficients (R²) exceeding 0.999. The results demonstrate the superior capability of these models to predict dynamic viscosity 
and thermal conductivity with high precision. This study’s findings hold substantial industrial significance, particularly in energy, thermal 
management, and manufacturing sectors. 
 
Keywords: FOX-inspired optimization algorithm, Rheology, Support vector machine, Dragonfly algorithm, Trihybrid Nanofluid, Thermophysical 
Properties. 
 
 
 

INTRODUCTION 
YBRID nanofluids, synthesized by suspending two or 
more types of nanoparticles in base fluids, represent 

an evolution of conventional nanofluids. These advanced 
fluids demonstrate superior heat transfer properties, 
including higher heat transfer coefficients and Nusselt 
numbers, compared to mono nanofluids.[1] Such 
improvements make hybrid nanofluids a promising solution 
for applications in heat pipes, heat exchangers, automotive 
systems, nuclear cooling, biomedical fields, and more.[2,3] 
The effectiveness of hybrid nanofluids in convective heat 
transfer depends critically on their thermophysical 
properties, including: density, specific heat and pre-
dominantly on the thermal conductivity and viscosity as 

they are the most influential parameters. Research has 
shown that nanoparticles with high thermal conductivity 
enhance the thermal conductivity of the base fluid, leading 
to improved convective heat transfer;[4] for example, 
studies on Cu-water nanofluids[5] and Al2O3-water 
nanofluids[6] have confirmed that increasing nanoparticle 
concentrations result in significant enhancements in 
thermal conductivity and, consequently, the heat transfer 
coefficient. 
 The addition of nanoparticles also alters other 
thermophysical properties, such as viscosity, which can 
either enhance or hinder performance. For instance, Ehsan 
et al.[6] demonstrated that increasing the volume fraction 
of multi-walled carbon nanotubes (MWCNTs) in a water-
ethylene glycol base improved the heat transfer coefficient 
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by 44 % at specific temperatures and concentrations, 
despite increased viscosity.[7] This synergistic interplay 
between nanoparticles underscores the importance of 
optimizing particle combinations for maximum efficiency. 
 While hybrid nanofluids generally outperform 
mono-nanofluids due to their synergistic effects, achieving 
optimal thermophysical properties depends on factors such 
as nanoparticle type, mixing ratios, and operating 
conditions. Studies on binary hybrid nanofluids have 
demonstrated significant improvements in thermal 
conductivity and viscosity under specific mixing ratios;[8] 
however, the complexity of ternary (trihybrid) nanofluids 
introduces additional challenges, such as identifying the 
optimal nanoparticle combination and mixing ratio. 
 Empirical correlations, regression models, and 
machine-learning techniques were employed to predict the 
thermophysical properties of hybrid nanofluids. For 
instance, researchers have developed regression models 
with high accuracy for binary hybrid nanofluids,[9] but these 
models often fail to generalize across varying mixed ratios 
or complex systems like trihybrid nanofluids. Machine-
learning methods, including: Artificial Neural Networks 
(ANN), Boosted Regression Tree (BRT) and Support Vector 
Machine (SVM), have promising outcome in addressing 
these limitations;[10–14] nonetheless, most existing studies 
focus on binary nanofluids, leaving a significant gap in 
understanding and predicting the properties of trihybrid 
nanofluids. 
 This study aims to address this gap by applying 
advanced machine-learning techniques based on Support 
Vector Regression (SVR) optimized with the Dragonfly 
Algorithm (DA) and the FOX-inspired Optimization 
Algorithm (FOA) to model the thermophysical properties of 
trihybrid nanofluids. By leveraging experimental data, this 
work seeks to predict the nonlinear relationships between 
thermal conductivity, viscosity and their governing factors; 
hence, providing a robust framework for optimizing 
nanofluid formulations. This research not only enhances 
the understanding of trihybrid nanofluids but also sets a 

foundation for their practical application in advanced 
thermal systems. 
 

METHODOLOGY 
Data Description 

Data used in this study, amassed from previously published 
experimental studies, is summarized in Table 1. 
 To identify outliers or errors in the dataset, the 
statistical description is showcased in Table 2. This table 
provides a comprehensive statistical analysis of the dataset 
used in this research. The data exhibit variations across the 
measured properties; for instance, the average content of 
VR1 ranged from 0.25 % to 0.60 %, with a standard 
deviation of 0.15 %. Interestingly, the distribution of VR1 
content leans slightly towards higher values, as indicated by 
a positive skewness (0.0384). Similar trends are observed 
for other features, with standard deviations highlighting 
the data's variability. These insights into the data's central 
tendency, dispersion, and skewness will be crucial for 
effectively applying the SVR models and interpreting the 
obtained results.[15] 
 Violin plots are useful for visualizing the distribution 
of data and comparing distributions between different 
groups or categories within a dataset. The horizontal line in 
each box represents the median value, and the box 
encompasses the interquartile range (IQR) containing half 
of the data. The whiskers extend to the minimum and 
maximum values, excluding outliers. 

Multicollinearity Analysis 
Multicollinearity analysis is a statistical technique used to 
assess the linear relationship between two or more 
independent variables in a regression model. High 
multicollinearity can cause problems in regression analysis, 
leading to inflated standard errors and making it difficult to 
interpret the coefficients of individual variables. 
 An assessment of multicollinearity was conducted by 
examining the correlation matrix. This analysis revealed 

Table 1. Experimental studies previously published of various aqueous trihybrid nanofluids together with SDS as a surfactant 
for different volume ratios. 

Nanoparticles/base fluid 
Solid volume  

concentration range / % 
T / °C 

nanofluid type 
(VR: volume ratios) 

Data 
points 

Ref. 

CuO-CaCO3-SiO2 / DW 0.1 – 0.5 15 – 60 

A (0.33, 0.33, 0.33) 

B (0.50, 0.25, 0.25) 

C (0.60, 0.30, 0.10) 

D (0.25, 0.50, 0.25) 

E (0.25, 0.25, 0.50) 

360 [14] 
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minimal linear relationships between the independent 
variables. The absence of strong correlations between 

these variables suggests a low risk of multicollinearity in the 
regression model. This is a positive finding, as multi-
collinearity can lead to inflated standard errors and hinder 
the interpretability of individual variable coefficients. 

Integration of Metaheuristic Algorithms 
with Support Vector Regression for 

Predicting Thermophysical Properties 
Support Vector Regression (SVR) is a robust machine 
learning algorithm derived from Support Vector Machines 
(SVM), initially introduced by Vapnik et al. in 1995.[16] SVR 
is specifically designed to address regression tasks by 
finding an optimal function that predicts continuous values 
with minimal error.[17] Unlike traditional regression models, 
SVR focuses on identifying a hyperplane that maximizes the 
margin of tolerance around the predicted values, known as 
the ε-insensitive zone. This characteristic makes SVR 
particularly suitable for handling nonlinear relationships 
between input features and target variables, a frequent 
challenge in predicting thermophysical properties of 
nanofluids.[18] 
 The accuracy and generalization capacity of an SVR 
model are highly dependent on selecting suitable 
hyperparameters, including the penalty parameter (C), the 
kernel parameter (σ), and the insensitive parameter (ε).[13,19] 
These hyperparameters govern the trade-off between model 
complexity and prediction error, the ability to capture 
nonlinear patterns and the tolerance to small deviations 
from the observed data, respectively; additionally, deter-
mining the optimal combination of these parameters is a 
non-trivial task, as it involves navigating a high-dimensional 

 

Figure 1. Violin plots illustrating the distribution of the 
experimental dataset used in this study. The dataset 
includes, for the three nanoparticles CuO, CaCO₃ and SiO₂, 
the following: the volume ratios (VF), the volume fraction, 
the temperature (T / °C), the dynamic viscosity (in mPa·s–1) 
and the thermal conductivity (in W·m–1·K–1). Each violin plot 
shows the spread of values and the density of data points 
for each parameter, providing insight into the variability 
within the dataset. The volume fraction represents the 
proportion of nanoparticles in the hybrid nanofluids, while 
the temperature indicates the testing conditions. The 
dynamic viscosity and thermal conductivity are the two 
target properties predicted by the models. 
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Table 2. Statistical analysis data. 

Variables VR1 = CuO VR2 = CaCO3 VR3 = SiO2 VF / % T /°C 
µ / 

mPa s–1 
λthnf / 

W m–1 K–1 

Min 0.2500 0.2500 0.1000 0.0000 14.5893 0.4543 0.5764 

Max 0.6000 0.5000 0.5000 0.5000 60.2995 1.7074 0.9495 

Range 0.3500 0.2500 0.4000 0.5000 45.7102 1.2531 0.3731 

Mean 0.4222 0.3222 0.2556 0.2500 37.4625 0.8797 0.7504 

Geomean mean 0.3942 0.3128 0.2169 0.0000 34.3863 0.8383 0.7457 

Harmmean mean 0.3673 0.3051 0.1818 0.0000 31.1419 0.8000 0.7408 

Trimmean 0.4219 0.3164 0.2506 0.2500 37.4578 0.8653 0.7497 

Kurtosis 1.2421 3.3966 2.1962 1.7314 1.7796 2.7378 2.4875 

Moment 0.0001 0.0008 0.0013 0.0000 4.1921 0.0146 0.0000 

Skewness 0.0384 1.3242 0.4788 0.0000 0.0014 0.6798 0.0234 

Median Absolute Deviation 0.1445 0.0630 0.1074 0.1500 12.4916 0.2298 0.0680 

Standard Deviation 0.1510 0.0849 0.1382 0.1710 14.3808 0.2784 0.0845 

Interquartile range 0.3500 0.0833 0.2333 0.3000 24.9907 0.4199 0.1083 

Variance 0.0228 0.0072 0.0191 0.0292 206.8068 0.0775 0.0071 
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search space where traditional trial-and-error methods are 
inefficient and computationally expensive. As a result, 
integrating optimization algorithms, particularly meta-
heuristic methods, has emerged as a promising solution to 
enhance the predictive performance of SVR models by 
automating the hyperparameter tuning process.[12,20] 
 Metaheuristic optimization algorithms are adaptive 
strategies inspired by natural processes, designed to solve 
complex optimization problems by efficiently exploring 
large search spaces.[21] These algorithms offer several 
advantages over conventional optimization techniques, 
including their ability to escape local optima and adapt to 
dynamic problem landscapes. Among these algorithms, the 
Dragonfly Algorithm (DA) and the FOX-inspired 
optimization algorithm have demonstrated remarkable 
efficiency in optimizing machine learning models.[11,22] 

 The Dragonfly Algorithm (DA) mimics the swarming 
behavior of dragonflies, which balance exploration 
(searching broadly through the problem space) and 
exploitation (refining the search around promising 
areas).[23] The mathematical framework ofthe DA is based 
on five critical factors: separation (avoiding overcrowding), 
alignment (matching velocities), cohesion (sticking 
together as a group), attraction toward food sources, and 
distraction from predators. These behavioral patterns allow 
the algorithm to dynamically adjust its search strategy, 
making it particularly effective for high-dimensional 
optimization tasks.[24] 
 Similarly, the FOX-inspired optimization algorithm is 
a recent metaheuristic technique introduced by 
Mohammed et al. in 2022,[25] simulating the adaptive 
hunting behavior of red foxes in snowy environments. The 

 

Figure 2. Correlation matrix showing the multicollinearity analysis among the key parameters of the dataset. The matrix displays 
the Pearson correlation coefficients between input variables (volume ratios of CuO, CaCO₃, and SiO₂ nanoparticles, and 
temperature) and output properties (dynamic viscosity and thermal conductivity). 
 

 Correlation Matrix

20 40 60

T/°C 
0 0.2 0.4 0.6

VF/% 
0.1 0.2 0.3 0.4 0.5

SiO2 
0.2 0.4

CaCO3
0.2 0.4 0.6

CuO  

20

40

60

T/
°C

 

0

0.2

0.4

0.6

VF
/%

 

0

0.2

0.4

Si
O

2 

0.2

0.3

0.4

0.5

C
aC

O
3

0.2

0.4

0.6

C
uO

  
-0.43 -0.83 -0.00 -0.00

-0.43 -0.15 0.00 0.01

-0.83 -0.15 -0.00 -0.00

-0.00 0.00 -0.00 0.00

-0.00 0.01 -0.00 0.00



 
 
 
 A. EULDJI et al.: FOX-Inspired Optimizer with Support Vector Regression Modeling … (not final pg. №) 19 
 

DOI: 10.5562/cca4137 Croat. Chem. Acta 2025, 98(1), 15–26 

 

 

 

algorithm emulates two phases of hunting: exploration, 
where the fox uses ultrasound detection to locate prey in 
uncertain conditions, and exploitation, where it calculates 
the optimal jump to capture its target[26] (see Figure 3). The 
algorithm's core strength lies in its balance between global 
search and local refinement, ensuring it does not get 
trapped in local optima while efficiently converging toward 
the global solution.  
 Hybridizing metaheuristic optimization algorithms 
with SVR models has become a growing trend in machine 
learning research, particularly for complex regression 
tasks.[27] The combination of SVR's capacity to model 
nonlinear relationships with the adaptive search 
capabilities of metaheuristic methods results in more 
robust models capable of handling complex datasets with 
high-dimensional features. The integration of DA and FOA 
algorithms in this study highlights the potential of such 
hybrid approaches in achieving precise and reliable 
predictions for dynamic viscosity and thermal conductivity 
in hybrid nanofluids. These advancements contribute to the 
development of more efficient predictive tools in 
engineering applications, reducing the need for expensive 
experimental measurements while ensuring accurate 
modeling of complex fluid behaviors. Figure 3 present a 
flowchart of the integration of Dragonfly and FOA 
Algorithms with SVM for regression optimization.[17] 

Cross-Validation Approach 
To ensure robust model evaluation and to mitigate the risk 
of overfitting, two cross-validation techniques were 
employed in this study: holdout cross-validation and Leave-
M-Out cross-validation. Both approaches were used to 
assess the predictive performance of the SVR models 
optimized by the Dragonfly Algorithm (DA) and FOX-
inspired optimization algorithm (FOA). 
 

Holdout Cross-Validation 
In the holdout cross-validation method, the dataset was 
split into two subsets: 80 % of the data was used for training 
the model, while the remaining 20 % was reserved for 
testing. This partitioning was repeated 100 times with 
random shuffling of the data to ensure that the model's 
performance was not dependent on a specific split of the 
data. The holdout method provided an initial asses-
sment of the models' generalization capabilities on 
unseen data. 
 

Leave-M-Out Cross-Validation 
To further validate the robustness of the models, a Leave-
M-Out cross-validation technique was applied. In this 
approach, M = 72 samples were left out from the dataset 
during each iteration, and the model was trained on the 
remaining data. The left-out samples were then used to test 
the model's predictive accuracy. This process was repeated  

 

Figure 3. Integration of Dragonfly Algorithm (DA) and FOX-inspired Optimization Algorithm (FOA) with Support Vector Machine 
for Regression Optimization (SVR). The DA and FOA were applied to generate random hyperparameters for the SVR within 
predefined ranges. These include the penalty parameter C (0 to 106), sigma σ (10–3 to 102), size of the insensitive zone (ε)  
(0 to 10–2) and kernel function (Gaussian RBF, linear, and polynomial).[15] This process iterates five times, with the error  
(e.g., root mean squared error) computed each time the test data is evaluated. The optimal number of search agents and 
iterations are determined by selecting the model exhibiting the lowest error. 
 



 
 
 
20 A. EULDJI et al.: FOX-Inspired Optimizer with Support Vector Regression Modeling … 
 

Croat. Chem. Acta 2025, 98(1), 15–26 DOI: 10.5562/cca4137 

 

 

 

100 times with different combinations of left-out samples. 
This method provides a more comprehensive evaluation by 
testing the model on various subsets of the data, which 
helps in identifying any potential weaknesses in the 
model's generalization ability. 
 

Evaluation Criteria 
The accuracy of the model was assessed using various 
criteria to capture the individual strength of the predictive 
models, including: mean square error (MSE), correlation 
coefficient (R), determination coefficient (R2), the Theil's 
U2, relative standard deviation (RSD), mean absolute error 
(MAE), mean relative percentage error (MRPE), average 
absolute relative deviation (AARD) and root mean square 
error (RMSE).[28–31] The formulation for each metric is 
depicted in Equations(1) to (9) as follows: 
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where “n” is the number of the dataset, ,exp“ ”iy  and ,pri“ ”iy  
are the experimental and predicted values respectively, 
and ,exp“ ”iy  is the mean of the experimental values.  
 

RESULTS AND DISCUSSION 
This section presents a comprehensive evaluation of the 
predictive performance of two thermophysical properties: 
dynamic viscosity and thermal conductivity. These 
properties were modeled using SVR optimized by Dragonfly 
Algorithm (DA-SVR) and SVR optimized by FOX-inspired 
Optimization Algorithm (FOA-SVR). To validate the robust-
ness of the models, two cross-validation techniques were 
employed: Holdout Cross-Validation (H_CV) and Leave-M-
Out Cross-Validation (LMO_CV). The performance of the 
models was assessed using a set of statistical metrics, 
including RMSE, R2, AARD, MRPE, and MAE. The hyper-
parameter results of two optimized models by two 
algorithms and two cross validation methods are presented 
in Table 3. 
 Table 4 summarizes the performance metrics for the 
DA-SVR and FOA-SVR models in evaluating both dynamic 
viscosity and thermal conductivity. In overall, the results 

Table 3. Hyperparameters Results 

Method Model 
Penalty 

parameter 
C > 0 

Sigma σ 
Size of the 
insensitive 

zone (ε) 

Kernel 
function 

Quantity of 
support 
vectors 

Cross 
validation 

DA-SVR 
Dynamic viscosity 1.9817 × 105 2.9371 1.2686 × 10–4 

Gaussian 
RBF 288 

Holdout 20 
% 

Thermal conductivity 1.2648 × 105 4.6032 6.4220 × 10–6 

FOA-SVR 
Dynamic viscosity 1.8269 1.2971 3.2490 × 10–5 

Thermal conductivity 2.8950 1.5342 3.6100 × 10–6 

DA-SVR 
Dynamic viscosity 1.0735 × 103 1.6403 3.3924 × 10–4 

LMO 
72 

Thermal conductivity 729.9910 2.6356 3.8428 × 10–6 

FOA-SVR 
Dynamic viscosity 2.8313 1.1793 2.8090 × 10–5 

Thermal conductivity 17.2937 1.6752 3.7636 × 10–6 
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indicate excellent performance on the training data and 
good generalizability to unseen test data for both 
properties. 

Dynamic Viscosity Model Result 
For the dynamic viscosity predictions, the DA-SVR model 
demonstrated strong performance under both cross-
validation methods as indicated in Tables 3 and 4.  
 With the H_CV method, the model achieved an RMSE 
of 0.0113 and an R2 of 0.9984, indicating high accuracy in 
predicting test data. The hyperparameters for this 
configuration included a penalty parameter (C) of 1.9817 × 
105, a sigma (σ) of 2.9371, and an insensitive zone (ε) of 
1.2686 × 10–4, reflecting a relatively rigid model structure 
aimed at minimizing error. Using LMO_CV, the DA-SVR 
model’s performance improved significantly, with an RMSE 
of 0.0047 and an R2 of 0.9997, while the hyperparameters C 

= 1.0735 × 103, σ = 1.6403, ε = 3.3924 × 10–4 indicate a more 
flexible configuration than that used in H_CV. 
 In contrast, the FOA-SVR model consistently 
outperformed DA-SVR in terms of generalization to test 
data. Under H_CV, FOA-SVR achieved an RMSE of 0.0077 
and an R² of 0.9992, showing reduced prediction error and 
improved correlation compared to DA-SVR. The 
hyperparameters C = 1.8269, σ = 1.2971, ε = 3.2490 × 10–5 
illustrate its focus on achieving smoother decision 
boundaries. With LMO_CV, FOA-SVR delivered even 
stronger results, achieving an RMSE of 0.0044 and an R2 of 
0.9997. The hyperparameters, C = 2.8313, σ = 1.1793, and 
ε = 2.8090 × 10–5, emphasize the model’s ability to 
generalize effectively while maintaining high precision. 

Thermal Conductivity Model Result 
For thermal conductivity predictions, the DA-SVR model 

Table 4. Statistical metrics and uncertainty of the DA-SVR and FOA-SVR models for the global data set 

Method 
Dynamic viscosity evaluation Model 

Data RMSE R2 r b slope AARD MRPE MAE STD U2 

DA-SVR 
Holdout_CV 

Train 0.0046 0.9997 0.9999 0.0007 0.9991 0.2882 2.6980 0.0024 0.5254 2.50 × 10–5 

Test 0.0113 0.9984 0.9993 0.0085 0.9907 1.0564 9.2069 0.0084 1.2671 1.44 × 10–4 

All 0.0065 0.9995 0.9997 0.0023 0.9974 0.4418 9.2069 0.0036 0.7399 4.96 × 10–5 

DA-SVR 
LMO_CV 

Train 0,0058 0,9996 0,9998 –0,0003 1,0010 0,3989 2,9194 0,0033 0,6743 4,11 × 10–5 

Test 0,0047 0,9997 0,9998 0,0011 0,9990 0,3358 2,8646 0,0026 0,5520 2,75 × 10–5 

All 0,0059 0,9996 0,9998 –0,0004 1,0010 0,4042 3,8344 0,0034 0,6713 4,09 × 10–5 

FOA-SVR 
Holdout_CV 

Train 0,0051 0,9997 0,9998 0,0004 0,9999 0,3247 2,6191 0,0027 0,5790 3.03 × 10–5 

Test 0,0077 0,9992 0,9996 0,0043 0,9965 0,7226 2,8909 0,0060 0,8733 6.88 × 10–5 

All 0,0057 0,9996 0,9998 0,0012 0,9992 0,4043 2,8909 0,0034 0,6491 3.82 × 10–5 

FOA-SVR 
LMO_CV 

Train 0,0055 0,9996 0,9998 –0,0005 1,0006 0,3666 3,5994 0,0030 0,6410 3,71 × 10–5 

Test 0,0044 0,9997 0,9999 –0,0025 1,0020 0,3239 3,0708 0,0026 0,4758 2,05 × 10–5 

All 0,0053 0,9996 0,9998 –0,0008 1,0008 0,3581 3,5994 0,0029 0,6075 3,35 × 10–5 

Method 
Thermal conductivity evaluation Model 

Data RMSE R2 r b slope AARD MRPE MAE STD U2 

DA-SVR 
Holdout_CV 

Train 0,0020 0,9994 0,9997 0,0015 0,9978 0,1524 1,0197 0,0012 0,2647 6,89 × 10–6 

Test 0,0025 0,9991 0,9996 0,0025 0,9968 0,2700 1,1255 0,0020 0,3432 1,15 × 10–5 

All 0,0021 0,9994 0,9997 0,0017 0,9976 0,1759 1,1255 0,0013 0,2813 7,79 × 10–6 

DA-SVR 
LMO_CV 

Train 0,0019 0,9995 0,9997 0,0009 0,9988 0,1603 0,9802 0,0012 0,2614 6,72 × 10–6 

Test 0,0020 0,9993 0,9997 0,0005 0,9992 0,1672 0,8912 0,0013 0,2641 6,80 × 10–6 

All 0,0020 0,9995 0,9997 0,0008 0,9988 0,1617 0,9802 0,0012 0,2616 6,74 × 10–6 

FOA-SVR 
Holdout_CV 

Train 0.0018 0.9996 0.9998 0.0010 0.9986 0.1347 0.8730 0.0010 0.2354 5,45 × 10–6 

Test 0.0024 0.9991 0.9994 –0.0028 1.0038 0.2469 0.9356 0.0019 0.3161 9,77 × 10–6 

All 0.0019 0.9995 0.9997 0.0005 0.9993 0.1571 0.9356 0.0012 0.2533 6,32 × 10–6 

FOA-SVR 
LMO_CV 

Train 0,0019 0,9995 0,9997 0,0010 0,9987 0,1544 1,0643 0,0012 0,2607 6,68 × 10–6 

Test 0,0020 0,9993 0,9997 0,0006 0,9994 0,1673 0,8570 0,0012 0,2645 6,83 × 10–6 

All 0,0019 0,9995 0,9997 0,0012 0,9983 0,1553 1,0643 0,0012 0,2590 6,60 × 10–6 
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performed well but showed slightly higher error metrics 
compared to the FOA-SVR model. Under H_CV, DA-SVR 
achieved an RMSE of 0.0025 and an R2 of 0.9991. While 
these values confirm strong predictive accuracy. The 
optimal hyperparameters got for this configuration C = 
1.2648 × 105, σ = 4.6032, ε = 6.4220 × 10–6 indicate a rigid 
model configuration. The LMO_CV method improved the 
model’s performance, yielding an RMSE of 0.0020 and an 
R2 of 0.9993. The hyperparameters C = 729.9910, σ = 
2.6356, ε = 3.8428 × 10–6 highlight a more balanced trade-
off between error minimization and flexibility. 
 The FOA-SVR model showed same errors results but 
high signification of hyperparameters. Using H_CV, the 
model achieved an RMSE of 0.0024 and an R2 of 0.9991. 
Hyperparameters C = 2.8950, σ = 1.5342, ε = 3.6100 × 10–6 
demonstrate the model’s adaptability and focus on 
smoother decision boundaries. Under LMO_CV, the FOA-
SVR model delivered excellent results, with an RMSE of 
0.0020 and an R2 of 0.9993. The hyperparameters C = 
17.2937, σ = 1.6752, ε = 3.7636 × 10–6 further emphasize 
the model’s ability to generalize effectively while achieving 
precise predictions. 

Leave-M-Out Cross-Validation (LMO_CV) 
and Holdout Cross-Validation (H_CV) 

Comparative Results 
Figures 4.a and 4.b display Kernel Density Estimates (KDE) plots 
that compare the distribution of thermal conductivity and 
dynamic viscosity values between the original dataset and the 
test data selected using two cross-validation methods: 
Holdout and Leave-M-Out (LMO). The KDE plots reveal that the 
distributions of the test data obtained from both Holdout and 
LMO closely mirror the distribution of the original dataset. 
While minor discrepancies in the means and spread of the 
distributions exist, these differences are insignificant. Notably, 

the LMO-selected test data appears to more accurately reflect 
the original dataset, especially for dynamic viscosity, 
suggesting better generalization. These findings explain why 
LMO_CV performed slightly better than H_CV. Given that 
LMO_CV and FOA-SVR achieved the best results, our 
subsequent research has focused on these methods. 

Comparative Between FOA-SVR and  
DA-SVR Models  

The comparison between the DA-SVR and FOA-SVR models 
reveals significant differences in their approaches to 
achieving predictive accuracy and generalization. Both 
models demonstrated excellent results, with R2 values 
consistently exceeding 0.999, but the FOA-SVR model 
consistently delivered lower RMSE values, indicating better 
error minimization. A critical factor contributing to this 
difference is the selection of hyperparameters. The FOA-
SVR model selected significantly lower penalty parameters 
(C) and sigma (σ) values, which resulted in smoother 
decision boundaries and a reduced risk of overfitting. This 
adaptability enabled FOA-SVR to generalize better across 
unseen data, particularly in the LMO_CV method. Another 
distinguishing feature is the performance of the two 
models under different cross-validation techniques. While 
DA-SVR showed noticeable improvements when switching 
from H_CV to LMO_CV, FOA-SVR demonstrated robust 
performance across both methods. This consistency 
highlights the FOX-inspired optimization algorithm’s ability 
to balance exploration and exploitation during hyper-
parameter tuning, leading to a more reliable model. 
 In overall, the FOA-SVR model’s superior 
generalization capabilities and its ability to maintain low 
bias and error metrics across diverse datasets make it the 
preferred choice for predicting dynamic viscosity and 
thermal conductivity. The FOX-inspired optimization 

                  

Figure 4. Kernel Density Estimate (KDE) plot illustrating the distribution of thermal conductivity data (Figure 4(a)) and dynamic 
viscosity (Figure 4(b)) for the original dataset (in black) compared to the data test values obtained from two cross-validation 
methods: Holdout (in red) and Leave-M-Out (LMO) (in blue). 
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algorithm offers a refined strategy for hyperparameter 
tuning, making it a valuable tool for complex regression 
tasks requiring high accuracy and reliability. 
 The regression plots in Figures 5 and 6 offer a visual 
representation of the relationship between predicted and 

actual values for both dynamic viscosity and thermal 
conductivity. The plot for dynamic viscosity illustrates a 
strong positive correlation, with the majority of data points 
closely following a diagonal line with a slope close to 1. This 
visually confirms the high R2 values (> 0.99) observed, 
indicating a strong linear relationship between predicted 
and actual viscosity values. 
 Furthermore, Figures 7 and 8 present the Kernel 
Density Estimation (KDE) plots for the residuals, 
representing the differences between the experimental 
and predicted values obtained by the FOA-SVR model for 
dynamic viscosity and thermal conductivity, respectively. 

 

Figure 7. Kernel Density Estimate (KDE) plot of the residuals 
for dynamic viscosity predictions (mPa·s⁻¹) using the FOA-
SVR-LMO_CV model. The plot illustrates the distribution of 
prediction errors, with the density curve highlighting that 
most residuals are centered around zero. This indicates that 
the FOA-SVR model provides highly accurate predictions with 
minimal deviation between observed and predicted values. 

 

Figure 8. Kernel Density Estimate (KDE) plot of the residual 
values between the predicted and actual thermal 
conductivity using the FOA-SVR-LMO_CV model. The 
density curve, shown in dark color, highlights the 
distribution of residuals, with the majority clustering around 
zero. This indicates that the FOA-SVR model achieves high 
accuracy, with minimal deviation between the predicted 
and actual values. 
 

 

Figure 5. Regression plot showing the predicted versus 
actual values of dynamic viscosity for the test dataset and 
the entire dataset using the FOA-SVR-LMO_CV model. The 
diagonal line represents the ideal fit where predicted values 
perfectly match the actual values. Data points closer to this 
line indicate better predictive performance. The distribution 
and spread of points provide insights into the model’s 
accuracy and generalization capability across the dataset. 

 

Figure 6. Illustrates the regression plot comparing predicted 
and actual thermal conductivity values. The FOA-SVR-
LMO_CV model's performance is evaluated on both the test 
dataset and the entire dataset. The diagonal line represents 
the ideal scenario where predictions perfectly match actual 
values. Data points closer to this line signify higher predictive 
accuracy. The overall distribution and dispersion of these 
points offer valuable insights into the model's accuracy and 
its ability to generalize well across the entire dataset. 
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 The KDE plots indicate that the residuals are densely 
concentrated around zero, suggesting that the FOA-SVR 
model provides accurate predictions with minimal error; 
this reduced dispersion of residuals reflects the model's 
ability to generalize well across the dataset, minimizing 
overfitting and ensuring reliable predictions for both 
dynamic viscosity and thermal conductivity. 
 
Comparison with previously published models  
To assess the predictive performance of the developed 
models, we compared their accuracy with previously 
reported models from the literature, using the statistical 
metrics presented in Table 5. While the training and test 
datasets used in this study differ from those in Refs. [31] 
and [32], the results indicate that the accuracy of our FOA-
SVR and DA-SVR models is on a comparable level. Given the 
differences in datasets, a direct comparison may not be 
fully conclusive; nevertheless, the low error values and high 
correlation coefficients achieved by our models 
demonstrate their potential to effectively predict both 
thermal conductivity and dynamic viscosity in hybrid 
ternary nanofluids. The consistent accuracy across the 
training, testing, and overall datasets underscores the 
robustness of our approach and aligns well with previously 
published results. Future studies could further validate 
these findings by applying our models to the same datasets 
used in Refs. [31] and [32] to establish a more direct 
performance comparison. 
 

CONCLUSION 
This study developed and evaluated four machine learning 
models: DA-SVR with H_CV, DA-SVR with LMO_CV, FOA-
SVR with H_CV, and FOA-SVR with LMO_CV. All models 
demonstrated exceptional predictive capabilities, achieving 
R2 values exceeding 0.999 across all datasets, underscoring 
their accuracy and reliability; moreover, a detailed 

comparison revealed the superior performance of the FOA-
SVR models, which consistently outperformed DA-SVR 
models in terms of error minimization and generalization. 
The differences in performance can be attributed to the 
hyperparameter selection and the used optimization 
techniques. The FOX-inspired optimization algorithm 
employed in FOA-SVR allowed for the selection of lower 
penalty parameters (C) and sigma (σ) values, leading to 
smoother decision boundaries and better generalization to 
unseen data. In contrast, DA-SVR models, while robust, 
exhibited a relatively rigid structure that limited their 
flexibility in certain scenarios; furthermore, the FOA-SVR 
models maintained consistent performance across both 
Holdout and LMO cross-validation methods, emphasizing 
their reliability and adaptability to various data splits. The 
role of cross-validation methods was also crucial in 
evaluating the models. The LMO_CV method proved to be 
more robust, consistently producing lower RMSE values 
and higher R2 values compared to H_CV; this highlights the 
importance of using comprehensive validation techniques 
to ensure the reliability and generalizability of machine 
learning models.  
 The findings of this study have significant 
implications for the accurate modeling and prediction of 
thermophysical properties in advanced nanofluids. The 
FOA-SVR models’ superior performance makes them 
valuable tools for industrial applications requiring precise 
and reliable predictions, such as in energy systems, thermal 
management, and advanced manufacturing. Future 
research could explore the integration of hybrid 
optimization techniques or the extension of these models 
to predict additional thermophysical properties, further 
enhancing their utility and applicability. Future work may 
explore the application of hybrid or multi-objective 
optimization techniques to further enhance the 
performance of these models in predicting other 
thermophysical properties of nanofluids. 

Table 5. Accuracy of the developed DA-SVR model for THNFs compared with previously published models 

Ref. Nanoparticles/Base fluid Models Data points Inputs Output 
Statistical metrics 

R/R2 U2 MSE/RMSE 

[29] MWCNT-TiO2-ZnO / DW ANN 102 
nanofluid type,  

φ and T λthnf 0.9951 / 
–2.0402 × 10–5 

/ 

[30] rGO-Fe3O4-TiO2 / EG BRT 1264 
T and wt % λthnf 

0.9989 
0.9978 0.0689 

/ 
0.0006 

T, γ, and wt % μ 
0.9979 
0.9959 0.121 

/ 
0.0004 

This study CuO-CaCO3-SiO2 / DW FOA-SVR 360 
nanofluid type,  

φ and T 

λthnf 
0.9997 
0.9995 3.91 × 10–5 

/ 
0,0019 

μ 
0,9998 
0,9996 

6.32 × 10–6 
/ 

0,0053 
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ABBREVIATIONS 
AARD Average Absolute Relative Deviation 
BRT Boosted Regression Tree 
R Correlation coefficients 
R2 Determination coefficients 
DW Distilled water 
DA Dragonfly Algorithm 
µ Dynamic viscosity/ mPa s–1 
EG Ethylene Glycol 
FOA FOX-inspired Optimization Algorithm 
H_CV Holdout Cross-Validation 
IQR InterQuartile Range 
KDE Kernel Density Estimation 
LMO Leave-M-Out 
LMO_CV Leave-M-Out Cross-Validation 
MAE Mean Absolute Error 
MRPE Mean Relative Percentage Error 
MSE Mean Squared Error 
MWCNT Multi-Walled Carbon Nanotubes 
RSD Relative Standard Deviation 
RMSE Root Mean Square Error 
SDS Sodium dodecyl sulfate 
VF% Solid volume concentration 
STD STandard Deviation 
SVM Support Vector Machine 
SVR  Support Vector Regression 
DA-SVR Support Vector Regression model 

optimized by the Dragonfly Algorithm 
FOA-SVR Support Vector Regression model 

optimized by the FOX-inspired 
Optimization Algorithm 

T Temperature 
λthnf Thermal conductivity of trihybrid 

nanofluids / W m–1 K–1 
THNFs TriHybrid NanoFluids 
φ Volume fraction of nanoparticles 
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CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,3333 0,3333 0,3333 0 15 1,1418 0,5815
0,3333 0,3333 0,3333 0 20 1,0051 0,5981
0,3333 0,3333 0,3333 0 25 0,8937 0,6064
0,3333 0,3333 0,3333 0 30 0,8025 0,6130
0,3333 0,3333 0,3333 0 35 0,7266 0,6197
0,3333 0,3333 0,3333 0 40 0,6506 0,6263
0,3333 0,3333 0,3333 0 45 0,5949 0,6329
0,3333 0,3333 0,3333 0 50 0,5443 0,6396
0,3333 0,3333 0,3333 0 55 0,5038 0,6445
0,3333 0,3333 0,3333 0 60 0,4633 0,6495
0,3333 0,3333 0,3333 0,1 15 1,2177 0,6678
0,3333 0,3333 0,3333 0,1 20 1,0759 0,6777
0,3333 0,3333 0,3333 0,1 25 0,9696 0,6844
0,3333 0,3333 0,3333 0,1 30 0,8633 0,6927
0,3333 0,3333 0,3333 0,1 35 0,7873 0,6993
0,3333 0,3333 0,3333 0,1 40 0,7114 0,7059
0,3333 0,3333 0,3333 0,1 45 0,6557 0,7126
0,3333 0,3333 0,3333 0,1 50 0,5899 0,7209
0,3333 0,3333 0,3333 0,1 55 0,5544 0,7258
0,3333 0,3333 0,3333 0,1 60 0,5089 0,7308
0,3333 0,3333 0,3333 0,2 15 1,2785 0,6893
0,3333 0,3333 0,3333 0,2 20 1,1215 0,6993
0,3333 0,3333 0,3333 0,2 25 1,0152 0,7043
0,3333 0,3333 0,3333 0,2 30 0,8937 0,7142
0,3333 0,3333 0,3333 0,2 35 0,8127 0,7192
0,3333 0,3333 0,3333 0,2 40 0,7367 0,7225
0,3333 0,3333 0,3333 0,2 45 0,6759 0,7325
0,3333 0,3333 0,3333 0,2 50 0,6101 0,7374
0,3333 0,3333 0,3333 0,2 55 0,5797 0,7441
0,3333 0,3333 0,3333 0,2 60 0,5291 0,7507
0,3333 0,3333 0,3333 0,3 15 1,3443 0,7126
0,3333 0,3333 0,3333 0,3 20 1,1873 0,7242
0,3333 0,3333 0,3333 0,3 25 1,0709 0,7308
0,3333 0,3333 0,3333 0,3 30 0,9392 0,7391
0,3333 0,3333 0,3333 0,3 35 0,8582 0,7457
0,3333 0,3333 0,3333 0,3 40 0,7823 0,7540
0,3333 0,3333 0,3333 0,3 45 0,7266 0,7590
0,3333 0,3333 0,3333 0,3 50 0,6557 0,7706
0,3333 0,3333 0,3333 0,3 55 0,6203 0,7739
0,3333 0,3333 0,3333 0,3 60 0,5696 0,7773
0,3333 0,3333 0,3333 0,4 15 1,4506 0,7573
0,3333 0,3333 0,3333 0,4 20 1,2835 0,7690
0,3333 0,3333 0,3333 0,4 25 1,1519 0,7773
0,3333 0,3333 0,3333 0,4 30 1,0203 0,7839
0,3333 0,3333 0,3333 0,4 35 0,9342 0,7938
0,3333 0,3333 0,3333 0,4 40 0,8430 0,8021
0,3333 0,3333 0,3333 0,4 45 0,7722 0,8088
0,3333 0,3333 0,3333 0,4 50 0,7165 0,8171
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CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,3333 0,3333 0,3333 0,4 55 0,6608 0,8237
0,3333 0,3333 0,3333 0,4 60 0,6203 0,8270
0,3333 0,3333 0,3333 0,5 15 1,5772 0,7839
0,3333 0,3333 0,3333 0,5 20 1,3747 0,7955
0,3333 0,3333 0,3333 0,5 25 1,2430 0,8038
0,3333 0,3333 0,3333 0,5 30 1,1013 0,8137
0,3333 0,3333 0,3333 0,5 35 1,0101 0,8204
0,3333 0,3333 0,3333 0,5 40 0,9443 0,8270
0,3333 0,3333 0,3333 0,5 45 0,8684 0,8353
0,3333 0,3333 0,3333 0,5 50 0,8076 0,8419
0,3333 0,3333 0,3333 0,5 55 0,7367 0,8502
0,3333 0,3333 0,3333 0,5 60 0,6759 0,8585


0,5 0,25 0,25 0 15 1,1381 0,5764
0,5 0,25 0,25 0 20 0,9979 0,5896
0,5 0,25 0,25 0 25 0,8837 0,5984
0,5 0,25 0,25 0 30 0,7913 0,6050
0,5 0,25 0,25 0 35 0,7076 0,6116
0,5 0,25 0,25 0 40 0,6413 0,6182
0,5 0,25 0,25 0 45 0,5924 0,6226
0,5 0,25 0,25 0 50 0,5392 0,6292
0,5 0,25 0,25 0 55 0,4946 0,6336
0,5 0,25 0,25 0 60 0,4543 0,6381
0,5 0,25 0,25 0,1 15 1,2381 0,6821
0,5 0,25 0,25 0,1 20 1,1065 0,6909
0,5 0,25 0,25 0,1 25 0,9924 0,6975
0,5 0,25 0,25 0,1 30 0,8609 0,7041
0,5 0,25 0,25 0,1 35 0,7902 0,7063
0,5 0,25 0,25 0,1 40 0,6979 0,7129
0,5 0,25 0,25 0,1 45 0,6533 0,7195
0,5 0,25 0,25 0,1 50 0,5913 0,7217
0,5 0,25 0,25 0,1 55 0,5294 0,7283
0,5 0,25 0,25 0,1 60 0,4978 0,7327
0,5 0,25 0,25 0,2 15 1,3076 0,7041
0,5 0,25 0,25 0,2 20 1,1587 0,7129
0,5 0,25 0,25 0,2 25 1,0272 0,7173
0,5 0,25 0,25 0,2 30 0,9217 0,7261
0,5 0,25 0,25 0,2 35 0,8250 0,7283
0,5 0,25 0,25 0,2 40 0,7457 0,7349
0,5 0,25 0,25 0,2 45 0,6924 0,7393
0,5 0,25 0,25 0,2 50 0,6305 0,7437
0,5 0,25 0,25 0,2 55 0,5729 0,7481
0,5 0,25 0,25 0,2 60 0,5239 0,7547
0,5 0,25 0,25 0,3 15 1,3772 0,7283
0,5 0,25 0,25 0,3 20 1,2196 0,7349
0,5 0,25 0,25 0,3 25 1,0707 0,7437
0,5 0,25 0,25 0,3 30 0,9826 0,7481
0,5 0,25 0,25 0,3 35 0,8685 0,7547
0,5 0,25 0,25 0,3 40 0,7848 0,7613
0,5 0,25 0,25 0,3 45 0,7359 0,7657
0,5 0,25 0,25 0,3 50 0,6696 0,7745
0,5 0,25 0,25 0,3 55 0,6077 0,7767
0,5 0,25 0,25 0,3 60 0,5588 0,7811







CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,5 0,25 0,25 0,4 15 1,5076 0,7745
0,5 0,25 0,25 0,4 20 1,3501 0,7855
0,5 0,25 0,25 0,4 25 1,1881 0,7899
0,5 0,25 0,25 0,4 30 1,0870 0,7965
0,5 0,25 0,25 0,4 35 0,9859 0,8031
0,5 0,25 0,25 0,4 40 0,8848 0,8097
0,5 0,25 0,25 0,4 45 0,7968 0,8142
0,5 0,25 0,25 0,4 50 0,7435 0,8230
0,5 0,25 0,25 0,4 55 0,6903 0,8274
0,5 0,25 0,25 0,4 60 0,6283 0,8296
0,5 0,25 0,25 0,5 15 1,6425 0,8031
0,5 0,25 0,25 0,5 20 1,4848 0,8097
0,5 0,25 0,25 0,5 25 1,3359 0,8186
0,5 0,25 0,25 0,5 30 1,2131 0,8252
0,5 0,25 0,25 0,5 35 1,0729 0,8318
0,5 0,25 0,25 0,5 40 0,9675 0,8362
0,5 0,25 0,25 0,5 45 0,8838 0,8428
0,5 0,25 0,25 0,5 50 0,8218 0,8472
0,5 0,25 0,25 0,5 55 0,7554 0,8538
0,5 0,25 0,25 0,5 60 0,6848 0,8604
0,6 0,3 0,1 0 15 1,1408 0,5789
0,6 0,3 0,1 0 20 1,0069 0,5957
0,6 0,3 0,1 0 25 0,8833 0,6053
0,6 0,3 0,1 0 30 0,7957 0,6150
0,6 0,3 0,1 0 35 0,7185 0,6198
0,6 0,3 0,1 0 40 0,6464 0,6270
0,6 0,3 0,1 0 45 0,5948 0,6342
0,6 0,3 0,1 0 50 0,5433 0,6390
0,6 0,3 0,1 0 55 0,5021 0,6463
0,6 0,3 0,1 0 60 0,4661 0,6487
0,6 0,3 0,1 0,1 15 1,2489 0,7184
0,6 0,3 0,1 0,1 20 1,1202 0,7305
0,6 0,3 0,1 0,1 25 0,9863 0,7377
0,6 0,3 0,1 0,1 30 0,8884 0,7425
0,6 0,3 0,1 0,1 35 0,8060 0,7497
0,6 0,3 0,1 0,1 40 0,7339 0,7545
0,6 0,3 0,1 0,1 45 0,6824 0,7594
0,6 0,3 0,1 0,1 50 0,6155 0,7642
0,6 0,3 0,1 0,1 55 0,5588 0,7714
0,6 0,3 0,1 0,1 60 0,5279 0,7786
0,6 0,3 0,1 0,2 15 1,3365 0,7497
0,6 0,3 0,1 0,2 20 1,1717 0,7618
0,6 0,3 0,1 0,2 25 1,0429 0,7666
0,6 0,3 0,1 0,2 30 0,9296 0,7762
0,6 0,3 0,1 0,2 35 0,8524 0,7786
0,6 0,3 0,1 0,2 40 0,7751 0,7858
0,6 0,3 0,1 0,2 45 0,7030 0,7906
0,6 0,3 0,1 0,2 50 0,6464 0,7955
0,6 0,3 0,1 0,2 55 0,5794 0,7979
0,6 0,3 0,1 0,2 60 0,5588 0,8051
0,6 0,3 0,1 0,3 15 1,4034 0,7810
0,6 0,3 0,1 0,3 20 1,2283 0,7930







CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,6 0,3 0,1 0,3 25 1,0944 0,8003
0,6 0,3 0,1 0,3 30 0,9966 0,8051
0,6 0,3 0,1 0,3 35 0,8936 0,8147
0,6 0,3 0,1 0,3 40 0,8163 0,8195
0,6 0,3 0,1 0,3 45 0,7442 0,8267
0,6 0,3 0,1 0,3 50 0,6876 0,8340
0,6 0,3 0,1 0,3 55 0,6258 0,8364
0,6 0,3 0,1 0,3 60 0,6155 0,8412
0,6 0,3 0,1 0,4 15 1,5322 0,8460
0,6 0,3 0,1 0,4 20 1,3622 0,8556
0,6 0,3 0,1 0,4 25 1,2180 0,8604
0,6 0,3 0,1 0,4 30 1,1150 0,8676
0,6 0,3 0,1 0,4 35 1,0120 0,8749
0,6 0,3 0,1 0,4 40 0,9296 0,8797
0,6 0,3 0,1 0,4 45 0,8318 0,8869
0,6 0,3 0,1 0,4 50 0,7545 0,8917
0,6 0,3 0,1 0,4 55 0,6927 0,8989
0,6 0,3 0,1 0,4 60 0,6464 0,9037
0,6 0,3 0,1 0,5 15 1,7021 0,8773
0,6 0,3 0,1 0,5 20 1,5837 0,8893
0,6 0,3 0,1 0,5 25 1,4549 0,8989
0,6 0,3 0,1 0,5 30 1,3262 0,9037
0,6 0,3 0,1 0,5 35 1,1974 0,9110
0,6 0,3 0,1 0,5 40 1,0532 0,9158
0,6 0,3 0,1 0,5 45 0,9502 0,9230
0,6 0,3 0,1 0,5 50 0,8781 0,9278
0,6 0,3 0,1 0,5 55 0,8060 0,9350
0,6 0,3 0,1 0,5 60 0,7545 0,9398


0,25 0,5 0,25 0 15 1,1289 0,5797
0,25 0,5 0,25 0 20 1,0000 0,5983
0,25 0,5 0,25 0 25 0,8933 0,6050
0,25 0,5 0,25 0 30 0,7956 0,6127
0,25 0,5 0,25 0 35 0,7200 0,6204
0,25 0,5 0,25 0 40 0,6489 0,6260
0,25 0,5 0,25 0 45 0,6000 0,6348
0,25 0,5 0,25 0 50 0,5467 0,6403
0,25 0,5 0,25 0 55 0,5022 0,6459
0,25 0,5 0,25 0 60 0,4622 0,6503
0,25 0,5 0,25 0,1 15 1,2222 0,6473
0,25 0,5 0,25 0,1 20 1,0844 0,6594
0,25 0,5 0,25 0,1 25 0,9733 0,6649
0,25 0,5 0,25 0,1 30 0,8667 0,6781
0,25 0,5 0,25 0,1 35 0,7644 0,6826
0,25 0,5 0,25 0,1 40 0,7111 0,6936
0,25 0,5 0,25 0,1 45 0,6444 0,7035
0,25 0,5 0,25 0,1 50 0,5911 0,7090
0,25 0,5 0,25 0,1 55 0,5467 0,7113
0,25 0,5 0,25 0,1 60 0,5022 0,7146
0,25 0,5 0,25 0,2 15 1,2667 0,6724
0,25 0,5 0,25 0,2 20 1,1156 0,6845
0,25 0,5 0,25 0,2 25 1,0000 0,6911
0,25 0,5 0,25 0,2 30 0,8933 0,7054







CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,25 0,5 0,25 0,2 35 0,8089 0,7109
0,25 0,5 0,25 0,2 40 0,7289 0,7175
0,25 0,5 0,25 0,2 45 0,6711 0,7242
0,25 0,5 0,25 0,2 50 0,6133 0,7330
0,25 0,5 0,25 0,2 55 0,5733 0,7385
0,25 0,5 0,25 0,2 60 0,5289 0,7463
0,25 0,5 0,25 0,3 15 1,3156 0,6964
0,25 0,5 0,25 0,3 20 1,1644 0,7063
0,25 0,5 0,25 0,3 25 1,0400 0,7205
0,25 0,5 0,25 0,3 30 0,9333 0,7283
0,25 0,5 0,25 0,3 35 0,8311 0,7316
0,25 0,5 0,25 0,3 40 0,7600 0,7383
0,25 0,5 0,25 0,3 45 0,6978 0,7460
0,25 0,5 0,25 0,3 50 0,6356 0,7548
0,25 0,5 0,25 0,3 55 0,5867 0,7658
0,25 0,5 0,25 0,3 60 0,5422 0,7670
0,25 0,5 0,25 0,4 15 1,4222 0,7454
0,25 0,5 0,25 0,4 20 1,2667 0,7597
0,25 0,5 0,25 0,4 25 1,1289 0,7653
0,25 0,5 0,25 0,4 30 1,0089 0,7773
0,25 0,5 0,25 0,4 35 0,9156 0,7829
0,25 0,5 0,25 0,4 40 0,8267 0,7917
0,25 0,5 0,25 0,4 46 0,7511 0,7961
0,25 0,5 0,25 0,4 50 0,6933 0,8028
0,25 0,5 0,25 0,4 55 0,6400 0,8127
0,25 0,5 0,25 0,4 60 0,5867 0,8182
0,25 0,5 0,25 0,5 15 1,5333 0,7683
0,25 0,5 0,25 0,5 20 1,3556 0,7870
0,25 0,5 0,25 0,5 25 1,2222 0,7936
0,25 0,5 0,25 0,5 30 1,0844 0,8024
0,25 0,5 0,25 0,5 35 0,9644 0,8091
0,25 0,5 0,25 0,5 40 0,8800 0,8168
0,25 0,5 0,25 0,5 45 0,8178 0,8245
0,25 0,5 0,25 0,5 50 0,7556 0,8377
0,25 0,5 0,25 0,5 55 0,6933 0,8432
0,25 0,5 0,25 0,5 60 0,6267 0,8498
0,25 0,25 0,5 0 15 1,1312 0,5817
0,25 0,25 0,5 0 20 1,0045 0,5988
0,25 0,25 0,5 0 25 0,8905 0,6061
0,25 0,25 0,5 0 30 0,7955 0,6134
0,25 0,25 0,5 0 35 0,7131 0,6207
0,25 0,25 0,5 0 40 0,6561 0,6268
0,25 0,25 0,5 0 45 0,5864 0,6354
0,25 0,25 0,5 0 50 0,5421 0,6415
0,25 0,25 0,5 0 55 0,4977 0,6463
0,25 0,25 0,5 0 60 0,4661 0,6512
0,25 0,25 0,5 0,1 15 1,2072 0,6463
0,25 0,25 0,5 0,1 20 1,0679 0,6537
0,25 0,25 0,5 0,1 25 0,9538 0,6634
0,25 0,25 0,5 0,1 30 0,8652 0,6707
0,25 0,25 0,5 0,1 35 0,7638 0,6817
0,25 0,25 0,5 0,1 40 0,7005 0,6890







CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,25 0,25 0,5 0,1 45 0,6371 0,6976
0,25 0,25 0,5 0,1 50 0,5801 0,7037
0,25 0,25 0,5 0,1 55 0,5294 0,7110
0,25 0,25 0,5 0,1 60 0,5167 0,7159
0,25 0,25 0,5 0,2 15 1,2516 0,6671
0,25 0,25 0,5 0,2 20 1,0995 0,6756
0,25 0,25 0,5 0,2 25 0,9855 0,6841
0,25 0,25 0,5 0,2 30 0,8905 0,6976
0,25 0,25 0,5 0,2 35 0,8018 0,7012
0,25 0,25 0,5 0,2 40 0,7258 0,7098
0,25 0,25 0,5 0,2 45 0,6624 0,7171
0,25 0,25 0,5 0,2 50 0,6054 0,7207
0,25 0,25 0,5 0,2 55 0,5674 0,7293
0,25 0,25 0,5 0,2 60 0,5231 0,7329
0,25 0,25 0,5 0,3 15 1,2896 0,6841
0,25 0,25 0,5 0,3 20 1,1439 0,6902
0,25 0,25 0,5 0,3 25 1,0109 0,7012
0,25 0,25 0,5 0,3 30 0,9095 0,7098
0,25 0,25 0,5 0,3 35 0,8208 0,7183
0,25 0,25 0,5 0,3 40 0,7448 0,7244
0,25 0,25 0,5 0,3 45 0,6878 0,7354
0,25 0,25 0,5 0,3 50 0,6181 0,7354
0,25 0,25 0,5 0,3 55 0,5611 0,7439
0,25 0,25 0,5 0,3 60 0,5231 0,7524
0,25 0,25 0,5 0,4 15 1,3846 0,7232
0,25 0,25 0,5 0,4 20 1,2326 0,7293
0,25 0,25 0,5 0,4 25 1,0869 0,7366
0,25 0,25 0,5 0,4 30 0,9729 0,7476
0,25 0,25 0,5 0,4 35 0,8778 0,7598
0,25 0,25 0,5 0,4 40 0,8018 0,7659
0,25 0,25 0,5 0,4 45 0,7385 0,7768
0,25 0,25 0,5 0,4 50 0,6751 0,7841
0,25 0,25 0,5 0,4 55 0,6181 0,7890
0,25 0,25 0,5 0,4 60 0,5801 0,7976
0,25 0,25 0,5 0,5 15 1,4860 0,7476
0,25 0,25 0,5 0,5 20 1,3023 0,7549
0,25 0,25 0,5 0,5 25 1,1692 0,7659
0,25 0,25 0,5 0,5 30 1,0552 0,7780
0,25 0,25 0,5 0,5 35 0,9475 0,7866
0,25 0,25 0,5 0,5 40 0,8525 0,7951
0,25 0,25 0,5 0,5 45 0,7891 0,7988
0,25 0,25 0,5 0,5 50 0,7385 0,8037
0,25 0,25 0,5 0,5 55 0,6688 0,8110
0,25 0,25 0,5 0,5 60 0,6118 0,8134


0,6 0,3 0,1 0 15 1,1405 0,5793
0,6 0,3 0,1 0 20 1,0074 0,6005
0,6 0,3 0,1 0 25 0,8975 0,6058
0,6 0,3 0,1 0 30 0,7992 0,6111
0,6 0,3 0,1 0 35 0,7182 0,6216
0,6 0,3 0,1 0 40 0,6545 0,6269
0,6 0,3 0,1 0 45 0,5851 0,6322
0,6 0,3 0,1 0 50 0,5504 0,6375







CaCO3 SiO2 VF% T Dynamic viscosity (mPa/s) Thermal conductivity (W/m.K)
0,6 0,3 0,1 0 55 0,5041 0,6481
0,6 0,3 0,1 0 60 0,4694 0,6534
0,6 0,3 0,1 0,1 15 1,2620 0,7221
0,6 0,3 0,1 0,1 20 1,1289 0,7327
0,6 0,3 0,1 0,1 25 0,9959 0,7380
0,6 0,3 0,1 0,1 30 0,8975 0,7433
0,6 0,3 0,1 0,1 35 0,8107 0,7538
0,6 0,3 0,1 0,1 40 0,7355 0,7591
0,6 0,3 0,1 0,1 45 0,6835 0,7644
0,6 0,3 0,1 0,1 50 0,6198 0,7697
0,6 0,3 0,1 0,1 55 0,5620 0,7750
0,6 0,3 0,1 0,1 60 0,5388 0,7803
0,6 0,3 0,1 0,2 15 1,3430 0,7591
0,6 0,3 0,1 0,2 20 1,1868 0,7644
0,6 0,3 0,1 0,2 25 1,0421 0,7697
0,6 0,3 0,1 0,2 30 0,9380 0,7750
0,6 0,3 0,1 0,2 35 0,8512 0,7803
0,6 0,3 0,1 0,2 40 0,7818 0,7909
0,6 0,3 0,1 0,2 45 0,7124 0,7856
0,6 0,3 0,1 0,2 50 0,6488 0,8014
0,6 0,3 0,1 0,2 55 0,5909 0,8067
0,6 0,3 0,1 0,2 60 0,5736 0,8120
0,6 0,3 0,1 0,3 15 1,4066 0,7856
0,6 0,3 0,1 0,3 20 1,2388 0,7909
0,6 0,3 0,1 0,3 25 1,1058 0,8014
0,6 0,3 0,1 0,3 30 0,9901 0,8067
0,6 0,3 0,1 0,3 35 0,9033 0,8120
0,6 0,3 0,1 0,3 40 0,8223 0,8173
0,6 0,3 0,1 0,3 45 0,7471 0,8279
0,6 0,3 0,1 0,3 50 0,6835 0,8385
0,6 0,3 0,1 0,3 55 0,6314 0,8385
0,6 0,3 0,1 0,3 60 0,6140 0,8438
0,6 0,3 0,1 0,4 15 1,5455 0,8438
0,6 0,3 0,1 0,4 20 1,3719 0,8543
0,6 0,3 0,1 0,4 25 1,2215 0,8596
0,6 0,3 0,1 0,4 30 1,1174 0,8702
0,6 0,3 0,1 0,4 35 1,0190 0,8755
0,6 0,3 0,1 0,4 40 0,9380 0,8808
0,6 0,3 0,1 0,4 45 0,8223 0,8861
0,6 0,3 0,1 0,4 50 0,7587 0,8966
0,6 0,3 0,1 0,4 55 0,6950 0,9019
0,6 0,3 0,1 0,4 60 0,6430 0,9019
0,6 0,3 0,1 0,5 15 1,7074 0,8861
0,6 0,3 0,1 0,5 20 1,5917 0,8913
0,6 0,3 0,1 0,5 25 1,4529 0,9019
0,6 0,3 0,1 0,5 30 1,3314 0,9125
0,6 0,3 0,1 0,5 35 1,2041 0,9125
0,6 0,3 0,1 0,5 40 1,0653 0,9178
0,6 0,3 0,1 0,5 45 0,9438 0,9284
0,6 0,3 0,1 0,5 50 0,8802 0,9284
0,6 0,3 0,1 0,5 55 0,8165 0,9442
0,6 0,3 0,1 0,5 60 0,7529 0,9495





