
HAL Id: hal-01482431
https://minesparis-psl.hal.science/hal-01482431

Submitted on 3 Mar 2017

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Morphological Characterization of Graphene Plans
Stacking

Albane Borocco, Clémentine Fellah, James Braun, Marie-Hélène Berger, Petr
Dokládal

To cite this version:
Albane Borocco, Clémentine Fellah, James Braun, Marie-Hélène Berger, Petr Dokládal. Morphological
Characterization of Graphene Plans Stacking. ISMM 2017, May 2017, Fontainebleau, France. pp.435-
446, �10.1007/978-3-319-57240-6_35�. �hal-01482431�

https://minesparis-psl.hal.science/hal-01482431
https://hal.archives-ouvertes.fr


Morphological Characterization of Graphene Plans Stacking

Albane Borocco1, Clémentine Fellah2,3, James Braun2, Marie-Hélène Berger3, and Petr
Dokládal1
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Abstract. The graphene is a material obtained when carbon atoms form large planar
molecules. Well organized, large graphene molecules stacked ontop each other convey to
graphene particularly interesting properties useful in nuclear industry.
Understanding how the organization on the molecular scale influences the mechanical prop-
erties of the material is a key element in the material manufacturing process. In this scope,
features like local orientation and length have already been largely explored in the literature.
This paper brings a new feature evaluating the number of plans stacked ontop each other
and the length of this stacking. It allows obtaing other features such as the overall rate of
organization or locality and preferential orientation. These informations, synthesized in the
form of histograms provides a key information in the processus the material design.
Experimental results obtained on images taken by an electronic scanning microscope are
presented to illustrate the proposed method.
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1 Introduction

Ceramic matrix composite materials are candidates for thermostructural applications in extreme
environments such as in turbojet engines or core materials for future nuclear reactors [1, 6]. Fore-
most among them stand SiC/SiC composites which are composed of a SiC matrix by high purity
silicon carbide (SiC) fibers reinforced. This combination of two refractory, brittle components gives
rise to a damage tolerant material, thanks to a pyrocarbon (PyC) interphase deposited between
the fibers and the matrix to control the fiber/matrix bonding strength [9].This interphase and
their related interfaces allow crack deflection and crack bridging by the fibers during mechanical
loading which is the key to achieve a pseudo-ductile macroscopic behavior. Optimization of their
properties through the process must be performed and are from far a big concern. A thorough in-
vestigation of the carbon rich fiber surface structure and of the nature of the fiber/ PyC interphase
bonding is essential to control and improve the fiber/matrix coupling in SiC/SiC composites [2].

A variety of techniques could be used to characterize the carbon nanostructure of the SiC/SiC
composite interface including Raman spectroscopy, X-ray Diffraction (XRD) and Transmission
Electron Microscopy (TEM). The dark field and high-resolution modes in transmission electron
microscopy allow imaging directly 002 lattice fringes of graphene layers and to identify their
morphological, textural and structural parameters. But most of the information obtained from
TEM images have been qualitative or semi-quantitative [12].The direct interpretation of the TEM
features is not easy considering contrast variations, layers twisting and overlapping and local
changes in the organization of carbon nanostructure.

Image analysis allows eliminating problems of representativeness for the observations of graph-
ene layers nanostructure and more quantitative data can be obtained [15, 13, 18] .Various param-
eters of the spatial arrangement of carbon lamellae can be measured such as lattice fringe length,
size and shape, curvature and tortuosity of plans. A lot of studies are already published in the
literature studying on the nanostructure of fibers, soot, carbon black, pyrolytic carbon, fullerenes



and coal chars by image processing [5, 11, 7, 4, 19, 16]. In this study, the proposed technique based
on mathematical morphology involves the characterization of quantitative indices for describing
the carbon interface of SiC/SiC composite. This new method leads rapidly to the detection of
graphene layers stacking thanks to the development of a more important robustness to noise and
to quantify especially their local and space orientations using HRTEM images. The final goal is to
establish the local interaction mechanisms of carbon phases at the interface and the mechanisms
that control mechanical behavior of SiC/SiC composites. Thereafter it will be possible to define
optimized materials with these information for high-temperature applications.

2 Detection of graphene plans and their local orientation

This section explains how to detect graphene plans and their orientation by modeling each plan
by a centered, threadlike curve of same length and orientation.

2.1 Thresholding

The High-resolution transmission electron microscopy (HRTEM) allows to image individual graph-
ene molecules (in bright) and the gaps in between (that appear darker). A thresholding may dis-
sociate the structures from the background, see Fig. 1(a). The Otsu’s method [10] is thresholding
algorithms that iterates over all possible threshold values and calculates the spread of the pixel
levels each side to find the optimum.

The Otsu’s threshold is the value minimizing the sum of foreground and background spreads,
defined as a weighted sum of variances of the two classes:

t = arg(min
t

(σ2
W (t))), with σ2

W (t) = ω1(t)σ2
1(t) + ω2(t)σ2

2(t) (1)

with σ2
i being the variance of the class i and ωi the weight given by its likelihood.

As the material may contain globally darker and brighter regions, a global threshold fails
locally, Fig. 1(b). Instead, the threshold should be calculated locally: for each pixel, an optimal
threshold t is determined in the local neighborhood defined by a sliding window. Its size is fixed
so as to contain several graphene plans and gaps, but small enough not to contain both a bright
and a dark region. We have fixed the widow size to five times the plan width. Fig. 1(c) illustrates
the result of a local Otsu thresholding. It allows the extraction of the graphene plans despite
local intensity variation. Let BW denote the binary image representing the graphene plans in the
original grayscale image I.

BW (x, y) =

{
1, if I(x, y) > t(x, y)

0, otherwise
(2)

2.2 Skeletonization

In order to model each plan by a centered threadlike curve with the same length, the skeleton is
extracted from the binary image. This operation uses an algorithm [20] that removes the points of
the outline of the shape while preserving its topological characteristics. Let Sk denote from now
the skeleton.

Sk : I → skeleton(BW ) (3)

The skeleton is then pruned to remove spurious edges. The pruning is done using the algorithm 1
that allows to remove spikes shorter than a certain size.

By applying this algorithm, spikes shorter than n are removed. However, isolated structures
shorter than n are preserved, and the connectivity is not modified. A convenient size for n is
roughly equivalent to the interreticular distance. Fig. 2 illustrates the impact of pruning on the
skeleton.



(a) Initial image (b) global threshold (c) local threshold

Fig. 1. Application of Otsu’s threshold. (a) initial image. (b) global Otsu thresholding. (c) sliding-window
Otsu thresholding.

Algorithm 1 skeleton filtering algorithm

Input: Sk - noisy skeleton, Parameter: n - pruning length
Output: Sk’ - filtered skeleton

1: X0 ← Sk
2: for i=1..n do
3: Xi ← Xi−1 \ EP (Xi−1)

4: Sk′ ← R(Xn, X0 \ TP (X0)) ∪ TP (X0)
5: return Sk′

6: function TP (X) . Function Triple Points of X
7: TP (X)← {p, p ∈ X, (X ∗N8)(p) > 3}

8: function EP (X) . Function End Points of X
9: EP (X)← {p, p ∈ X, (X ∗N8)(p) = 2}

10: function R(X,Y) . Morph. reconstr. by dilation of X under Y
11: X0 ← X
12: for i=1..∞ do
13: Xi ← δ(Xi−1) ∩ Y
14: R(X,Y )← X∞

2.3 Local orientation

In order to determine the local orientation of each graphene plan, we first compute the local
orientation of each pixel. This calculation is based on the morphological opening: For each discrete
angle value θ, we compute the opening of the grayscale image by Bθ, a segment tilted by angle θ.
The local orientation of a pixel is the one that maximizes the opening value.∣∣∣∣θ : D → ]0, π]

(x, y) 7→ arg(
∨
θ∈]0,π](γBθ (I)(x, y)))

(4)

In the case of multiple maximum values, the local orientation resulting is the first maximum
encountered, the process to cope with that loss of information is explained in section 3 The local
orientation of each graphene plan is obtained by combining the local orientation of the gray scale
image and the skeleton of the binary image.

Fig. 3 illustrates (in false colours) the results of local orientation on the gray-scaled image (a)
and on the skeleton (b).



(a) Skeleton (b) Filtered skeleton

Fig. 2. A skeleton before (a) and after (b) the pruning algorithm.

(a) Local orientation (b) Skeleton orientation

Fig. 3. Application of linear opening to determine the local orientation. (a) local orientation in false colors.
(b) combination of the local orientation and the skeleton superimposed on the initial image

3 Orientation space

Orientation space has been introduced by Chen and Hsu [3] and popularized later by others authors
[17, 8]. The orientation space is obtained by adding the orientation axis to the image support: it
is the result of a transformation consisting in applying rotated copies of an orientation selective
filter.

I(x, y)→ I [θ](x, y, θ) (5)

with I the initial image, (x, y) the coordinates in the initial image, θ the local orientation, with
θ ∈]0, π] and I [θ] the orientation-space representation of I.

It presents several advantages for the evaluation of orientation:

– If two differently-oriented structures intersect in the image, in this space they will belong to
different orientation plans, which will ease their distinction.

– The noise spreads over the whole orientation space whereas the signal is located in specific
position, which improves the signal-to-noise ratio.

The orientation space allows segmentation of objects even overlapping ones. The segmentation
procedure is based on connectivity: pixels belonging to a same object are connected otherwise they



belong to different objects. However, connected pixels don’t always belong to the same object, this
is the case for overlapping objects. In order to distinguish overlapping objects, we need a criterion
which differs from one object to the other. Local orientation is a way to differentiate touching
objects: for two segments to intersect and have the same local orientation is a contradiction.

In order to separate the graphene plans according to their orientation, the skeleton of the
picture is put in the orientation space, using the local orientation:∣∣∣∣∣∣∣

Sk[θ] : D×]0 : π]→ {0, 1}

(x, y, θ) 7→

{
1, if Sk(x, y) = 1 and θ(x, y) = θ

0, otherwise

(6)

A one dimensional structure ξ in the image will be represented as a one dimensional structure
in the orientation space. Moreover a smooth ξ will be connected in this space. Conversely, a
continuous but only piece-wise smooth curve will be disconnected in non-differentiable points.
Obviously, in order to identify graphene plans, each one should be a unique connected component
even if its skeleton is not perfectly smooth. Indeed, a perfectly smooth curve is difficult to obtain
due to essentially two reasons: 1) we are in a discrete Z2 grid, 2) the local orientation is sampled
(taken from a discrete set of angles in eq. 4).

To cope with that issue, a convenient solution is to use a second-generation connectivity [14].
Two structures X and Y will be considered connected if they are connected after applying an
operator ψ:

XCψY ⇔ ψ(X)Cψ(Y ) (7)

The operator ψ is chosen depending on the way structures are disconnected in the orientation
space. We consider two types of imperfection:

1. A noise-corrupted, discontinuous, straight graphene plan is represented in the orientation
space as aligned disconnected fragments. One can reconnect these fragments (and only these
fragments) using a morphological closing by a line segment oriented in the same direction. Since
the orientation of the plans varies this closing also has to vary under translation. However, using
the orientation space the spatially varying closing decomposes in a collection of translation-
invariant closings. Each subspace θ = const. contains graphene plans oriented in θ. Hence, for
every θ = const. the closing is a usual translation-invariant closing by a line segment oriented
in θ.
To ease the description of the structuring element (here and below in the text) we will use a
rotated coordinate system. We will use two unit vectors uθ‖ and uθ⊥ oriented alongside and
perpedicularly to the angle θ of rotation of the system that can be expressed using the initial
coordinate system: uθ‖uθ⊥

θ


θ

=

cos(θ) − sin(θ) 0
sin(θ) cos(θ) 0

0 0 1

xy
θ

 (8)

The coordinates in this new system will be expressed using the notation: [., ., .]θ. Using these
coordinates, [a, b, θ]θ defines a rectangle a× b rotated by θ and located at an altitude θ. Using
this new coordinate system, the operator used in the noise tolerant connectivity eq. 7 is a
spatially varying closing by a segment:

ϕBθ with Bθ = [d, 0, θ]θ (9)

This element is a segment of length d defining the maximum distance between two aligned
segments for them to be considered as belonging to the same plan, and θ gives the translation
of the segment used along the θ axis in the orientation space.

2. Since a discrete skeleton is not always smooth, its segments will distribute over different
plans in the orientation space. Moreover, with the discrete angular dimension, there might be
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Fig. 4. Curved graphene plans (left) spread over different θi-subspaces of the orientation space (right).

Algorithm 2 Quantification of stackings of graphene plans

Input:Sk[θ] - the oriented-space representation of the skeleton;
Parameters: l - the interstitial distance
Output: H - bivaluate histogram count of the cumulated length

1: for θi=1..180 do
2: Skθi ← R(Sk[θ] ∩ (x, y, θi), Sk

[θ]) . select and reconstruct plans oriented along θi
3: Sk[θ] ← Sk[θ] \ Skθi . remove detected structures to avoid further processing
4: Sk0 ← ϕCθi+90(Skθi) with Cθi+90 = [0, l, θi]θ . connect stacked plans
5: n=0 . counter of stacked plans
6: while Sum(Skn) > 0 do
7: Skn+1 ← γC′

θ+90
(Skn) with C′θ+90 = [0, nl, θi]θ

8: H(θi, n)← Sum(RBθi (Sk
n−Skn+1, Skn)) with Bθi a segment tilted by θi

9: n← n+ 1

an abrupt change in local orientation. Consequently, even continuous, smooth but tortuous
structures will appear in the orientation space as disconnected but have to be identified as one
connected component. The operator that allows those curves to be considered as connected is
a closing by a vertical segment in the orientation space.

ϕA with A = [0, 0, h] (10)

The height h of that segment defines the maximum angle between two parts of the curve for
which they are still considered to belong to the same structure. When the angle exceeds hdθ,
where dθ is the angular sampling step used in eq. 4, the two parts are considered as parts of
different structures.

4 Stacking detection

This study’s point is to identify and quantify stackings of plans. Two plans are stacked if: i) they
have the same orientation, and ii) the distance between them is the inter-reticular distance, l. A
stacking is a sequence of two-by-two stacked plans. In the orientation space, structures that are
in the same plan and connected after a closing by a segment perpendicular to their orientation of
length l are stacked.

The Alg. 2 counts the number of stacked plans. The algorithm must handle the difficulty
that even though curved structures spread in the orientation space over several θi-subspaces (see
Fig. 4) their length shouldn’t be underevaluated. This is overcome by the use of second-generation
connectivity, which allows the detection of a curve as one connected component.

The line 2 detects plans containing at least a portion oriented along θi and reconstructs it in its
entirety by morphological reconstruction by dilation. R(x, y) is a morphological reconstruction by
dilation of x under y. See Section 5 below for the structuring element used in the reconstruction.
The line 4 detects stackings: plans connected after a closing by Cθ+90 belong to the same stack.
The lines 6 to 9 measure the cumulated length (using the Sum on the skeleton) using granulometry



by opening by reconstruction. After, the stackings are quantified using a bivaluate distribution of
the cumulated length over orientation and number of stacked plans.

5 Robustness to noise

Even organized materials contain imperfections consisting in discontinuous and imperfectly-parallel
plans. Such regions wouldn’t be detected as stackings in a whole, but as fragmented stacking that
would yield biased statistics. Fig. 5 illustrates the situation. To cope with that issue, we set up

(a) a well-organized zone (b) a zoom into (a)

Fig. 5. Zone of interest: a collection of disjoint and imperfectly parallel plans considered as a set of small
stacks by the algorithm previously described

tolerances to small discontinuities using second-generation connectivity. As in the previous case,
the chosen operator is a closing, but the size of the structuring element has to be adapted to close
only admissible imperfections.

The plans are disjoint and not perfectly parallel, so the structuring element needs a length L
along the graphene plans orientation and a height h along the θ axis. Moreover, in order to detect
stackings as collections of structures separated from an inter-reticular distance, the structuring
element needs a thickness of the size of the inter-reticular distance l along the axis perpendicular
structures’ orientation. The operator used for the tolerances is a spatially varying morphological
closing

ϕTθ with Tθ = [L, l, θ]θ × [0, 0, h] (11)

with an element Tθ a rectangular parallelepiped L × l × h rotated by θ (obtained as a product
of a rotated flat rectangle and a vertically oriented segment). The use of ϕTθ before the stacking
detection allows the connection of every graphene plans that belong to the same stack. Each stack
is then characterized using the previous method.

Fig. 6 illustrates the impact of tolerances on stacking detection. Wider tolerances allow the
detection larger stacking zones by gathering disjoint and imperfectly parallel plans. However, wide
tolerances also imply the possibility of false detection of stacking in regions where graphene plans
are disorganized. A compromise must be found between false and non-detection of stackings.

6 Results

The results are presented in the form of a bivariate histogram, presenting the length of the structure
given its orientation and the number of stacked plans.



(a) slightly organized carbon
without tolerances

(b) slightly organized carbon with
(L, l, h) = (20, 8, 3)

(c) slightly organized carbon with
(L, l, h) = (40, 8, 4)

(d) disorganized carbon without
tolearnces

(e) disorganized carbon with
(L, l, h) = (20, 8, 3)

(f) disorganized carbon with
(L, l, h) = (40, 8, 4)

Fig. 6. impact of tolerances on detection of stacks of at least four plans, in organized and disorganized
carbon, the detected stacks are highlighted in boxes.

Fig. 7 illustrates the results for organized, slightly organized and disorganized samples. The
organized carbon Fig. 7(a) shows one large stacking oriented around 90◦ in the upper-right zone
of the image, and several smaller zones oriented around 0◦ in the left part of the image. These
correspond to the two principal lobes around 90◦ and 0◦ in the histogram Fig. 7(d). Regarding the
lobe around 90◦ one can observe that there are up to 30 stacked graphene plans (non-zero values
up to 30 of number of stacks in the histogram). The total length histogram axis represents the
unnormalized cumulative length of the plans involved in a stacking. The slightly organized carbon,
Fig. 7(b), contains a number of small stackings, most oriented roughly horizonally, represented by
the lobe around 0◦ and 180◦ in Fig. 7(e). The disorganized carbon Fig. 7(c) contains almost no
graphene stackings but a handful of tiny zones. Its histogram Fig. 7(f) is much poorer compared
to that of the organized and slightly organized samples.

7 Conclusion

This paper presents an original method to identify graphene plans stackings in carbon. For every
stacking, it i) determines its orientation, ii) counts the number of stacked plans and iii) estimates
the cumulative length of all stacked plans.

These measures can be synthesized in a statistical quantification representing the “organiza-
tion” rate of a given sample in the form of a bivariate histogram. This is useful for further statistical
analysis and comparison of different samples.

This method is fast, simple and intuitive. An adjustable tolerance parameter avoids fractioning
due to imperfectly aligned, or discontinuous plans. In this way the stackings identified by this
method are closer to what one would intuitively delimit manually as a stacking despite present
imperfections.

Experimental results obtained on images taken by an HRTEM microscope are provided to
illustrate the validity of the proposed method.



(a) organized carbon (b) slightly organized carbon (c) disorganized carbon

(d) histogram obtained for organ-
ised carbon

(e) histogram obtained for
slightly organised carbon

(f) histogram obtained for disor-
ganised carbon

Fig. 7. Examples of (a) organized, (b) slightly organized and (c) disorganized carbon, detected stacks are
highlighted in boxes. Below, (d-f) the estimated distribution of the length of the stacks depending on the
orientation and the number of stacked plans
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