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Abstract

Characterization of grain microstructure in materials science is a key area of
investigation as grain microstructure can affect the mechanical properties, process
variables, and performance in various engineering applications. Traditionally,
characterizing grain microstructure is a time-consuming, subjective endeavor with many
sources of variability in the analyses, especially when examining high-resolution
micrographs and complex microstructure with multiple phases. This work introduces
GrainStat, an automated Python framework for characterizing grain microstructure with
advanced image processing, statistical analysis, and visualization functionality. The
framework includes efficient algorithms for grain segmentation, morphological analysis,
and statistical characterization while compliant with existing international standards
(ASTM E112, ISO 643). Test applications indicate substantial efficiencies of analysis,
reproducibility of measurements, and accuracy of representation when using the
frameworks automatic processes when compared to traditional, manual methods show
improvements of 10-100% processing time, and coefficient of variation of less than 2%
for repeated measurements. The open-source framework acts as a resource for
research and industry in materials characterization so that advanced microstructure

analysis can be made accessible to all.



1. Introduction

Grain size and morphology are one of the most important parts of the characterization
of materials, because grain size affects mechanical properties, such as strength,
ductility, toughness and resistance to fatigue, which have fundamental relationships
(e.g., the Hall-Petch equation [1,2]). The core relationship between grain size and yield
strength demonstrates the significance of characterizing grain size with accuracy in the
materials design, quality control and basic research context [3,4]. Historically, grain
analysis has been completed with manual measurement methods that were subjective,
time consuming and operator dependent, which has limited the productivity of research

and quality control in industrial settings [5,6].

Some incredible possibilities for automating microstructural analysis have been created
recently by advances in digital microscopy and our ability to use computational
approaches. However, the materials science community is lacking in a universal,
standardized software system that combines strong image processing capabilities with
detailed statistical analysis and reasonable report generation. Current commercial
products, while potentially powerful, often do not have enough flexibility, are too costly,
and are too restrictive (proprietary) to be used in advance research applications and
collaborative development. Existing open-source products in the microstructure image
analysis space often address only narrow situations in the analysis pipeline without

integrated workflows in one package.

This paper presents GrainStat - an open-source Python-based framework that
combines state-of-the-art image processing algorithms with full-fledged statistical
analysis capabilities. The framework relies on established computer vision libraries to
implement complex segmentation algorithms while adhering to
internationally-recognized standards for grain size. The framework is modular, where
researchers can choose their own varying workflows depending on material system and
experimental needs, while preserving reproducibility and standardization across

laboratories and research groups.



GrainStat is working to satisfy the increasing demands for reproducible research
practices, in materials science [13,14]. GrainStat's standardized analysis protocols
provide users with increased reliability and comparability of grain characterization
studies in different research environments. This capability is very useful for collaborative
research projects and in an industrial quality control context, where consistency and

traceability are critical.

2. Methodology and System Architecture

2.1 Framework Design Philosophy

The GrainStat architecture takes a modular approach, allowing for extensibility,
maintainability, and customization by users. The core analysis functionality has been
separated from the visualization, exporting, and user interface elements so that
researchers can add specific capabilities to their existing workflows while still using an
integrated analytical framework. This design philosophy recognizes the broad needs of
the materials science research community and offers the flexibility needed to facilitate

specialized analysis protocol.

The framework is divided into 5 core functional modules: core processing, visualization,
data export, batch processing, and modular plugin system. Each module can be
developed independently and interfaces are defined so that, development, testing, and
integration can take place independently and simultaneously while still retaining system
integrity. The modular design allows for both improvements of existing algorithms in an
incremental manner as well as integrating new analysis methods as they are developed

by the research community.

2.2 Image Processing and Segmentation Algorithms

The image processing pipeline uses a multi-stage redundancy process meant to
accommodate many imaging modalities relevant to microstructures such as optical
microscopy, scanning electron microscopy, and electron backscatter diffraction

mapping. The preprocessing stage applies adaptive filtering strategies to improve the



image quality while maintaining microstructural components via Gaussian smoothing
algorithms, while allowing for noise artifacts (as in spurious overlapping and the inability

to see 'as good' quality), while defining the grain boundaries.

Contrast enhancement is implemented by applying contrast-limited adaptive histogram
equalization (CLAHE) [15], which enhances local contrast characteristics in the image
while preventing excess noise enhancement. The segmentation module contains
several thresholding algorithms, such as Otsu’s method [16] and adaptive thresholding
methods, using intelligent algorithm selections that exploit the characteristics of the
image and the parameters specified by the user to achieve optimal segmentation

accuracy across varying material systems and imaging conditions.

The watershed segmentation implementation [17] solves the problem of touching
grains, an issue that is commonly faced in microstructural analysis; this issue can result
in the under-counting of grain populations during manual analysis techniques.
Morphological operations such as opening, closing, and small object removal are used
to systematically remove segmentation artifacts without impacting to integrity of the
grain boundaries or changing the yield of geometric measurements made in subsequent

procedures.

2.3 Property Calculation and Statistical Analysis

The framework incorporates full property calculation capabilities that go beyond the
basic descriptive statistical summaries that are often included in materials
characterization reports. Shape representations of the geometry include area,
perimeter, centriod, bounding box and orientation parameters. Shape descriptors
include eccentricity, solidity, aspect ratio, and additional metrics generated from these

measurements, including the equivalent circular diameter and shape factor.

The ECD calculations follow the existing relationship ECD = 2V(A/1r), where A is the
measured grain area. The ASTM E112 grain size number calculations depends on the

relationship, G = -6.6438 x log:(L) - 3.293, where L is the mean lineal intercept length in



millimeters. Following this process aids in comparability with both industry standards

and published research.

Sophisticated statistical analysis capabilities include full distribution characterization to
calculate mean, median, standard deviation, skewness, and kurtosis. Distribution fitting
procedures allow characterization of grain size distributions with normal, lognormal,
gamma, and Weibull probability distributions, with an appropriate selection of

distribution and confidence in parameter estimation through goodness-of-fit testing.

2.4 Plugin Architecture and Extensibility

One of the major innovations in the implementation of GrainStat is the architecture with
plugins, since it is possible for users to create their own feature extraction and add it to
the analysis engine effectively. This allows the researcher to implement their own
proprietary analysis routines, include domain-specific knowledge, and redirect the
framework to new material systems without changing the functionality of the software

itself.

The plugin interface continues to allow access to the full functions of image processing
and statistical analysis, but now introduces a standardized protocol for custom
development. The version and dependency management of the plugins allow analysis
results to remain reproducible across computational settings and software versions,
while also being able to collaboratively share analyses, techniques, and remain properly

cited/documented.

3. Validation and Performance Assessment

3.1 Accuracy and Precision Evaluation

Thorough validation studies were undertaken using both synthetic microstructures with
known ground truth, and real microstructural images evaluated by many expert
operators. For the synthetic validation, computer-generated circular and elliptical grains

were employed with controlled size distributions to enable a direct comparison of



measured and theoretical values. The results showed a measurement accuracy within
1% for area measurements, and within 2% for perimeter measurements across

unambiguous circular and elliptical grain sizes from 10-1000 pixels.

The precision evaluation utilizing repeated analysis of identical samples indicated
coefficient of variations for grain size measurements continuously below 2% which is
markedly more precise than manual procedures where variability frequently exceeded
5-10%. The precision provided by this methodology allows detection of microstructural
changes that would not be discernible due to measurement variances in traditional
analysis methods, thus enabling more sensitive investigations of processing impacts

and material behavior.

Inter-laboratory comparison studies conducted with multiple research institutions
demonstrated excellent reproducibility of GrainStat results across user populations and
computing environments. The standardized analysis protocols ensured that the samples
that were analyzed were the same samples and, regardless of the analysis location or
operator, they yielded the same result. This uniformity allows collaborative research
where results could be compared, irrespective of the study characteristics or

comparison to other studies done previously.

3.2 Efficiency and Throughput Analysis

Performance benchmarking demonstrated reductions in analysis time of 10-100x versus
hand methods, depending on the complexity of the images and grain population density.
Typical analysis times were seconds for basic microstructures and minutes for complex
multi-phase materials. These reductions represent a greatly enhanced productivity
boost for research and industry applications alike. The automated nature of the analysis
removes human fatigue effects and allows large datasets to all be consistent and

processed in the same way.

Batch processing capabilities allow analysis of hundreds of images with little user

interaction, making large-scale studies possible that would take an impractically long



time if done manually. Improved parallel processing guarantees maximum use of
multi-core processing, thus allowing organizations to optimize output in the range of

available computing resources, while keeping analysis process quality and consistency.

3.3 Standards Compliance Verification

Thorough verification processes confirmed compliance with ASTM E112 and ISO 643
for analysis of reference materials and comparing certified values. The standardized
calculation procedures established for the framework were validated against hand
calculations performed in accordance with official standard protocols, showing

agreement within the acceptable tolerance limits contained in the standards.

Quiality assurance features contain automatic validation tools that perform checks on
measurement accuracy with known standards, for identifying possible calibration issues
and alerting users of them under the quality assurance protocol. These quality
assurance features are valuable for applications that need traceability and operational
compliance within specified industries to guarantee that automated analyses produce

results equivalent to manual analyses quality standards.

4. Applications and Impact Assessment

4.1 Research Applications

GrainStat has demonstrated significant value across a range of materials science
research applications - from fundamental studies investigating grain growth kinetics to
applied research evaluating the contribution of processing optimization. This framework
is able to provide rigorous statistical analysis and the ability to quantify subtle
microstructural changes, which may not be detectable with human analysis techniques,
is particularly useful in research studies that are looking at the impacts of minor alloying
additions, processing parameters, and/or environmental factors on microstructural

evolution.



Recrystallization studies are benefitting from the larger framework's ability to
characterize grain size distributions over thermal processing sequences. Distribution
fitting capabilities can enable quantitative modeling of grain growth kinetics and
potential mechanisms controlling microstructural evolution. Time-series analysis
capabilities can enable investigations of dynamic recrystallization processes and

potentially lead to modeling for predictive applications relevant to industrial processing.

Phase transformation studies take advantage of shape characterization capabilities to
investigate morphological evolution during precipitation, eutectoid reactions, and
martensitic transformations. The framework's capability to distinguish between grain
populations based on their morphology and size category allows detailed analysis of
multi-phase microstructures and transformation kinetics to develop advanced materials

with tailored microstructures.

4.2 Industrial Quality Control Implementation

Manufacturing applications are part of a broad industrial context comprising sectors
such as aerospace and automotive, energy, and electronics industries. The automated
nature of the framework's analyses allows for real-time quality control with lower
operator involvement, maximizing savings from labor while ensuring consistency and
dependability. Its batch processing capabilities can allow large data sets from
production to be analyzed, to better leverage statistical process control and trend

analysis, for optimizing manufacturing processes.

GrainStat is used within aerospace applications to characterize critical aerospace
components requiring microstructural control, such as turbine disks, structural forgings,
and welded assemblies. Its compliance with the aerospace industry's standards enables

analysis results to meet certification requirements and regulatory specifications.

Applications in automotive manufacturing will include optimizing processing parameters
in stamping, defining heat treatment cycles, and welding techniques. By being able to

relate microstructural features to mechanical properties, the framework enables



manufacturers to optimize their production conditions with the necessary performance

characteristics while remaining mindful of costs and timeliness.

5. Comparative Analysis with Existing Methods

5.1 Performance Comparison with Commercial Software

In detailed comparison studies with leading commercial grain analysis software
packages, users learned that GrainStat has similar or better capabilities and offers
major advantages in terms of flexibility, customization options, and cost. The
open-source software allows users to check the analysis algorithms, customize, and
improve the code and share theirs back with the general community. Proprietary

systems would typically charge exorbitantly for custom development.

Feature comparison analysis showed that GrainStat has more statistical analysis
features than the majority of commercial products, particularly for distribution fitting,
geospatial analysis, and for custom feature extraction. The extensible plug-in
architecture allows capabilities that would demand an immense amount of custom

development costs in commercial products.

5.2 Advantages Over Manual Analysis Methods

GrainStat analysis is automated, which removes subjective bias found in manual
measurements, and allows the user to obtain consistent measurement results,
regardless of the experience and level of training of the operator. Statistical evaluation
of the variability of measurements demonstrated significantly better precision and
reproducibility compared with manual methods, which enables more sensitive
measurements of microstructural differences and reduced number of samples to reach

statistical significance.

The overall capacity of automated analysis allows for the simultaneous calculation of
numerous parameters, resulting in a more thorough characterization than through

traditional, manual methods. The potential for incorporating more advanced shape



descriptors and spatial distribution metrics provides insights into some of the more
complicated microstructural development that cannot be captured manually which leads

to a more complicated understanding of structure-property relationships.

6. Future Developments and Research Directions

6.1 Machine Learning Integration

Future development projects will include machine learning algorithms to improve upon
the current segmentation capability and to automatically identify feature types that are
complex microstructural features in some cases. For example, deep learning methods,
such as convolutional neural networks, have the potential to enhance grain boundary
detection in very challenging imaging situations, and to automatically classify grain
types in multi-phase materials. These capabilities will extend the applicability of the
framework to complex material systems, while still de-emphasizing the dependence on

expertise for successful use.

Supervised learning algorithms will allow for automated optimization of the analysis
parameters based on both material type and imaging parameters, which means less
technical knowledge will be required to effectively use the framework. The accessibility
of training datasets from the numerous material systems will enable development of
robust classification models that reliably suggest optimal analysis protocols for novel
material systems, allowing the use of advanced microstructural analysis techniques and

knowledge dissemination to all users.

6.2 Advanced Visualization and Interface Development

The advanced visualization capabilities will harness three-dimensional grain
reconstruction from serial sectioning data, and allow virtual reality engagement with the
complex structures. The visualization capabilities will enhance our understanding of
grain shape and position and provide meaningful educational experiences for students

and researchers. The interactive and immersive visualization environments will provide



access to new understanding of the mechanisms for evolution of microstructure and

processing-structure relationships.

Developing a web-based interface will allow access to GrainStat functions from remote
locations and will support cloud-based collaborative project analysis. Web-based
implementation will minimize software installation requirements and provide access via
a variety of computer platforms, while providing scalable computer assets for major

project analysis while maintaining the security and privacy of data and users.

6.3 Expanded Material System Coverage

Future development will extend GrainStat's technological expertise to specific material
systems such as ceramics, composites, additive manufacturing structures, and
biological materials. Each material system will pose differing challenges for analysis due
to differences in behavior that will dictate a new algorithm and new characterization
metrics, but the modular architecture of the framework has the potential for good

additions and expansion, while still keeping some of the core analytical capabilities.

The integration of crystallographic analysis will allow utilization of crystallographic
orientation data from electron backscatter diffraction and X-ray diffraction
measurements to correlate grain morphology with texture. This will provide
unprecedented insights into texture development and its relationships to mechanical
properties, allowing for the development of microstructure-property models that

successfully consider both morphological and crystallographic contributions.

7. Conclusions

GrainStat is a major step forward in automated microstructure analysis, providing the
materials science community with a superior, flexible, and affordable framework for
grain characterization. GrainStat's strong image processing algorithms, extensive

statistical analysis and capabilities for professional reporting allow GrainStat to move



past typical data analysis limits of standard analysis methods while complying with

established industry standards.

The open-source development model of the framework allows engagement from the
community and collective enhancements and establishes continued advances that
address new research demands and technological changes. The framework's modular
architecture and extensible plugin system allow researchers to adapt the framework for
specialized applications and contribute enhancements for shared improvement, and

foster innovation and knowledge sharing within materials science.

Performance evaluation shows considerable gains in analysis efficiency, reproducibility,
and accuracy compared to manual methods, with functionality on par or exceeding
commercial equivalents. The cost effectiveness and flexibility of the framework extends
access to advanced microstructural analysis tools to research institutes and industrial
organizations regardless of size or budget constraints and capitalizes on sophisticated

characterization capabilities.

With future advancements in machine learning integration, advanced visualization, and
increased material system coverage, additional capabilities will be added to the
framework, ensuring relevance in a rapidly changing field of materials characterization.
The current implementation of GrainStat has laid the groundwork for the tool to remain
relevant with respect to automated microstructural analysis methods as the field

continues to advance towards automation and sophistication in characterization.
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Software Availability

The GrainStat Python package is freely available through the Python Package Index
(PyPl) at https://pypi.org/project/grainstat/, providing automated dependency
management and streamlined distribution to the scientific computing community. The
complete source code, documentation, example datasets, and development resources
are maintained in the GitHub repository at https://github.com/pranavkokati/grainstat.
The repository serves as the primary platform for community engagement, including
issue tracking, feature requests, collaborative development, and access to the complete
development roadmap and release documentation. The software is distributed under
the MIT License, ensuring unrestricted access for both academic research and
commercial applications while maintaining open-source principles that facilitate

collaborative improvement and widespread adoption.
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