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The recent ubiquitous utilization of short fiber reinforced composites (SFRCs) in applications that require
complex shape conforming, light-weight materials with good strength properties, calls for in-depth studies to
understand the underpinning physics behind SFRCs response to load and consequently damage. Since the ac-
curacy of such studies is contingent on successful sub-volume characterization, the intricate sub-volume ar-
chitecture of SFRCs requires conscientious methodology that addresses complex morphologies like fiber cross-
overs, which is by no means a trivial endeavor. This paper proposes a novel framework that hinges on the

synergy between robust 2D segmentation and 3D volume reconstruction techniques to faithfully reconstruct the
fiber architecture of 3D X-ray tomograms of SFRCs. The implications of this framework not only include a
platform that fully characterizes the complex sub-volume, but also provides a convenient means of incorporating
tracking algorithms necessary for the in-situ characterization of the reconstructed fibers, if desired.

1. Introduction

Short fiber reinforced composites (SFRCs), though less stiff than
continuous reinforced composites, are largely used for applications
which require lightweight materials with good mechanical properties as
well as have the ability to form complex shapes at minimal cost [1,2]
usually achieved by injection molding [3-5]. The mechanical behavior
of SFRCs is dictated by its fiber orientation and length distributions,
mean free paths, the presence of voids and microcracks, to name but a
few [6-10]. Therefore in order to elucidate the constitutive response to
load and consequently failure, reliable frameworks are required to ef-
fectively characterize SFRCs.

Early attempts at microstructure characterization of SFRCs com-
prised destructive 2D characterization techniques which include image
analysis of consecutive polished surfaces through microscopy in its
varying forms [11]. However, not only are these techniques susceptible
to erroneous results arising from non-parallel 2D sectioning, fiber
morphology distortion during handling, etc., but also the permanent
deterioration of the specimen makes destructive 2D characterization
approaches unsuitable for in-situ characterization [12-14]. The recent
emergence of non-destructive testing, on the other hand, affords pre-
cision in the probing of SFRCs at extremely minute length scales,
usually on the order of microns, without altering their original con-
stituents [15-20]. This paper presents a novel non-destructive
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framework using a combination of radiography and sub-volume re-
construction techniques to probe the complex microstructures of fi-
brous systems, employing SFRCs as a case study.

In the use of radiography for microstructural analysis, it is com-
monplace to reconstruct the fibrous systems from a set of grayscale 2D
image slices acquired from radiography (3D image volumes) and this
has led to several proposed frameworks dedicated to efficient 3D sub-
volume reconstruction. Some frameworks, a few of which will be dis-
cussed, rely directly on the fiber intensity maps on grey level image
volumes to perform 3D fiber reconstruction. Eberhard and Clarke [21]
proposed an automated 3D fiber reconstruction framework where the
building blocks were a set of vectors traced in directions of highest
mean pixel intensity (most probable fiber orientation). Neighboring
vectors aligned in similar orientations were connected in a chain and
subsequently curved fit to represent fiber centerlines. It is important to
note that this method of fiber tracing could be compromised when
adopted in noisy images or image volumes of highly clustered fibers
characterized by high incidence of fiber cross-overs. Sandau and Osher
[22] address the crossing fiber segmentation problem by proposing a
framework that adopts a locally adaptive threshold using the so-called
chord length transform to identify crossing points, however, it is still
difficult to identify which fibers are separated and which ones are
secondary branches [23]. The framework of Viguié et al. [24] analyzes
the subtle variations of the local fiber orientation to identify fibers with
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simple to more complex cross-sections. However, this procedure re-
quires the continuous adaptation of structuring elements which can be
very intractable for highly dense fibrous network with tortuous archi-
tecture.

Several researchers have developed methodologies that involve a
series of techniques to artificially decrease the diameters of fibers
(thinning) thereby generating skeletal structures, which preserve the
important topological features of the fibrous architecture. This is fol-
lowed by the separation or merging of these skeletonized configurations
at branch points given the prescribed constraints [25-30]. Despite
several modifications and extensive use, thinning frameworks provide
no indication of how many distinct fibers are contained within con-
joined volumes of closely clustered fibers. Thus, these frameworks are
often restricted to low volume fraction fibrous systems where the
strands are composed of simple cross-sections [24].

Germain and Martin-Herrero [31] proposed a heavy ball method that
separates the edges of touching fibers by first using successive 2D
morphological operations (erosions and dilations) and thereafter uses
the trajectory of a ball (whose size is adaptable to the diameter of each
hole) to separate individual fibers within the sub-volume. Though this
framework ensures the preservation of the distinct fiber diameters, the
utilization of 2D splitting techniques to generate the hole-mouths is
limited to the in-plane information of the features and this could be
misleading, therefore unsuitable for complex cases.

Furthermore, although there exist commercial tools with exhaustive
image processing and visualization facility for characterizing fibrous
systems, they do not offer enough flexibility to mitigate 3D fiber re-
construction anomalies. Additionally, they lack a platform to interact
with tracking algorithms necessary to compute the evolution of the
reconstructed individual fibers.

From the aforementioned discussions it is noted that: (i) re-
construction results generated from frameworks that rely directly on
the fiber intensity maps may be compromised when applied to noisy
image volumes, (ii) the generation of the 3D sub-volume microstructure
based solely on the direct application of robust 2D morphological op-
erations on the serial sections of 3D image volume is not reliable for
rendering intricate microstructure, and (iii) most purely 3D approaches
are based on fiber skeletonization/thinning frameworks which are
mostly restricted to low volume fraction fibrous systems composed of
simple cross-sections [24]. Taking cognizance of the abstractions from
the aforementioned discussions, and in contribution to the on-going
efforts aimed at probing fibrous systems, this study proposes a novel
synergistic framework (robust 2D segmentation and 3D reconstruction
approaches), where matching segmented features on successive slices of
a 3D image volume are stacked up to generate a crude 3D architecture
which is further refined by utilizing 3D information. The proposed
framework aligns itself more to methods that trace fibers following the
center of mass of their constituent ellipses [32]. Though these methods
have a limitation when it comes to tracing of fibers with complex cross-
sections [24], especially in cases of high volume fractions of fibers, the

(a)

(b)

Composite Structures 206 (2018) 234-246

proposed framework addresses this limitation by incorporating multiple
reference frame analysis through supervised iterations to ensure the
faithful reconstruction of the fibrous sub-volume architecture. Ulti-
mately, this synergistic framework not only mitigates the limitations of
a purely 2D mathematical morphology approach while rendering an
accurate microstructure (with a much lower complexity than what is
usually adopted in a purely 3D approach), but also is capable of effi-
ciently reconstructing and characterizing discontinuous composites
with a high volume fraction (which possess engineering significance
due to increased mechanical strength).

The implication of the current approach provides a new paradigm in
composite damage analysis. The current state of the art in damage
mechanics homogenizes damage by primarily linking the deterioration
of the tensors of the elastic modulus to the accumulated damage
[33-35]. Approaches aimed at estimating effective properties in com-
posites using orientation distribution functions [10,36,37] are in no
doubt suitable candidates to determine states of homogenized damage
in composites. This framework, on the other hand introduces an explicit
implementation of sub-volume microstructural features (individual fi-
bers) to track damage events, such as fiber breakage and fiber pull-out.

The following sections of this paper are described as follows; Section
2 discusses the material used and the non-destructive technique mod-
ality adopted in this work: tomography and the generation of 3D image
volumes represented as 2D slices (tomograms). Section 3 discusses the
2D segmentation approach; a four-step sequential framework adopted
for segmenting the features on the generated tomograms. Section 4
discusses the proposed 3D fiber reconstruction algorithm with an in-
corporated multiple reference frame analysis to ensure the faithful
rendering of the 3D fiber structures. Section 5 discusses the results from
the algorithm, highlighting the potential benefits from the proposed
framework.

2. Materials and tomographic reconstruction

In this study, a cylindrical tensile specimen machined from injection
molded rods is analyzed. The specimen is composed of discontinuous
glass fiber polypropylene matrix composite provided by DuPont. Aside
from the sufficient phase contrast that a glass fiber filler in a poly-
propylene matrix provides, the excellent innate properties of glass fi-
bers [38-40] and polypropylene polymer [41,42] makes it a utility
composite for diverse applications [3], thus leading to its choice as a
case study for this research.

Fig. 1 illustrates the 3D volume representation of the gage section,
after the tomography studies were conducted. Tomography is a non-
destructive imaging technique used to visualize the internal features of
an object without any interference from over/underlying structures.
The use of X-rays is one of the commonly associated imaging modality
in tomography, where measurements of the attenuation of X-rays in-
cident to a specimen on a rotating stage are extracted as a series of
projection images (sinograms). These sinograms are then converted to a

( c) Fig. 1.. 3D image volume representation of the gauge

section: (a) Sample specimen with highlighted gauge
section of diameter of 2.42 mm; (b) 3D volume mi-
crograph after tomographic reconstruction of sino-
grams; (c) Slice representation of 3D micrograph in-
sert highlighted in red. (For interpretation of the
references to colour in this figure legend, the reader
is referred to the web version of this article.)
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3D image volume of the specimen (Fig. 1b) represented as series of
grayscale images (Fig. 1c) using an appropriate tomographic re-
construction algorithm [43,44]. The minimally invasive nature of X-ray
tomography allows for quantitative measurements to be made on re-
sulting digital images for sub-volume characterization.

For this study, X-ray tomography was carried out at the 2-BM
beamline at the Advanced Photon Source (APS) at Argonne National
Laboratory where a monochromator was used to emit 25 keV X-rays to
the cylindrical specimen, which was placed 75 mm from the detector.
The specimen was rotated through 180° in 0.12° incremental steps per
projection for a total of 1500 projections. The exposure time per pro-
jection was 100 ms at a scan rate of 0.5°/s. Projection images, recorded
by a lens-coupled CCD camera at 5x magnification with a pixel size of
1.3um, were then converted to a series of grayscale images using
Tomopy [45], a gridded reconstruction algorithm for real-time tomo-
graphy [46,47].

3. Four-step sequential 2D segmentation approach

Segmentation is an important prerequisite for most types of image
analysis [48-50]. However, images are fraught with random fluctuation
of pixel values (noise), introduced during image generation and ac-
quisition. Fig. 2a is a serial section of the greyscale tomogram where the
dark greyscale intensity regions represent defects such as voids and
microcracks. Since these features have well-defined edges, they can be
captured using intensity based thresholding methods. The emphasis of
the present study is on the segmentation and extraction of the fibers
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(e.g. high-intensity regions). This section, details a framework where,
the high-intensity features are segmented and the in-plane geometric
properties of ellipses that bound segmented features (metadata) are
extracted using a four-step sequential framework which comprises: (i)
image sharpening, (ii) watershed segmentation, (iii) watershed opti-
mization, and (iv) post processing and extraction of the metadata of the
optimized segmentation results.

3.1. Iterative utilization of the unsharp masking technique (2D framework
Step 1)

Generally, the effect of blur on tomograms is random and sometimes
localized. There is, therefore, the need to progressively mitigate the
effects of the blur; specifically, in this research, a piece-wise approach is
taken. To achieve this, different brightness level versions (the number
of which is dependent on how blurry the edges of the features are) of an
original tomogram are created and respectively subjected to the un-
sharp masking technique [51-53].

After enhancing the contrast on the different brightness level ver-
sions of the original tomogram, each version is further preprocessed to
indicate locations of regional minima (locations of the catchment basins
during implementation of watershed segmentation) on the image. The
preprocessing begins with binarization (the classification of the features
into foreground, i.e. features of interest, and background regions) using
the Otsu method [54,55]. A negative distance transform of the image’s
compliment is then generated from the binarized image which is used
to create a mask (another binary image) where all areas in the distance
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Fig. 2. Description of the unsharp masking technique: (a) The original tomogram prior to sharpening. (b) The unsharp mask which is generated by subtracting a
blurred version from the original image. (c) Overlaying the mask over the original image and enhancing the contrast around the features gives an overall sharper

image.
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Fig. 3. Topological representation of (a) a grayscale image. (b) The red regions refer to the high- intensity/bright pixel areas in (a) which are represented as the crests
in (c). The darker regions in (a) are represented as the troughs in (c). (For interpretation of the references to colour in this figure legend, the reader is referred to the

web version of this article.)
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transform with the change in intensity less than a certain threshold
have a value of zero. Thereafter the pixel intensities of the grayscale
tomogram are modified such that regional minima occur in locations
with nonzero values indicated on the mask.

3.2. Iterative utilization of marker-controlled watershed segmentation (2D
framework Step 2)

The features on the preprocessed images are segmented using the
watershed transform, an image segmentation algorithm which trans-
forms image’s features (corresponding to heights and troughs (Fig. 3))
into well-defined pools (catchment basins) separated from each other
by watershed ridge lines [56-60]. During watershed segmentation
there is the need to incorporate a control mechanism to address under-
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or over-segmentation. To achieve this, markers are set within the
catchment basins to indicate the size of segmented regions (marker-
controlled watershed segmentation [59,60]). For optimum segmen-
tation, it is encouraged to adopt an iterative utilization of user-defined
markers based on some a priori information of feature sizes (Algo-
rithm 1). For instance, in this research, matrix burn-offs and the mi-
croscopy of similar specimens revealed fiber distributions of ~10 pm
diameters with a standard deviation of about 2 um. Thus, iterative
segmentation of a feature is deemed satisfactory if the minor axis
length of an ellipse (which can be proved to be the diameter of the
fiber) that circumscribes that feature is well within a prescribed
threshold which considers the reported statistics of the fiber diameter
distribution.

Algorithm 1.Pseudo code of the Iterative watershed segmentation.

Declare the variables f,, f, and m, as described in code

Variable Description
fy mean fiber diameter
f, threshold for the ellipses with minor axis lengths slightly above f, and snuggly fit
around segmented regions
m, vector of marker sizes to provide check against over- and under-segmentation
(Phase 1)
Binarize grayscale, GSiy,q., using Otsu Method initial
Compute a negative of the distance transform to generate a mask, D watershed
procedure

Impose regional minima on GS;;,,.using mask D and first entry of marker value m,(1)
Apply watershed segmentation, Watershed g pction
Extract Stats (the properties of ellipses circumscribing segmented regions)

(Phase 2)
(some segmented features have minor axis lengths greater than prescribed f,)

classify such regions as poorly segmented regions and extract their respective indices as idx,,q
(each member in m,(h), where h ranges from second to last element)

GSimage =  update GS;y,,0e, keeping only pixel intensities of poorly segmented features, using idxqq

Repeat steps in initial watershed procedure with GS;p,a6e and my(h)

% extract all the minor axis lengths
m, = [Stats.MinorAxisLength];

% find seperate indices based on threshold, f},
idx = find(m, > f,) }

invalid
idx ,aia = find(m, < f,)

% extract snuggly fit ellipses
idxtemp

idx final

[Stats_iter_keep{t}]

idXpeq

% keep ellipses that satisfy f, with marker value m(h)

with indices slightly above f,
(idxinvalid | idxim;alid (

sort ([idxval[d U idXpemp |, ’ascend’)

Pixel of region )
Area of bounding ellipse

)

= Stats(idx,qq );

= idX,qq (~ismember(idxm,l-d, idxtemp))

% Concatenate metadata of ellipses satisfying f, after applying watershed segmentation over the range, m;
Stats = (Stats U Stats_iter_keep{t}});
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3.3. Optimizing of watershed segmentation results through piecewise
mitigation of blur (2D framework Step 3) and extraction of metadata of
optimized segmentation results (Step 4)

To ensure that the watershed segmentation results is not biased due
to the image’s brightness level, the best case-by-case comparison of
corresponding segmented regions of respective sharpened versions of
an image is considered. Fig. 4 illustrates the watershed segmentation
results of two brightness level versions of a tomogram (after each, their
respective features were enhanced using the unsharp masking tech-
nique). Analyzing corresponding regions reveals cases of under-seg-
mentation (A), region sensitivity to fringes due to blur (D) and un-
captured regions due to brightness levels (B and C). This classification is
based on; (i) size of competing ellipses (smaller areas are much pre-
ferred since they are insensitive to fringes due to blur), (ii) the spatial
location of centroids and (iii) the degree of area overlap between
competing ellipses (to ensure that regions of only significant overlaps
are compared).

Suppose {k, 6, Cx, Mk, my, A} and {p, é;, 6‘;, I\//I:,, m,, Z;} are me-
tadata of brightness level versions 1 and 2 respectively, where for in-
stance, {k, 6, Cr, My, my, Ay} are defined such that for each ellipse e, in
brightness level version 1: 6 is the vector of pixel locations; Cy is the
centroid co-ordinates; M;is the major axis length; m, is the minor axis
length and Ay is the area. Furthermore, given that 8 and B are binary
images composed of elliptical regions (generated from the metadata
{k, 6k, C, My, my, Ax} and {p, é;, E‘;, ZT/[;, my, ;1;}, respectively), then
the notation (6y) are the labels of ellipses in Swith pixel locations
defined by 6. When the binary image § is overlaid unto the binary
image B, then for a given ellipse e, in 8, the variable i; corresponds to
labels of ellipses in B that overlap the ellipse e, in § and this can be
expressed in Eq. (1) as:

i = {unique (B (6) # 0)} m

After the extraction ofi; , the difference between the area of ellipse e
and the areas of its corresponding ellipses in § associated with labels in
i; is then computed as expressed in Eq. (2) as

Ay = A (p))~A), ¥ j = 1+ length (i) @

where, length (i;) refers to the cardinality (number of elements) of the
vector i; ;and A (i;,\j ) refers to the jth component of a vector of ellipses’
labels in B that overlap e, when B is superimposed on B. To ensure
sensitivity to fringes due to blur when comparing overlapping regions
in B and 8, the condition in Eq. (3) must be enforced.

TAG) |

allfA )} > 0
{4,} 2 a2

&

ag,

3
where a,, is the threshold to curb the response to fringes. The first part
of the condition in Eq. (3) stipulates that all competing ellipses must be
smaller in area and the second part of the condition restricts this de-
crease to an allowable threshold. The logic behind this condition is that,
though smaller areas are most likely indicative of segmentation results
insensitive to blurry fringes, the piecewise mitigation of blur between 8
and B, necessitates the change in area between the overlapping seg-
mented regions to be gradual (no abrupt area changes). Following the
satisfaction of the condition in Eq. (3), overlapping regions are further
probed to ensure that only sufficiently overlapping ellipses are com-
pared. These checks include a confluence (percentage overlap) check,
given by Eq. (4a) and Eq. (4b) and a spatial location of competing el-
lipses’ centroids check, given by Eq. (5).

> @ N O AT o . ™~
0 (j) = ——=—such that B (6p;) = ipj, V j=1---length(i,)
i

(4a)

0 in Eq. (4a) refers to the ratio of the intersection of pixel locations
between overlapping ellipses ¢, and those of the ellipse e; to the pixel
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locations between overlapping ellipses. Indices of the overlapping el-
lipses in g with associated 0 greater than a certain threshold, ¢;, say
0.90 confluence, are extracted as l;,\* as expressed in Eq. (4b).
fme = {imy), where (16 () > ¢), V j=1--length(iy) (4b)

The centroids of the overlapping ellipses with indices defined in the
vector iy, are then subjected to a spatial location of competing ellipses’
centroids check expressed as Eq. (5).

I Con Cims), Cell < 0.5%My (5)

where ||-|| represents the Euclidean distance between centroids of the
overlapping ellipses with indices defined in the vector i,, and the
centroid of the ellipse ex. In Eq. (5), the acceptable centroid deviation of
centroids of overlapping ellipses . is constrained such that it cannot be
more than half the major axis length of the ellipse ey.

The implementation of case-by-case comparison of segmentation
results ensures an accurate segmentation of serial sections of highly
clustered out-of-plane fibers. However, segmentation of the in-plane
fibers is very challenging since the serial sections of the in-plane fibers
have more surface area and thus are susceptible to the effects of
radiographic streaks, making over-segmentation of in-plane features
inevitable. To address this, a multiple reference frame analysis of in-
plane fiber is implemented and the segmentation results of the serial
sections perpendicular the plane, in which the in-plane fiber lies, is
selected. This idea will be further explored in Section 4 of this paper.
Finally, in order to fully capture features within the tomogram, seg-
mented features whose boundaries touch the edges of the tomogram
and their corresponding metadata are deleted. Fig. 5 is a schematic that
summarizes the four-step sequential 2D characterization procedure.

4. 3D volume rendering algorithm

The volume rendering algorithm involves the stacking of the ellip-
tical regions on the serial sections of the image volume obtained from
the segmentation results of the sequential framework to generate a
crude microstructure characterized by distinct or conjoined dendritic
strands. The crude microstructure is further dissected through a se-
quential separating scheme to a more refined morphology that faith-
fully represents the microstructure. Before discussing the components
of the 3D volume rendering algorithm (Fig. 7), two outstanding issues
with regards to the in-plane fibers will be addressed: (i) it was noted in
Section 3.3 that in-plane fibers were more susceptible to over-seg-
mentation due to the effects of radiographic streaks and (ii) even if the
effects of the streaks were to be mitigated, the crude 3D microstructure
generated by stacking the elliptical regions of the in-plane fibers will be
rendered as an ellipsoid instead of a cylinder. Consider an image vo-
lume sliced along the three mutual perpendicular axes (Fig. 6), where
Fig. 6b represents serial sectioning along the loading axis and Fig. 6a
and c represent serial sectioning along directions perpendicular to the
loading axis. It can be observed that features that were in-plane fibers
for serial sections along the loading direction will now become out-of-
plane fibers for serial sections along perpendicular directions. Thus the
segmentation results for serial sections of in-plane fibers along the
loading axis are replaced by the segmentation results of the same fiber
for serial sections along the other axis perpendicular to the previous
axis. Utilizing this logic ensures that the inherent cylindrical 3D form of
reconstructed fibers is always preserved. In other words, a multiple
reference frame analysis compares independently generated 3D re-
construction results from serial sections along three mutually perpen-
dicular axes. The 3D reconstructed result along the serial section that
possesses the maximum number of constituent ellipses is the most ac-
curate 3D reconstruction as segmentation along this direction has
minimal interactions with noise and also ensures the cylindricity of the
fiber.
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Brightness | Brightness

Level 1

Fig. 4. Optimization of watershed segmentation through the comparison of watershed results of different contrast versions of the same image. (A) indicates regions of
under-segmentation; (B and C) indicates uncaptured regions due to brightness level; and (D) indicates region sensitivity to fringes due to blur. The competing regions
are compared against each other and the best result is selected as the optimized segmentation of the feature in the original tomogram located in that region.

Fig. 5. Example of a reconstructed microtomography slice (left) and 2D characterization method for a small subset (right). Digital imaging techniques adopted by the
code: (A) Cropped greyscale image; (B) Marker-controlled watershed segmentation; (C) Image after removing pixels below a threshold and at the boundaries; (D)
Fitted ellipses around the amorphous regions; and (E) Replacement of segmented regions with the fitted ellipses and the creation of the in-plane geometry properties.

4.1. Generation of crude 3D fiber morphology (Stage 1)

Stage 1 of the volume rendering algorithm involves the stacking of
elliptical regions on successive slices based on minimal centroid de-
viation (comparatively least in-plane) distance between any two el-
lipses on consecutive slices. The basis for this comparison is due to the
fact that the distance between consecutive slices is 1 um; therefore, the
centroids of stacked ellipses for a fiber (herein referred to as candidate
constituent ellipses) are not expected to vary significantly. A visual
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representation of the framework is summarized using Fig. 8. In this
figure, it is observed that for clustered elliptical regions, when the ra-
dial neighborhood of an ellipse’s centroid (seed ellipse) on the current
slice (slice 1 in Fig. 8) is projected onto successive slice (slice 2 in
Fig. 8), there are incidents of non-unique mapping, (a many-to-one
mapping), indicated by the green and red dashed lines. By in-
corporating the condition of minimal centroid deviation, this non-un-
ique mapping is resolved by selecting the pair with the least in-plane
distance (A; as shown in Fig. 8b) which in this case is ellipse-pair A-C.
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(a)

jp— ==l= =
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Fig. 6. Schematic of the 3D volume rendering algorithm. The red inserts in each of the cubes represent the respective slices on which the 2D segmentation is
performed. Beside each cube is an illustration of the 3D reconstructed results. 3D rendering for cases (a) and (c) will be flattened ellipsoids, whilst the result in case
(b) will preserve the 3D cylindrical form expected of the fiber. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 7. Schematic of the 3D volume rendering algorithm. The algorithm slices the 3D image volume into a series of slices whose normal align with the x, y, and z
directions. Thereafter the results of the respective segmentations are subjected through the Stages 1 and 2 of the volume rendering algorithm. Stage 1 of the algorithm
generates a crude microstructure by stacking matching ellipses on successive slices. Stage 2 refines this crude microstructure by separating lumped fibers and
stitching fibers segments that need stitching. The respective reconstructed fibers are compared against each other based on the result that preserves the cylindrical 3D
form expected for each fiber. 3D Border feature suppression is performed to extract fibers that are fully captured with a cylindrical boundary. These extracted fibers
are then post-processed by characterizing them based on fiber length and orientation distributions.
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Thereafter the associated metadata (in-plane geometrical properties) of
the candidate constituent ellipses are extracted.

The immediate result of the stacking of consecutive ellipses based
on the minimal centroidal deviation is an initial approximation of the
microstructure characterized by crude fiber morphology, which for the
most part could be categorized into non-uniform and continuous, uni-
form and continuous and non-uniform and discontinuous, as illustrated
in Fig. 9. It should be noted that the discontinuous configurations refer
to physically disjoint fibers which is a direct consequence of stacking
elliptical regions based on minimal centroid variation with no threshold
imposed on the minimal centroid variation. Consequently, preliminary
reconstruction results such as the those in Fig. 9 (b, c) illustrating dis-
connects are likely to occur. The interpretation to these disconnects are
that between the slices embedding the disconnected ellipses, there are
no ellipses within a prescribed neighborhood that are comparatively
best matches based on the minimal centroid variation except the dis-
connected ellipses. This case is easily resolved by imposing a threshold
to disconnect such fibers. In this study, a Euclidean distance of 10um

was selected.

4.2. Fiber separating algorithm (Stage 2A)

The sub-micron resolution of tomography may result in tomograms
with highly indiscernible transitions between edges of clustered fibers.
This situation, though sparingly occurring, is random and may be
amenable by increasing the number of finer contrast thresholds (refer to
Section 3.1) thereby increasing the computation time. A limited
number of finer contrast thresholds, on the other hand, do prove ef-
fective for most of the fibers, however for the cases of the clustered
fibers, they will be observed to be conjoined at certain locations. To
address this scenario, a fiber separating algorithm framework was de-
signed (Stage 2A). It works on the principle of locating these conjoined
regions and splitting them into their appropriate sections using an
alignment procedure illustrated in Fig. 10.

The fiber separation algorithm extracts the centroid locations of all
the constituent ellipses of the fiber, and sets as outliers, regions with
areas greater than one standard deviation away from the mean. This
procedure extracts regions A, B and C as illustrated in the Fig. 10 (il-
lustrated in Step 1). The causes of these anomalous regions are majorly
bifold; anomalous regions resulting from the edge effects of the blur
that persists through a considerable depth (illustrated by regions A and
B in Step 1) and anomalous regions resulting from the conjoined fibers
(illustrated by region C in Step 1). 3D skeletonized forms of the 3D fiber
illustrated by the blue dashed line shows off-set centroids (illustrated by
the blue dotted line in Step 2) due to these anomalous regions. To re-

solve this, the fiber separating algorithm performs an alignment of
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Fig. 9. Illustration of crude 3D fiber reconstruction after Stage 1 categorized as
(a) Non-uniform and continuous, (b) Uniform and discontinuous, (¢) Non-uni-

form and discontinuous.

centroids of ellipses bounding the regions A, B and C. For cases of
reasonable alignment, the centroids within the bounding ellipses are
replaced by the interpolation values obtained by linear interpolation
between the sandwiched constituent ellipses. As in the case of region B,
this operation corrects for the offset centroids caused by its anomalous
size (illustrated by the black dotted line in Step 4). For cases of mis-
alignment, the region between the bounding ellipses is split by linearly
projecting through the volume with the centroid position of the
bounding ellipses (illustrated by the green and red dotted lines in Step
4). The algorithm radially populates around the neighborhood of the
segmented centroids to a sufficient diameter proportional to the mean
of the constituent centroids of the reconstructed fiber and threshes out

the fringes.

4.3. Out of plane angle correction (Stage 2B)

Glass fibers are generally brittle in nature [61-63]. Therefore, it is
necessary to constrain the 3D tortuosity of all reconstructed fibers to
prevent cases of highly misaligned or kinked 3D reconstructed fiber
[64], as illustrated in Fig. 11a. This is implemented by first using sin-
gular value decomposition (SVD) [65,66] to perform 3D orthogonal
distance regression linear fit, in a progressive manner along the length
of the fiber. To increase the accuracy of the 3D line fits, outlier points
for each n-successive centroid are removed using Cook’s distance prior
to the implementation of the 3D linear fits. Cook’s distance for a set of
points shows the influence of each observation on the fitted response,

(b)

Slice'2 i

7
I
=& g

Slice1l - B

b d

Fig. 8. Stacking elliptical regions based on minimal centroid variation. The candidate constituent ellipses E and D illustrate the non-ambiguity associated with
matching candidate consecutive ellipses for regions sparsely populated fibers. For regions of clustered populated fibers ellipses, A, B and C illustrate the associated
ambiguity. Fig. 8b shows the result of how the bifold comparison addresses this ambiguity.
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Fig. 10. Illustration of fiber separating algorithm. In this figure, step 1 refers to the detection of anomalous areas. These areas arise due to edge effects around the
features (highlighted in red rectangle) or poor segmentation of clustered fibers (highlighted in the yellow rectangle). Step 2 refers to a 3D skeletonized view of the
constituent ellipses. Steps 3 and 4 isolates the ellipses of the anomalous areas and refits the interpolated centroids using the alignment of the centroid of ellipses that
bound the anomalous regions. Step 5 radially grows the fibers to a sufficient diameter and further threshes out the fringes due to the blur. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

i.e. the nature of the regression model created with and without a
particular observation [67,68]. In this research, the adopted method for
potential outliers were centroids whose associated Cook’s distances that
are greater than one standard deviation from the mean of all the Cook
distances. Thereafter the angles between the direction vectors from
linear fits (from SVD) of the respective segments are evaluated using the
inner product of the direction vectors. Using the evaluated angles, a
condition is set such that for any two successive segments, if the angle
evaluated is within acceptable levels according to a prescribed
threshold, those segments are considered as constituent segments as
expressed in Eq. (6).

(6)
where, 6, is the angular threshold limiting the 3D tortuosity. Fig. 11 is

an illustration, where constraining the 3D tortuosity of a reconstructed
fiber refines the morphology into two distinct fibers using Eq. (6).

arccosine (a-b) < 6,

4.4. Further stitching of fibers

Due to the complex nature that clustered fibers pose for segmenta-
tion, the crude fiber morphology may be characterized by strands of
dissimilar fibers conjoined at distinct sections has been already dis-
cussed and the necessary steps to mitigate this issue has been addressed
by the fiber separating algorithm (Section 4.2). It is possible that after
refining the fiber sections through Stages 2A to 2B, the neighboring
fibers within the conjoined vicinity will have fiber segments that stack
up on each other and have similar orientation descriptions as illustrated
in Fig. 12b. Thus Stage 2C isolates fiber segments that stack onto each
other with similar orientation and stitches them as one fiber (illustrated
in Fig. 12c¢).

After the Stage 2C, the multiple reference frame analysis (discussed
in Section 4) is implemented and the most accurate fiber reconstruction
is chosen. Thereafter, a 3D border suppression step, where re-
constructed fibers whose boundaries touch the bounds of a cylindrical
shell (to mimic the geometry of the gage-section) are deleted to avoid
erroneous sub-volume feature characterization, especially for determi-
nation of the fiber length.

The data format for an image volume is a 3D 16-bit unsigned integer
array. The algorithm was implemented in MATLAB, and the final 3D
array containing the labelled reconstructed fibers was converted to a
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(b)
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\‘\Z __~X
Fig. 11. Illustration of the 3D reconstructed fiber before and after the appli-
cation progressive linear fits along the fiber using SVD and the constraint on the
angle between associated direction vectors of the linear fits. (a) represents the
bifurcated fiber prior to Stage 2B. (b) is the result obtained after the segmen-
tation of the fiber at the bifurcated junction using 3D orthogonal distance re-
gression linear fit in a progressive manner along the length of the fiber.

hierarchical data format (hdf) file and viewed in Paraview (Fig. 13).
With a desktop computer of an i7-4930K CPU and 64 GB RAM, the
runtime for the 4 stage segmentation of the 2D slices of a sub-volume of
355 pum by 355 um by 354 um is ~1.2 h, and for a much larger dataset,
of dimensions 1399 pm by 1399 um by 750 um, as shown represented in
Fig. 13, the runtime is ~48 h. The runtimes for the 3D reconstruction of
the same volumes are 0.75 and 7 h, respectively.

5. Discussion
5.1. Versatility of segmentation routine

The segmentation routine adopted in this research involves a pie-
cewise approach that accurately segments the features within the to-
mograms by mitigating the random effects of blur causing radiographic
artifacts. To begin the four-step sequential framework is equipped with
several utilities to sharpen the edges of images features. These utilities
include the specification of (i) the size of the edge regions, (ii) how
much further apart adjacent values need to be for them to be considered
as an edge, and (iii) the degree of exaggeration between edge
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differences. Additionally, the segmentation routine includes an in-built
iterative implementation of a feature segmentation (based on training
data) that takes into account the nuances between the respective
sharpened versions of the original tomogram to generate reasonable
segmentation results. Optimized feature segmentation is achieved by
comparing the respective segmentation results of corresponding fea-
tures against a suitable metric as discussed in Section 3.3. Ultimately,
the proposed segmentation framework, when implemented affords the
user more control on the effect that blurr has on feature segmentation,
an attribute which is lacking in most commercial segmentation software
[32] .

5.2. Comparison of reconstruction code to existing reconstruction
frameworks

In this research, the synergistic approach of 2D segmentation with
3D techniques (discussed in Section 4 and 5) has been shown to be
effective in reconstructing high volume fraction fibrous systems that
consist of fiber with straight or gently curved morphologies and even to
the more complex cases of conjoined regions due to fiber cross-overs.
The framework is insensitive to the effects of noise that may compro-
mise techniques relying directly on the fiber intensity maps on grey
level image volumes to perform 3D fiber reconstruction [21,22]. Ad-
ditionally, the framework (a confluence of 2D morphological techni-
ques and 3D techniques) ensures high fidelity especially compared to
techniques such as the heavy-ball approach [31], which may be pro-
blematic when adopted in highly clustered fibers forming an agglom-
erate with indiscernible edges (due to tomographic artifacts). Further-
more, unlike thinning algorithms [25-30], this framework not only
provides some indication of how many fibers are present in a conjoined
volume (by considering the number of ellipses and alignment of their
respective centroids bounding the conjoined volumes), but also is ap-
plicable to highly dense sub-volume architecture. The incorporation of
an intelligent multiple reference frame analysis (discussed in Section 4),
resolves the reconstruction of the in-plane fibers, which are crucial
features from the mechanistic stand point since these fibers carry no
load and are probable sites for cracks to initiate.

5.3. Discussion of post-processed results

With complex morphologies resolved, morphological descriptors
unique to each fiber such as the fiber length, diameter, orientation,
volume fraction and the degree of cluster between fibers to mention but

Stage 2b to Stage 2¢ 3

—_—
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Fig. 12. Illustration of the result after applying
Stage 2C. (a) Adjacent fiber with an insert that
highlights an artifact due to fiber crossover. (b) An
illustration of the result of the artifact observed in
(a) after applying the fiber separation algorithm and
the further segmentation constraining the 3D tortu-
osity of the segmented fibers. (¢) The result after
stitching neighboring fibers within the vicinity of
the crossover, based on similar orientation descrip-
tions.

(c)

a few, can be conveniently computed. In this section, emphasis will be
given to the fiber volume fraction, fiber length and orientation dis-
tributions measurements of the sub-volume architecture of the test
specimen. The estimated fiber volume fraction of the 3D reconstructed
fibers is 0.15, as compared to the value reported by the manufacturer of
0.16. The spatial orientation description of a fiber, on the other hand
will be expressed as components of the so-called A; tensor [69].

sin?Ocos® ¢ sin® Ocosgsing  sinbcosOcosp
sin? Ocosgsing  sin? Osin® ¢

sinBcosOcosp

Ay sinBcosBsing

sinBcosBsing  cos* 6

@)

In this research, the Eulerian angles (6 and ¢ illustrated in Fig. 14a)
unique to the fibers are extracted and using Eq. (7), the average values
of the A; tensor for the reconstructed volume are reported as follows.

0.1362 0.0326 — 0.0088
Ay =| 00326 02854 0.147

—0.0088 0.147 0.5784 ®

The As; component of the A; tensor depicts how well aligned the
fibers are to the longitudinal axis of the cylindrical gauge section. From
the diagonal of the A; tensor, the higher value of the As;; component
indicates a preferred alignment towards the longitudinal axis of the
gauge section. This is consistent with the fact that the gauge section of
the specimens were machined down to the center of the injection
molded rods, where fibers are expected to be well aligned.

Finally, Fig. 14b is a fiber length distribution of the fibers within the
gauge of the tensile specimen. The distribution ranging from 2.6 pm to
1035 pm has a mean fiber length of ~126.3 ym and a mode value of
25 um. The range of the detected fiber length statistics demonstrates the
proposed framework’s capability of detecting fiber lengths at minute
length scales, well above the threshold for noise (2.6 um), which are
incapable to detect with conventional destructive methods such as
microscopy.

6. Conclusion

In this paper, a framework for reconstructing the microstructure of
short fiber reinforced composites has been discussed and the results
illustrated. As a case study, tomograms from an injection molded cy-
lindrical specimen composed of discontinuous glass fiber within a
polypropylene matrix were analyzed. The proposed 2D/3D synergistic
framework necessitated from the inherent limitation in the use of 2D
characterization techniques to reconstruct complex microstructure as
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Fig. 13. Illustration of the result after 3D border suppression. In this figure, a 3D cylindrical subvolume is imposed on the reconstructed results such that fibers that

are not fully captured within the boundary are thrashed out.

well as the mathematically intractable approach a purely 3D method
requires. The 2D part of the framework comprised the use of the
iterative utilization of the unsharp masking technique on the tomo-
grams followed by the iterative marker-controlled watershed segmen-
tation, denoising of segmentation results, fitting of ellipses around
amorphous segmented results and the extraction of the in-plane geo-
metry of elliptical regions. The 3D consideration of the framework
stacks the elliptical regions on successive slices to create a crude 3D
rendered microstructure (characterized by distinct dendritic strands of
fibers). These are further dissected through a separating scheme to a
more refined morphology. Further segmentation due to the constraint
of the 3D tortuosity of the reconstructed fibers is performed using
progressive linear fits along the fibers using SVD and the constraining
the angle between the associated direction vectors.

To ensure that the cylindrical 3D reconstructed fibers are always
preserved, a multiple reference frame analysis of each fiber is im-
plemented and the segmentation results of the serial sections perpen-
dicular to the plane in which the fiber lies is selected. 3D border

(b)

(a)

Frequency

40
Fiber Length (z m)

600 800 1000

Fig. 14. (a) The description of fiber in terms of the Eulerian angles and (b) the
fiber length distribution.
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suppression is then enforced on the optimized 3D reconstruction of the
sub-volume to preclude all fibers that are not fully captured within a 3D
cylindrical boundary. At this stage, the sub-volume architecture of the
fibers can be characterized by means of fiber length and orientation
distribution and the mean free path between neighboring fibers. In
summary, this paper proposes a novel methodology to faithfully re-
construct the complex sub-volume architecture of the fibrous systems,
thereby providing an accurate microstructure characterization.
Additionally, this tool can be applied to 3D tomograms of successive
loading configurations to track the evolution of the microstructure in
order to gain insights on the underpinning physics of deformation of
SFRCs.
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