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Abstract 
 

The ceramic microstructure strongly influences its properties. During manufacturing, the online monitoring of microstructure 
is critical to ensure the desired material properties. So far, the microstructure on the relevant scale is usually characterized 
offline using scanning electron microscopy (SEM), which is time and cost-consuming. In this work, we demonstrate a cost-
effective, machine learning (ML)-based approach to simulate the SEM micrographs in real-time from the laser spot brightness. 
We experimentally observed a strong correlation between the laser spot brightness and the corresponding microstructure at 
the exact locations. The brightness values obtained from thermal emission images and the corresponding SEM micrographs 
were used in the training datasets. The ML algorithm was a style-based conditional generative adversarial network (CGAN). 
After training, the ML model could generate high-fidelity microstructure images within 0.1 seconds based on in-situ captured 
brightness at the laser sintering spot. We used the average grain sizes as the metric to evaluate the accuracy of the ML-
predicted micrographs. The ML-predicted microstructures were in good agreement, with less than a 5% in difference from 
the real SEM images. In conclusion, we demonstrate the cost-effective, online microstructure estimation during laser sintering 
with a simple setup (a camera, a regular computer, and the ML model). 
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1. Introduction 

The properties of a ceramic material are dramatically 

influenced by its microstructure. The microstructural features, 

such as grain size, grain boundaries, pores, and defects, have 

strong correlations with the mechanical, thermal, and 

electrical properties of the ceramics, such as yielding strength, 

hardness, thermal conductivity, electrical conductivity, etc.[1] 

Scanning electron microscopy (SEM) is often used to 

characterize the microstructural features at the needed scale.  

This characterization must be carried out after the material is 

processed. So far, in situ, monitoring of ceramic 

microstructure during processing has yet to be achieved. 

Recently, it has been demonstrated that the ultra-fast 

reactive laser sintering of ceramics that achieves the desired 

microstructure and crystalline phase within ~10 seconds].[2-9] It 

was found that the microstructure was sensitive to processing 

conditions such as laser power. Thus, a real-time, online 

monitoring method of the microstructure during laser sintering 

is urgently needed. 

The current online monitoring and control during 

manufacturing are primarily focused on the precision of 

processing parameters themselves and of the dimensional 

control.[10,11] Specifically for ceramic sintering, the central 
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processing parameters are the sintering temperature and time. 

The temperature can be measured using either a thermocouple 

or a pyrometer. For example, during laser-based additive 

manufacturing of metals, pyrometers are often used to 

measure the melt pool temperature.[12,13] However, this method 

is not remarkably accurate for laser sintering ceramics. During 

the laser sintering of ceramics, there is no melt pool, and the 

surface emissivity constantly changes during consolidation 

and phase transformation. Thus, in this paper, we directly 

correlate the laser spot brightness with the resulting 

microstructure using the data model without seeking accurate 

temperature measurements at the laser spot. 

ML methods such as Generative Adversarial Networks 

(GAN)[14] have shown great success in image generation, 

including microstructural images of materials.[15,16] A GAN 

consists of a generator and a discriminator, both of which are 

often constructed with deep neural networks. The generator is 

trained to generate high-fidelity samples like training data, 

while the discriminator is trained to distinguish the generated 

samples from the real ones. By training the generator and the 

discriminator iteratively, they can converge to a Nash 

equilibrium, where the generator is able to generate genuine 

samples and the discriminator cannot distinguish them from 

the real ones.[14] The generated microstructure images have 

high fidelity in microstructural features and resulting 

properties. A GAN was applied to generate oolitic Ketton 

limestone micro-computed tomography (micro-CT) images.[17] 

Material properties such as effective permeability were 

successfully obtained from the generated images. The same 

methodology was further adapted to generate multi-phase 

electrode microstructures.[18] The GAN-generated images 

were in good agreement with the real ones regarding 

microstructural features and relative diffusivity. In addition, 

GAN can generate images very quickly due to the utilization 

of convolutional layers.[19] The number of float point 

operations involved in microstructure generation is about a 

few billion, which can be processed by modern CPUs and 

GPUs in less than one second.  

An important variant of GAN, conditional GAN (CGAN), 

incorporates additional information, known as conditions, into 

image generation and controls the features in the generated 

image.[20,21] Recently, researchers started to use CGANs to 

generate microstructure images according to different 

processing parameters.[22] For example, a CGAN with an 

auxiliary classifier was trained on the ultra-high carbon steel 

database, where many microstructural images were labeled 

with different cooling methods.[23]  The trained CGAN was 

then used to synthesize high-quality multiphase 

microstructures given a cooling method. Another CGAN was 

trained to understand the sophisticated effect of the 

concentrations of Al and O on the microstructures when 

depositing Cr-Al-O-N thin film.[24] High-fidelity 

microstructure images could be predicted for new 

compositions. 

In our previous study, a modified CGAN that can 

accurately predict microstructure evolution under various 

processing conditions[25] was demonstrated. For example, 

highly realistic SEM micrographs of laser-sintered alumina 

were simulated under various laser powers. The GAN-

predicted microstructure evolution during the second phase 

growth fit the Johnson–Mehl–Avrami (JMA) equation well.  

In this paper, an improved algorithm is studied to predict the 

microstructures of laser-sintered ceramic 

BaCe0.7Zr0.1Y0.1Yb0.1O3 (BCZYYb) from the thermal 

emission brightness. Fig. 1 illustrates the overview of this 

work. A camera was used to monitor the thermal emissions 

when the laser beam heated and sintered the ceramic sample. 

A modified CGAN took the brightness of the thermal emission 

as an indicator to generate the microstructure images in real-

time. The generated microstructure images agreed with the 

real ones both visually and quantitatively. 

 

 
Fig. 1 Overview of the approach of using a deep neural network to generate microstructure images in real-time based on thermal 

emission brightness during laser sintering. 
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2. Experimental Methods 

2.1 Laser sintering system with in-situ monitoring 

Figure 2 shows the schematic of the laser sintering system 

with an in-situ monitoring camera. A carbon dioxide laser with 

a wavelength of 10.6 µm (Synrad P100, SYNRAD, Inc.) was 

used as the energy source for sintering. The laser beam was 

focused into a line-shaped beam by a cylindrical ZnSe lens. 

The focus distance of the lens was 25.4 mm. The laser was 

defocused 30 mm from the sample surface to enlarge the laser 

spot. On the sample surface, the laser spot was an ellipse with 

an 18 mm length and a 4 mm width. The power of the laser 

was set at 46 W. A translation stage carried the sample to scan 

through the laser beam. The scanning speed was kept at 0.1 

mm/s.  

 
Fig. 2 Schematic of the laser-based additive manufacturing 

system with in-situ monitoring camera. The surface-emission 

image at the laser sintering spot is captured by the camera. 

 

Surface emission images were captured using a camera 

(Canon EOS 90D) during the laser sintering process. The 

camera aimed at the laser spot at about 50° relative to the 

vertical axis. The relative position between the camera and the 

laser spot was fixed. In the camera’s field of view, the laser 

spot did not move. The shutter of the camera was synchronized 

with the translation stage. Thus, the timestamp of a surface-

emission image could be accurately translated to the position 

of the sintering spot. The shooting parameters of the camera, 

such as ISO sensitivity, shutter speed, and aperture size, are 

listed in Table 1. Since the complementary metal-oxide 

semiconductor (CMOS) sensor was only sensitive to 400 – 

700 nm wavelength of light.[26] The laser spot images did not 

contain any surface reflection from the laser (wavelength = 

10.6 μm).  

 

2.2 Thermal emission brightness sampling 

In a surface-emission image captured by the camera, the 

brightness distribution was a two-dimensional Gaussian-like 

distribution, as shown in Fig. 3. The raw image was a color 

image with three color channels (red, green, and blue). The 

image from the red channel was chosen, and the other two 

channels were discarded because the red channel had a high 

sensitivity to thermal emission. 

A 5 × 5-pixel square at the peak was sampled to calculate 

the peak brightness as a representative feature of the surface-

emission image. The actual area of the square in the sample 

was 500 × 500 μm2. Thermal emission brightness was 

calculated from the average pixel value over the sampling area.  

 
Fig. 3 Surface-emission image’s brightness distribution. A small 

sampling area (500 × 500 μm2) at the peak is selected to calculate 

thermal emission brightness. This area of the sample was then 

characterized using SEM. 

 

2.3 Material preparation 

The material system (BCZYYb) is a proton-conducting 

ceramic that has high protonic conductivity at relatively low 

temperatures (250~600 °C).[6] It has been used to fabricate

Table 1. Camera shooting parameters. 

ISO sensitivity Shutter speed Aperture size Image size Shooting speed Light wavelength range 

100 1/12500 second 1/25 1080 × 1920 pixels 30 fps 400 – 700 nm 
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high-performance ceramic fuel cells,[27] electrolysis cells,[28] 

and membrane reactors.[29] The prepared sample was a half-

cell of a protonic fuel cell, which consisted of two layers. The 

bottom layer was BaCe0.7Zr0.1Y0.1Yb0.1O3 (BCZYYb) with 40 

wt.% NiO addition as the anode. The top layer was BCZYYb 

with 1 wt.% NiO as the electrolyte.  

The powder pastes of the BCZYYb NiO additive were 

prepared using ball-milling of the raw materials powders of 

BaCO3 (99.8%, Alfa Aesar, Ward Hill, MA) Fe2O3 (99.9%, 

Alfa Aesar, Ward Hill, MA), CeO2 (99.9%, Alfa Aesar, Ward 

Hill, MA), ZrO2 (99.7%, Alfa Aesar, Ward Hill, MA), NiO (Ni 

78.5%, Alfa Aesar, Ward Hill, MA), Y2O3 (99.9%, Alfa Aesar, 

Ward Hill, MA), and Yb2O3 (99.9%, Alfa Aesar, Ward Hill, 

MA)] for 48 h in the stoichiometric ratio, followed by mixing 

of the ball-milled powder with water, dispersant (Darvan 

821A), and binder ((hydroxypropyl) methyl cellulose 

(HPMC)), as reported in.[30]  

A green anode ceramic film was processed using direct ink 

writing on a fused silica substrate. The thin film with a uniform 

thickness of about 500 μm was deposited and dried in the 

ambient atmosphere for 24 h. The thin electrolyte layer was 

deposited on the printed anode film by spray coater. The 

thickness of the electrolyte layer was about 20 μm. The 

detailed anode layer processing and spray coating processing 

were described in our previous paper.[30] 

 

2.4 SEM image acquisition and Preprocessing 

After the sample was sintered using the CO2 laser, the surface 

microstructures were characterized using a scanning electron 

microscope (SEM Hitachi S4800). Eight sampling spots on the 

surface were selected. Each sampling spot was a 500 × 500 

μm2 square. At each sampling spot, five non-overlapping SEM 

micrographs with 1,000× magnification were taken. 

The collected SEM micrographs were grayscale images 

and 896 × 1280 pixels in size. One example is shown in Fig. 

4. The full-size images were segmented into smaller 

 
Fig. 4 Data preprocessing steps: cropping, contrast enhancement, and rotation. 
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micrographs because the original image size was too large. 

The size of the segmented images was 256 × 256 pixels, 

corresponding to 25.6 × 25.6 μm2 in the sample. Two adjacent 

segments overlapped with each other by half. After 

segmentation, one full-size SEM micrograph was converted to 

54 small micrographs. To normalize the contrast of the images, 

contrast-limited adaptive histogram equalization (CLAHE)[31] 

was applied. The window size of CLAHE was 8 × 8. And the 

contrast limit was 1.0. After CLAHE, the grain boundaries 

were more visible compared with the original image, as shown 

in Fig. 4. In addition, it was noticed that the grains in the 

micrographs were isotropic, which meant they were 

rotationally equivalent. Every micrograph was rotated by 90, 

180, and 270 degrees to quadruple the size of the dataset. Due 

to the rotational equivalency of the grains, this data 

augmentation technique did not distort the original 

microstructure features. It is also widely believed that 

augmenting images by rotation can prevent deep learning 

algorithms from overfitting.[32]  

 

2.5 Conditional Generative Adversarial Network 

The Conditional Generative Adversarial Network consists of 

a generator G and a discriminator D, as shown in Fig. 5(a). 

The generator takes brightness 𝑦  and a random seed 𝑧  to 

generate a micrograph 𝑥̃ . The discriminator takes a real 

micrograph 𝑥 , or a generated micrograph 𝑥̃  along with the 

condition 𝑦  and outputs a validity score. The validity score 

represents the confidence of the discriminator about whether 

the input image is real. The discriminator is trained to 

maximize the validity score by backpropagation.[33] At the 

same time, the generator is trained to minimize the validity 

score by improving the fidelity of the generated image. Once 

training is achieved, the generator will be able to fool the 

discriminator by generating genuine images just like the real 

ones. Mathematically, the discriminator and the generator play 

a minimax game described by the loss function[20,34] 

min
𝐺

max
𝐷

𝐸𝑥|𝑦~𝑃𝑟
[𝐷(𝑥|𝑦)] − 𝐸𝑧~𝑃𝑧

[𝐷(𝐺(𝑧|𝑦)|𝑦)]        (1) 

where 𝑃𝑟  is the distribution of the real data and 𝑃𝑧  is the 

distribution where the random seed is drawn.  

The structure of the conditional generator is shown in Fig. 

5(b). A random seed and the brightness value are fed through 

two fully connected layers, respectively, and then 

concatenated together to form an 8 × 8 × 116 feature map. The 

feature map is then scaled up by a transposed convolutional 

layer with a 5 × 5 kernel size and a stride of 2 to 16 × 16 × 64. 

The upscaled feature map is then passed through a residual 

block,[35] so the receptive field of each pixel is enlarged, and 

the depth of the network is increased. The feature map 

continues to pass through another 4 stacks of convolutional 

layers and residual blocks. The final layer is a convolutional 

layer with an 11 × 11 kernel size and a stride of 1. The 

activation functions used by dense layers, convolutional layers, 

and transposed convolutional layers are LeakyReLU,[36] 

except for the final layer. The final layer uses a hyperbolic 

tangent function as its activation function to cast the output 

pixel value between -1 and 1. 

To compare the performance of the conditional generator, 

we investigated a style-based generator[21] as shown in Fig. 

5(c). A random seed is fed to a fully connected layer to obtain 

the initial feature map with a size of 8 × 8 × 64. The condition 

(brightness value) is processed by another fully connected 

layer to obtain a styled vector. The feature map is upscaled by 

a transposed convolutional layer with a 5 × 5 kernel size and a 

stride of 2. Then the style vector is applied to the feature map 

by an adaptive instance normalization layer[37] and adjusts the 

mean and standard deviation of the feature map. The result 

then passes through a residual block. Another 4 stacks of one 

transposed convolutional layer, one adaptive instance 

normalization layer, and one residual block follow behind. 

convolutional layer with 11 × 11 kernel size and a stride of 1. 

The activation functions used by dense layers, convolutional 

layers, and transposed convolutional layers are LeakyReLU,[31] 

except for the final layer. The final layer uses a hyperbolic 

tangent function as its activation function to cast the output 

pixel value between -1 and 1. 

The discriminator’s structure is inspired by ResNet,[35] as 

shown in Fig. 5(d). The input 256 × 256 images are first down-

sampled by a convolutional layer with 5 × 5 kernel size and a 

stride of 2 and further down-sampled by a max-pooling layer 

with 2 × 2 kernel size. The resulting feature map is 

concatenated to a condition vector obtained by passing the 

brightness value through a fully connected layer. Then the 

result passes through 4 stacks of one transposed convolutional 

layer and one residual block. The feature map is down-

sampled to 4 × 4 × 320. A fully connected layer with 320 

neurons and a fully connected layer with 1 neuron converts the 

feature map to a single scalar output. 

The network was implemented using Keras,[38] and the 

implementation details can be found at 

https://github.com/tojunesa/RCWGAN-

GP/blob/main/RCWGAN-GP.ipynb. To stabilize the training, 

Wasserstein distance[39] was used as the loss function, and a 

gradient penalty[40] was employed for regularization. The 

weight coefficient of gradient penalty loss was set to 1. The 

network was trained using mini-batch gradient descent, and 

the adaptive moment estimation algorithm (Adam)[41] was 

utilized as the optimizer. The initial learning rate was set to 1e- 
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Fig. 5 Network structure. (a) CGAN’s structure. (b) Conditional generator’s structure. (c) Style-based generator’s structure. (d) 

Conditional discriminator’s structure. 

 

5 for the generator and 2e-5 for the discriminator, which is 

inspired by the two-time scale update rule proposed by Heusel 

et al..[42] The network was trained for 50 epochs on Palmetto, 

the high-performance computing cluster of Clemson 

University. It took 4 hours to complete the training on 40 CPUs 

and 2 GPUs (Nvidia V100). 

 

2.6 Average grain size characterization 

The average grain sizes for real SEM and GAN-generated 

SEM were measured from a micrograph using the standard 

ASTM E112 - 10 method.[43] This standard is suitable for the 

grain size characterization for randomly oriented, equiaxed 

grains. The average grain size was calculated based on the 

number of grains per unit area for a specific SEM 

magnification. Specifically, one individual micrograph in a 

training set had a size of 256 × 256 pixels. As one pixel 

corresponds to 0.1 μm, the area of the micrograph can be 

interpreted as 25.6 × 25.6 μm2. Then the average grain size 

was calculated based on ASTM E112 - 10. 

The equation for calculating the average grain size is given 

as follows: 

𝑑 =
109

𝑀2 × √
1

ln(𝑁𝑔𝑟𝑎𝑖𝑛×𝑎)
                                (2) 

where d is the average grain size in micrometers, M is the 

magnification (i.e., 1000 for this study) 𝑁𝑔𝑟𝑎𝑖𝑛 is the number 

of grains per 25.6 × 25.6 mm2in the micrograph, 𝑎  is an 

empirical constant equal to 6097. 

 

3. Results and discussions 

3.1 Laser spot brightness and corresponding 

microstructure 

A strong correlation between laser spot brightness and the 

corresponding microstructure was observed. As shown in Fig. 

6, thermal emission brightness fluctuated during laser  
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Fig. 6 A strong correlation between laser spot brightness and microstructure was observed. The surface-emission images, peak 

brightness values, sample surface picture, and corresponding SEM micrographs at three different locations (marked by red circles) 

show the microstructure changes as the peak brightness changes. 

 

sintering. A dim spot corresponds to a fine microstructure with 

small average grain sizes. A bright spot resulted in a relatively 

coarse microstructure and larger grain sizes. Although it was 

difficult to accurately measure the surface temperature during 

laser sintering, the laser spot brightness was generally 

correlated with temperature. According to the sintering 

theories, a higher temperature usually results in larger grain 

sizes.  

The physical cause behind the variation of thermal 

emission brightness could be manyfold.[44] Temperature 

variation due to unsteady laser output could be one of the 

causes. High-power carbon dioxide lasers are inevitably 

unstable due to passive Q-switch pulsation.[45] and thermal 

instability. Inconsistent heat dissipation through the baseplate 

could be another reason.[46] The variation of surface emissivity 

during laser sintering can also contribute to the brightness 

change.  

 

3.2 Comparison of the performance of different generator 

structures 

Two kinds of generator structures are described in section 2.5. 

The conditional generator directly concatenates the 

conditional information with the random seed at the very 

beginning.[20] While low-level features, such as grains’ texture, 

are directly generated from the conditional information, high-

level features, such as grain size, are calculated from the low-

level features. The correlation between conditional 

information and high-level features could be difficult to learn. 

On the other hand, the style-based generator calculates style 

vectors for different resolution levels and uses them to 

adaptively adjust the statistical characteristics of feature maps. 

Thus, the style-based generator can disentangle the generation 

of low-level features, from the generation of high-level 

features, which could lead to better performance.[21,47] The 

results are shown in Fig. 7. For both the conditional and style-

based generators, the generated micrographs were improved 

and closer to the ground truth as the number of training epochs 

increased. However, the conditional generator failed to 

capture the correlation between the brightness value and the 

microstructure features (e.g., grain size). It produced the same 

micrograph disregarding the input conditions. The style-based 

generator outperformed the conditional generator. As the 

number of epochs increased, the style-based generator quickly 

grasped the knowledge that an increased brightness value  
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Fig. 7 The performance difference between conditional generator and style-based generator. 

 

would lead to an increase in grain size. Thus, the style-based 

generator was selected for further studies. 

 

3.3 Estimating the microstructure using the style-based 

CGAN from the laser spot brightness 

The style-based CGAN took different thermal emission 

brightness values as the conditions to generate microstructure 

images. Several exemplar results are shown in Fig. 8 along 

with the real micrographs as the ground truth. By comparing 

the generated micrograph with the real micrograph 

corresponding to the same brightness value, the microstructure 

features, such as grain size and grain shape, are highly similar 

to the real SEM micrographs. The grains and grain boundaries 

are as clear as the actual micrographs.  

 
Fig. 8 Estimated micrographs and the real ones correspond to three exemplar peak brightness values. 
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The generated micrographs also accurately show the 

microstructure trend for the various laser spot brightness. 

From left to right, the grains grow larger as the brightness 

increases. Thus, the style-based CGAN’s capability to 

generate high-fidelity microstructure images is demonstrated.  

The prediction performance of the style-based CGAN upon an 

arbitrary brightness was also tested. The brightness of 0.62 and 

its corresponding microstructures were left out as the test data, 

which means that the algorithm had never seen them. Fig. 9 

compares the estimated micrographs when the style-based 

CGAN was conditioned with the 0.62 brightness and the real 

micrographs, experimentally obtained at the brightness of 0.62. 

The estimated micrographs show a high similarity to the real 

ones. It is concluded that the style-based CGAN does not 

generate high-fidelity micrographs by memorizing training 

examples but by capturing the correlation between the 

brightness and the microstructures. 

The estimated micrographs were generated by feeding 

different random seeds into the CGAN. The geometric 

distribution of the grains varies among those micrographs, 

while features such as grain size and shape are kept the same. 

These randomly generated micrographs imitated the actual 

SEM micrographs because, typically, the microstructures are 

random but contain well-defined features. It indicates that the 

CGAN understands that the microstructure features are 

random distributions rather than deterministic constants, 

which agrees with the stochastic nature of the microstructures.  

 

3.4 Quantitative evaluation  

The style CGAN can generate SEM micrographs that are 

highly similar to the real SEM. A criterium is still needed to 

quantitatively measure the fidelity of the generated 

micrographs. The average grain size was selected as the 

criterium. This is because all the samples were almost fully 

dense after laser sintering. The grain size was the prominent 

microstructure feature that varied, corresponding to various 

spot brightness. The average grain sizes were measured in both 

real micrographs and CGAN-estimated ones. For each 

brightness value, ten real micrographs were randomly sampled. 

These real micrographs are sampled from the dataset after 

segmentation and contrast enhancement but before rotation. 

So, no micrograph was a duplicate of another one. Then ten 

estimated micrographs were generated using the CGAN. In 

each micrograph, the average grain size was measured by the 

method described in Section 2.6. The results are plotted in Fig. 

10. The blue squares represent the mean value of the average 

grain sizes of the real micrographs. The red dots denote the 

mean value from the generated micrographs. The error bars 

mark the standard deviations in each subgroup.  

The absolute differences in average grain size between the 

real micrographs and the generated ones are all below 0.09 μm. 

The mean absolute error (MAE) among all peak brightness 

values is 0.05 μm. On the train set, the MAE is 0.04 the μm. 

On the validation set, the MAE is 0.08 μm. Although the error 

on the validation set is larger than the average, compared with 

the average grain size change among the dataset (0.75 μm), the 

error is relatively small. In conclusion, the CGAN can 

generate different micrographs according to various 

brightness values accurately.  

It is also noticed that the standard deviations in the 

generated micrographs tend to be larger. This is because some 

grain boundaries are blurred in the generated micrographs. 

When calculating the average grain size by hand, there were 

always human errors. This will be solved by gathering more 

 
Fig. 9 The estimated micrographs and the real ones correspond to the brightness of 0.62, which is left out as validation data. 
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Fig. 10 Measured average grain sizes from the real micrographs and the generated ones. 

 

experimental data and improving the algorithm in future work. 

 

3.5 Real-time microstructure monitoring 

To enable real-time microstructure monitoring, the machine 

learning model needs to generate the estimated micrographs 

quickly. Substantial progress has been made in the physics-

based models that predict microstructures under known 

governing laws.[48-54] These methods include density function 

theory (DFT), phase field, Monte Carlo, etc. However, these 

physics-based models usually require high computational 

costs. It is unrealistic to use physics-based models for real-

time microstructure prediction in advanced manufacturing 

systems. The data-driven machine learning (ML) approaches 

offer potent alternative tools to simulate the material’s 

microstructure. After training, the data-driven ML algorithms 

can generate the simulation results almost instantly without 

knowing the governing laws.  

In this study, the time needed to generate a micrograph 

using the style-based CGAN was tested. After training, the 

machine learning model typically can generate 10 

micrographs in 1 second from the brightness value, which 

means it takes about 0.1 sec to generate one micrograph. The 

test was conducted using a regular personal computer with 

Intel(R) Core(TM) i7-6920HQ CPU @ 2.90GHz, and 32 G 

RAM.  

Thus, we demonstrate a cost-effective, real-time 

microstructure monitoring method. The only equipment 

needed is a camera, a regular computer, and a trained ML 

model. 

 

4. Conclusion 

In this work, a cost-effective, online microstructure estimation 

method based on a novel machine-learning algorithm, style-

based CGAN, is demonstrated. A camera captured the in-situ 

thermal emission during the laser sintering process. A strong 

correlation was observed between the thermal emission 

brightness at the center of the laser spot and the corresponding 

ceramic microstructure at the exact location. In general, an 

increase in brightness leads to an increase in grain size. Thus, 

the center laser spot brightness can be used as an indicator of 

the microstructure. The style-based CGAN learned this 

correlation after training and could generate high-fidelity 

micrographs whose microstructural features were close to the 

real ones. The style-based CGAN could also estimate the 

microstructure corresponding to a brightness value, not in the 

train set by interpolation. To quantitatively evaluate the 

fidelity of the estimated micrographs, the mean absolute error 

in average grain size was used as the metric. On the train set, 

the mean absolute error is 0.04 μm. The absolute error on the 

validation set is 0.08 μm. These results suggest that the 
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generated microstructure images agree well with the real ones. 

In addition, the algorithm can generate one image in less than 

0.1 seconds on a personal computer (e.g., Intel(R) Core(TM) 

i7-6920HQ CPU @ 2.90GHz 2.90 GHz, 32 G RAM). This 

makes the machine learning model suitable for online 

estimation of the microstructure during laser sintering. 
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