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A new ANN rheological model of a comply polymer
in temperature spectrum
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Abstract: The article presents modelling using arti cial neural networks (ANN) of the phenomenon of
creep of comply polymer SIKA PS which can be used in various applications in civil engineering. Data
for modelling was gathered in compressive experiments conveyed under a set of xed conditions of
compressive stress and temperature. Part of the data was pre-processed by smoothing and rediscretisation
and served as inputs and targets for network training and part of the data was left raw as control set for
veri cation of prognosing capability. Assumed neural network architectures were one- and two-layer
feedforward networks with Bayesian regularisation as a learning method. Altogether 55 networks with
8 to 12 neurons in varying structural con gurations were trained. Fitting and prognosing veri cation
was performed using mean absolute relative error as a measure; also, results were plotted and assessed
visually. In result, the research allowed for formulation of a new rheological model for comply polymer
SIKA PS in time, stress and temperature eld domain with tting quality of mean absolute relative error
1.3% and prognosis quality of mean absolute relative error 8.73%. The model was formulated with the
use of a two-layer network with 5 , 5 neurons.
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1. Introduction

Comply polymers are materials widely used in civil engineering technology. Exemplary
applications comprise: connections in structural elements [1], reinforcement of traditional
building materials like bricks or timber [2], reinforcement of historic or heritage build-
ings or structures [3], bonding layers in protection composites against earthquake-induced
pounding of buildings [4]. The given examples do not, of course, exhaust the eld of
application of comply polymers in the building industry and civil engineering; however,
they show some characteristic conditions in which these materials can work. Namely, the
discussed materials can be subjected to long-term loads (4 6 considerable self-weight of
a structure) and exposure to elevated temperatures 4 6 direct solar radiation on a ma-
sonry of a historical fa ade in a hot climate or special structures exposed to thermal
radiation.

It would be then favourable for the designers to have a good source of knowledge
allowing for incorporation of long-term e ects of loading like creep but also the impact
of high temperature in polymers used in structural design. Additionally, knowledge of the
rheological behaviour of polymers subjected to loading at elevated temperatures could
also be used to improve re protection of structures in which they would be used. Among
awide range of publications which address these problems, the following examples could be
mentioned: [5 7]. Also, the research reported in the present article is devoted to description
of the phenomenon of creep in temperature eld.

Since the most convenient source for designers would be a rheological model in a mathe-
matical form, which could be easily implemented to CAD software, the undertaken research
aimed at derivation of such a model. For this purpose arti cial neural networks (ANN)
were used. Neural networks are a modern tool successfully used in various elds of civil
engineering [8 10]. It can be applied to nding description of multi-parameter, nonlinear
and complex phenomena such as creep in temperature spectrum. Examples of neural
network analysis for other nonlinear and parameter-related phenomena for materials which
recently also nd application in structural engineering include 4 6 [11].

In the present research the modelling was performed for SIKA PS material, which is
a type of a polyurethane. Calculations were conveyed using experimental data reported
in [5]. The software used was Matlab R2017b and R2019A and auxiliarily MSO ce 2016
and GIMP. Training of a set of networks and evaluation of their results according to assumed
error criteriaallowed for nding a mathematical form of a rheological model of satisfactory
accuracy.

2. Data for neural network modelling

Neural network calculations were performed basing on experimental data from research
reported in [5]. The studied material was compliant polymer PS produced by SIKA. The
experiments consisted in measurement of strain for cylindrical specimens subjected to
constant compression for about 100 hours under constant temperature. Three values of
compressive stress were assumed: 05 10 2 0g MPa. For each stress value creep was
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measured in four temperature conditions: 20 40 60 80g . Specimens’ dimensions were:
diameter 3 = 27 mm and height = 54 mm. Results of experiments are depicted in Fig. 1.
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Fig. 1. Results of creep testing in temperature spectrum

Number of data gathered for the three specimens tested in 40 and for the specimen
compressed with 0 5 MPa in 60 was considerably smaller than data gathered for other
samples. Such disproportion could introduce undesired and possibly adverse bias in net-
work training, so results for those 4 samples were excluded from modelling and later used
as control data for evaluation of prognosing capability of networks. Data for the remaining
8 specimens were pre-processed to eliminate the potential bias due to non-uniform dis-
tribution over time domain, di erent vector lengths and local discontinuities which could
have been derivative of load and displacement transducer signals. It consisted in smoothing
and interpolation using cubic smoothing splines [14], in the domain of time and afterwards
rediscretisation.

Inbuilt Matlab function csaps was used for cubic smoothing spline interpolation [16]
with a smoothing parameter ? 2 ,0 1” whose mathematical role is given in [16]. In the
present study it was chosen from the allowed range by evaluation of the time strain plots
corresponding to the raw and smoothed data. It was assumed ? = 0 1 for all specimens;
apart from specimen PS_2_80 for which it was chosen ? = 0 6 and specimens PS_2_20,
PS_1 60 for which it was adopted ? = 0 0004 ( rst numerical value in a sample’s name
refers to stress in MPa and the second to temperature in Celsius degrees). It was decided
to introduce decreasing distribution of data in the time domain during rediscretisation,
according to the fact that creep is a more dynamic process at the beginning. Time intervals
for rediscretisation and used sampling frequencies are set in Table 1. After pre-processing,
data points for all specimens had the same vector length equal to 304 and were distributed
in the same way over the same time interval.
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Table 1. Time intervals for rediscretisation and used sampling frequencies

Time domain interval 0 60s 60 120s 2 20 min 10 min 15h 15 100 h

Frequency of sampling 05s 1s 1 min 10 min 5h

3. Neural network modelling

3.1. Assumptions for model form, inputs, targets and learning
parameters

Experimental data shows that creep strain Y is a function of time ¢ and two set pa-
rameters: compressive stress ¥ and temperature ). Thus, the modelled relation can be
generalised to a hypersurface over a three-dimensional domain: Y = 5, F)(". Hence, argu-
ments for networks training were assumed as vectors input; = »F ) (.7, where entries’
values exhausted all sequences of: ¥ 2 500 1000 2000g kPa, ) 2 f20 60 80g C,
0 < 360000 s with sampling form Table 1; 8 2 hl 24 32i. Targets for the networks
were assumed as scalars target, = Y, being pre-processed experimental strains in [%] re-
spective for given stress, temperature and time. Inputs and targets were normalised at entry
to networks and denormalised on exit; inbuilt Matlab function mapminmax [17] was used
for simpli cation of this process.

General architecture of networks was assumed as feedforward with one or two hidden
layers. The hyperbolic tangent sigmoid function (tansig) [18] was adopted as the activation
function in the hidden layer or layers. In the output layer the activation function was
set as linear (purelin) [18]. The number of neurons in the hidden layer or layers was
to be assessed in result of the presented research, while the number of neurons in the
output layer was set as 1. As for the learning method, it was decided to use Bayesian
regularisation backpropagation [19, 20] with two learning stages: training and testing.
In Bayesian regularisation typically there is no validation stage separated, because its
algorithm minimises not solely squared errors but the combination of squared errors
and squared weights [19 21]. If validation failure threshold would be introduced, then it
could stop training for large weights even if error would be converging to zero [21]. Data
attribution to network learning stages was assumed as: 85% to training and 15% to test.
The number of epochs, learning gradient and momentum were calibrated separately for
networks with one or two hidden layers.

Fitting capability of trained networks was evaluated using mean relative absolute error
(MARE) from learning. Prognosing capability was veri ed using mean relative absolute
error (MAREP) for control data. However, because the control set was sparse, qualitative
veri cation was also performed. This evaluation was approached by examination of plots of
networks’ prognosis in an increased domain: compressive stress parameters were assumed
as ¥ = h400 2100i kPa with interval 100 kPa. Time and temperature domains were not
changed. Visual approach was justi ed, because the phenomenon is ordered.
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3.2. One hidden layer networks

Initially, 10 neurons were designed for the hidden layer in the one-layer network type.
Three sets of varying hyperparameters were assumed for calibration, they are shown in
Table 2. Foreach HPset ve 10-neuron networks (named: instances) were trained and tested.
Mean absolute relative errors were calculated for each instance and they are depicted in the
left plot in Fig. 2 as diamonds. One can see that HPset 1.1 led to larger MARE values, so it
was rejected. HPset 1.2 generated slightly better results than HPset 1.3, so it was chosen.
On the whole, 10-neuron networks with sets 1.2 and 1.3 resulted in very good tting, as
they reached ** ~ 6%. The best result was reached for 10-neuron network HPset 1.2
instance 5: MARE 10 Hp1 2 5 = 4 98%.

Table 2. Hyperparameter sets used for their calibration in one-layer networks

Hyperparameters set Number of epochs Learning gradient Momentum
HPset 1.1 3000 le 10 0.1
HPset 1.2 10000 le 10 0.1
HPset 1.3 10000 le 15 0.0001
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Fig. 2. Mean absolute relative error for tting (left) and prognosis (right) of one-layer networks

In attempt to nding a simpler model, 5 instances of networks with 8 neurons with
the chosen HPset 1.2 were trained. Results of mean absolute relative error are shown in
the left plot in Fig. 2 as circles. One observes that lowering the number of neurons by 2
caused some decrease of tting quality. For comparison also 5 instances of networks with
12 neurons and HPset 1.2 were trained. The results of MARE for them are depicted in the
left plot in Fig. 2 as x-es, one sees that on average they also had worse tting capability
than 10-neuron networks.

The right plot in Fig. 2 gives mean absolute relative errors calculated for veri cation
of prognosing capability of networks performed on control data. Six instances (4 with 10
neurons and 2 with 12) resulted in MAREP j 1300% and are not depicted in the graph.
This fact shows that for networks with more than 8 neurons considerable over tting tends
to occur. On the other hand, the best result was obtained for 8-neuron network HPset 1.2

instance 1: MAREE_HF,l 217 5 36%. The respective MAREg pp1 2 1 = 6 52% expressing
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tting quality of this network was also on a satisfactory level. Figure 3 presents results of
veri cation on control data (left) and with respect to increased stress domain (right, only
outputs for ) = 60 are depicted for clarity). The graphs prove that the 8-neuron model
is quite good; however, monotonicity in the stress domain is disturbed around the middle
of the eld and the model does not prognose the initial arch curvature distinctly at the
beginning of the time range.
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Fig. 3. The best one-layer model veri cation on control data (left) and increased stress domain (right)

The network with the second best veri cation MAREE0 up1 2 4 = 10 96% had the same

aws at visual check but to a slightly higher extent. The third best mean absolute relative
error on control data was MAREE’0 up13 5 = 11 72% and even though this value did not
indicate much over tting, its visual veri cation proved that the network also had to be

rejected (Fig. 4).
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Fig. 4. An example of over tted one-layer model: veri cation on control data (left) and increased
stress domain (right)
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3.3. Two hidden layers networks

In attempt to overcome the problems with the initial curvature and monotonicity in
the stress domain, two-layer networks, starting from 6 , 6 neurons, were implemented.
Again, 3 sets of hyperparameters were assumed (Table 3) and calibrated by comparison
of 5 instances of trained networks for each set of them. Results of MARE for them are
shown in the left plot in Fig. 5 as diamonds. HPset 2.1 generated the highest MARE for
three instances, so it was rejected. From the remaining two sets, HPset 2.3 was slightly
better, so it was chosen. Both HPsets 2.2 and 2.3 allowed for very good tting with MARE
not exceeding 3.6%. In the next step, decreasing the complexity of models downto 5, 5
neurons (10 instances) and 4 , 4 neurons (5 instances) was performed. Results of tting
assessment showed that both architectures are only slightly worse in tting than the 6 , 6
one and except for one instance they ful 1** ~ 6 7% (Fig. 5, left).

Table 3. Hyperparameter sets used for their calibration in two-layer networks

Hyperparameters set Number of epochs Learning gradient Momentum
HPset 2.1 3000 le 10 0.1
HPset 2.2 3000 le 15 0.0001
HPset 2.3 10000 le 1® 0.0001
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Fig. 5. Mean absolute relative error for tting (left) and prognosis (right) of two-layer networks

The right plot in Fig. 5 presents results of veri cation of prognosing capability of
networks performed on control data. Two instances of 6 , 6 networks had MAREP j 300%
and are not shown in the plot. On the average, good results MARE®  10%  were
obtained for most 5 , 5 and 4 , 4 networks. The second instance of the 4 , 4 architecture
achieved the lowest error MAREZ,4 up23 2 = 9 55%. For this network also tting was
satisfactory MARE4 4 Hp2 3 2 = 6 65%, even though not the best. These results are only
slightly worse than for the best one-layer network, but the visual veri cation disquali es
this model Fig. 6. The sparse character of the control data was very misleading in case
of two-layer networks. Not until the 10° best result of MAREP did the visual evaluation

con rm prognosis capability of the given network. It was the network with 5 , 5 neurons
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in instance 7 and it will be described in detail in the next section, since due to its good

quality it was assumed as the sought rheological model.
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Fig. 6. Model 4 , 4 HP2.3_2 veri ed on control data (left) and increased stress domain (right)

4. Assumed rheological model and conclusions

The network with 5 , 5 neurons trained in instance 7 achieved the best tting quality of
all networks: MAREs 5 1p2 3 7 = 1 30%. Histogram of all relative errors from learning is

given in Fig. 7, left. The prognosis quality was satisfactory: MARE

P

5,5 HP2 3 7

=873%. All

relative errors from veri cation of the network on external data is shown in Fig. 7, right.
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Fig. 7. Histogram of relative errors for learning (left); relative errors for external veri cation (right)

Figure 8 presents results of veri cation of this network. There can be observed slight
imperfections of prognosis, like: the network sometimes miscalculates strain for rst sec-
onds (up to maximally 100 s), especially for ) =20 . Also in case of F

small disturbance after the

however, are not signi cant enough to disqualify the network.

1 6 MPa some

rst plot curvature may be noticed at ) = 80 . These aws;
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Fig. 8. Veri cation of the chosen model on control data (top left) and increased stress domain (other)

The mathematical form of the modelled rheological relation valid in domain ranges
T 2 h500 2000i kPa,) 2 h20 80i and( 2 h0 360 000i s has the following form:

(41) Y= mapﬁminmax !

where:
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W3 = 138146 11269 134513 310290 03778
bp= 21879 87804 285335 780819 16468 >
b, = 165385 36 1464 12 9678 8 2673 63 1653 )

13 =28 7370

mapminmax inbuilt Matlab functions for normalisation and denormalisation, equiva-
lent to:

0

(4.2) +l= Tl min

min 2 +
where: +°  the new value; +  the original value; +nax, +min  Original interval limits;
+T?1aX+r(r)1in new limits, here: -1 and 1; for output denormalisation to strain: +y max =
11 2420%, +vy min = 0.

The presented research showed that the phenomenon of creep in spectrum of tem-
peratures and for various compressive stress can be successfully modelled using neural
networks. Complexity of the model is medium, since it requires deep learning with 5 , 5
neurons. The model achieves very good tting quality with mean absolute relative error
1.3% and satisfactory prognosis quality with mean absolute relative error 8.73%. Further
study would comprise broader calibration of hyperparameters, which might lead to more
e ective training performance. Also, training of more instances of the same or similar

network architectures could result in improving prognosis quality.
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Nowy model reologiczny dla polimeru podatnego w spektrum
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wykorzystane do wzmochienia zabytkowych konstrukcji murowych w miejsce uszkodzonej zaprawy,
a tak»e jako warstwy “jczjce w zabezpieczeniach przeciwzderzeniowych budynk w przy zagro»eniu
trzfsieniami ziemi, jak r wnie» jako sk“adniki dylatacyjne. Podane przyk“ady nie wyczerpujj oczy-
wi-cie zakresu stosowalno-ci rozwaranego materia“u w budownictwie, pokazujj jednak, »e w czasie
pracy mo»e by¢ on poddany d‘ugotrwa‘ym sta“ym obcij»eniom (np. cif»ar w'asny) oraz ekspozycji
na podwy»szone temperatury np. bezpo-rednie promieniowanie s“oneczne na murowanj zabytkow;j
elewacjf w gorjcym klimacie lub obiekty specjalne, w kt rych jest radiacja cieplna. Znajomo-¢ za-
chowania materia“u poddanego obcij»eniu d‘ugotrwa‘emu w podwy»szonej temperaturze moxe byt
wykorzystana tak»e do polepszenia ochrony po»arowej budowli.

W artykule zaprezentowano badania s“u»jce opracowaniu modelu reologicznego dla polimeru
podatnego PS SIKA oraz nowj propozycjf takiego modelu. Zastosowano obliczenia z wykorzysta-
niem sztucznych sieci neuronowych, dla kt rych dane uczjce oraz dane kontrolne stanowi“y wyniki
eksperymentalne. Eksperymenty polega‘y na -ciskaniu pr bek walcowych o -rednicy 3 = 27 mm
i wysoko-ci =54 mm. Czas obcij»ania wynosi“ oko“o 100 h, zastosowano warunki sta“e tempera-
tury f20 40 60 80g oraz sta“e warunki naprf»enia f0 5 1 0 2 0g MPa w 12 kombinacjach.

Do modelowania neuronowego wykorzystano sieci jedno- i dwuwarstwowe z nauczycielem.
Przyjfto uczenie metodj propagacji wstecznej regularyzacji Bayesa. Jako funkcjf celu wybrano
-redni b*jd kwadratowy i jego warto-¢ docelowj r wnj zero. W warstwach ukrytych jako funkcjf
aktywacji zastosowano tangens sigmoidalny, natomiast w warstwie wyj-cia przyjfto jako funkcjf
aktywacji funkcjf liniowj. Hiperparametry, takie jak moment, gradient i liczba epok zosta“y skali-
browane osobno dla sieci jedno- i dwuwarstwowych. Jako-¢ dopasowania sieci do danych z uczenia
by“a mierzona za pomoci -redniej z warto-ci bezwzglfdnych z b“fd w wzglfdnych pomifdzy wy-
nikiem z sieci a odpowiednij warto-cij danej przeznaczonej do uczenia (oznaczono jako MARE).
Z kolei jako-¢ zdolno-ci sieci do uog Iniania (przewidywania poza znanym zakresem) by“a mierzona
zapomocj -redniej z warto-ci bezwzglfdnych z b“fd w wzglfdnych pomifdzy wynikiem z sieci a od-
powiednij warto-cij danej kontrolnej, oznaczono jako MAREP. Opr cz tego jako-¢ prognozowania
wery kowano za pomocj wykres w kontrolnych wynik w z sieci obliczanych przy poszerzonym
zakresie dziedziny naprfre«.

Modelowanie neuronowe rozpoczfto od struktur jednowarstwowych z 10 neuronami w warstwie
ukrytej i trzech r »nych zestaw w hiperparametr w, dla ka»dego zestawu uczono 5 sieci. Dzifki po-
r wnaniu otrzymanych wynik w MARE wybrano najlepszy zestaw parametr w uczenia. W kolejnym
kroku uczono po pif¢ sieci z 8 i 12 neuronami. jcznie uczono 25 sieci jednowarstwowych. Uzyskane
modele wykazywa"y w og Ino-ci dobrj jako-¢ dopasowania do danych uczjcych, natomiast zdolno-
—ci uog Iniania by*y zr »nicowane i opr cz por wnania MAREP konieczne by“o tak»e por wnanie
wynik wgra cznych. Ostatecznie najlepszy model jednowarstwowy uzyskano z sieci 0 8 neuronach,
dla kt rej parametry liczbowe oceny wynosi‘y MARE? = 536% i ** > =6 52%, natomiast wy-
niki gra czne ujawni‘y niewielkie zaburzenia przy odwzorowaniu charakteru monotoniczno-ci oraz
krzywizny poczjtkowego zakresu wykres w.

Podjfto pr bf rozwijzania problem w z dok“adno-cij odwzorowania za pomocj zwifkszenia
z‘o»ono-ci sieci  podej-cie to polega‘o na zaimplementowaniu sieci dwuwarstwowych. Rozpoczfto
od struktur 6 , 6 neuron w, dla kt rych przyjfto trzy zestawy hiperparametr w i wykonano po pif¢
przypadk w uczenia dla ka»dego zestawu. Po por wnaniu -rednich z warto-ci bezwzglfdnych z
b*fd w wzglfdnych tych 15 sieci, wybrano najlepszy zestaw i dla niego wytrenowano kolejne 15
sieci 0 zmniejszonej liczbie neuron w: dziesif¢ przypadk w po 5, 5 neuron w i pif¢ przypadk w
o strukturze 4 , 4 neurony. Ostatecznie, na podstawie ilo-ciowej oceny dopasowania i zdolno-ci
prognozowania sieci, a tak»e dokonujjc por wnania wynik w w formie gra cznej, uzyskano siet,
kt ri wybrano jako model reologiczny zachowania sif polimeru PS w zakresie sta‘ych naprf»e«
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oraz temperatur w dziedzinie czasu: ¥ 2 h500 2000i kPa, ) 2 h20 80i oraz ( 2 hO 360 000i s.
R wnanie modelu pokazano w artykule. Miary jako-ci dla modelu wynosi‘y odpowiednio: MARE =
1.30% i MAREP = 8 73%.

Modelowanie neuronowe opisane w artykule pozwoli‘y na ujfcie formalne skomplikowanego zja-
wiska pe“zania w zale»no-ci od parametr w naprf»enia i temperatury. Dzifki zastosowaniu dw ch
warstw uda“o sif poprawi¢ modelowanie poczjtku krzywizny oraz charakteru monotoniczno-ci wy-
kres w w por wnaniu do przypadku jednowarstwowego. W ramach kontynuacji bada«, planowane
jest poszukiwanie modelu o jeszcze lepszej zdolno—ci uog Iniania (MAREP 5% i z polepszonym
odwzorowaniem poczjtk w zakresu dziedziny czasu. Badania te mog"yby zosta¢ zrealizowane po-
przez poszerzenie zakresu doboru hiperparametr w przy uczeniu, mody kacjf struktur sieci, wifkszj
liczbf powt rze« uczenia dla danej architektury.
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