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Abstract
Due to the demand for high reliability and thermal conductivity of high-power 
modules operating at high temperatures, sintered nano-silver (Ag) has garnered 
significant attention as an excellent interconnect and heat transfer layer, particularly 
for its thermal conductivity and other reliability research. Since the mechanical 
behavior and heat conduction capacity of sintered Ag is generally regulated by 
changes in temperature, its microstructure will change accordingly, affecting its 
performance. In this study, a machine learning model was used to evaluate and 
predict the thermal conductivity of sintered Ag, providing an effective method to 
analyze the influence of microstructural characteristics on its heat transfer properties. 
Image processing and model simulation of scanning electron microscopy images of 
sintered nano-Ag nanostructures were performed using MATLAB and Ansys software. 
A batch calculation of the thermal conductivity of 2D images of sintered nano-Ag 
nanostructures was performed to obtain sufficient data sets. Based on the artificial 
neural network model of Bayesian optimization, the equivalent thermal conductivity 
of different sintered nano-Ag microstructures was predicted with high accuracy using 
the microstructure image and characteristic parameters of sintered nano-Ag. The 
proposed method enables rapid, effective, and accurate evaluation and prediction 
of the thermal conductivity of sintered nano-Ag, contributing significantly to the 
reliability of power modules.

Keywords: Artificial neural networks; Sintered nano-Ag; Effective thermal conductivity; 
Finite element modeling

1. Introduction
Silicon carbide (SiC)-based power devices face limitations in achieving more effective 
energy conversion. To address the high reliability and thermal conduction demands 
of power modules operating at high temperatures, sintered nano-silver (Ag) has been 
developed and utilized frequently as the die-attaching material for SiC devices, due to its 
excellent performance in heat transfer and chip joining.
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However, the mechanical behavior and heat conduction 
ability of sintered nano-Ag generally vary under different 
power cycling conditions, possibly due to damage 
accumulation and crack formation within its structure.1 
These variations in thermal performance could reduce 
the reliability of the modules and even lead to their 
failure. Thus, accurate evaluation and prediction of heat 
conductivity of sintered nano-Ag are essential.

To calibrate the effective thermal conductivity of 
sintered nano-Ag, different methods have been presented to 
understand the variations of effective thermal conductivity. 
Ordonez-Miranda et al.2 measured and calculated the 
thermal conductivity of sintered nano-Ag for a sample with 
22% porosity, demonstrating that pancake-shaped pores have 
a more prominent effect on thermal conductivity compared 
to sphere pores through numerical comparisons. Signor et al.3 
computed the thermal conductivity of sintered nano-Ag 
with finite element analysis using actual 3D microstructures. 
Recently, Sghuri et al.4 tested the thermal conductivity of 
sintered nano-Ag under aging conditions to obtain the 
thermal conductivity of sintered nano-Ag more directly. 
Meanwhile, Hu et al.5 explored the process-microstructure-
thermal relation using focused ion beam scanning electron 
microscopy. Although these studies have reported various 
behavior of sintered nano-Ag, predicting its thermal 
conductivity remains a major challenge due to the complexity 
of the process and flaw-dependent thermal behavior.

Various analytical and numerical methods have been 
developed to predict the effective thermal conductivity of 
sintered nano-Ag. Zhao et al.6 indicated that the existing 
models are not suitable for predicting the thermal 
conductivity of sintered nano-Ag due to its high porosity 
and complex microstructure. Qin et al.7 have presented a 
semi-analytical formulation to predict the effective thermal 
conductivity of sintered nano-Ag by considering the 
modification in the microstructure. To investigate changes 
in the effective thermal conductivity of sintered nano-Ag 
due to crack formation, they also proposed a semi-analytical 
formulation to predict the effect of cracks on the heat 
conductivity of sintered nano-Ag.8 Lately, the effect of mud 
cracking on the heat conductivity of sintered nano-Ag was 
also studied,9 revealing variations in heat transfer behaviors 
of sintered nano-Ag in the entire SiC module. Kim et al.10 
also studied the effect of pore shape and porosity on the 
effective thermal conductivity of sintered nano-Ag.

With the development of artificial intelligence, the 
prediction of thermal conductivity for different materials 
with machine learning methods has garnered significant 
attention due to advantages, such as high accuracy, 
efficiency, and potential for physics-based interpretation.11-16 
Predicting mechanical and material properties using 

machine learning-assisted methods has also garnered 
significant attention in electronic packaging. Machine 
learning has been applied to different aspects of electronic 
packaging, such as materials extraction,17-19 solder fatigue 
lifetime prediction,20-22 defect detection,23 and mechanical 
response prediction.24 In the field of electronic packaging, 
Long et al.25 proposed a convolution neural network (CNN)-
assisted nanoindentation method to rapidly determine 
the mechanical properties of thin-film elastoplastic 
materials and predict the constitutive parameters with 
high accuracy. Recently, Du and coworkers26,27 adopted 
CNN for support vector regression models to predict the 
thermal conductivity of sintered nano-Ag, demonstrating 
the potential applications of machine learning in predicting 
the thermal conductivity of sintered nano-Ag. However, 
machine learning requires large datasets. In addition, neural 
networks have demonstrated great potential in predicting 
the mechanical and thermal behavior of porous materials. 
For example, Wei et al.28 used three different machine 
learning approaches to quickly and accurately predict the 
equivalent thermal conductivity of composite materials. 
Similar studies have been conducted in recent years.18,29,30

In this study, we focus on the research status and existing 
problems of physical and mechanical parameter evaluation 
methods for sintered nano-Ag nanomaterials. An image 
dataset, based on the Gaussian random reconstruction 
of sintered nano-Ag nanostructures, was proposed, and 
the equivalent thermal conductivity of sintered nano-Ag 
nanostructures was efficiently predicted based on a machine 
learning model. Image processing and model simulation 
were performed using MATLAB and Ansys software from 
scanning electron microscopy (SEM) images of sintered 
nano-Ag nanostructures; batch calculation of the thermal 
conductivity of 2D images of sintered nano-Ag nanostructures 
was conducted thereafter. According to the SEM image 
characteristics of actual sintered nano-Ag nanostructures, 
the images of the nanostructures at different sintering 
temperatures were generated by the Gaussian random model. 
Based on the artificial neural network (ANN) model of 
Bayesian optimization, the equivalent thermal conductivity 
corresponding to different sintered nano-Ag microstructures 
was accurately predicted using the microstructure image and 
characteristic parameters of sintered nano-Ag, with minimal 
loss and a high determination coefficient (0.96).

2. Methods
2.1. Effective thermal conductivity computation 
scheme

2.1.1. Finite element model of sintered nano-Ag

Image-to-parameter automated programming can be 
used to improve the efficiency of analytical calculations. 
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In this study, image processing and modeling simulation 
of microstructure images were performed using 
MATLAB and Ansys, respectively. The results from the 
batch calculation of the thermal conductivity of sintered 
nano-Ag microstructures enhanced the understanding 
of the physical relationship between sintered nano-Ag 
microstructure and heat transfer properties.

Figure 1 displays the finite element simulation flow chart 
of sintered nano-Ag microstructures, utilizing image-to-
parameter automated programming. Using MATLAB, the 
SEM image of sintered nano-Ag (Figure 2A) was analyzed 
and converted into a grayscale image with two-phase regions 
of black and white (Figure 2B). The black region corresponds 
to the pore, while the white region denotes the nano-Ag 
nanoparticles. The grayscale images were then divided into n 
parts equally in the x and y directions (Figure 2C) to obtain n 
× n black and white pixel images. These images are stored as 
numerical matrices with values of 0 or 1.

After the pixel matrix was imported into Ansys, the voxel 
blocks were selected successively according to the coordinate 
position by the loop statement. The array parameters at 
the corresponding positions were analyzed to determine 
the material type of the voxel block, thereby assigning the 

appropriate material properties to the current voxel block. 
Since sintered nano-Ag is an isotropic material, distribution 
in the x-, y-, and z-directions are consistent. Therefore, 2D 
models can be used to simulate the heat transfer behavior 
of sintered nano-Ag, with microstructural characteristics. 
A  plane model of nano-Ag and air was established, where 
the thermal conductivity of dense nano-Ag and air is 429 
and 0.03  W/mK, respectively. As the difference in thermal 
conductivity between dense nano-Ag and air is approximately 
five orders of magnitude, modeling the pore regions has 
minimal impact on the heat conduction simulation results. 
However, since isolated islands (Figure  3A) often exist in 
practice, omitting the air unit would require additional 
boundary conditions to be applied separately, increasing the 
workload and complicating the calculations. Hence, the pores 
were filled with air in this study (Figure 3B). To ensure accuracy, 
each pixel block was further divided into four units during the 
meshing process. Boundary conditions (250 and 50℃) were 
applied to the upper and bottom boundaries, respectively, 
and adiabatic boundary conditions were applied to the other 
boundaries. Figure  4 displays the temperature distribution 
density contour plot of the model (Figure 4A) and the heat 
flux density of each element (Figure 4B).

Figure 1. Finite element simulation flow chart of sintered nano-Ag microstructures 
Abbreviations: SEM: Scanning electron microscopy; APDL: ANSYS parametric design language.

Figure  2. Gray transformation process of scanning electron microscopy (SEM) images of sintered nano-Ag: (A) SEM image of sintered nano-Ag; 
(B) grayscale images; and (C) image segmentation.

B CA
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2.1.2. Effective thermal conductivity computation

For homogeneous materials, according to Fourier’s law of heat 
transfer,31 the rate of heat flow in the y-direction (1D form of 
Fourier’s law of heat transfer) can be expressed as:

d
dy

Tq k
y

= − � (I)

where qy is the heat flow in the y-direction, k is thermal 
conductivity, and dT/dy is the temperature gradient in the 
y-direction.

A simple modification of Equation I yields the formula 
for thermal conductivity:

( )u b

u b

yq y y
k

T T

−
= −

−
� (II)

where yu is the coordinate of the upper boundary 
in the y-direction, yb is the coordinate of the bottom 
boundary in the y-direction, Tu is the temperature at the 
upper boundary, and Tb is the temperature of the bottom 
boundary.

In finite element analysis, the model is divided into 
units; thus, Equation II can be expressed as follows:
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where S is the total area of the finite element model, Si 
is the area of unit i, and qyi is the heat flux value of unit i in 
the y-direction.

Equation III is a discrete formula for calculating the 
equivalent thermal conductivity keq, which applies to 
porous media models. After determining the heat flux 
and area of each unit in the dense nano-Ag region in the 
y-direction, the equivalent thermal conductivity of the 
entire model can be obtained using Equation III.

In calculating the equivalent thermal conductivity of 
sintered nano-Ag nanoparticles using the SEM images, the 
number of points n must be sufficient to ensure convergence 
of the model results. In two SEM images obtained from 
the same sintering process, 18 windows of 20 μm² were 
extracted, and the number of pixels was 50 × 50, 100 × 100, 
150 × 150, and 200 × 200. Through simulation calculation, 
the thermal conductivity of each window under different 
extraction conditions was obtained (Figure  5A and B), 
with the mean and range of thermal conductivity presented 
for each extraction condition. Notably, the difference in 
calculated thermal conductivity between a pixel size of 
150 × 150 and 200 × 200 is 3.3%.

2.2. Machine learning method
2.2.1. Evaluation index of the model

To evaluate the prediction accuracy of different models, 
five statistical indicators were used to characterize and 
compare the prediction accuracy of different data-driven 
models.32-34

* 2

1

1MSE = ( )
n

i i
i

y y
n =

−∑ � (IV)

Figure 3. Comparison of microstructure finite element model before and after filling. (A) Schematic diagram of isolated islands in the model before air-
filling. (B) Schematic diagram of the model after air-filling. Green boxes indicate geometric model of sintered nano Ag. Blue boxes indicate pore regions of 
sintered nano Ag. Red circles indicate isolated islands sintered nano Ag. Red dashed lines indicate the upper and lower boundary.
Abbreviations: Tu: Upper-temperature boundary condition; Tb: Lower temperature boundary condition.
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Where yi and *
iy  are the i-th actual output value and 

predicted output value, respectively; y  and *y  are the 
average actual output value and the average predicted 
output value, respectively; and n is the number of 
samples. The mean squared error (MSE), as displayed in 
Equation IV, is an indicator used to measure the average 
squared difference between model predictions and actual 
observations. MSE is commonly used as the loss function 
to estimate the inconsistency between predicted values 
and actual values.32 The coefficient of determination R², 
as displayed in Equation V, represents the determination 
coefficient, indicating the degree of fit between the 
regression model and actual data.33,34 When R² is close to 1, 
it indicates that the model fits the actual data well.

2.2.2. Data preparation and network selection

A large amount of high-quality microstructure data 
of sintered nano-Ag is required to simulate the 

microstructural effect on the thermal conductivity 
of sintered nano-Ag. After an open operation and 
convolution kernel size adjustment, random images of 
crystal nucleus distribution generated by the Gaussian 
random model were used to simulate the growth process of 
a crystal nucleus (Figure 6). Finally, 186 images of sintered 
nano-Ag microstructure, corresponding to three different 
pixel sizes and sintering times, were obtained. Based on the 
images, a plane model of the microstructure was built in 
Ansys to calculate the thermal conductivity of the model 
in the x- and y-directions, while the boundary conditions 
(i.e., sintering temperatures) were applied to the upper and 
bottom boundaries. From a microstructural perspective, 
the input formats of neural network calculations can be 
divided into two categories: (i) One method involves 
extracting the index parameters of the microstructure as 
numerical inputs, and (ii) the other method directly uses 
microstructure images of sintered nano-Ag as input. The 
former provides better computational speed but offers 
limited information about the model; the latter enables 
more comprehensive and accurate feature extraction but 

Figure 4. Finite element calculation results of the sintered nano-Ag microstructure. (A) Temperature cloud image of the model; and (B) heat flux density 
of each element in the y-direction.

BA

Figure 5. Finite element calculation results of models with different precision. (A) Thermal conductivity distribution of models corresponding to different 
porosity; and (B) the mean value and range of thermal conductivity under each extraction condition.

BA
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requires more training data and time, making it harder 
to train. Given the advantages and disadvantages of both 
numerical features and image input types in the calculation 
of neural network models, numerical and image datasets 
of the model were established in this study to obtain 
more comprehensive information without affecting the 
calculation speed.

The characteristic parameters of the sintered nano-Ag 
SEM images were extracted by ImageJ, including average 
particle size, particle circumference, and porosity, 
to form a dataset of numerical input. Since the three 
characteristic parameters extracted are not directional 
– remaining unchanged regardless of image inversion 
or rotation – the simulated thermal conductivity in the 
x- and y-directions is averaged in the output dataset to 
obtain the average thermal conductivity as the output 
of the numerical input model. To fully utilize the 186 
sintered nano-Ag microstructure images, the dataset 
was augmented by flipping each image left and right, 
flipping it up and down, and rotating it 180°, resulting 
in three additional images for each original. In other 
words, the original dataset can be quadrupled, resulting 
in a total of 744 datasets without additional simulation 
time. This approach enhances the amount of data used 
for model training and further improves model accuracy. 
Notably, the thermal conductivity of the microstructure 
model based on these three images is the same as that 
of the original image in the x-  and y-directions. The 
numerical and corresponding image data serve as inputs, 
while the simulated thermal conductivity in the x- and 
y-directions is the output of the model when establishing 
the corresponding dataset. This process occurs 
simultaneously with the training of neural networks. 
Using the bootstrap method, the numerical and image 
datasets are divided into a training set and a testing set 
in a 7:3 ratio for model training.

2.2.3. Principles and hyperparameter tuning of 
machine learning models

The ANN consists of multiple fully connected layers, 
i.e., each neuron is connected to all the neurons in the 
previous layer.35 In ANN, a simple model with several 
inputs and one output is called the perceptron, i.e., from 
the perspective of a single neuron locally (Figure 7). The 
perceptron consists of a linear relation and an activation 
function σ(z). The output formula for the single perceptron 
can be expressed as:

1

( ) ( )
n

i i
i

a z x bσ σ ω
=

= = +∑ � (VI)

The lines between each neuron in ANN represent a 
weight coefficient w, with each neuron corresponding to 
a bias b. In addition, to satisfy the non-linear relationship 
between input and output, the activation function σ is added. 
Common activation functions include ReLU, Sigmoid, 
and Tanh. The ReLU activation function is selected for 
this study. As a common activation function, ReLU helps 
avoid the gradient disappearance problem by introducing 
non-linear transformation and sparse activation. This 
effectively increases the expressive power of the neural 
network, making the model more distinguishable. The 
specific formula of ReLU is expressed as follows:

Figure 6. A 2D grayscale image of pores generated based on the 3D Gaussian random model. Note: x, y and h are the axes of the 3D Gaussian model, 
corresponding to the length, width, and height, respectively

Figure 7. Perceptron structure diagram
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ReLU: 
 if 0θ
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x x
f x
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An ANN with more hidden layers and neurons is 
typically regarded as a deep neural network (DNN). 
As displayed in Figure  8, ANN is the result of multiple 
perceptrons in parallel and in series.36 The network 
features three hidden layers, and the number of neurons in 
each hidden layer is denoted as i, j, and k, respectively. The 
output formula of the ANN network composed of neurons 
in n layers is expressed as follows:

( ) 1

1

n
l l l l l
i i ij j i

j

a z a bσ σ ω −

=

 
= = + 

 
∑ � (VIII)

where al
i represents the i-th neuron of layer l in ANN; 

wl
ij represents the weight coefficient from the j-th neuron of 

layer l-1 to the i-th neuron of layer l; and bl
i represents the 

offset corresponding to the i-th neuron in the l layer. When 
expressed in matrix form, the formula can be simplified as:

( ) ( )1l l l l la z W a bσ σ −= = + � (IX)

The main computation process of neural networks 
involves forward propagation and backpropagation. 
The forward propagation algorithm uses several weight 
coefficient matrices W and bias vector b to perform a 
series of linear operations and activation operations with 
input vector x. From the input layer, the output of the 
previous layer is used to calculate the output of the next 
layer until the result of the final output layer is obtained. 
Backpropagation uses forward propagation to calculate 
the output of the training sample, with the loss function 
measuring the difference between the predicted and 
actual values. A  typical backpropagation algorithm (BP) 
minimizes the loss function through iterative optimization 
using the gradient descent method to identify the 
appropriate linear coefficient matrix W and bias vector b 
for the hidden and output layers. The output calculated 

from the training samples should be equal to or close to 
the target value. The loss function is calculated as follows:

( ) 22 1

2 2

1 1( , , , )
2 2

l l l lJ W b x y a y W a b yσ −= − = + − � (X)

Where a1 is the predicted value of the output layer, and 
y is the target value of the output.

During model training, the most widely accepted Adam 
optimizer was selected. The performance and generalization 
of the model were evaluated using the MSE of the testing 
set. Subsequently, the hyperparameters of the neural 
network are tuned based on the MSE value to improve the 
performance and stability of the model. Grid search is the 
most widely used hyperparameter search algorithm, which 
determines the optimal value by searching all the points 
within the search range.37 Generally, given a large search 
range and a small step size, the grid search method can 
identify the global maximum or minimum value, but it 
heavily consumes computing resources.

In contrast, a random search does not analyze 
all parameter values but samples a fixed number of 
parameters from a specified distribution. Random search 
can also be used to identify a global optimal solution 
if the set of random sample points is large enough. 
Compared with the grid search method, the random 
search method is faster, but its accuracy cannot be 
guaranteed. Bayesian optimization, an effective global 
optimization algorithm, was proposed by Snoek et al.38 
to be used for parameter tuning in machine learning. 
Its concept involves updating the posterior distribution 
of the objective function by continuously adding sample 
points through the Gaussian process until the posterior 
distribution closely approximates the true distribution. 
In short, it accounts for the last sampling point to better 
adjust the current sampling point, maximize the benefit of 
the next sampling point, and avoid unnecessary sampling 
to the greatest extent. Compared with other methods, 

Figure 8. Artificial neural network structure diagram
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Bayesian optimization has been widely recognized for its 
convenience and accuracy.

Bayesian optimization is derived from the famous 
“Bayes theorem”:39

( ) ( )
( )

( )
p D f p f

p f D
p D

= � (XI)

where f, D ={(x1,y1),(x2,y2),…,(xn,yn)}, xn, and yn 
represent the unknown objective function, the set of 
observed sampling points, the decision vector, and the 
observed value of the sampling point, respectively; p (D| f) 
and p(f) represents the likelihood distribution of y and the 
prior probability distribution of f (that is, the assumption 
about the unknown objective function state); and p(D) 
represents the marginal likelihood distribution of f. The 
function p(D) is usually difficult to calculate because it 
involves the product and integral of the probability density 
function. However, since it does not depend on f, it is 
treated as a normalized constant in Bayesian optimization. 
In addition, p (f |D) represents the posterior probability 
distribution of f, which describes the confidence of the 
unknown objective function after modifying the prior 
function from the observed data set.

The Bayesian optimization algorithm consists of two 
core parts: the probabilistic agent model and the acquisition 
function. The probabilistic agent model includes the 
prior probability model and the observation model. The 
former is p(f), while the latter describes the mechanism 
by which the observed data are generated, the likelihood 
distribution p(D| f). The posterior probability distribution 
p (f |D), containing the observations of the latest evaluation 
points, is obtained using the Bayesian formula to update 
the probabilistic agent model. According to the posterior 
probability distribution, the next most “potential” 
evaluation point is selected by maximizing the collection 
function, and an effective collection function can ensure 
that the selected evaluation point sequence minimizes the 
total loss value:

1 *n
i iLoss y y== −∑ � (XII)

where y* represents the optimal solution of the current 
evaluation point.

The specific calculation process of the Bayesian 
optimization algorithm involves an iterative process of 
parameter updates, and its specific algorithm framework is 
presented in Table 1.40

Figure  9 displays the principle of the Bayesian 
optimization algorithm. Each repeat sampling generates a 
minimum value for the objective function. After the first 
random sampling of the function, the second sampling 

assesses points near the possible minimum value and in 
regions that have not been sampled. This approach helps avoid 
entrapment in the local optima, improves proxy function 
approximation of the true objective function, and facilitates 
finding the minimum value of the objective function. In 
simple terms, the Bayesian optimization algorithm selects 
the next sampling point to maximize the return.

For the tuning method, the type and range of tuning 
parameters need to be defined. In the ANN model, the 
learning rate, number of hidden layers, and number of 
neurons in each layer are selected as the tuning parameters. 
Among them, the learning rate in the optimizer is 
an important hyperparameter in the neural network, 
regulating the step size of each parameter update and 
directly affecting the convergence speed and performance 
of the model. The number of hidden layers and neurons 
in each layer determines the structure of the model. To 
streamline parameter adjustment, the number of neurons 
in each layer is set to be the same to ensure that the number 
of hidden layers and neurons in each layer can be used as 
two independent parameters for parameter adjustment.

Figure 10 presents the results of Bayesian optimization 
of hyperparameters in the ANN model. The learning rate 
ranges from 1e-4 to 0.1 and is distributed exponentially to 
improve optimization efficiency. The number of hidden 
layers is presented as an integer, ranging from 1 to 5, while 
the number of neurons is presented as an integer, ranging 
from 1 to 140. The evaluation index MSE (Equation IV) 
of the model is reflected by the color of the data points, 
and the corresponding value range is referred to the color 
scale on the right. Sampling occurs across the entire 
hyperparameter space, avoiding the local optima. The 
points around the final optimal result are relatively dense, 
indicating that the model undergoes fine-tuning and 
optimization at the later stages. The final hyperparameters 
include two hidden layers, each with 32 neurons, and a 
learning rate of 9.29e-4.

3. Results and discussion
The established ANN model was used to map 
the relationship between the input characteristics 

Table 1. Bayesian optimization algorithm calculation process

Bayesian optimization algorithm

For n=1, 2, …, do

a. �Obtain the next evaluation point xn+1 by maximizing the 
acquisition function α 

b. Get the objective function value of the evaluation point yn+1;

c. Augment data Dn+1={Dn, (xn+1, yn+1)}; 

d. Update probabilistic proxy model end for
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(microstructure characteristics of sintered nano-Ag) 
and the output value (thermal conductivity of sintered 
nano-Ag). According to the loss function defined by 
Equation XII, after 2000 training of the epoch, the training 
loss and testing loss decreased over time. All losses 
converge at about 400  cycles, dropping below 0.05, and 
remain stable in the subsequent training cycles (Figure 11). 
The results indicate that the 500 epochs reflect the actual 
training effect of ANN, without overfitting in the thermal 
conductivity prediction of sintered nano-Ag.

In addition to the MSE, the determination coefficient 
(R2) was also used to evaluate the performance of the 
ANN model. The coefficient R2 is defined by Equation V. 
A  higher R2 value indicates that the model has better 
prediction ability for the target parameters. Figure  12 
displays the comparison between the predicted and actual 
thermal conductivity of sintered nano-Ag. As observed, the 
distribution of data points (blue dots) is focused around the 

Figure 10. Hyperparameter Bayesian optimization results of the artificial 
neural network
Abbreviation: MSE: Mean square error.

Figure 12. The predicting performance of thermal conductivity testing

Figure 11. Loss curve of the artificial neural network

Figure 9. Principle of the Bayesian optimization algorithm. Results of the (A) first sampling and (B) second sampling.

BA
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ideal prediction trendline (red dashed line), indicating that 
the predicted parameters are relatively close to the actual 
parameters. The value of R2 is as high as 0.96, indicating 
that the ANN model based on Bayesian optimization has a 
good predictive ability for the correlation analysis between 
microstructure characteristics and thermal conductivity 
of sintered nano-Ag. The 95% confidence region also 
confirms that the proposed optimal ANN model has good 
predictive performance. The confidence interval represents 
the knowledge level of the best fitting line and determines 
that the true linear fitting output is within the interval. In 
Figure 12, when the trained ANN model was used to predict 
thermal conductivity, the confidence interval between the 
predicted output and the real output was compared; it was 
found that most of the predicted points overlapped with 
the actual value, with smaller differences corresponding to 
higher prediction accuracy.

The factors that affect the thermal properties of sintered 
nano-Ag, such as sintering process parameters, affect the 
microstructure of sintered Ag nanoparticles. However, in 
existing studies, microstructure parameters are rarely used 
in thermal conductivity models.30 Notably, our study utilized 
the microscopic reconstruction method, which combines 
Gaussian random reconstruction and finite element, 
effectively studying the thermal conductivity changes as 
the microstructure changes under the influence of sintering 
parameters. However, due to limitations in the dataset and 
the difficulty of obtaining it, we only analyzed the evolution 
of microscopic grains at different sintering times using the 
open operation method, without considering the effect 
of sintering temperature. Nevertheless, if the influence of 
sintering temperature changes on thermal conductivity 
is included, the model would remain valid. Rong et al.29 
mentioned in their study that features selected from a 
large descriptor space may limit the predictive accuracy 
of machine learning models. It is worth noting that we 
simultaneously used both the image dataset and the feature 
parameter dataset for training, effectively mitigating this 
issue and enhancing the model’s generalization ability for 
different types of structures. We are working to integrate 
the aforementioned factors to study the microstructure 
evolution of sintered nano-Ag, aiming to obtain a more 
comprehensive dataset that captures the changes in thermal 
characteristics with respect to microstructure parameters.

4. Conclusion
We presented the image of sintered nano-Ag microstructure 
based on Gaussian reconstruction, where feature parameters 
and image data are separately extracted to form a dataset. 
The equivalent thermal conductivity of sintered nano-Ag 
is then predicted using a machine-learning model. In 
summary, our key findings are as follows:

(i).	 Image processing and modeling simulation methods for 
SEM images of sintered nano-Ag microstructure were 
established by MATLAB and Ansys software. Batch 
calculation of the thermal conductivity from 2D images 
of sintered nano-Ag microstructure was performed 
accordingly. Based on the SEM image characteristics of 
actual sintered nano-Ag microstructure, 186 images of 
the microstructure, obtained from using 3-pixel sizes 
and different sintering times, were reconstructed using 
the Gaussian random model. The thermal conductivity 
in the x- and y-directions of the microstructure plane 
model was obtained by finite element simulation.

(ii).	 Given the advantages and disadvantages of both the 
numerical parameters and the image input types for 
neural network analysis, the numerical dataset and 
the image dataset are established, respectively. An 
image was obtained from the reconstructed model of 
the sintered nano-Ag microstructure, and the dataset 
was enhanced four times. The model accuracy can be 
further improved by enhancing the amount of data 
used for model training.

(iii).	Based on the Bayesian optimized ANN model, the 
average particle size, circumference, and porosity were 
taken as input parameters to predict the equivalent 
thermal conductivity of sintered nano-Ag. The final 
determination coefficient of the ANN model for the 
equivalent thermal conductivity prediction is 0.96. 
The results are of great significance for evaluating the 
microstructure and physical properties of sintered 
nano-Ag. Hence, future studies should focus on the 
physical mechanisms based on existing models.
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