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Abstract. Characterizing materials through manual extraction of phys-
ical properties from microstructure images is a laborious process. This
work presents a workflow to extract porosity, solid fraction, grain size dis-
tribution, and pore size distribution from scanning electron microscopy
(SEM) images of sintered ceramic samples using an automated pipeline.
The primary challenge for extracting physical properties from SEM im-
ages is the presence of unimodal histograms in SEM images as a result of
the overlapping intensity ranges for the grain and pore phases. We evalu-
ated several different methods for noise reduction and local thresholding
of SEM images. We find that topological filtering in combination with
Sauvola thresholding enables segmentation and extraction of physical
property data from SEM images. We validated the automated pipeline
by comparing our results with the results of manual analyses performed
for samples sintered at 1200°C and 1400°C and achieved an Intersection
over Union (IoU) score of 95.14% and 99.85%, respectively. The work-
flow provides an efficient means to automatically extract microstructure
properties from SEM images as a crucial step in generating materials
datasets for machine learning.

Keywords: image analysis - microstructure characterization - additive
manufacturing

1 Introduction

Sintering-assisted additive manufacturing (SAAM) enables the fabrication of
complex ceramic components for many different applications, including energy
systems and hypersonic vehicles [IT]. Traditional microstructure characteriza-
tion methods require manual segmentation followed by extraction of physical
characteristics of microstructure using software tools such as ImageJ [36]. As
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a result, the manual process achieves very low throughput rates, and the sub-
jective nature of the segmentation process can create additional variability in
the data produced. The computer vision community has developed numerous
automated segmentation techniques. Sezgin and Sankur [37] reviewed over 40
different thresholding techniques and classified these techniques based on his-
togram shape, clustering, entropy object attributes, spatial correlation, and local
adaptive methods. They concluded that there will not be one method that is op-
timal for all image types, and therefore, each specific image domain will require
a different method that will produce optimal results for that specific domain.
The time bottleneck has broader implications for the field of data-driven materi-
als development and research, as machine learning models for materials science
will use annotated datasets to identify and learn about processing-structure-
property relationships [353]. However, because the experimental nature of ma-
terials research creates uncertainties and barriers to producing new data for use
in machine learning model building, there will continue to be a fundamental lim-
itation to the availability of suitable training data. Global thresholding methods
like Otsu’s Method [29] work well on images of bimodal histograms, which have
a clear separation between the two phases. The challenge of conducting manual
analysis of SEM images is caused by the type of microstructures found in sin-
tered ceramics, which are characterized by unimodal distribution of grain and
pore intensities within SEM images. This means that grain and pore intensities
overlap, so they do not have distinct peaks or local minima or maxima on the
histograms. Global thresholding methods are not appropriate for unimodal his-
tograms when the intensity distributions of the image overlap significantly [30].
A new method for thresholding was proposed by Kapur et al. [23] using an
entropy-based metric to maximize the total entropy of the segmented regions.
Niblack [28] developed the first local adaptive thresholding method, based on
the local mean and standard deviation of pixel values. Sauvola and Pietikéi-
nen [34] improved on Niblack’s approach by introducing a sensitivity parameter
that enhances thresholding results for images with variable contrast. Automated
segmentation techniques have also been applied in materials science. Choi and
Choi [20] applied watershed segmentation for the automated detection of grain
boundaries in metallic microstructures. Morphological decomposition techniques
have been proposed by Decenciére and Jeulin [12] for studying the geometry of
complex random structures in materials. Gostick et al. [I8] introduced an image-
processing toolkit for porous media characterization. Most of these methods rely
on the assumption of clearly defined grain boundaries between particles or lack of
significant noise, which is not always valid for many ceramic systems. Meyer and
Beucher [25] developed the marker-controlled watershed algorithm, in which the
seed markers can be positioned to provide more accurate segmentation. Adams
and Bischof [2] developed algorithms for a seeded region growing technique, ag-
gregating pixels based on their similarity.
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2 Materials and Methods

2.1 Image Dataset and Sample Preparation

An experimental dataset was collected from scanning electron microscopy (SEM)
images taken from slip-cast samples made of alumina (Al,O3) that had been sin-
tered at two different temperatures, one at 1200°C (169 images) and 1400°C (206
images). Green bodies were made using slip casting and were dried under a 90%
relative humidity, debound using a temperature of 600°C, and then sintered us-
ing a heating rate of 10°C per minute to their target temperatures, held for 2
hours, and allowed to cool afterwards. The images were taken from a series of
cylindrical cross sections at regular intervals, 0.1 mm apart in the horizontal di-
rection and 0.5 mm in the vertical direction. The SEM used to take the images
was a Regulus Scanning Electron Microscope and was able to take images with
an accelerating voltage of 3.0-10.0 kV, an 8.4-8.5 mm working distance, and a
magnification of 15,000 (with a scale bar of 3.00 pm). The imaging modality
at this point was secondary electron (SE) and was set for ultra-low (UL) land-
ing energy to show greater detail on the surface. The sintering temperatures
correspond to different stages of microstructure evolution. The samples heated
to 1200°C exhibited a fine-grained porous structure where the individual grains
are clearly visible, while at 1400°C, nearly complete densification occurred along
with major grain growth and well-defined boundaries. Representative examples
of the SEM images of the microstructures are shown in Fig.

Regulus 10.0kV 8.7mm x15.0k SE(UL) 3.00pm

Fig. 1. Examples of SEM Images of slip-cast alumina samples sintered at (left) 1200°C
and (right) 1400°C.

2.2 Image Analysis Pipeline

The Python programming language and standard libraries that support scientific
calculations are the basis for developing the automation pipeline for the project.
These include image processing library, OpenCV [7], the scientific computation
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library SciPy, and the image processing library scikit-image [41]. The pipeline
includes the following five phases: 1) Noise Filtering, 2) Image Binarization, 3)
Calculation of Solid Fraction and Porosity, 4) Grain Size and Distribution 5)
Pore Size and Distribution. For comparing the results of the workflow, we use
PoreSpy [I7], an open source Python-based toolkit, which performs quantitative
analysis of porous materials from volumetric images. Functionality in PoreSpy is
divided into six categories: generators for creating synthetic images, filters for ap-
plying morphological operations, metrics for quantitative analysis, networks for
creating pore networks, tools as helper functions, and io for converting formats.

2.3 Noise Filtering

SEM images suffer from shot noise, thermal noise, and charging effects on in-
sulating surfaces [I5]. These sources of noise degrade the image quality, which
can be mitigated by noise filtering algorithms. We experiment with six filtering
techniques across the four primary denoising paradigms [I6] to identify a filter
to preserve microstructure. Spatial domain denoising reduces the noise by oper-
ating on the pixel intensity values of the original image. In Gaussian denoising,
a linear filter is applied to smoothen the image. Median denoising [2] is a non-
linear edge-preserving filter, which eliminates salt-and-pepper noise. Bilateral
denoising [39] is a modern edge-preserving filter that uses spatial filtering and
range filtering to eliminate noise while preserving edges. In frequency domain de-
noising methods, the image is transformed into a frequency representation. The
non-local means [§] denoising method takes advantage of similar textures that
occur over multiple locations throughout the entire image and is particularly
effective for repeated texture patterns (grain structures). Optimization-based
denoising methods include total variation [33], i.e., minimizing total variation
while also preserving edges. Topological denoising methods focus on preserv-
ing geometrical and structural features. PerSplat [30] uses persistent homology,
which preserves topologically significant features and splats the noise. The eval-
uation of the six filtering methods included comparisons of peak signal-to-noise
ratio (PSNR) and preservation of physical properties (porosity) with respect
to the values obtained from manual segmentation in ImagelJ for each filtering
technique. Examples of filtered images are shown in Fig. [

2.4 Image Binarization

Sintered microstructure images exhibit unimodal histograms, i.e., grain and pore
phases share overlapping intensity ranges without distinct peaks [30]. To over-
come this, we use Sauvola thresholding based on the following three factors.
First, from the theoretical concept, Sauvola uses the local mean and standard
deviation to derive the statistics required for microstructures with an overlap-
ping intensity distribution. Methods like Bernsen [6], which uses the maximum
and minimum range, are ineffective when local contrast is low, as in densified ce-
ramic materials. Second, prior applications in materials science illustrate Sauvola
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Median Filter Non-Local Means Bilateral Filter

Fig. 2. Comparison of noise filtering algorithms.

has already been used successfully on low-contrast biomedical images [32] and
metallography [9]. Sauvola thresholding computes local threshold as

T(o.9) = o) |14k (D52 - 1)) m

where z and y are the pixel coordinates, u(z,y) and o(z,y) are the local mean
and standard deviation computed over a square window size w X w centered
at pixel (z,y), k is a sensitivity parameter that governs how much the local
standard deviation pulls the threshold away from the local mean, and R is the
dynamic range of the standard deviation. While R has minimal influence on the
binarization quality, both k& and w substantially influence segmentation quality
and requires image-specific tuning [19]. Local hyperparameter optimization was
performed, tuning the k& parameter and window size w for each temperature class
to compare against manually thresholded images.

2.5 Solid Fraction, Porosity, Grain Size and Pore Size Calculation
Following binarization, the solid fraction ¢ is calculated as
Nwhit
= e 2)
total

where Nynite 1S the number of white pixels and Nita is the total number of
pixels. Porosity P is the complement

P=1-¢. (3)

Grain size analysis follows the four-step workflow illustrated in Fig. (3} (1) Bilat-
eral filtering for preprocessing, (2) morphological gradient for boundary detec-
tion, (3) skeletonization for boundary thinning, and (4) random measurement
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lines for mean intercept length calculation [4], providing an estimate of average
grain size. Bilateral filtering was used to remove noise while preserving edges,
the morphological gradient was calculated with a 5x5 kernel to highlight grain
boundaries, and adaptive thresholding was used to develop a binary map of
grain boundaries. The thresholding values used in the binary map were 20 for
the 1200°C test and 35 for the 1400°C. The random line intercept method was
applied by generating n = 50 random measurement lines across each image [I],
detecting the number of intersections along each line with grain boundaries, and
filtering out noise using a minimum gap filter of 3 pixels for 1200°C and 12 pix-
els for the 1400°C images. The number of randomly measured lines was selected
based on recommendations for measuring lognormal grain size distributions of
small dataset sizes (n<100) [24]. Mean grain size and standard deviation were
computed across the whole dataset for each temperature class.

Morphological Gradient

Original Image
g

Detected Boundaries
(13,420 pixels)
N

Measurement Lines (n=44)
(Green: Valid, Red: Edge Points)
|

Fig. 3. Grain size analysis workflow: (top-left) original image, (top-right) morphologi-
cal gradient, (bottom-left) detected boundaries, and (bottom-right) measurement lines
with edge points.

Pore detection utilizes morphological reconstruction using dual threshold-
ing [I4]. This includes two complementary masks, the Sauvola threshold to de-
tect all pore boundaries, and a percentile threshold that detects definite pore
regions. The workflow begins with bilateral filtering followed by contrast-limited
adaptive histogram equalization (CLAHE) [42] with a clip limit of 2.0 and a tile
size of 8 x8 pixels to enhance local contrast. The Sauvola boundary mask utilizes
adaptive thresholding to identify all potential pore pixels. Combined with a per-
centile seed mask, which identifies definite pore regions using pixels below the
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5th percentile of image intensity. True pore regions were reconstructed through
iterative geodesic dilation [40J38].

R (J) = (R ()@ B) AT (4)

where J is the seed mask, I is the boundary mask, B is the structuring element,
@ denotes dilation, and A denotes the point-wise minimum. Iteration continues
until idempotency is reached [40].
I1&B = I(x—10 5
(I ® B)(z) = max I(z — b) (5)
The reconstruction expands the conservative seeds to fill accurate pore shapes

while eliminating false positives. For each pore, we compute the area, perimeter,
equivalent diameter. An example of the pore detection workflow is shown in

Fig.

Original SEM Image

Fig. 4. Processing steps for computation of pore size distribution: (top row, left to
right) Original SEM image, preprocessed image with bilateral filtering and CLAHE,
final pore mask; (bottom row) pore overlay showing detected pores, and individual
pores color-coded for analysis.

2.6 Evaluation Metrics

Intersection over Union (IOU) The intersection-over-union (IOU) metric,
also known as the Jaccard similarity coefficient [22], measures the overlap be-
tween predicted segmentation P and the ground truth segmentation G.
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=
The use of the IOU metric as a segmentation benchmark is a long-established
practice for computer vision tasks [3TJI0]. While pixel accuracy can be misleading
when datasets are imbalanced, this is not true for IOU, which equally penalizes
false positive and false negative results [10]. This distinction is important for
our application since pores only occupy a small fraction (2%-12%) of the image
area. IOU has been used as a metric for segmentation accuracy in the field of
material research. For instance, DeCost et al. [I3] utilized IOU to validate the
segmentation of steel microstructures through deep learning techniques. Azimi
et al. [5] reported IOU for automated steel phase segmentation, and Chowdhury
et al. [9] used the Jaccard index (IOU) for microstructure classification.

IoU =

Signal-to-Noise Ratio (SNR) The Signal-to-noise ratio (SNR) measures the
quality of filtered images as

Psi na

SNR = 101log,, (gl) , (7)
Pnoise

where Piignal is the power of the filtered image and Poise is the power of the

residual between the original and the filtered image, i.e.,

s1gnal Z Iﬁltered ) (8)

1 . .
Pnoisc == N Zl [Ioriginal(z) - Iﬁltcrcd (Z)]z . (9)

Here, Ioriginal is the raw SEM image, Igitered is the filtered image, and NN is the
total number of pixels.In SEM images, signal refers to the actual differences in
intensity produced by the microstructural features, while noise is the residual
between the filtered and original images [I5]. SNR has been a widely used metric
for measuring the quality of images in signal processing [16]. SNR has been used
to evaluate filtering techniques for material characterization. DeCost et al. [I3]
used SNR to compare preprocessing methods for metallography. Miinch and
Holzer [27] used SNR to evaluate noise reduction for tomographic reconstruction.

3 Results

3.1 Noise Filtering Performance

Traditional filtering techniques apply signal processing methods to analyze mi-
crostructures, whereas the PerSplat algorithm derives feature identification based
on topological persistence on multiple levels of grayscale intensities. Table [I] pro-
vides a summary of each filter on each temperature class. PerSplat performed
well with an SNR increase of 25.0 dB for 1200°C and 22.3 dB for 1400°C images,
yielding the porosity value closest to the manual segmentation.
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Table 1. Comparison of signal-to-noise ratio (SNR) and computed porosity values
for the filter algorithms applied to images of microstructures sintered at 1200°C and
1400°C.

1200°C 1400°C

Filter Method SNR (dB) Porosity SNR (dB) Porosity

Manual Segmentation 0.09 £ 0.02 0.0027 + 0.0019
NL-Means 22.3 0.05+£0.01 20.6 0.0004 &+ 0.0005
Gaussian 177  0.04 £0.01 19.9 0.0003 £ 0.0004
Total Variation 170 0.03 £0.01 18.5 0.0002 £ 0.0004
Median 11.7  0.04 £0.01 14.7  0.0003 £ 0.0005
Bilateral 184 0.03 £0.01 19.0 0.0002 £ 0.0003
PerSplat 25.0 0.03£0.01 223 0.0044 + 0.0029

3.2 Binarization Validation

Unlike materials with distinct phase contrast, sintered single-phase ceramics ex-
hibit unimodal intensity distributions where grains and pores overlap in grayscale
images. Sauvola thresholding works because it uses local image statistics rather
than assuming global intensity bimodality. Results of the binarization and seg-
mentation using Sauvola thresholding are reported in Table [2] Sauvola thresh-
olding achieved good agreement with manual analysis with a mean 92.18% 10U
for 1200°C images and 99.35% IOU for 1400°C images.

Table 2. Comparison of segmentation using automated thresholding against manual
segmentation using ImageJ. Values reported are Intersection over Union (IOU) scores.

Segmentation Validation (IOU)
Temp. Mean (%) Median (%) Std Dev (%) Min (%) Max (%)
1200°C  92.18 92.82 2.24 86.07 95.14
1400°C  99.35 99.45 0.35 98.64 99.85

3.3 Physical Property Extraction

Results for the physical property extraction are shown in Table [3] The 1200°C
class produced an average porosity of 12.4 + 2.7%. For 1400°C, the porosity
decreased to 2.44 + 0.68% , showing nearly complete densification. The mean
grain size increased by 3.7 times between 1200°C and 1400°C, which increased
the atomic mobility and grain boundary migration as the temperature increased.
We compared our grain size measurements with the NIST Grain Size Analysis
Tool, an open-source software that allows users to automate grain boundary seg-
mentation and measure grain sizes using ASTM E112 compliant intercept meth-
ods on SEM images [26]. The comparison with manual segmentation showed that
our workflow is in closer agreement than GSAT. The discrepancy is ascribed to
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the fact that NIST GSAT does not apply a minium gap filter between successive
grain boundaries, and therefore overestimates the number of intercepts per line,
resulting in a lower mean intercept length. In contrast, our workflow includes
a minimum gap filter between consecutive boundary crossings, which reduces
the number of spurious intercepts caused by noise artifacts, sub-grain contrast
differences and resolved boundaries. The morphological reconstruction used for
pore identification accurately distinguishes true pores from grain boundaries. For
the 1200°C class, the workflow identified an average of 292 4+ 102 pores/image
with a mean equivalent diameter of 0.148 + 0.032 pym and a mean pore area
of 0.023 £ 0.008 um?, while for the 1400°C class, 183 4 61 pores/image were
detected with a smaller average equivalent diameter of 0.074 £+ 0.008 pym and an
average pore area of 0.007 & 0.002 um?. For comparison of our pipeline, we used
PoreSpy [I7]. PoreSpy measured lower porosity values and smaller pore sizes
than our workflow. The quantitative difference is due to PoreSpy’s method of
determining chord length distribution, which measures pore space statistically
using random linear sampling rather than identifying discrete pore boundaries of
individual pores. Our morphological reconstruction approach provides individual
pore segmentation, which enables direct measurement of pore-specific properties.

Table 3. Physical property extraction results for microstructures sintered at 1200°C
and 1400°C.

Grain Size

1200°C 1400°C
Grain Size (pm) Grain Size (pm)
Manual Segmentation 0.41 £ 0.05 2.04 £ 0.50
Workflow 0.54 £ 0.18 1.99 + 0.57
NIST GSAT MLI 0.07 £ 0.01 0.15 £+ 0.03
Pore Space
1200°C 1400°C
Porosity Mean Pore Dia. Porosity Mean Pore Dia.
(%) (nm) (%) (nm)
Manual Segmentation 9.4 + 2.0 0.27 £+ 0.20
Workflow 12.4 + 2.7 0.148 £ 0.032 2.44 £ 0.68 0.074 £ 0.008
PoreSpy 9.8 £ 1.7 0.031 £ 0.004 0.49 £+ 0.22 0.019 + 0.008

4 Conclusion

An automated image analysis pipeline was developed and validated for quanti-
tative characterization of sintered ceramic microstructures. The key outcome of
this study was the establishment of a workflow that is in agreement with expert
manual segmentation results. This work represents the combination of materi-
als science methodologies with computer science techniques by validating the
synthetic data generation, which creates opportunities for data-driven design of
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materials. Future work will include the creation of conditional generative models
for generating microstructures from a set of specified process parameters, build-
ing machine learning frameworks that integrate physical principles, expanding
the application to other material systems, and the integration of tomographic
data for three-dimensional characterization of sintered ceramics.
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