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Abstract

A methodology is presented for optimal polyhedral description of 3D polycrystals from experimental properties.
This is achieved by determining, by optimization, appropriate attributes of the seeds of Laguerre tessellations. The
resulting tessellations are optimal in the sense that no further improvements are possible using convex geometries. The
optimization of Laguerre tessellation combines a new, computationally-efficient algorithm for updating tessellations
between iterations to a generic optimization algorithm. The method is applied to different types of experimental data,
either statistical, such as grain size distributions, or grain-based, as provided by synchrotron X-ray diffraction experi-
ments. It is then shown how the tessellations can be meshed for finite-element simulations. The new method opens the
way to more systematic and quantitative analyses of microstructural effects on properties. The presented algorithms are
implemented and distributed in the free (open-source) software package Neper.
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1 Introduction

The influence of the microstructure on the mechanical and physical properties of polycrystalline materials has been
known for a long time. The average grain size, for example, is responsible for the so-called “Hall-Petch strengthening” [1,
2] and is important for fatigue resistance [3, 4]. The grain size distribution has similar effects, albeit generally less
pronounced [5, 6]. Of course, these phenomena are directly related to the stress and strain heterogeneities developing at
the microstructure scale [7]. In the past 15 years, large efforts have been conducted to analyse experimentally the local
deformation of polycrystalline materials in 3D using synchrotron X-ray diffraction. These methods provide both the grain
structure of polycrystalline materials [8, 9] and the local stresses and lattice rotations [10–13] that develop as they are
deformed. Numerical methods are available to simulate these phenomena [14–22], e.g. the widely-used finite element
method [14–20]. Simulations can then be compared to experiments [19, 20] or used alone to analyse systematically the
influence of microstructural attributes, on condition that appropriate polycrystal models are available.

As the (morphological) properties of polycrystalline microstructures result from material’s chemistry and elaboration,
they can be simulated using physical models, e.g. the phase field model [23, 24]. Geometrical models, in comparison,
are conceptually simpler and computationally cheaper. A polycrystal can for example be represented by a packing of
ellipsoids combined with simple growth [25]. These approaches generally provide microstructures of high fidelity but
do not offer full control on them. Moreover, the microstructures are in general complex, as they can include general
(non-convex) grain shapes which can only be described on grids of voxels, which is not adapted to standard, conformal
meshing [26]. Such is also the case for polycrystal images provided by synchrotron X-ray diffraction [8, 9], which
motivated the development of dedicated meshing procedures [27,28]. In contrast, geometrical models such as Voronoi or
Laguerre tessellations can be described in a compact, scalar fashion, using sets of points, lines, surfaces and volumes. A
major advantage is that they can be meshed with relatively standard approaches [26], while their cells being necessarily
convex is often a minor limitation for representing polycrystals [29]. Voronoi tessellations, in particular, have been widely
used in numerical simulations in the past few years [7, 19, 20, 30–35] but only partially reproduce elementary polycrystal
properties such as their grain size distribution [26].
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Laguerre tessellations are a generalization of Voronoi tessellations and are becoming increasingly popular for mod-
elling materials such as polycrystals [36, 37] or foams [38]. Similarly to Voronoi tessellations, Laguerre tessellations
are generated from a set of seeds [39], but the seeds are more delicate to set, so that different strategies were developed
for different applications. For reproducing grain size distributions, seeds are often determined from a dense packing of
spheres [36, 37]. For foams, seeds can be determined from the geometry and arrangement of their walls [38]. For grain
centroids and volumes provided by synchrotron X-ray diffraction experiments, seeds can also be determined using simple
schemes [40]. These strategies are both application-specific and suboptimal, for example due to constraints on the seed
attributes resulting from the correlation between spheres centres and radii in dense sphere packing [36, 37].

In this work, a general methodology is developed for generating polycrystal models from any type of experimental
properties, using Laguerre tessellations. The approach is to consider the desired (experimental) grain properties as an
input of the problem, from which the attributes of the seeds are determined. As will be explained in the following,
the method provides, irrespective of the application, optimal results, i.e. the best possible tessellations matching the
prescribed properties and made of convex cells. It should be stressed that under investigation in this article will be so-
called “single-scale” polycrystals, such as those typically encountered in single-phase (and some multi-phase) materials,
in contrast to polycrystals characterized by grain subdivision (often arising during elaboration), such as pearlite, bainite
or martensite in steels, lamellar Ti-6Al-4V, etc. The article is organised as follows. We first describe the generic method
for tessellation generation in Section 2. We then show how it can be applied to different types of experimental data, either
statistical (Section 3) or grain-based such as those provided by synchrotron X-ray diffraction (Sections 4 and 5). We then
discuss the results and show how the tessellations can be used in finite element simulations (Section 6), before closing
the article with conclusions (Section 7). Throughout the article, we use a consistent terminology, where “experimental”,
“polycrystal” and “grain” refer to input data which we aim to replicate, while “numerical”, “tessellation” and “cell” refer
to output data supplied by the method. All algorithms described in this article are implemented and distributed in the free
(open-source) software package Neper [41].

2 Method

The method is based on optimization of Laguerre tessellations. In Section 2.1, we recall the principle of Laguerre
tessellations and introduce the general optimization framework in which we use them. In Section 2.2, we describe a
method to update Laguerre tessellations during optimization.

2.1 Principle

2.1.1 Laguerre tessellation

Mathematically, a Laguerre tessellation is a partition of an nD space in a collection of nD entities that fill the space
with no overlaps and no gaps. These entities are polyhedra and are formally defined as zones of influence of a particular
set of weighted points, or seeds. Each seed, Si, is defined by its coordinates, xi, and a non-negative weight, wi. Being
given a spatial domain D ∈ℜn and a set of seeds {Si(xi, wi), i = 1, . . . ,N}, every seed Si is associated a Laguerre cell Ci

as follows,
Ci =

{
P(x) ∈ D | dL(P, Si)< dL(P, S j) ∀ j 6= i

}
with dL(P, S•) = dE(P, S•)2−w• (1)

dL is referred to as “power distance” and dE is the Euclidean distance. Under the effect of distinct seed weights, boundaries
between cells become non-equidistant between seeds, and cells may not contain their associated seeds or be empty. The
larger the weight of a seed (relative to the weights of other seeds), the bigger its associated cell. The special case of
Voronoi tessellation is obtained when all weights are equal. Figure 1 provides an example of a 3D Laguerre tessellation
generated from seeds of random positions and weights.

Laguerre tessellations are normal tessellations, i.e. are comprised of convex cells intersecting along planar faces,
straight edges, and vertices [39]. From a topological point of view, Laguerre tessellations are equivalent to polycrystals,
which are comprised of grains intersecting along grain boundaries, triple lines and quadruple points. An important
property of Laguerre tessellations is that, in contrast to Voronoi tessellations, they can describe any normal tessellations,
whatever the morphologies or arrangement of the cells [39]. More specifically, Laguerre tessellations can include contrasts
in cell size that cannot be attained using Voronoi tessellations, and Laguerre cells can exhibit geometries which are not
possible with Voronoi cells (due to the fact that the faces of Voronoi tessellations are necessarily equidistant between
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seeds). As a consequence, Laguerre tessellations can be considered as both general and optimal to represent tessellations
composed of convex cells. Of course, this may be verified only in the absence of constraints on (or across) seed attributes.

Figure 1: Example of a 3D Laguerre tessellation. (a) 3,000 weighted seeds with random and uncorrelated positions
and weights. Seed coordinates are randomly distributed according to a uniform distribution in [0, 1], while seed weights
elevated to the power of 4 (wi

4) are randomly distributed according to a uniform distribution in [0, 0.25]. Each seed is
shown as a sphere of centre and radius equal to the seed position and square root of weight, respectively (note that spheres
can overlap). (b) Associated Laguerre tessellation, which contains 2,895 non-empty cells. Periodicity conditions are
applied. Note that large weights tend to generate big cells, but with noticeable variations between cells (depending on the
local seed attributes).

2.1.2 Optimization problem

The process of determining seed attributes resulting in specified cell properties can be expressed as an optimization
problem as illustrated on Figure 2; that is, minimizing an objective function over a set of variables while accounting
for potential constraints. Here, the optimization problem must be defined in such a way that the generality of Laguerre
tessellations is retained.

The variables of the optimization problem are the coordinates and the (square roots of the) weights of the seeds. For a
3D tessellation comprising N cells, this leads to 4N variables. The coordinates of the seeds are allowed to take any value;
that is, seeds can be located inside or out of the domain.1 A first constraint, which results from the definition of a Laguerre
tessellation (Equation 1), is that all seed weights must be non-negative, wi ≥ 0 (i = 1, . . . , N). A second constraint must
be considered to avoid empty cells. It cannot be expressed from the optimization variables (which describe the seeds) but
can be introduced in the objective function under the form of a penalty term:

Op = O + pNe (2)

where Op is the penalized objective function, O is the nominal objective function (defined in Sections 3, 4 and 5), Ne is
the number of empty cells and p is an arbitrarily high penalization factor (taken equal to 103). This simple penalization
is sufficient when the initial tessellation contains no (or only a few) empty cells, as is the case when a proper initial
solution is chosen (see Sections 3, 4 and 5). It should be noticed that neither of the two constraints affect the ability of
Laguerre tessellations to represent any normal tessellation: while the first one is intrinsic to Laguerre tessellations, the

1In the case of a periodic tessellation, to a seed located out of the domain (in the optimization variables) is associated an image seed located
inside the domain (in the tessellation computation), shifted by the periodicity distance. This is necessary to properly compute the tessellation.
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second one is equivalent to the fact that only N seeds are available to generate N (non-empty) cells, which is sufficient
since any additional seed (of empty associated cell) would not affect other cells and therefore is unnecessary to the
Laguerre tessellation overall. Finally, the objective function quantifies the difference between desired properties and
current properties. Its expression in different applications will be provided in Sections 3, 4 and 5.

The nature of the optimization problem dictates the choice of the resolution algorithm. First, for typical tessellations,
comprising a thousand cells or more, the number of optimization variables is large (4N). Second, the objective function
generally is a non-linear function of unknown gradient. The resolution of the optimization problem therefore necessitates
a large-scale, non-linear and gradient-free optimization algorithm. Finally, the large dependency of the cell properties of
Laguerre tessellations on the seed attributes suggests that a local optimization may be sufficient (given a proper initial
solution), and this will be demonstrated empirically in Sections 3, 4 and 5. Two existing algorithms were found to fulfill
all previous requirements: Subplex [42] and Praxis [43], as available in the NLopt free (open-source) library [44]. Sub-
plex is derived from the well-known Nelder-Mead simplex algorithm [45] and decomposes high-dimensional problems
into a series of low-dimensional problems that can be handled by the simplex algorithm, while Praxis is derived from
the direction-set method [46], which assumes a local quadratic form of the objective function and minimizes it along
repeatedly-updated directions of search space. An interesting property of both algorithms is that they modify only a few
variables between successive iterations (typically, 1 to 3), independently on the total number of variables (and so on N).
As a result, only a few cells are modified between successive iterations (typically, 10 to 50), which makes it possible
to update the tessellation, as described in Section 2.2. In practice, Praxis consistently offers better performances than
Subplex and will be used in this article.

Optimization can be terminated based on different criteria, such as an absolute or relative error on the objective
function, an absolute or relative error on the seed attributes, a maximal value of the objective function, a maximal number
of iterations, or even a maximal computation time [44]. In this article, an absolute error criterion on the objective function
is used:

∆Omin (i) = Omin (i−40N)−Omin (i)< ε (3)

where Omin is the minimal value of O , and the absolute error, ∆Omin, is measured over 40N iterations (10 times the
number of variables). In this article, we use ε = 10−6.

Initial solutionObjective function

Optimization of Laguerre tessellation

(xi, wi), wi ≥ 0, i = 1, . . . , N

Optimization algorithm

Laguerre tessellation algorithm

Polycrystal properties
(N, f (d), . . . )

Tessellation
(ready for meshing)

Figure 2: Principle of tessellation generation from polycrystal properties. The optimization of Laguerre tessellation and
its associated algorithms are described in Section 2. The input data, the objective function, the initial solution and the
output data are described, for different applications, in Sections 3, 4 and 5.

2.2 Laguerre tessellation update

Typical tessellation optimization involves a large number of iterations, of the order of 105–106 for N = 1,000. At
each iteration, the tessellation and its associated objective function must be computed. As only a few seeds are modified

4



between successive iterations and for computational efficiency, the tessellation and its associated objective function are
updated from their values at the previous iteration. In this section, we provide a method to update a Laguerre tessellation;
i.e., given one or several modified seeds, we determine, using the neighbour relations between cells, which cells are
modified (these cells are then computed in the standard way, see Section 2.1.1). For the presentation of the method, we
assume only one modified seed and tackle all theoretically possible situations. The case of several modified seeds can be
treated by superposition. The update of the objective function will be discussed for different applications in Sections 3, 4
and 5.

2.2.1 General case: modified-seed cell and first-neighbour cells

The general (and simplest) case of tessellation update corresponds to a relatively small change of seed attributes,
as illustrated on Figure 3. When a seed (Si) is modified during an iteration, j, its associated cell (Ci) is modified. The
neighbours of Ci in the initial configuration, N j−1

i , are also modified, as are the neighbours of Ci in the final configuration,
N j

i . Therefore, the cells to update are the ones associated with the modified seed and the initial and final neighbouring
cells,

C j
i =Ci ∪N j−1

i ∪N j
i (4)

Again, for a relatively small change of Si, N j−1
i and N j

i intersect by a large amount, but they may be different, as can
be seen on Figure 3.

Figure 3: General case of tessellation update when one seed is modified. Seeds are represented by spheres of centres and
radii equal to the seed coordinates and square roots of weights, respectively. The position and weight of the red, central
seed (Si, of cell Ci) are modified during the iteration. The left image shows the initial configuration, with Ci’s initial neigh-
bours (N j−1

i ) highlighted. The right image shows the final configuration, with Ci’s final neighbours (N j
i ) highlighted.

Note that N j−1
i 6= N j

i . Also note that, in the final configuration, the yellow seed covered by the red, central one is not
located in its associated cell (as is possible in Laguerre tessellations).

2.2.2 Special case: higher-order-neighbour cells

In some other cases, and especially when the change of seed attributes is large, more delicate situations can arise, as
illustrated on Figure 4. When a tessellation update results in (or starts from) empty cells, the general algorithm may not
detect all modified cells. (It should be recalled that empty cells are only avoided a posteriori, by penalization, and so can
be present at some iterations.)

Figure 4a illustrates a situation for which empty cells are present in the final configuration. By applying the general
algorithm, the seed’s cell and its initial and final neighbours (N j−1

i and N j
i ) are updated; however, cells that should have

become empty still are present, leading to an anomalous tessellation exhibiting cell overlaps. These cells are neither initial
nor final neighbours of Ci and therefore cannot be detected from Ci. They can actually be detected from Ci’s neighbours,
N j−1

i ∪ N j
i ; namely, if one of them lost a neighbour once updated, this neighbour necessarily changed and is to be
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updated. Figure 4b illustrates the inverse situation, where empty cells are present in the initial configuration, which leads
to an anomalous tessellation exhibiting cells gaps. These cells also can be detected from Ci’s neighbours, N j−1

i ∪N j
i ;

namely, if one of them gained a neighbour once updated, this neighbour necessarily changed and is to be updated.
Both situations can be treated as follows: during tessellation update, if an updated cell loses or gains a neighbour,

this neighbour is to be updated. This is not limited to cells updated by the general algorithm (N j−1
i ∪N j

i ), but actually
applies to all updated cells. This means that the resulting set of updated cells is not limited to first or second neighbours
of Ci but instead can include any higher-order neighbours (and therefore any cell). On Figure 4, this would happen in the
case of a larger weight change. It should be noted that cells updated during this process switch either from non-empty to
empty or from empty to non-empty. Let ∆(•) denote the set of “gained” and “lost” neighbours of cell(s) •. The set of
modified cells then becomes

C j
i =Ci ∪

(
N j−1

i ∪N j
i

)
∪ ∆
(
N j−1

i ∪N j
i

)
∪ ∆
(

∆
(
N j−1

i ∪N j
i

))
∪ . . . (5)

Finally, an extreme situation can occur where Ci occupies the full domain in the initial configuration and is empty in
the final configuration (or the opposite). In such a situation, both previous algorithms would fail to detect cells to update
(as Ci has no neighbours in the initial and final configurations), but it is straightforward to see that all cells need to be
updated.

Figure 4: Special cases of tessellation update involving empty cells. The weight of the red, central seed (Si, of cell Ci)
is modified to a large extent during optimization. The left images show initial configurations, the middle images show
intermediate configurations as generated by the general algorithm, and the right images show final configurations. (a) Case
with empty cells in the final configuration and for which the general algorithm generates cell overlaps (resulting from a
large seed weight increase). (b) Case with empty cells in the initial configuration and for which the general algorithm
generates cell gaps (resulting from a large seed weight decrease).

6



2.3 Validation

The efficiency of the tessellation update algorithm, and more specifically the detection of modified cells, can be
analysed quantitatively. To do so, a periodic 1,000-cell Voronoi tessellation is subjected to random seed perturbations
to mimic changes occurring during optimization. At each iteration, one seed attribute (chosen randomly) is altered by a
specific amount, ∆xi, and the modified cells are detected as described in Section 2.2. To keep a known initial state (and
unlike what actually occurs during optimization), the seed change is then reversed before the next iteration. Figure 5
provides results on the number of modified cells during random perturbations, for magnitudes ∆xi ranging from 10−1 〈d〉
down to 10−3 〈d〉, where 〈d〉 denotes the average cell diameter (see Section 3), as is typically encountered at the beginning
and end of optimization, respectively. First, it appears that the number of modified cells, |C j

i |, vary significantly, from
9 to 39 cells for ∆xi = 10−1 〈d〉, with an average of 23. This is, as expected, much lower than the total number of cells
(1,000). Moreover, the lower ∆xi, the lower |C j

i |; at ∆xi = 10−3 〈d〉, the average is 16.65, which is close to 1 +
〈
n f
〉
,

where
〈
n f
〉
= 15.2 is the average number of faces of a cell. This confirms that for low perturbations, modified cells are

only the cell of the modified seed and its first neighbours.
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Figure 5: Number of modified cells (|C j
i |) during tessellation update in the case of random perturbation of seed attributes

of different magnitudes (∆xi). (a) Number of modified cells as a function of iteration number (limited to 100) and
(b) distribution of the number of modified cells during the whole random perturbation process (100,000 iterations). The
dashed lines correspond to a value of 1+

〈
n f
〉
.

3 Application to statistical grain properties

Polycrystalline morphologies are commonly described in terms of their average grain sizes and grain size distributions.
Grain shapes are more rarely considered but may also be important as, in principle, polycrystals with the same grain size
distributions can exhibit appreciably different grain shapes. Experimental distributions of 3D materials can either be
measured directly [47–49] or determined from 2D measurements and stereology [50]. In this section, given a domain (D)
and a number of cells (N), tessellations are generated from prescribed grain size and shape distributions.

3.1 Metrics

The size of a grain can be defined as the diameter of its sphere of equivalent volume, d. For each grain of a polycrystal,
it is then possible to determine a relative value, d/〈d〉, where 〈d〉 denotes the average diameter over all grains. In this
section and unless mentioned otherwise, d/〈d〉 will simply be referred to as “diameter” (or “size”). A possible shape
metric is the sphericity, s [29], which is defined as the ratio between the surface area of the sphere of equivalent volume
and the surface area of the grain, and takes a maximal value of 1 for a spherical grain.

Experimental grain size (d/〈d〉) and sphericity (s) distributions of different materials are provided on Figure 6 [29,
47–49]. For a grain-growth material, i.e. a material that underwent grain boundary migration by capillarity effects, d/〈d〉
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generally follows a lognormal distribution of average 1 (by definition) and standard deviation 0.35, and 1− s follows a
lognormal distribution of average 0.145 and standard deviation 0.030 [29]. In comparison, Voronoi tessellations provide
less variable sizes [26], of standard deviation 0.15, and lower sphericities, of average 0.810 and standard deviation 0.044.
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Figure 6: Morphological statistics of the grains of polycrystals: (a) size distribution and (b) sphericity distribution. Fe α

data after Ref. [47], Al–2%Sn data after Ref. [48], Ti–21S β data after Ref. [49] and Al–2%Cu data after Ref. [29].

3.2 Objective function

The size and sphericity distributions of the tessellation must be compared to the prescribed ones to define the objective
function. This is done independently for each property, and the resulting values are then combined into the objective
function.

3.2.1 General expression

Comparing a continuous probability density function (the prescribed distribution), f , to the distribution of a sample
of data (the cell values), {xi}, is a well-known problem in Statistics that led to so-called “goodness-of-fit” tests [51].
A popular test is the χ2 test, but more elaborate tests include the Kolmogorov-Smirnov, Kuiper, Cramér-von Mises and
Anderson-Darling tests, all of which use the cumulative distribution functions. However, these tests were not designed in
the context of optimization, and none of them are efficient in the present context. So, a new test is defined which derives
from the Anderson-Darling test. Let F denote the cumulative distribution function corresponding to f and X denote the
cumulative distribution function of {xi}. F is a continuous function while X is a step function which can be written as

X(x) =
1
N

N

∑
i=1

H(x− xi) with H(•) =
{

0 if •< 0
1 if • ≥ 0

(6)

H is the Heaviside step function. F and X can be compared in terms of a metric, A , defined as,

A =
∫ +∞

−∞

[X (x)−F (x)]2

F (x) [1−F (x)]
dx (7)

In principle, integration is made over ]−∞,+∞[, but in practice, it may be restricted to the interval of possible values of
x. For general values of F , A must be computed by numerical integration, i.e. by discretizing the x interval into a finite
number of bins. X being a step function, any change in xi inside individual bins would not change the value of A , which
is problematic for optimization as the gradient of A with respect to xi cannot be evaluated properly. An expression of A
including smoothing, A s, can be used instead:

A s =
∫ +∞

−∞

[X s (x)−Fs (x)]2

Fs (x) [1−Fs (x)]
dx with

{
Fs = F ◦ s
X s = X ◦ s

(8)
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where ◦ is the convolution product and s is a normal convolution kernel of standard deviation σs (small with respect to
the one of f , as discussed in Section 3.3.2). When A s = 0, Fs = X s and so F = X . However, because F is a continuous
function and X is a step function, A s > 0; we will therefore seek for a minimal value rather than a zero value of A s,
consistent with the termination criterion (Equation 3). Typical F , X , Fs and X s distributions are provided on Figure 7,
from which the definition of A s (Equation 8) can be better depicted. The expression of A s is such that a (quadratic)
difference between Fs and X s is weighted more highly when occurring at low (near zero) and high (near one) values of
Fs (or equivalently, F), i.e. in the two tails of f . This is important since the tails of the distributions are often critical in
applications [52].

Equation 8 can be generalized to the case of a multimodal shape of distribution f . Considering that all tails (not only
the outer ones) of the distribution should be weighted in similar ways, the expression of A s becomes

A s =
∫ +∞

−∞

[X s (x)−Fs (x)]2

∏m
i=0 |Fs (x)− pi|

dx (9)

where p0 = 0, and pi are the cumulative fractions of the m distribution modes of f (pm = 1). For m = 1, Equation 9 is
equal to Equation 8.

Finally, let n be the number of properties considered simultaneously (here, the diameter and the sphericity). The n
corresponding values of A s, A s

i , i = 1, . . . , n, are combined into the objective function, O ,

O =
1
n

√
n

∑
i=1

A s
i

2 (10)

For computational efficiency, it is important that A s can be updated between successive iterations. Using Eqns. 6 and
9, noting that H ◦ s can be expressed using the error function and after elementary mathematical manipulations, X s can be
written as

X s(x) =
1

2N

N

∑
i=1

[
1+ erf

(
x− xi√

2σs

)]
(11)

It follows that the value of X s at iteration j, X s j, can be expressed from the one at iteration j−1, X s j−1, as

X s j(x) = X s j−1(x)+
1

2N ∑
i∈C j

i

[
erf

(
x− x j

i√
2σs

)
− erf

(
x− x j−1

i√
2σs

)]
(12)

Equation 12 makes it possible to update the values of X s, A s (using Equation 9) and then O (using Equation 10) at a cost
independent on N. It can be applied directly to sphericity, while the case of the size needs more discussion.
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3.2.2 Case of the size distribution

In general, changing the (absolute) diameters (d) of the updated cells changes their average over all cells, 〈d〉 (contrary
to the case of cell volumes). As a consequence, the value of d/〈d〉 is changed for all cells, not only updated cells, which
prevents updating X s using Equation 12. This problem can be solved by normalizing, during optimization, the cell
diameters (d) not by their current average value, but by their final average value, 〈d〉p (a constant). Given the volume of
the domain, V , the number of cells, N, and the prescribed probability density function of the (relative) diameters, fd , 〈d〉p
is given by

〈d〉p = 〈d〉D
[∫ +∞

−∞
fd(x)x3 dx

]− 1
3

with 〈d〉D =

(
6
π

V
N

) 1
3

(13)

〈d〉D corresponds to the diameter of a cell of average volume. The wider the diameter distribution, the lower 〈d〉p. For a
Dirac distribution, 〈d〉p = 〈d〉D, while for a lognormal distribution of standard deviation 0.35, 〈d〉p ' 0.891 〈d〉D.

3.3 Applications

The method is applied to the generation of tessellations from various grain size and sphericity distributions in Sec-
tion 3.3.1. The influence of the distribution smoothing and discretization parameters is discussed in Section 3.3.2.

3.3.1 Polycrystals of specified grain size and sphericity distributions

As mentioned previously, grain-growth polycrystals are characterized by a d/〈d〉 lognormal distribution of average 1
and standard deviation 0.35 and a 1−s lognormal distribution of average 0.145 and standard deviation 0.030. Tessellation
generation can be started from a random and uniform spatial seed distribution and seed weights equal to (〈d〉target /2)2.
This corresponds to a Voronoi tessellation, but considering non-zero weights facilitates optimization since it allows them
to decrease. Figure 8 illustrates how a 1,000-cell tessellation evolves during optimization. It can be seen that the tessella-
tion is significantly modified during the first 75,000 iterations, resulting in a strong decrease of O (Figure 8d), and is then
further adjusted until the termination criterion is verified. At the final state, the cell diameter and sphericity distributions
closely match the prescribed distributions. Meanwhile, the average number of cell faces is reduced from 15.1 to 13.6
and comes in close agreement with polycrystal values (12–14 [47–49]). This was not monitored by optimization and is
only associated to correct size and sphericity distributions, which shows that these metrics are particularly efficient for
describing grain-growth polycrystals. Figure 9 shows that the method is applicable to tessellations with large numbers of
cells (10,000). About 1,650,000 iterations were needed, in a computation time2 of 4.8 hours, while generating a 1,000-cell
tessellation requires about 180,000 iterations in a computation time of 12.7 minutes.

The size and sphericity distributions can also be varied (e.g. about their grain-growth values). In Figure 10, the
standard deviation of the size distribution is varied from 0 to 0.55 while the average sphericity is varied from 0.9 to 0.7
(standard deviation 0.03). It can be seen that the method successfully generates tessellations from any combination of
size and sphericity distributions.

As a last example, a tessellation composed of two cell populations of different size distributions is generated, as
illustrated in Figure 11. The two populations are characterized by an average size ratio of 1:2 and size distributions of
standard deviations of 5% of their respective averages, and have the same volume fractions. The sphericity distribution has
an average of 0.875 and a standard deviation of 0.05. As an initial solution, a (rough) sphere packing is used, where sphere
diameters, di, are set by sampling the size distribution and sphere positions are set so as to minimize sphere overlapping.
Seed positions are set as those of the spheres while seed weights are computed as wi = di

2/4, which provides an initial
bimodal diameter distribution (see Figure 11b). This is necessary to optimization due to the weighting of all distribution
tails in Equation 9. At the final state, the two cell populations of the tessellation match the prescribed distributions and
have random spatial arrangements.

2Unless mentioned otherwise, computations are run on a single core of a 2.60 GHz Intelr Xeonr processor.
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Figure 9: Example of a 10,000-cell tessellation with grain-growth properties.
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Figure 10: 3D periodic tessellations with different size (top to bottom) and sphericity (left to right) distributions. σd stands
for the standard deviation of the size distribution (average 1), and 〈s〉 stands for the average of the sphericity distribution
(standard deviation 0.03). The image at (σd = 0.35, 〈s〉= 0.855) represents grain-growth properties (see Figure 8a).
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3.3.2 Influence of distribution smoothing and discretization

In this section, the influences on tessellation quality of the smoothing parameter (σs) and the bin width used to
discretize the statistical distributions are analysed in the case of tessellation generation from grain-growth properties.

Concerning the smoothing parameter, it should be recalled that smoothing is introduced as a way to make the objective
function (O) differentiable, as needed for optimization. In theory, equal smoothed distributions (Fs = X s) provide equal
distributions (F = X) whatever the smoothing kernel s (and so its standard deviation σs), and so a minimal value of
O should provide the same final distributions independently on σs. However, optimization is terminated using an error
criterion on O , which may lead to slightly different distributions. The procedure for determining the influence of σs on
the quality of the tessellation is to generate tessellations using different values of σs and to compare them to the prescribed
distributions without smoothing (i.e. using Equation 7 or equivalently σs = 0 in Equation 8); the corresponding value of O
is denoted O 6s. Using O 6s, F and X are therefore compared directly and independently on σs, which enables to measure its
effects. A constant ratio of 10 is used between the σs values of the size and sphericity distributions (which is close to the
ratio between their standard deviations). The bin width used to discretize the distributions is set to 10−3 for the size and
10−4 for the sphericity; its influence will be analysed afterwards. Results are provided on Figure 12a. First, smoothing
clearly facilitates optimization, as non-zero σs values consistently result in a faster decrease of O 6s. The smaller the value
of σs (but still non-zero), the smaller the final value of O 6s. It should be noted, however, that all σs values lower than 0.05
provide similar O 6s values until about 75,000 iterations, i.e. when the tessellation distributions become visually close to
the prescribed ones on Figure 8; the following iterations only serve for fine adjustments (all the more than σs is small).
Therefore, σs values of 0.05 for the size and 0.005 for the sphericity appear sufficient to obtain a good-quality tessellation
while limiting the number of iterations compared to smaller values. At the opposite, higher values of σs fail to provide
low enough values of O 6s, even at large iteration numbers.

The influence of the bin width, ∆x, can be analysed by following the same procedure: the bin width is varied and the
resulting values of O 6s are compared. σs = 0.05 and 0.005 are used for the size and sphericity distributions, respectively.
Similarly, a constant ratio of 10 is used between the bin widths of the size and sphericity distributions. Results are
provided on Figure 12b. It appears that the evolution of O 6s is almost independent on ∆x up to the value of σs. Bin widths
of 0.01 for the size and 0.001 for the sphericity are chosen.
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Figure 12: Influence of distribution smoothing and discretization on tessellation quality. (a) Evolution of O 6s during
optimization for different values of σs and (b) evolution of O 6s during optimization as a function of the discretization
bin width (∆x). Values of σs and ∆x apply to the size distribution, while σs/10 and ∆x/10 are used for the sphericity
distribution. On (a), the σs = 0 curve is truncated for clarity. The black curves correspond to the chosen values of σs and
∆x (σs = 0.05 and ∆x = 0.010). The dashed lines represent the apparent convergence state on Figure 8.
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4 Application to grain centroids and volumes

The centroids,µi, and volumes, Vi, of the individual grains of a 3D polycrystal can be obtained by 3D X-ray diffraction
microscopy (3DXRD) [10], so as their lattice orientations and elastic strains. Also known is the spatial extent of the
polycrystal (usually from conventional tomography), from which the domain (D) is defined, and (of course) the number
of grains (N). In this section, tessellations are generated from grain centroids and volumes.

4.1 Metrics

While the grain centroids can be used directly, the grain volumes (Vi) are used to compute grain diameters (di),

di =

(
6
π

Vi

) 1
3

(14)

which are of the same dimension as centroids’ coordinates and can be combined with them to define the objective function.

4.2 Objective function

An efficient metric to quantify the difference between the grain and cell centroid / diameter pairs, (µi, di) and (µ∗i , d∗i ),
respectively, can be obtained from Figure 13. Spheres are constructed from the centroid / diameter pairs and are compared
using two distances between them, δa and δb, measured along the line passing through their centres. The difference
between the two spheres (and therefore between a grain and a cell), δi, can be defined as

δi =

√
δa

2 +δb
2 (15)

which, after elementary geometrical considerations, can be written as

δi =

√
dE(µi, µ∗i )

2 +
1
4
(di−d∗i )2 (16)

The objective function can then be computed as

O =
1

N 〈d〉

√
N

∑
i=1

δi
2 (17)

Factors 1/N and 1/〈d〉 are introduced for normalization, where N is the total number of grains and 〈d〉 is the average
grain diameter. O takes a minimal value of 0 when all cell centroid / diameter pairs ((µ∗i , d∗i )) are equal to grain ones
((µi, di)).

The objective function can be updated between successive iterations ( j−1 and j) using

O j =

√√√√O j−12 +
1

N2〈d〉2 ∑
i∈C j

i

(
δ

j
i

2−δ
j−1

i
2)

(18)

4.3 Applications

The method is applied to tessellation generation from the centroids and volumes of a 131-grain polycrystal, as illus-
trated on Figure 14. A full image of this polycrystal was actually obtained experimentally (see Section 5), but the image
is here cast into grain centroids / volumes to obtain data free of the experimental uncertainties encountered in 3DXRD.
As initial solution, a straightforward possibility is to position the seeds on the grain centroids, while weights are obtained
from the grain diameters,

x∗i = µi, w∗i =
(

di

2

)2

(19)
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Figure 13: Comparison between grain and cell centroid / diameter pairs, (µi, di) and (µ∗i , d∗i ), respectively, from which
spheres are constructed. The line passing through the centres is considered to define δa and δb, from which the difference
between the spheres (δi) is computed.

Tessellation generation involved about 1,030,000 iterations in a computation time of 4.1 hours. Figure 14 compares
the centroids and volumes of the grains and cells, at the initial and final states. The correspondence is significantly
improved by optimization, as the objective function is decreased from 0.0107 to 0.000942. The agreement can also be
analysed for individual cells (Figure 14d,e). The average error on the centroid positions (relative to the average diameter)
is reduced from 10.1% to 0.7%, on the volumes (relative to the average volume) from 14.4% to 3.2% and on the diameters
(relative to the average diameter) from 10.8% to 1.3%. Final values are significantly lower than the typical experimental
uncertainty of a few percents [53]. It should also be noticed from Figure 14b,c that optimization leads to a significant
change of morphology. The change of morphology can be quantified from the rate of intersection, IV , between the cells
of the initial and final tessellations, Cini

i and Cfin
i , respectively. IV can be written as

IV =
1
V

N

∑
i=1

Cini
i ∩Cfin

i (20)

and is equal to 84.4%. In other words, the initial and final tessellations differ by 15.6%.

5 Application to raster polycrystal images

3D images of polycrystals can be obtained by synchrotron X-ray techniques such as “diffraction contrast tomography”
(DCT) [8] and “high-energy diffraction microscopy” (HEDM) [9]. Other, destructive techniques combine optical or
electron microscopy to serial sectioning [49, 54, 55]. Of course, 2D-only characterizations are also often used [56, 57].
All of these techniques provide raster images, i.e. images composed of voxels. In this section, the domain (D) of the
tessellations is identified to the one of the polycrystals and tessellations are generated from the polycrystal images.

5.1 Metrics

Depending on the experimental technique, the raster polycrystal image can be defined, at the voxel scale, in terms of
grain label (e.g. in DCT) or lattice orientation (e.g. in HEDM). Here, grain labels are used, which can be obtained from
lattice orientations using standard techniques. Let M be the set of all voxels, vk, k = 1, . . . , M, of the polycrystal. Let I
be the grain label function. A grain, Gi (i = 1, . . . ,N), is defined as

Gi = {vk ∈M | I(vk) = i} (21)

Gi defines a grain completely in terms of its morphology and location in the domain.

5.2 Objective function

The grains and cells are compared directly, using the sets of voxels of the grains (Gi) and the polyhedral shapes of
the cells (Ci). From a computational point of view, it is important for this to be done efficiently in spite of the very large
number of voxels of raster polycrystal images (typically 100–10003). This is made possible by an appropriate definition
and a rapid evaluation of the objective function.
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5.2.1 General expression

A grain and a cell can be compared using the distance between their boundaries, as illustrated on Figure 15. First, for
each grain (Gi), the set of boundary voxels (i.e. the voxels that are adjacent to at least another grain), Gb

i , is considered
and can be formally defined as

Gb
i = {vk ∈ Gi | ∃ l ∈ [1, nn] | I (Nl (vk)) 6= i} (22)

where Nl(vk), l = 1, . . . , nn are vk’s face neighbours (nn = 6 in 3D and 4 in 2D). The difference between a grain (Gi) and
its associated cell (Ci), δi, can then be defined as

δi =

√
∑

vk∈Gb
i

dE (vk,Ci)
2 (23)

The objective function can then be computed as

O =
2

nv 〈d〉

√
N

∑
i=1

δi
2 with nv =

N

∑
i=1
|Gb

i | (24)

where
∣∣Gb

i

∣∣ is the number of elements of Gb
i . Factors 2/nv and 1/〈d〉 are introduced for normalization, where nv/2 is

the total number of boundary voxels divided by 2 (due to the double covering of grain boundaries, as discussed in the
following), and 〈d〉 is the average diameter. The distance between a voxel and a cell is defined as positive when the
voxel centre is located out of the cell and zero otherwise, and is computed using the GJK algorithm [58, 59]. It follows
from this definition that δi = 0 when a cell contains all of its associated grain boundary voxels, irrespectively of the
actual correspondence between the grain and cell boundaries (or grain and cell); δi therefore is not a true measure of the
difference between a grain and a cell. As can be seen on Figure 15, this is however counterbalanced by the fact that grain
boundaries are described by two covers of voxels, one for each of the adjacent grains, and that when one cover of a grain
boundary is located inside the associated cell (resulting in zero distances), the other cover is not (resulting in non-zero
distances). Both covers of a grain boundary acquire zero distances only when the grain and cell boundaries coincide. This
definition of the distance function both ensures that the distance at a particular location of a grain boundary is taken into
account only once and makes it possible to use the standard GJK algorithm [58,59]. O takes the minimal value of 0 when
each cell contains all of its associated grain boundary voxels, i.e. when the polycrystal and tessellation coincide.

The objective function can be updated between successive iterations ( j−1 and j) using

O j =

√√√√O j−12 +
4

nv
2 〈d〉2 ∑

i∈C j
i

(
δ

j
i

2−δ
j−1

i
2)

(25)

Figure 15: Comparison between a polycrystal and a tessellation. (a) Polycrystal, (b) tessellation and (c) boundary
voxels of each grain and distance to their associated cells. Note the double cover of grain boundaries. The polycrystal
corresponds to the top surface of the one shown in Figure 17.
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5.2.2 Control points

As pointed out previously, typical polycrystal images provided by synchrotron X-ray diffraction techniques contain a
large number of voxels. As can be seen on Figure 15, the resulting number of boundary voxels of a grain also is relatively
large (of the order of 104 in 3D), so that δi is expensive to compute (Equation 23). It is however possible to use fewer
voxels, or (in more general terms) “control points”, to describe grain boundaries.

The control points are obtained by mapping the boundary voxels on a grid, the resolution of which, r, is defined as the
ratio between the average diameter (〈d〉) and the grid voxel size. For each grain (Gi), and for each voxel of the grid, the
boundary voxels located in the grid voxel are merged into a single control point, pk, defined as their barycenter, and the
number of merged voxels is denoted as wk. Results are shown on Figure 16 and consist of control points that are evenly-
spaced along grain boundaries while the spatial resolution in the direction perpendicular to the grain boundary is retained.
This would not be the case when using methods such as random sampling or preliminary scaling of the polycrystal image.

The difference between a grain and its associated cell (δi, Equation 23) can then be approximated as

δi '
√

∑
pk∈Gb

i
′
wk dE (pk,Ci)

2 (26)

and is used for computing the objective function (Equation 24). An appropriate value of the grid resolution (r) will be
determined in the case of tessellation generation from real polycrystals in Section 5.3.2.

Figure 16: Control points used to compare a polycrystal and a tessellation. The images correspond to different control-
point resolutions: (a) r = 15, (b) r = 10 and (c) r = 5. To be compared to the initial resolution, r = 30 (Figure 15c).

5.3 Applications

The method is applied to full-resolution polycrystal images in Section 5.3.1. Control points are then used to reduce
computational cost, and their influence on the resulting tessellations is discussed in Section 5.3.2.

5.3.1 DCT polycrystals

The method is applied to a 131-grain Al polycrystal and to a 379-grain NaCl polycrystal, both of which were charac-
terized by DCT on beamline ID11 of ESRF [8]. The two polycrystals contain an average of 210,285 and 32,317 voxels per
grain, respectively, which corresponds to 11,545 and 3,549 boundary voxels per grain, respectively. As initial solution,
for both polycrystals, the coordinates and weights of the seeds are set from the centroids and volumes of the grains, as in
Section 4.

The polycrystals and tessellations are shown on Figures 17 and 18, while quantitative results are reported in Table 1.
Iteration numbers and computation time will be discussed in Section 5.3.2. Optimization significantly improves the
tessellation, as testified by the decrease of the objective function, but also by the evolution of other, more explicit metrics.
First, the average distance between the polycrystal and tessellation boundary networks relative to the average grain size,〈
db

E
〉
/〈d〉, can be used. It is closely related to the distances between the boundary voxels and their associated cells

appearing in the objective function (Equation 26); however, by definition and in first approximation, half of these distances
are zero (on half of the two covers of a grain boundary). To compute

〈
db

E
〉

properly, these zero distance values are
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discarded. The values of
〈
db

E
〉
/〈d〉 are decreased by optimization down to 4.3% and 6.1% for the two polycrystals,

respectively. Second, the intersection rate between the polycrystal and the tessellation, IV , can be computed,

IV =
1
V

N

∑
i=1

Gi∩Ci (27)

The values reach 91.0% and 87.7% for the two polycrystals, respectively. It should be noticed that the values of both〈
db

E
〉
/〈d〉 and IV are relatively close to the DCT resolution [60].

Figure 17: Tessellation generation from the raster image of a 131-grain Al polycrystal. (a) DCT polycrystal image,
(b) initial tessellation constructed from the centroids and volumes of the grains, and (c) final tessellation. DCT polycrystal
courtesy H. Proudhon (Mines ParisTech, France) and W. Ludwig (ESRF, France).

Figure 18: Tessellation generation from the raster image of a 379-grain NaCl polycrystal. (a) DCT polycrystal image,
(b) initial tessellation constructed from the centroids and volumes of the grains, and (c) final tessellation. DCT polycrystal
courtesy A. Dimanov (LMS, France), M. Bornert (Navier, France) and W. Ludwig (ESRF, France).

Polycrystal O [×10−4]
〈
db

E
〉
/〈d〉 [%] IV [%]

Initial Final Initial Final Initial Final

131-grain Al 1.45 0.56 11.1 4.4 83.5 91.0
379-grain NaCl 1.97 0.80 11.2 6.1 80.9 87.7

Table 1: Tessellation generation from raster polycrystal images: initial and final values of the objective function (O), the
average relative distance to the grain boundaries (

〈
db

E
〉
/〈d〉) and the intersection rate (IV ).
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5.3.2 Influence of the number of control points

In this section, the influence of using control points on the quality of the resulting tessellation is analysed. For each
value of the grid resolution (r), a tessellation is generated by optimization as previously and compared to the polycrys-
tal using O ,

〈
db

E
〉
/〈d〉 and IV . Results are compared to those of the tessellations generated from the full-resolution

polycrystal images (Section 5.3.1), which correspond to grid resolutions of 73.8 and 39.5, respectively.
Results are provided in Figure 19. First and as expected, the number of control points strongly depends on r in similar

ways for the two polycrystals (Figure 19a). All metrics (O ,
〈
db

E
〉
/〈d〉 and IV ) have values close to the full-resolution

ones for r values down to about 5, while lower values decrease tessellation quality, consistently for the two polycrystals.
At r = 5, the number of control points per grain is reduced to about 100, i.e. 1–3% of the original, while the decrease of
accuracy is limited to 0.1–0.5% on O ,

〈
db

E
〉
/〈d〉 and IV . The number of iterations is nearly independent on r, with about

20,000 and 70,000 iterations for the two polycrystals, respectively. However, using control points decreases computation
time from 2.3 hours and 3.1 hours down to 7.7 minutes and 11.6 minutes for the two polycrystals, respectively (each time
using 20 calculation cores).

a

100

101

102

103

〈n
um

be
ro

fc
on

tr
ol

po
in

ts
/g

ra
in
〉

0 2 4 6 8 10 12
r

131-grain Al
379-grain NaCl

b

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

O
[×

10
4 ]

0 2 4 6 8 10 12
r

131-grain Al
379-grain NaCl

c

0

2

4

6

8

10

12

〈 db E
〉 /

〈d
〉[

%
]

0 2 4 6 8 10 12
r

131-grain Al
379-grain NaCl

d

78

80

82

84

86

88

90

92

IV
[%

]

0 2 4 6 8 10 12
r

131-grain Al
379-grain NaCl

Figure 19: Influence of the grid resolution, r, used to define the control points, on tessellation quality. (a) Evolution of
the average number of control points per grain, (b) evolution of the objective function (O), (c) evolution of the average
relative distances between the grain and cell boundaries (

〈
db

E
〉
/〈d〉), and (d) evolution of the intersection rate, IV . On

(b–d), the dashed lines provide the asymptotic values (r = 73.8 for 131-grain Al and r = 39.5 for 379-grain NaCl).

6 Discussion

6.1 Tessellation generation

The present method for tessellation generation from experimental properties includes several important general char-
acteristics. First, it provides optimal polyhedral representations of polycrystals, which is achieved by using Laguerre
tessellations (which can represent any normal tessellation [38]) at their full potential, inside a general optimization frame-
work that set seed attributes without introducing any constraints. This means that the method provides results better than
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(or equivalent to) any of its alternatives, as will be discussed below. Laguerre tessellation optimization was made com-
putationally tractable by the development of a new algorithm for Laguerre tessellation update from known seed changes
(Section 2), and the use of efficient existing large-scale optimization algorithms [43, 44]. Second, the method is highly-
versatile and so can be used for any application: given desired properties, all is needed is to define the objective function
as the difference between these properties and the tessellation’s ones. The method is therefore both general in scope and
optimal in its achievements, as was shown for different types of experimental inputs.

In the case of grain statistics (Section 3), it was shown that two metrics must be considered simultaneously to properly
control the morphology: one for grain size (the diameter) and one for grain shape (the sphericity). These two metrics
could be prescribed to replicate experimental grain-growth properties or to construct a “morphology matrix” (Figure 10)
where the size and shape statistics are varied independently. This should be useful for systematic analyses of the influence
of the microstructure on properties, and recent applications concern thermal resistivity of nanocrystalline materials [61,
62]. Compared to the dense sphere packing approach [36, 37], a first obvious advantage of the present method is that
the sphericity is properly taken into account while dense sphere packing necessarily lead to grains of high sphericities.
Another advantage is that size is monitored on cells directly in the present approach while only on the spheres in the dense
sphere packing approach, which may lead to some inconsistencies.

In the case of 3DXRD data, the method enables to generate a tessellation from individual grain centroids and volumes.
The resulting tessellations are useful for interpreting experimental results, for example with respect to grain arrangement,
and can be used in finite element simulations. Compared to the direct approach consisting of computing the seed attributes
from the grain centroids and volumes (which was used as initial solution), the errors on the centroids and volumes are
significantly lower: 0.7% on the centroids, 3.2% on the volumes (0.7% on the diameters) while, for the direct approach:
10.1% on the centroids and 14.4% on the volumes (3.2% on the diameters). The present method also supersedes the one
of Lyckegaard and co-authors [40], which provides errors of 6.2% on the centroids and 13.5% on the volumes (9.6% on
the diameters). This is an important improvement since such changes can lead to appreciably different grain morphologies
and neighbours, as was seen in Section 4.

In the case of polycrystal images provided by DCT and HEDM (Section 5), the main advantage of the present method
is the possibility of fully automated meshing. This is at the expense of morphology simplification (as opposed to direct
meshing [27, 28]); however, for the materials under investigation, a good agreement was obtained with an intersection
rate of about 90%, comparable to experimental uncertainties. This level of agreement would somewhat drop for more
complex (non-convex) grain shapes as those generally encountered in more highly alloyed metals [57]. Another advantage
of the present method is that the tessellations are the best convex, Laguerre-type approximations of the polycrystal, which
can be seen as “cleaned up” descriptors that can be meshed with higher control on element size [26]. This “clean up”,
intrinsic to the method, could also be of particular interest in the case of noisier experimental data, as may occur for
slicing methods [9, 49], which sometimes include misalignment between the stacked slices. Thanks to its rapidity and
robustness, the new method is also an important step toward deeper entanglement of synchrotron X-ray experiments
and numerical simulations, as it may enable to generate tessellations and meshes from diffraction data in-line, at the
synchrotron beamline, to be used as such or in numerical simulations to guide the rest the experiment.

These are only a few applications and others are well within reach of the method. In all cases, it should be made
possible to evaluate the objective function rapidly. As was seen before, optimizing a 1,000-cell tessellation typically
involves 105–106 iterations. Tessellation update lasts of the order of 10−3 second and the objective function update
should not last much longer. This is possible when imposed properties are local variables, such as the size or sphericity,
or all other variables in the article. A counterexample is tortuosity [63], which needs to be measured on the full polycrystal
even in the case of a local cell change. This difficulty could however be overcome by parallel computation (as was actually
used in Section 5).

6.2 Application to the finite element method

In a previous article [26], we presented a method for meshing Voronoi tessellations into high-quality finite elements.
We showed that the random character of Voronoi tessellations is problematic for good-quality meshing, which in turn pre-
vented for many years using them in finite element simulations when the number of grains is large or deformation severe.
Problems actually arise from the large number of small edges or faces of such tessellations. In Ref. [26], we proposed
a correction method, called “regularization”, which replaces small edges and faces by single vertices. Tessellations can
then be meshed into high-quality finite elements [26]. It is here of interest to analyse how the edge length distributions of
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the new tessellations compare to the ones of Voronoi tessellations and whether regularization can be applied.
Figure 20 provides the edge length distributions of several of the previously-generated tessellations: the 10,000-cell

tessellation of Figure 9 and the two tessellations obtained from polycrystal images (Figures 17 and 18). Concerning the
grain-growth tessellation (Figure 20a), it appears that the edge length distribution contains a significantly lower number of
small edges than for Voronoi tessellations. This can be attributed to the higher cell sphericities, as is apparent on Figure 10.
In contrast, tessellations generated from polycrystal images (Figure 20b) exhibit edge length distributions close to the one
of Voronoi tessellations. In both cases and as can be seen on Figure 20, regularization can be applied to remove most
of the remaining small edges. The resulting tessellations are much more adapted to meshing into high-quality elements.
Meshes are shown on Figure 21 and are effectively composed of high-quality elements (as for Voronoi tessellations [26]),
which makes them suitable for finite element simulations.
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Figure 20: Influence of regularization on the edge lengths of tessellations. (a) 10,000-cell tessellation of Figure 9 and
(b) tessellations generated from polycrystal images of Figures 17 and 18. The vertical dashed lines correspond to the edge
length thresholds used for regularization (grain-growth: 0.125, 131-grain Al: 0.105, and 379-grain NaCl: 0.125).

7 Conclusion

A new methodology for the generation of optimal polyhedral representations of polycrystals from experimental prop-
erties was presented. Laguerre tessellations are used due to their ability to represent any normal tessellation and the
attributes of their seeds are set by optimization. This involves a new method for updating tessellations during the opti-
mization process, between successive iterations, which consists of recomputing only the modified cells. The method is
general and so can be applied to any type of experimental data. Examples were provided for statistical data and syn-
chrotron X-ray diffraction data. The new method provides a tool to investigate, in a systematic fashion, the influence of
the microstructure on physical or mechanical properties of materials. First examples of such studies concern the influence
of the grain size distribution on thermal resistivity of nanomaterials [61, 62]. The new method elevates the fidelity of
polycrystals used in numerical simulations by incorporating experimentally-derived distributions of the geometric prop-
erties to achieve more accurate renditions of the material microstructure. In the absence of experimental data, tessellations
generated from grain-growth properties are attractive alternatives to the widely-used Voronoi tessellations.
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a b

Figure 21: Examples of polycrystal meshes for finite element simulations. (a) 10,000-grain polycrystal corresponding to
Figure 9, (b) DCT polycrystals corresponding to Figures 17 and 18.
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