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A B S T R A C T   

Identifying individual grains from sectioned polycrystalline metals is a foundational task of microstructure 
analysis. However, traditional grain segmentation methods applied to optical micrographs may suffer from the 
lack of optical contrast between grains and require the manual selection of adjustable parameters to achieve 
acceptable segmentation results. We propose an alternative method which takes advantage of a multi-angle 
optical microscopy technique termed directional reflectance microscopy. By combining dimensionality reduc
tion, similar-dissimilar classification, and multi-region merging of surface directional reflectance, our method 
enables fully automated and reliable grain segmentation of polycrystalline surfaces. We apply our method to 
metal samples with different crystal structures and grain orientation distributions. Our results suggest applica
bility of the method to a wide range of microstructures, enabling a more objective, robust, and universal 
characterization of polycrystalline metals.   

1. Introduction 

Many relevant properties of polycrystalline metals—including me
chanical strength [1], toughness [2], and fracture resistance [3]—are 
governed by the morphology and size distribution of their constituent 
grains. Characterizing these quantities is essential to establish structure- 
property relationships and to predict performance of engineering ma
terials. Several well-established techniques, including scanning electron 
microscopy [4–8], transmission electron microscopy [9], and three- 
dimensional X-ray diffraction [10] already enable the accurate anal
ysis of grain structures in polycrystals. However, these techniques suffer 
from a high equipment cost and are both time- and resource-intensive. A 
fast, simple and affordable alternative method to analyze polycrystalline 
microstructures is to characterize the cross-section of chemically etched 
samples by optical microscopy [11,12]. Some etchants reveal the 
microstructure of a polycrystal by dissolving grain boundaries, leading 
to recognizable dark traces at the interfaces between grains. On the basis 
of the resulting optical contrast, micrographs can be segmented into 
grains semi-automatically, for instance using image processing meth
odologies that combine watershed segmentation [13,14] with region 
merging operations [15–17]. The result is a collection of separate do
mains corresponding to the constituent grains in the microstructure, 

which forms a simplified partitioning of the original image. Pixels 
belonging to the same grain are grouped under a common integer 
identifier. 

Despite its simplicity and convenience, optical grain segmentation 
suffers from two main limitations. First, generic algorithms such as 
watershed usually fail to segment the image when grain boundaries do 
not etch deeply enough to create a clear optical contrast between 
adjacent grains, or when etching is not uniform across the sample sur
face [14]. Some low energy grain boundaries, such as coherent twins, 
are known to be less reactive to chemical etching and thus leave a 
comparatively light optical contrast which is difficult to detect [18]. 
There have been attempts at overcoming this limitation using artificial 
neural networks [19,20]. However, these approaches require the 
manual annotation of a training set for each category of samples and 
have so far only produced moderate improvements. The second limita
tion stems from the variability in both sample microstructure and sur
face preparation, which often leads to differences in optical contrast 
from sample to sample. To compensate for this recurrent variability, the 
standard practice is to let a human operator adjust parameters of the 
image processing methodology to meet the correct level of segmentation 
for each individual microstructure. The watershed algorithm, for 
example, relies on the definition of appropriate markers to be used as 
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water sources for the segmentation. Similarly, in region-merging algo
rithms, a stopping criterion for the merging operation must be pre- 
determined before running the algorithm. This workflow is reliant on 
prior assumptions about the grain structure, which makes grain seg
mentation semi-subjective. It also requires that users develop in-depth 
knowledge about the functioning of the image processing algorithms 
in order to correctly process the data and interpret the results. Overall, 
the systematic requirement for parameter tuning makes the analysis 
more cumbersome and may lead to uncertain or irreproducible results. 

To avoid these limitations, we propose to employ directional 
reflectance microscopy (DRM) [21] as an optical technique for grain 
segmentation. DRM differs from conventional optical microscopy in 
several critical aspects. First, it requires the use of a crystallographic 
etchant rather than one which selectively attacks grain boundary traces. 
Crystallographic etching yields the formation of microscopic surface 
facets whose geometry and direction are dictated by the underlying 
grain orientation [22–24]. The micro-faceting leads to grain-specific 
anisotropic reflectance: the reflection intensity across the sample sur
face varies from grain to grain and as a function of the illumination 
direction relative to the viewer. DRM captures this anisotropic surface 
reflectance by collecting a series of optical micrographs of the poly
crystalline sample while incrementally varying the position of a light 
source to control the incoming light direction [25]. Therefore, a key 
difference with traditional methods is that the optical contrast resulting 
from crystallographic etching takes place between differently oriented 
grains, as opposed to the contrast obtained between grain boundaries 
and grains interior when using a grain boundary etchant. Moreover, 
while standard optical microscopy techniques are based on a single 
micrograph of the sample surface, DRM produces a multi-dimensional 
dataset consisting of many micrographs; each one characterized by the 
optical contrast observed under a different illumination direction. 

In this paper, we present a computational technique for segmenting 
the grain structure of different polycrystalline metals based on DRM. 
The principle of our technique is illustrated in Fig. 1 and detailed in the 
following sections. First, we use a dimensionality reduction algorithm to 
extract a reduced set of features from the DRM dataset. This first step 
enables the unsupervised selection of salient features in the reflectance 

signal that preserve distinguishability between grains and, at the same 
time, reduces computational complexity. We then train a logistic 
regression classifier (LRC) to distinguish locations belonging to different 
grains based on the corresponding reduced directional reflectance 
signal. Finally, we combine the trained LRC with a multi-region merging 
(MRM) operation into a unified algorithm—which we term LRC- 
MRM—to produce a segmentation of the polycrystalline microstructure. 
In contrast to standard optical techniques, our method is only weakly 
parametrized by tunable variables that are implemented primarily to 
enable faster computation, as opposed to influencing segmentation re
sults. This distinctive feature improves consistency of the results and 
avoids human input, thereby providing a fully automated, unbiased 
grain structure analysis of polycrystals. 

2. Materials and methods 

We apply our workflow to three annealed samples of pure metals 
(nickel, aluminium, and titanium) and one sample of nickel-based alloy 
Inconel 718. Prior to the DRM measurement, we ground the samples 
using a sequence of silicon carbide paper from 320 grit to 4000 grit, and 
then etched them by immersion in a chemical bath at room temperature. 
The first sample, Ni, is a sample of randomly textured polycrystalline 
nickel (>99.99%) with equiaxed grains, which we annealed at 1300 ◦C 
for 30 min. We etched Ni in Marble’s reagent (10 g copper sulfate, 50 mL 
36% hydrochloric acid and 50 mL deionized water) for 180 min. The 
second sample, Al, is a sample of polycrystalline aluminium (>99.99%) 
with a pronounced {100} crystallographic texture in the out-of-plane 
direction. We annealed Al at 400 ◦C for 6 h and etched it in a solution 
of 36% hydrochloric acid for 6 min. Ti is a sample of commercially pure 
titanium (>99%) with equiaxed grains, which we annealed at 800 ◦C for 
12 h. We etched Ti in Kroll’s reagent (2 mL hydrofluoric acid, 6 mL nitric 
acid, 92 mL deionized water) for 2 min. Finally, I718 is a sample of 
Inconel 718 (54% Ni, 18% Cr, 20% Fe, 5% Mo, 2%Nb, 1%Ti), which we 
produced by Directed Energy Deposition (DED) using a BeAM Magic 800 
machine and laser power and tool speed of 1600 W and 610 mm/s, 
respectively. The sample contains a mixture of equiaxed and columnar 
grains that result from the intrinsic variations in solidification 

Fig. 1. Segmentation of a polycrystal surface based on directional 
reflectance microscopy (DRM). (a) A DRM dataset consists of a collec
tion of optical micrographs captured under varying illumination di
rections. (b) The original dataset is reduced to a condensed set of 
features that preserve contrast between grains while minimizing 
computational complexity. (c) A logistic regression classifier (LRC) 
combined with a multi-region merging (MRM) operation is used to 
segment the microstructure automatically. (d) A segmentation of indi
vidual grains is generated by the LRC-MRM algorithm.   
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conditions during the DED process [26]. We heat-treated I718 following 
the AMS5663 standard (60 min solution treatment at 954 ◦C followed by 
age hardening at 718 ◦C for 8 h, followed by age hardening at 621 ◦C for 
8 h), ground and polished it to a mirror-like finish using a silica sus
pension solution, and then etched in a bath of Kalling’s 2 reagent (5 g 
cupric chloride, 100 mL hydrochloric acid, 100 mL ethanol) for 10 min. 

For each sample, we acquired a separate DRM dataset according to 
the procedure described in reference [25]. Our DRM apparatus includes 
an Olympus SZ6145 stereomicroscope equipped with a 110ALK0.3×
objective lens, an industrial monochromatic CMOS camera with a res
olution of 2448 × 2048 pixels, and a collimated white LED as light 
source. We sequentially capture micrographs of the sample surface 
while controlling the incident illumination angle by incrementally 
varying the light source azimuthal (φ) and elevation (θ) coordinates 
through a motorized stage. We vary θ between 15◦ and 65◦ by steps of 
2.5◦, φ all around the sample by steps of 5◦, and collect one micrograph 
for each (φ,θ) combination. This wide range of motion—especially in 
the elevation—is enabled by the large working distance of our optical 
microscope (up to 35 cm), which provides enough clearance for the light 
source to move around the sample without masking the field of view. 
The complete DRM dataset contains 1′512 different micrographs, 
captured for each 72 × 21 combination of azimuth and elevation pair, 
respectively. The DRM dataset for I718 consists of a reduced set of 72 ×
8 = 432 micrographs taken by varying θ from 15◦ to 65◦ by steps of 10◦. 

We characterized crystal orientation in each sample by means of 
electron backscatter diffraction (EBSD, Oxford instruments Nordlys 2S 
detector) using a JEOL 7600F field emission scanning electron micro
scope. We employed a 15 mA emission current, 20 kV accelerating 
voltage, and a 15 μm step size. EBSD is a well-established electron mi
croscopy technique that measures local crystal orientation on poly
crystalline surfaces and is routinely used for accurate grain 
segmentation [27,28]. We provide the inverse pole figure (IPF) grain 
map of each sample in the Supplementary Materials. We used these 
measurements to compile a grain segmentation map for each sample 
through the built-in grain segmentation algorithm implemented in the 
Matlab MTEX software [5], which relies on a pre-defined misorientation 
angle threshold. We chose a threshold of 5◦ following ASTM standards 
[29]. We employ the EBSD-based grain segmentation as ground truth 
against which to compare our DRM-based segmentations results. For this 
purpose, we registered the two segmentation maps (from EBSD and 
DRM measurements) manually using a vector graphics editor software 
(Inkscape). During registration, we applied minor trans
formations—including rescaling, stretching, rotations, and shearing—to 
the EBSD map until we obtained a satisfactory alignment with the DRM 
map. We then converted the aligned EBSD map back to a labeled array to 
be used for further analysis through an in-house script written in the 
Python programming language. 

3. Results and discussion 

3.1. Sample selection and preparation 

We select a database of polycrystals to be segmented that consists of 
three pure metals and one metal alloy. The rationale for using pure 
metals is to produce samples with large grains through annealing. While 
a coarse microstructure is not a requirement for DRM, it facilitates the 
analysis of the directional reflectance signal across individual grains as 
well as the evaluation of our segmentation method performance when 
compared against a reference measurement (e.g., EBSD). We include the 
results from I718 to showcase the applicability of our DRM-based 
method to engineering alloys with complex microstructure and higher 
relevance to industrial applications. 

Similarly to any other optical and electron microscopy technique, 
DRM is sensitive to the quality of the sample surface. Thus, sample 
preparation is a critical step to ensure correct grain segmentation. Pre
vious studies have shown that surface imperfections, such as scratches, 

may yield to the identification of spurious grains [25], and that the 
reflectance signal varies with etching time and chemical etchant used 
[30]. However, DRM does not require a mirror-like surface finish (in 
contrast to EBSD). Instead, the desired surface state is usually obtained 
by fine mechanical grinding followed by chemical etching. This process 
yields reproducible results when using the same etching time, temper
ature, and chemical reagent on the same material. For more details on 
surface preparation for DRM, we refer to our previous works [21,25]. 

3.2. Reflectance datasets 

Chemical etching induces different surface morphologies depending 
upon the material being etched and the reagent used. Using a crystal
lographic etchant on a pure metal often results in the formation of 
micro-facets across the sample surface, which correspond to specific 
crystallographic planes. Previous studies have shown that, in Ni, the 
etched surface is dominated by {111}-type facets, which exhibit the 
lowest surface energy in face centered cubic (FCC) materials (Fig. 2a) 
and thereby have higher resistance to chemical dissolution [22]. In Al, 
which is also FCC, the crystallography of the etched-induced facets 
evolves over time upon etching towards {100} planes, which are less 
thermodynamically stable than {111}, but kinetically favored in this 
material [31,32]. In metal alloys, such as I718, the etch-induced surface 
topography is more complex and dominated by the different corrosion 
resistance of the constituent phases (e.g., the matrix and the pre
cipitates) or the elemental segregation that may be induced during 
processing of the material (e.g., the rapid solidification during DED) 
[12]. 

Regardless of their nature and crystallography, all these etch- 
induced structures impart directional reflectance to the sample sur
face. This directional reflectance signal measured across all illumination 
directions at a specific location on the sample surface—corresponding to 
a pixel in the optical micrograph—can be visualized versus the angles φ 
and θ in plots such as those shown in Fig. 2b. A comparison of such plots 
from pixels belonging to differently oriented grains shows a variety of 
configurations of reflection intensity maxima appearing at different 
(φ,θ) coordinates. Previous studies have shown that the angular co
ordinates of these reflection intensity maxima coincide with specular 
reflections of the incoming light beam at the etch-induced surface micro- 
facets [22,30]. Since the orientation of the micro-facets is determined by 
the underlying crystal orientation, each individual grain carries a 
distinctive reflectance pattern. Minimal differences exist between the 
reflectance patters of pixels belonging to the same grain, which may be 
attributed to surface contaminants or defects [25], minor intragranular 
misorientation [30], or measurement noise. 

In the specific cases of Ni and Al, the sharp and well-defined peaks 
making up the reflectance patterns can be indexed and utilized to 
retrieve information about the underlying crystal orientation of the 
grains using analytical methods [22,30]. This feature provides the 
unique capability of using DRM to map grain orientation over the sur
face of crystalline solids in a similar fashion to EBSD. However, devel
oping robust analytical models to correlate the reflectance patterns to 
crystal orientation is not a trivial task that can be carried out in all 
materials. In Ti and I718, for example, the reflectance patterns are 
difficult to interpret because of the complex etch-induced surface 
structure. In Ti, we observed that different grains exhibit different sur
face micro-faceting. However, we could not link the morphology of 
these facets to any unique family of crystallographic planes with cer
tainty. In I718, the directional reflectance results from the reflection of 
secondary phase precipitates, which are more resistant to corrosion than 
the matrix and cause the formation of a corrugated surface (see Sup
plementary Fig. S3). However, the small size of the etched precipitates 
produces a more diffused directional reflectance signal, whose features 
are difficult to distinguish and to analyze quantitatively. In both these 
cases, developing a robust analytical method for indexing grain orien
tation by DRM is challenging. However, resolving the grain structure 
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and performing automated and unbiased grain segmentation based on 
directional reflectance is still feasible, as we demonstrate in the 
following sections. 

3.3. Dimensionality reduction 

The large number of variables captured by DRM—which describe 
illumination direction and local surface reflectance—produces a high- 
dimensional signal, which is conducive to enhancing separability 

between grains and thereby to improving segmentation as compared to 
conventional, single-image optical techniques. However, analyzing 
high-dimensional data can be computationally complex. To facilitate the 
analysis, we first apply dimensionality reduction to the DRM dataset. 
The goal of dimensionality reduction is to transform the original, high- 
dimensional dataset to a lower-dimensional representation that retains 
some of the meaningful properties of the original dataset, such as 
separability between grains. To achieve this goal, we select Non- 
Negative Matrix Factorization (NMF) [33] as a dimensionality 

Fig. 2. Surface characterization by DRM. (a) Example of etch-induced 
micro-faceting within a grain (here, in the Ni sample). This micro- 
faceting is responsible for the generation of grain-specific, directional 
surface reflectance. The DRM setup is designed to capture optical mi
crographs of the sample surface under multiple incident illumination 
directions parametrized by the azimuth (φ) and elevation (θ) co
ordinates of the light source. (b) Directional reflectance patterns of 
pixels belonging to differently oriented grains show reflection intensity 
maxima that coincide with specular reflections of the incoming light 
beam at the etch-induced surface facets.   

Fig. 3. Decomposition of a directional reflectance dataset by non- 
negative matrix factorization (NMF). (a) The original reflectance ma
trix R is factorized into a product of two smaller matrices: the matrix of 
coefficients C and the matrix of eigenvectors H. The matrix C is a low- 
dimensional representation of R. (b) In this example, the feature vectors 
forming the rows of the matrix C are determined by only 20 component 
variables, which is significantly less than the original 1′512 reflection 
intensities constituting the DRM signals.   
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reduction algorithm. NMF is suitable to model additive mixtures of 
signals and applicable to datasets where only non-negative signals exist, 
which is the case for reflection intensity measurements. 

To apply NMF, we consider the DRM dataset in the form of a 2D 
matrix, R. The columns of R represent the measured illumination di
rections, as defined by (φ,θ) coordinates, while the rows represent 
reflection intensities measured at individual pixel locations. The NMF 
algorithm decomposes R into a product of two smaller positive matrices: 
the matrix of coefficients, C, and that of eigenvectors, H (Fig. 3a). The 
factorization is designed so that the product of C and H closely ap
proximates R. In other terms, the matrix C is a reduced (or compressed) 
representation of R. Referring to the rows of R as reflectance vectors and 
to the rows of C as feature vectors, each reflectance vector is associated 
to a corresponding feature vector, which serves as its compressed, low- 
dimensional representation (Fig. 3b). The length of the feature vectors, 
k, corresponds to the size of the NMF basis. It can be significantly 
reduced as compared to the length of the reflectance vectors, φ × θ, 
while preserving distinguishability between grains. Pixel locations with 
similar reflectance vectors share similar feature vectors and, conversely, 
pixel locations with different reflectance vectors map to different feature 
vectors. 

The NMF model may be fitted on the entire dataset of reflectance 
vectors. To reduce computation time, however, it is more practical to fit 
the model on a randomly selected subset of examples. In this study, we 
use a subset of 10′000 examples of reflectance vectors in the dataset to fit 
the NMF model. The number 10′000 is arbitrarily chosen to account for a 
statistically representative number of examples that well-represent the 
original dataset. The size of this sampling can therefore be viewed as an 
optional tunable parameter of our method. Similarly, the size of the NMF 
basis remains a hyperparameter of the method. In all our case-study 
samples, we set the size of the dimensionality reduction basis to 20 
components. The tradeoff when determining the size of the NMF basis 
happens primarily between running time and the risk of over- 
compressing the dataset, which could negatively impact performance. 
As a guideline, we recommend that the number of components exceeds a 
reasonable minimum of 15. 

3.4. Similar-dissimilar classification 

We perform grain segmentation on the reduced DRM dataset 
following a pairwise similar-dissimilar classification approach [34,35]. 
The goal of this classification is to model the level of dissimilarity be
tween two arbitrary feature vectors, A and B, which indicates whether A 
and B are part of different grains or the same grain. To this end, we first 
compute the distance between A and B as d = (A − B)2 elementwise: the 
output of the distance operation is a vector that contains the squared 
differences between the elements of A and B. We refer to this vector as 
the “distance vector” and term its components “distance components”. 
We call S and D the multivariate statistical distributions of distance 
components belonging to the same grain and to different grains, 
respectively. The objective of the similar-dissimilar classification is to 
draw a boundary between S and D which provides optimal separation 
between the two distributions. To infer this boundary, we rely on a 
multivariate logistic regression classifier (LRC), which is a type of su
pervised linear classifier [36]. The LRC is used to predict the probability, 
p, of a distance vector, (x1, x2, …xn), to be part of D (or S), which is 
expressed as 

p =
1

1 + exp( − (β0 + β1x1 + β2x2 + … + βnxn) )
(1) 

The LRC derives this probability by applying a logistic function to a 
linear combination of the distance components. The weights (β1, β2, 
…βn) of the linear combination as well as the bias term, β0, are trainable 
parameters of the model, which are to be inferred for each dataset. While 
it is common to regularize logistic regression, for example by L1 or L2 
penalty, in this study we do not use a regularization term to avoid 

introducing extra hyperparameters. In the code provided in the Sup
plementary Materials, however, we provide the option to use L2 regu
larization and to cross-validate regularization strength to identify the 
highest performing value. The trainable parameters of the logistic 
regression are determined by fitting the model on a training set, which is 
a subset of examples marked with the correct class labels. Labeling the 
training set based on grain membership (class S or D) could be achieved 
by manually marking grains on a representative portion of each sample. 
However, this approach is highly time-intensive and introduces operator 
bias, which is incompatible with the purpose of an automated and un
biased grain segmentation workflow. 

As an alternative, we use pixel adjacency in the optical micrographs 
as a proxy for grain membership (Fig. 4a). We consider adjacent the four 
pixels located directly north, south, west, and east of a reference pixel. 
We term ̂S the distribution of distance components corresponding to A-B 
pairs of feature vectors for which A and B are adjacent on the surface. We 
assume that Ŝ approximates S because neighboring pixels have a high 
probability of belonging to the same grain. Likewise, we approximate D 
by the distribution of distance components for which A and B are non- 
adjacent, denoted as D̂, based on the assumption that most instances 
within the ensemble of non-adjacent pixels correspond to pairs of pixels 
that belong to different grains. Therefore, we construct a training set 
made of extracted samples of ̂S and D̂ by randomly selecting examples of 
adjacent and non-adjacent pairs of feature vectors in the dataset, 
respectively. This training set is balanced: it contains the same number 
of examples from both classes. In this study, we select 10′000 examples 
of each class for each dataset to account for a statistically representative 
number of examples that well-represent the class distributions. The size 
of the subset of examples chosen to form the training set of the logistic 
regression model can be considered as another optional parameter of our 
method, as in the case of the NMF model. It has strong impact on running 
time and weak impact on the results, so long as the number of samples 
selected is statistically representative of the entire dataset (we recom
mend a minimum of 1000). 

We fit the LRC on the extracted training set (Fig. 4c) to derive a linear 
classification boundary between Ŝ and D̂. The algorithm used to train 
the model was a Broyden–Fletcher–Goldfarb–Shannon (BFGS) solver 
[37]. If our assumption that pixel adjacency accurately approximates 
grain membership is correct, the predictions of the LRC model are 
equally applicable to determining grain membership, under the terms of 
the original similar-dissimilar classification. 

3.5. Multi-region merging 

To produce a grain map, we integrate the trained LRC to a multi- 
region merging (MRM) algorithm. We call the combined method LRC- 
MRM. A “region” is a cluster of pixels which are grouped under a 
common integer identifier—and therefore considered part of the same 
grain—at any given iteration. Moreover, we assign to each region the 
feature vector of one representative pixel of that region called the 
“master pixel”. The algorithm starts with a segmentation in which every 
pixel is a master pixel forming an independent region. Then, pairs of 
adjacent regions are recursively merged to form progressively larger and 
larger regions. The merging of two regions is governed by the output of 
the LRC applied to the distance vector associated with the master pixels 
of these regions. Considering two adjacent regions X and Y and their 
associated master pixels x and y, and calling the LRC output probability 
p and the distance function d, the merging of X and Y is conducted when 
p(d(x,y)) ≤ 0.5; namely when the computed probability that X and Y are 
part of different grains is less than 50%. Moreover, we impose that each 
newly formed region, Z, resulting from the merging of X and Y inherits 
the master pixel of the largest of the two constituent regions (in pixel 
count). The rationale for this choice is that the largest constituent region 
is more likely to be representative of Z and, ultimately, of the underlying 
grain. Since the LRC can discriminate between pairs of master pixels 
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which belong to the same grain and to different grains, LRC-MRM 
gradually leads to a segmented grain map. The process terminates 
when all remaining regions and their neighbors are considered different 
grains by the LRC model. 

3.6. Segmented grain maps 

The segmentations produced by LRC-MRM applied to the studied 
samples Ni, Al, Ti, and I718 are shown in Fig. 5. For each sample, we 
select a square portion of the original field of view with well-defined 

Fig. 4. Similar-dissimilar classification of feature 
vectors by a logistic regression model. (a) We 
randomly extract pairs of feature vectors at adjacent 
and non-adjacent pixel locations. We subtract and 
square the feature vectors to produce distance vectors 
belonging to the distributions Ŝ and D̂, which 
approximate the distributions of distance vectors 
from the same grain (S) and from different grains (D), 
respectively. (b) Distance vectors are defined in a 
distance components space, in which we use a logistic 
regression classifier to draw a boundary between the 
ensembles Ŝ and D̂ (the figure represents a simplified 
distance components space in two dimensions).   

Fig. 5. Segmentation of grains by the LRC-MRM method. Comparison between LRC-MRM and EBSD segmentation and grain size distribution in (a) Ni, (b) Al, (c) Ti, 
and (d) I718. The colour coding in the grain maps is based on the inverse pole figure (IPF) plotted along the out-of-plane direction (i.e., the sample surface normal) as 
measured by EBSD. 
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grain structure as region of interest, which we use for testing the LRC- 
MRM algorithm. In Ni, the region of interest is an array of 694 × 694 
pixels, in Al, 179 × 179 pixels, in Ti, 120 × 120 pixels, and in I718, 190 
× 190 pixels. We process the data and implement the LRC-MRM algo
rithm using an in-house script written in the Python programming lan
guage. We use available models from the Scikit-learn package [38] for 
the NMF and logistic regression. When running on a personal computer, 
the segmentation of Ni is completed in four minutes and 18 s, 40 s for Al, 
33 s for Ti, and 27 s for I718. To quantify the accuracy of our DRM-based 
method, we compare the LRC-MRM segmentations against the regis
tered EBSD references (also shown in Fig. 5). 

The results in Fig. 5 demonstrate that grains are generally correctly 
identified in all four samples, despite the differences in composition, 
crystal structure, etch-induced surface structures, grain morphology, 
and grain orientation distribution. The exact same algorithm was 
applied in all four cases without adjusting any parameter. These results 
suggest that DRM combined with LRC-MRM is a suitable technique for 
performing automated and unbiased grain segmentation of poly
crystalline surfaces. 

However, the maps in Fig. 5 also reveal some limitations of our 
method. Failures at larger grain scales in the form of (i) the erroneous 
merging of two or more distinct grains and (ii) the fractioning of single 
grains into multiple regions can be noticed. In many cases, these errors 
are not systematically reproducible when running the algorithm multi
ple times. We notice that keeping the training set to fit the LRC model 
constant across multiple runs always leads to the same segmentation 
output. Thus, we deduce that the observed differences in-between runs 

stem from the random sampling of the training set used to fit the LRC 
model, and do not depend on crystal orientation or grain geometry. We 
hypothesize that different training sets extracted from different random 
samplings can induce minor variations in the trained parameters of the 
LRC model, leading to a different order in the merging of regions. The 
exact order in which regions are merged can moderately affect the 
output segmentation by influencing the selection of master pixels. We 
study the occurrence of these events in Ti, by following four specific 
grain boundaries for which the adjacent grains are not always merged or 
kept separated over the course of multiple runs of the LRC-MRM seg
mentation algorithm (Fig. 6a). We notice that these grain boundaries are 
all characterized by a misorientation angle between 3◦ and 25◦. More
over, for each of these sensitive grain boundaries the output probability 
of the LRC model—computed in-between feature vectors of pixels from 
the corresponding adjacent grains—falls within an intermediate range 
between 0.40 and 0.65. This result indicates a high uncertainty in the 
decision to merge the grains or keep them separated. These selected 
grain boundaries are both in the vicinity of the classification boundary 
of the LRC model and near the misorientation threshold used to define 
separate grains. Grain boundaries with intermediate misorientation 
angle are probably the most difficult to identify and may cause dis
crepancies when comparing the segmentation from the LRC-MRM model 
against one that is based on a fixed misorientation threshold applied to a 
reference measurement—such as EBSD in our case. 

Fig. 6b shows an estimate of the fraction of pairs of feature vectors 
that are merged by the LRC model in different ranges of misorientation 
angles in our Ti dataset. This estimate was obtained by computing the 

Fig. 6. Limitations of the LRC-MRM method. (a) In 
Ti, we select four grain boundaries that have been 
handled inconsistently over multiple runs of our LRC- 
MRM algorithm. These grain boundaries are associ
ated with intermediate misorientation angles and 
classification probability in the range of 0.40–0.65, 
indicating a high uncertainty regarding the decision 
to merge the corresponding adjacent grains or not. 
(b) The fraction of feature vector pairs that are 
merged by the LRC model decreases sharply with 
misorientation angle. Intermediate misorientations in 
the range of 10◦-20◦ are frequently merged and sus
ceptible to produce segmentation errors when 
compared to references based on a 5◦ misorientation 
threshold. (c) In the output segmentation by our 
method (here, in the Ti sample), small regions 
concentrated at the interfaces between grains are 
mistakenly marked as separate grains, leading to an 
overrepresentation of small grains in the size distri
butions. (d) The reconstruction error of the NMF 
model increases in smaller segmented regions, which 
might explain the frequent mishandling of grain 
boundary regions. The displayed bar chart represents 
reconstruction error averaged in selected ranges of 
region sizes. Error bars represent one standard devi
ation from the mean.   
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LRC output on 10′000 randomly selected pairs of feature vectors in 
different misorientation ranges and counting the fraction of LRC outputs 
probabilities above 0.5. As expected, we observe that the merging 
fraction decreases rapidly with misorientation angle. However, a sig
nificant proportion of feature vector pairs corresponding to intermediate 
misorientations (between 10◦ and 20◦), as well as a minor fraction of the 
higher misorientation pairs, are merged, which is erroneous in the 
framework of a misorientation threshold of 5◦ for grain boundary 
tracing. These results outline that the criterion used to determine the 
reference segmentations—namely the misorientation threshold—is 
critical, albeit arbitrarily defined. Consequently, failure to identify grain 
boundaries close to the misorientation threshold might be rationalized 
and—to some extent—deemed more acceptable than failure to recog
nize lowly (<3◦) or highly (>25◦) misoriented grains. 

Furthermore, the cumulative grain size distribution from the LRC- 
MRM segmentation shows a significant overrepresentation of small 
grains when compared to the reference. We find that this effect is mainly 
caused by small clusters of pixels remaining in the vicinity of grain 
boundaries, which are erroneously interpreted as separate regions 
(Fig. 6c). A possible explanation for these artefacts is the limited ability 
of the NMF model to reconstruct grain boundary pixels systematically. 
The reconstruction error of the NMF model—computed as the mean 
squared error between the original reflectance signals contained in the 
reflectance matrix (R) and the product of the coefficients matrix (C) and 
the eigenvectors matrix (H)—increases in regions of smaller sizes 
(Fig. 6d). The bar chart in Fig. 6d was drawn by computing the recon
struction error of every master pixel in the LRC-MRM segmentation of Ti 
and grouping the values based on grain size. In this example, the 
ensemble of reconstruction errors above the median (middle quantile) 
contains 78% of grains below 50 pixels in size, while this fraction is only 
52% in the total dataset. We observe similar trends in the other datasets. 
The difficulty to represent grain boundary signals systematically in the 
NMF model may stem from the fact that grain boundary pixels contain a 
mixture of reflectance signals coming from both adjoining grains, which 
are combined in proportions that depend on the position of the pixel 
relative to the physical grain boundary. As a result, substantial dissim
ilarities may exist between grain boundary signals and the signals of 
neighboring grain interiors. This inherent variability of the reflectance 
signals could be reflected in the corresponding feature vectors, leading 
to the erroneous handling of pixels nearby grain boundaries in the 
segmentation process. 

3.7. Performance evaluation 

We hypothesize that any segmentation failure can ultimately be 
explained by a series of one or more misclassification events in the re
cord of all merging decisions taken by the algorithm over the course of 
the region-merging process. There are fundamentally two types of 
classification errors:  

1. Instances of grains that were mistakenly merged in the segmentation. 
This category represents pairs of feature vectors that were predicted 
to be part of the ensemble Ŝ (and therefore of S), but were in fact part 
of D. These erroneous merging decisions directly reflect the false 
negative (FN) instances of the LRC model.  

2. Regions belonging to the same grain that were marked as different 
grains in the segmentation. These artefacts are the result of false 
positive (FP) instances of the LRC model, which correspond to pairs 
of feature vectors predicted as being part of the ensemble D̂ while 
they were in fact part of S. 

As a metric to account for both types of errors, we define the accu
racy of the LRC model as the ratio of all mislabeled instances (FP and FN) 
to the total number of instances including true positives (TP) and true 
negatives (TN): 

Accuracy =
TP + TN

TP + TN + FP + FN
(2) 

Moreover, to quantify the accuracy of the segmentation produced by 
the LRC-MRM method, we compute the mutual information score (MIS) 
between a grain map produced by the algorithm, U, and the reference, V: 

MIS(U,V) =
∑|U|

i=1

∑|V|

j=1

⃒
⃒Ui ∩ Vj

⃒
⃒

N
log

N
⃒
⃒Ui ∩ Vj

⃒
⃒

|Ui|
⃒
⃒Vj

⃒
⃒

(3) 

MIS is bound between 0 and 1, with high values indicating high 
similarity between the two segmentations. We evaluate MIS and accu
racy on a test set constructed by randomly sampling 10′000 distance 
vectors from the S and D classes in each of the three studied samples. The 
test set is labeled based on grain membership as inferred from the 
reference maps. Moreover, we benchmark performance of the LRC 
model against a baseline model. We design the baseline model as a 
simple, naive algorithm with intentionally limited ability to produce 
nuanced outputs. The aim of the baseline model is to define trivially 
attainable performance in order to put performance of the LRC model 
into context. The baseline model performs a classification based on a 
comparison between the mean intensity, Im, of the distance components 
of a distance vector, v, and the global mean intensity, Ig, of all distance 
components in the training set. Both Im and Ig are scalar variables. The 
model assigns v to class D when Im is greater than Ig, and to class S 
otherwise. We integrate the baseline model to the MRM algorithm (in 
place of the LRC), segment the datasets, compute the MIS and classifi
cation accuracy, and compare them against that obtained using the LRC 
model. 

We report baseline performance metrics alongside performance 
values of the LRC-MRM algorithm in Table 1. To account for the vari
ability in-between runs caused by the randomly selected training sets, 
we repeat the segmentation process 50 times for each sample and report 
the mean and standard deviation of the performance metrics. We find 
that both MIS and accuracy of the LRC-MRM method are consistently 
superior to baseline values. This result shows that a simple, naive clas
sifier is not sufficient to successfully achieve segmentation, and confirms 
the necessity of using a multivariate model instead, such as logistic 
regression. Moreover, the reported values of classification accuracy of 
the LRC-MRM algorithm are consistently high, demonstrating the ability 
of the LRC model to correctly discriminate between pixels belonging to 
the same and to different grains. This result confirms our hypothesis that 
labeling distance vectors based on pixel adjacency is a suitable 
approximation for grain membership. Similarly, the high values of MIS 
indicate that the classification performed by the LRC model can effec
tively provide a criterion to stop the region merging process, leading to 
accurate segmentations. The values of accuracy and MIS in Table 1 may 
be used as benchmark to compare performance against future iterations 
of the LRC-MRM method or against other segmentation algorithms 
applied to the same datasets. These results should be interpreted 
considering that the segmentation errors discussed above—including 
failures in the intermediate misorientation range and artefacts at grain 

Table 1 
Classification accuracy and MIS (mean, based on 50 repetitions) of the LRC- 
MRM method and baseline. Standard deviations from the mean are indicated 
in parenthesis.   

Accuracy MIS 

Ni LRC-MRM 0.969 (±0.001) 0.871 (±0.001) 
Baseline 0.920 (±0.003) 0.733 (±0.046) 

Al LRC-MRM 0.940 (±0.002) 0.883 (±0.005) 
Baseline 0.883 (±0.007) 0.764 (±0.024) 

Ti LRC-MRM 0.956 (±0.002) 0.840 (±0.006) 
Baseline 0.851 (±0.019) 0.641 (±0.086) 

I718 LRC-MRM 0.989 (±0.001) 0.791 (±0.003) 
Baseline 0.932 (±0.010) 0.717 (±0.018)  

M. Wittwer et al.                                                                                                                                                                                                                                



Materials Characterization 174 (2021) 110978

9

boundaries—are what separate the reported MIS and accuracies from 
perfect scores. Adding up to these sources of errors, any misregistration 
between the EBSD and DRM datasets will further contribute to lowering 
the performance values. Because we register the datasets manually, we 
expect the registration to be slightly imperfect and to inevitably intro
duce a minor fraction of mislabeled data in the datasets. 

Finally, we attempt to benchmark our method against a conventional 
optical segmentation method. Focusing on the Ni dataset, we compare 
the results of LRC-MRM against the segmentation of a single micrograph 
of the sample illuminated under diffuse (non-directional) white light 
using the watershed method. We use our DRM stereomicroscope to 
capture the image to avoid optical hardware bias, and the exact same 
etched surface to avoid surface preparation bias. We compute grain 
boundary contrast using a Sobel operator and 1′500 selected seed pixels 
to be used as markers for the water sources. We implement the water
shed method provided by the Python Scikit-learn package. The resulting 
segmentation is available in the Supplementary Materials. The MIS 
compared to the EBSD reference is 0.841, which is lower than the LRC- 
MRM result (0.871). Moreover, a visual comparison between two seg
mentations suggests a clear advantage in favor of our method. However, 
this conclusion should be nuanced by the subjective nature of the 
watershed result. The chosen number of markers (1′500) is influential on 
the segmentation and was determined based on the visual judgement of 
an operator after trying different values. This result underlines the dif
ficulty of defining a single, objective benchmark against which to test 
our method. Since most optical segmentation methods tend to rely 
strongly on surface and imaging conditions—as well as on tunable 
parameters—the produced benchmarks can be subjective and therefore 
potentially unreliable. 

3.8. Grain size specification 

Three of the studied samples are pure metals with coarse grain size in 
the range of several hundreds of micrometers. We note that these 
characteristics are not commonly found in engineering applications. By 
contrast, the I718 sample exhibits a microstructure that is representa
tive of DED processes [39], which are relevant for many industrial ap
plications [40]. We find that the quality of grain segmentation in this 
sample is difficult to assess, especially in regions characterized by a 
small grain size (i.e., of the order of a few tens of microns). The lack of 
resolving power of our DRM apparatus makes it difficult to distinguish 
the grains in these regions and to register the DRM dataset with the 
EBSD reference for a quantitative analysis. If it were not for this 
constraint, we speculate that the minimum grain size that could be 
accurately segmented by our method would depend on the pixel reso
lution—which is set by the sensor resolution—as well as the size of the 
etch-pits covering the grains. Optimal results may be obtained when the 
pixel size is small compared to the grain size—such that each grain 
contains many pixels and the fraction of grain boundary pixels is mini
mized—but at the same time large compared to the etch-pit size—such 
that each pixel carries out the same directional reflectance signal within 
individual grains [22]. 

4. Conclusions 

As an alternative to traditional methods based on a single image of 
the sample surface (i.e., conventional optical metallography), we pre
sent a new workflow designed for the segmentation of grains in 
sectioned polycrystalline metals based on directional reflectance mi
croscopy (DRM). This workflow involves preparing the sample surface 
using a crystallographic etchant (as opposed to a grain boundary 
etchant) and capturing reflection intensity under varying light incident 
angles using the DRM apparatus. The measurement at a given pixel 
location is a reflectance signal which contains the directional reflectance 
pattern of the underlying grain. Reflectance patterns are specific to each 
individual grain, which makes them ideal inputs for grain segmentation. 

While the original signals are high-dimensional, we show that their 
reduced representation can be extracted as feature vectors through non- 
negative matrix factorization (NMF). Feature vectors containing 20 
components effectively preserve distinguishability between grains, 
while significantly alleviating the computational cost of the image 
analysis. To compile a grain map, we propose to combine a logistic 
regression classifier (LRC) with a multi-region-merging (MRM) opera
tion. The LRC is trained to differentiate pairs of feature vectors corre
sponding to pixels which are adjacent and non-adjacent in the image and 
subsequently used to provide a stopping criterion for the MRM opera
tion. The correct level of segmentation is determined based on the 
classification boundary of the logistic regression classifier, which is 
inferred automatically as part of training. As a result, the LRC-MRM 
method is robust, unbiased, and essentially material-agnostic. The size 
of the NMF basis and that of the randomly sampled training sets can be 
considered as optional tunable parameters of the method to enable faster 
computation. However, their impact on the segmentation result is 
minimal. 

We test our algorithm on pure metals (nickel, aluminium, and tita
nium) and include an additively manufactured nickel-base superalloy 
sample (Inconel 718) with heterogeneous grain size distribution to 
showcase the applicability of our method to engineering alloys with 
complex microstructure. We demonstrate that our method produces 
accurate grain segmentation in all these cases despite the markedly 
different surface structures induced by chemical etching and the 
different types of directional reflectance signals measured by DRM. To 
quantitatively evaluate performance of our method, we compute clas
sification accuracy and the mutual information score (MIS) between the 
segmentations produced by our method and references derived from 
EBSD. Both performance metrics are consistently high across all three 
studied samples, confirming the capability of the method to produce 
accurate segmentation results regardless of the material and micro
structure considered. Benchmarking our LRC-MRM algorithm and DRM- 
based segmentation method against a baseline model and a conventional 
watershed segmentation method also confirms a clear advantage in 
favor of our approach. However, our method incorrectly handles pixels 
in the vicinity of grain boundaries, which are often mistakenly inter
preted as distinct regions in the segmentations owing to their unique 
reflectance patterns. Although this is undeniably a downside, it only 
affects the lower end of the size distribution. 

We believe that the presented results underline the potential of a 
DRM-based approach for the segmentation of a variety of different 
polycrystalline materials. While in this work we employed a specific 
optical stereomicroscope with large working distance (to enable a wide 
range of motion of the light source), we think that DRM measurements 
could be extended to generic optical microscopes too, although maybe 
with limited angular coverage. In this regard, it would be interesting to 
perform a systematic study of grain segmentation accuracy as a function 
of the angular range and resolution of the DRM dataset. Based on the 
results shown in here, however, we speculate that different materials 
prepared with different etching methods would have different re
quirements and that a universal DRM acquisition methodology does not 
exist. The simplicity, low cost, and enhanced sample throughput 
compared to alternative optical microscopy techniques, however, make 
DRM a promising tool for microstructure analysis; with high potential to 
be implemented broadly in the academic community. Our DRM-based 
LRC-MRM method, for instance, generalizes well to different material 
systems and holds the promise to yield more objective grain segmenta
tion of polycrystalline microstructures as compared to conventional 
methods based on optical microscopy. 

Data availability 

The raw data required to reproduce these findings are available to 
download from doi:10.17632/t4wvpy29fz.2. 
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