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Abstract. This work presents an approach for automatically generating material laws at large strain. To
this end, a concept of material modelling based on directly connected rheological elements is applied.
This concept allows the implementation of any material law defined by a rheological model by recursive
evaluation of connection relations. Therewith a tree encoding for the rheological model is applied. The
search for suitable material laws fitting experimental data is realized by a genetic algorithm, which
generates rheological models and evaluates their quality with respect to the given measurements. The
central concepts and the genetic operators are presented in this contribution. Finally, the method is
verified with synthetic data and utilized to real experimental data.

1 INTRODUCTION

Within the development of a material laws at large strains, rheological models are often applied to vi-
sualize the considered phenomenological effects. Afterwards, the consecutive equations are developed
by formulating an ansatz for the free energy and the evaluation of the Clausius-Duhem inequality. This
results in evolution equations describing inelastic effects. This approach has often been applied to for-
mulate laws for materials having elastic, viscous and plastic properties (see, for instance, [16, 4, 10, 20]).
Contrary to this, there are approaches aiming for a direct formulation from a rheological model. To
this end, kinematic as well as kinetic relations are evaluated with respect to the connected rheological
elements representing nonlinear material models at large strains. By limiting the basic structure of the
rheological model to a parallel connection, this method has been applied for example by [1], [9], [17] and
[21]. The complexity of the rheological models and, thus, the phenomenological effects, will increase,
if series connections are additionally considered. To enable the consideration of series connection, [13]
derived kinetic relations for a general series connection having an approach by [12] in mind and assum-
ing the multiplicative decomposition of the deformation gradient (see, also, [14]). Hence, every arbitrary
material model at large strains based on a rheological model can be developed and implemented by
evaluating the concerning connection relations.

Aiming for the simulation of a specific material behaviour, the identification of an appropriate rheo-
logical model and, thus, of a material model at large strains is still a challenging task. However, the
described capability to implement a large number of models opens up the opportunity to search for good
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models automatically using a computer program. Here, a difficulty is that the search space is discrete,
has a complex structure and is very large. In addition, a large number of potential solutions is infea-
sible. Algorithm that can deal with these challenges well are genetic algorithms. These are stochastic
optimization algorithms based on the concept of evolution introduced by [11]. They have already been
applied to a wide variety of engineering applications [3]. In the context of material law development,
genetic algorithms have been used on several occasion for the identification of material parameters (see,
i.e., [18, 2, 5]). Hence gradient-based methods stay the most common choice for this task. The develop-
ment of the material laws itself is closely linked to a subarea called genetic programming (see [15, 19]),
dealing with the task of generating a function implementation. There are few applications to constitutive
modeling, which involve finding the structure of functions within the material law (see [7, 8, 6]).

Contrary to this, the paper at hand is not about finding an arbitrary function, but a material law in the
context of rheological models, which implies all advantages, like guaranteed thermodynamic consistency.
Nevertheless, it can be seen in Sec. 2.2 that the encoding for this problem is very similar to tree-structures
which are typical for genetic programming and the algorithm presented in Sec. 3 can reuse many methods
from genetic programming. The results in Sec. 4 demonstrate the potential of this approach but also
highlight the need for further research.

2 MATERIAL MODELING AT LARGE STRAINS BASED ON DIRECTLY CONNECTED
RHEOLOGICAL ELEMENTS

2.1 Connection relations and rheological elements at large strains

Generally, rheological models can be considered as an arbitrary arrangement of rheological elements
in series and parallel connections. To characterize the interaction of connected rheological elements,
kinematic and kinetic relation can be derived for these connection types. With respect to large strains,
these connection relations can be formulated by assuming the additive decomposition of the stress power
(see [13]). Concerning a series connection of the i = 1, . . . , r rheological elements, it is taken into
account that the associated total deformation gradient F is multiplicatively decomposed into the partial

deformations
i

F . In Fig. 1 and Fig. 2, the relations of the different connection types are summarized.

Here,
i
τ and

i
T̃ denote the Kirchhoff stress tensor and the second Piola-Kirchhoff stress tensor

i
T̃ =

i
F 1 · i

τ ·
(

i
FT
) 1

(1)

of the i-th partial deformation, respectively. The contained right Cauchy-Green tensor is given by

i
C =

i
FT ·

i
F . (2)

Furthermore,
R−1
F represents a cumulated deformation gradient according to

R−1
F =

r−1
F · . . . ·

2
F ·

1
F . (3)

Note, that the kinetic relations, given in Fig. 2, represent stress equilibria on the intermediate configura-
tions as well as on the current configuration of the related cumulated deformation.

2



H. Wulf, R. Kießling, R. Gypstuhl and J. Ihlemann

2

1

j
τ

j
τ

j+2
τ

j+1
τ

3

j+3
τ

...

p

j+p
τ

Kinematic relation:
j

F =
j+1
F =

j+2
F = . . .=

j+p
F

Kinetic relation:
j
τ =

j+p
∑

i= j+1

i
τ

Figure 1: Kinematic and kinetic relations of a parallel connection of j rheological elementes
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Figure 2: Kinematic and kinetic relations of a series connection of r rheological elements

Rheological models are combined by these connections. With respect to the basic idea of this concept,
the combined rheological models represent individual material models at large strains. To cover the
basic phenomenology of materials, the rheological models, summarized in table 1, are defined. Here,(
X
)′ represents the deviatoric part of a second-rank tensor X . The Lagrangian material derivative of C

is denoted by
.

C. Moreover, the abbreviation N
(
X
)
=
√

tr
(
X ·X

)
is utilized. Hence, elastic, viscous as

well as plastic effects can be considered. Furthermore, the endochronic element is introduced to simulate
the effect of kinematic hardening. Note, that the quantities indicated by an asterisk represent parameter
of the rheological model.

2.2 Tree encoding of rheological models

The presented method allows the implementation of a arbitrary material model that takes any rheological
model as an input and evaluates this model for a given loading schedule. This requires a data structure
to represent the rheological model in order to pass it as an input variable. Due to the recursive and
hierarchical nature of rheological models, a tree structure is the natural choice. Therein, the inner nodes
represent the parallel and serial connections. The subtrees of each inner node are the components of
the connection. These subtrees may be leaf nodes which represent the basic elements or branched trees
themselves resulting in a nested model. In Fig. 3 a simple model and its corresponding tree representation
is shown as an example. In Tab. 2 the integer encoding of the node types is listed. Obviously, the inner
nodes are always strictly negative, whereas the leaf nodes have positive numbers. The tree representation
can be transformed into an integer list by prefix serialization, which is always listing the root node first
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Table 1: Rheological elements representing individual material laws at large strains

isotropic hyperelasticity T̃ = 2 ∂ρ̃ψ(J1,J2,J3)
∂C , with J3 =

√
det
(
C
)
,

C = J−2/3
3 C , J1 = tr

(
C
)
, J2 =

1
2

[
J2

1 − tr
(
C2
)]

viscous flow
T̃ ·C = η∗

(
1
k0
N
(

T̃ ·C
))N∗−1(

C 1 ·
.

C
)′
, k0 = 1MPa

plastic flow C 1 ·
.

C = χ T̃ ·C , χΦ = 0, χ≥ 0, Φ≤ 0 ,

with, e.g., Φ =N
((

T̃ ·C
)′)−√ 2

3

[
σ∗F +R

(
C
)]

endochronic element T̃ ·C = µ∗
(
C 1

1 ·C
)′
,

.
C1 =

µ∗kt ϕ̇

η∗ C1 ·
(
C 1

1 ·C
)′
,

with ϕ̇ =
√

1
6 N
(

C 1 ·
.

C
)
, kt = 1s

and the listing the subtrees recursively in the same manner. Before listing the subtrees, an integer is
inserted denoting the number of subtrees. The result for the example tree given in Fig. 3 is [−2 2 0 −
1 2 1 0]. Overall, this gives an integer list format, which can be easily passed as a function parameter.

(a) rheological model

−2

0 −1

1 0

(b) tree representation

Figure 3: Transformation of a rheological model to a tree structure.
The integer list representation is −2 2 0 −1 2 1 0].

Table 2: Integers encoding for
the node types

Parallel connection -2
Series connection -1

Elasticity 0
Viscosity 1
Plasticity 2
Plasticity 2

Maxwell model 3
Endochronic element 4

2.3 Black Box for material model evaluation and parameter identification

The usual objective is to fit the material model to a set of experimental data, which is achieved by an
optimization algorithm. To this end, a program extracts the loading schedule from the experimental
data and computes the stress-strain relation for a given material model. The result is compared to the
measurements via standard least-squares fit and the material parameters are optimized by the Levenberg-
Marquardt algorithm. Overall, the user has to supply the encoded rheological model, the initial model
parameters and the experimental data. The identification program will return the optimized model pa-
rameters and a squared error sum indicating the fitting quality of the model.

No knowledge about the internals of the program and little knowledge about material modeling is re-
quired to utilize this. Instead, it can be treated as a ”Black box” that takes rheological models as input
and returns an assessment of the quality of the model for describing the measured material. Therefore, it
is very easy to test and evaluate a large number of material models for a given set of experimental data.
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3 GENERATION OF MATERIAL MODELS WITH A GENETIC ALGORITHM

3.1 General concept

The methods presented in the previous section allow for testing a large number material models. The
disadvantages of large-scale manual testing include the usually cumbersome data management, the risk to
miss unexpected combinations and the need for manual work itself. Hence, an automated search method
has to be preferred. An exhaustive search (brute force testing of all possible models up to a certain size
limit) is only feasible for a very small model size, because the number of models grows exponentially
with the size limit. Hence, for complex models, a more targeted search method is required.

A genetic algorithm is a stochastic optimization method that is well suited for searching a discrete and
structured search space as given here. Its basic assumption is that improved solutions can be constructed
by slightly modifying or recombining building blocks from already existing good solutions. The strat-
egy for manually constructing models often involves recombining and modifying building blocks from
experience or existing models. Therefore this assumption seems very well justified.

The genetic algorithm is inspired by the process of evolution and its remarkable capability concerning
the adaption of species to their environment. Hence, the single solutions are called individuals and the
whole set of solutions is called population in this context. The initialization of the algorithm consists
of generating an initial population at random. Here, an upper limit for the size of the material models
is prescribed as well as a probability distribution for the different basic elements. For each individual,
a fitness value is computed, which expresses the solution quality of the associated material model. In
order to evaluate the model quality, the genetic algorithm calls the ”Black box” from the previous section
as a subroutine to compute a parameter fitting and a squared error sum. The fitness is mainly computed
from the squared error sum (whose minimization is the primary objective) but also secondary aspects
like model size and complexity. New individuals are created by genetic operators, which take one or
multiple parent individuals and create one or multiple offspring individuals. The parent individuals are
selected from the current population at random, but with a bias towards the fitter ones. This drives the
algorithm towards better solutions.

The standard method is advancing in generations, which consists of generating new individuals until a
new population with the same size as the previous is completed and replaces the previous population.
However, the applied algorithm only generates individuals up to a fraction of the overall population size
(usually around 25%) and replace the least fit individuals. This offers the individuals with a high fitness a
significantly increased survival time, providing a second incentive for improvement. This method yields
a way more targeted search than the standard approach and is capable for finding good solutions with a
moderate number of model evaluations in the magnitude of 100 to 500. The algorithm terminates when
the maximum number model evaluations is reached or when a model with a squared error sum below a
given threshold is found. The result is the best model found so far, but additionally examining the second
and third best is often worthwhile.

3.2 Genetic operators

Selection

The standard roulette wheel selection is used as the selection method (see [11]). That means, that the
probability pi to be selected for each individual i is computed from its fitness fi by
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pi =
fi

∑i fi
with fi =

1
ri + pi

. (4)

The fitness is computed from the squared error sum ri and some penalty terms pi. Those penalty terms
are set as follows.

• A very high penalty for models that fail the parameter identification is selected.

• A penalty proportional to the number of basic elements is determined. Hence, simple models are
preferred.

• A penalty for models exceeding a limit in depth of nested connections is defined. Complexity in
the form of deeply nested connections is usually especially undesirable.

• The number of very similar or identical individuals in the population is penalized. Having multiple
copies of the same models reduces the genetic variability and is therefore detrimental.

The penalty term must be scaled to fit the magnitude of ri. Moreover, the selection probability is capped
to prevent domination of a single individual.

Mutation

The mutation operator takes one individual as input and modifies the rheological model slightly to gener-
ate a new one. Its main objective is to explore the search space. As an example, the add-to-leaf mutation

−2

2 1

(a) Parent individual

−2

2 −1

1 0

(b) Offspring individual

Figure 4: add-to-leaf mutation operator: A leaf node is expanded into a connection and a random addi-
tional leaf node is added to this connection.

operator is shown in Fig. 4. It chooses one leaf node at random and inserts a new connection node at
its place. The type of the connection is always opposite to the connection node above or random at the
root. The leaf node is appended to this connection node together with a newly generated basic element
with random type. The probability distribution for the element type is uniform at the start, but can be
adaptively changed during the run. A good idea is to shift the probability distribution towards the actual
distribution within the population. Due to this, fewer of those will be newly generated, if the certain
element type is filtered out because it is detrimental for a given problem. In general, adaptive operators
can considerably improve the performance of the algorithm.

Other mutation operators, being utilized, are the following.

• Add a new leaf to a connection.

• Remove a leaf node.
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• Swap two nodes or subtrees.

• Change the type of a leaf node. Alternatively, the material model can be changed, for instance
the main type is kept as elasticity, but the ansatz for the free energy ρ̃ψ function is modified.
Exemplary, a change from the Neo-Hooke ansatz to the Mooney-Rivlin ansatz is possible.

Crossover

The crossover operator takes two individuals as input and generates two new ones. Its main objective
is to recombine the building blocks of successful individuals and thereby exploit the knowledge about
good building blocks, that has been accumulated in the population. Here, the subtree crossover operator
is used. It works be choosing a cutting point in the tree representation of both parent models at random.
Thereafter, the subtrees below the cutting point are exchanged and two new individuals arise (see Fig.
5).

−2

2 1

−2

0 −1

1 0

(a) Parent individuals

−2

1 −1

1 0

−2

0 1

(b) Offspring individuals

Figure 5: Subtree crossover: A random subtree of both parents is cut off, swapped and reattached. This
yields two offspring individuals.

3.3 Repairing malformed models

The application of the operators frequently yields to tree structures, which represent no valid model
or contain unnecessary complexity. Therefore, checking all new models and repairing, if required, is
essential. To repair a model, the following operations can be applied.

• Connections with only one sub-node are removed, then their subtree is shifted up one layer.

• Directly nested connections of the same type are merged together. As a result, the type of the
connections always flips between adjacent layers.

• The basic elements within each connection are ordered.

• Directly adjacent basic elements of the same type within the same connection are merged.

In general, basic elements can be merged only if the material laws fully coincide. Occasionally, merging
different models is possible, for instance an elastic element based on the Neo-Hookean ansatz parallel to
an elastic element based on the Mooney-Rivlin ansatz can be merged into a single elastic element based
on the Mooney-Rivlin ansatz.
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Figure 6: Synthetic data generated from the Zener model. In addition, the best model fit is shown. As
the original model was recovered, the fit is perfect except for noise.

Figure 7: Rheological models identified for the first example problem. All models achieve a perfect fit,
but some models have additional elements, which can be removed.

4 RESULTS

4.1 Synthetic data

First, the genetic algorithm is tested using synthetic data, which are generated by computing stress-strain
curves for different loading conditions by utilizing the ”Black Box” with a material model of our own
choice. Gaussian noise is added to the stress values to imitate measurement errors. These data sets
are supplied to the genetic algorithm in order to reidentify the original model. Main advantages of this
approach are, that the optimal solution is known and that the optimal model fits perfectly except for
added noise.

The Zener model, also known as the standard linear solid model, is used as first example. A monotonic
tension test and a relaxation test are simulated to provide the synthetic data (see Fig. 6). These are
supplied to the genetic algorithm to search for appropriate models. The algorithm always successfully
reidentifies the Zener model. Obviously, the parameter fitting yields a perfect fit to the experimental
data. The optimal model is found after at most 100 individuals and the process is very noise-resistant.
However, the genetic algorithm often finds additional models, which also achieve a perfect fit. Those
models contain additional elements or more complicated material laws for some elements. Note, that
these elements are effectively removed by the material parameter identification. For instance, a variant
with a modified viscous element is generated, but the differing exponent parameter is identified as very
close to 1, reducing it to the original viscous element. Other examples are additional viscosities with
a very large or very small viscosity parameters (depending on whether it occurs in serial or parallel
connection) or plasticities with very large or very small yield stress. Such superfluous elements are
problematic, as they increase the computational effort and can cause ambiguity during the parameter
identification. Unfortunately, they are a repeating problem for this, but also for all following examples.
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Figure 8: The Schwedoff model, which was used to generate the synthetic data for the second example
problem. The genetic algorithm managed to reidentify this model using the small strain implementation.
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Figure 9: Synthetic data generated from the Schwedoff model. As the exact model is reidentified, the
best fit exactly matches these curves and is therefore omitted.

The second example is a Schwedoff model. Here, monotonic tests at two different strain rates (5 ·10−2 s−1

and 5 ·10−4 s−1), a relaxation test and a cyclic test are used as synthetic data (see Fig. 9). Utilizing the
existing small strain implementation of the material model, the exact model is reliably reidentified. The
algorithm converges even faster, finding the solution usually within 40 individuals, because all basic ele-
ments are useful here. Again, additional solutions are found which contain additional, inactive elements.
Applying the large strain implementation, the correct model is rarely found. A main problem is the
parameter identification procedure, which fails or stops at suboptimal solutions for over-parametrized
models. Moreover, the parameter identification is very sensitive to the initial parameter set. In conse-
quence, models which are close to the solution or even capable of fitting the experimental data exactly
are evaluated as poor and dismissed, which prevents finding the solution.

4.2 Experimental data

The method is also applied to experimental data achieved from the investigation of the polymer BASF
Ultramid B40. The first dataset consists of a monotonic and a relaxation test as shown in Fig 10. The
genetic algorithm identifies an extended Maxwell model with two Maxwell models, which are series
connections of visous and elestic elements, as the best solution. A typical variant that is found uses an
elastic element with the Mooney-Rivlin energy approach instead of the Neo-Hookean approach for one
of the Maxwell models. The results from the evaluation of the fitted material laws are also shown in Fig
10. It has to be mentioned, that the extended Maxwell model would also have been the manual choice
based on the experimental data. Hence, finding it with the genetic algorithm is very reassuring and this
example can be considered as a success.

As a final example, the full set of data from the experimental investigation of the polymer are considered.
This comprises monotonic tests at three different strain rates (1 ·102 s−1, 5 ·10−2 s−1 and 1 ·10−4 s−1) and
a relaxation test (Fig. 12). At this point, the material model shown in Fig. 13 is identified using the small
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Figure 10: Reduced viscoelastic set of experimental data (red) and the best model fit (blue)

Figure 11: Extended Maxwell models are identified from the reduced viscoelastic set of experimental
data. A typical variation contains the Mooney-Rivlin ansatz for the free energy of the elastic element as
denoted by the superscript M.

strain implementation. However, the fit quality is rather poor. It can be clearly seen that the plasticity is
used to fit some effects, which should be rather covered by nonlinear elasticity. Unfortunately, the large
strain variant did not yield any useful results due to the aforementioned problems. Overall, this example
must be considered as unsuccessful.
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rate 1 ·10−4 s−1
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Figure 12: Full set of experimental data resulting from the investigation of BASF Ultramid B40 (red)
and the best model fit (blue)

5 CONCLUSIONS and OUTLOOK

The two main components presented in this work are the concept of material modeling, which allows
for an implementation of any material model given by a rheological model, and a genetic algorithm,
which allows an automated search for a good model with respect to a given set of experimental data. The
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Figure 13: Model identified from the full set of the experimental data from the investigation of BASF
Ultramid B40.

combination of these parts have the potential to significantly change the process of material modeling.
Instead of manually designing material models, good models can automatically be generated, which
reduces both the time and the knowledge required by the user. Moreover, this approach has the chance
to find models that could have been missed by a manual search due to their unusual structure.

For the simple test cases with synthetic data, the correct model could be easily reidentified. Moreover, a
realistic model was found when the algorithm was applied to measurements with rather simple (mainly
viscoelastic) material behavior. These examples show that the method already works for less challenging
test cases, which provides a proof of the concept. The application to large strain viscoplasticity yields
results, which are not satisfying. The algorithm failed to find a model with sufficient fit quality and often
did not find a usable model at all. A main problem source is that the genetic algorithm generates over-
parametrized models or models with a strange structure leading to various problems during the parameter
identification.

Overall, the approach is promising, but requires improvement and further research. The method for the
parameter identification should be modified to deal better with the aforementioned challenges and allow
for a more stable fitting. In addition, the genetic algorithm offers a wide range of potential improvements.
A variety of other operators could be tested, for instance a different crossover operator. Moreover,
modified or adaptive genetic operators should be examined. In order to achieve a more focused search, a
method for identifying and removing inactive model parts is an other required future step.
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