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Abstract
Biodegradable polymers have similar physicochemical properties than
conventional polymers, but they can be degradable under controlled
conditions in less than 180 days. Thermoplastic starch films have a relative importance because of their low cost, high production and good
processability by conventional techniques like melt blending, compression molding, extrusion, among others. However, they present several
drawbacks (poor mechanical properties, high water vapor permeability, and retrogradation) that limit their industrial applications. In the
present paper, we developed a computer tool, which employs artificial
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intelligence techniques to predict the values of the physical properties
of thermoplastic starch materials without having to resort to the elaboration of the physical parts. Our tool allows the industry to reduce
time, resources and costs.
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1

Introduction

The industry of conventional polymers has been constantly grown since 1950
with the development of petrochemistry. In 2014, global production of conventional polymers was 300 millions tons Shen et al. [10]. The expansion of
polymer industry has generated several contaminants on resources of soil and
water causing a high concern in academia and industry. For this reason, development of biodegradable polymers Avérous and Pollet [2] is a suitable option.
Biodegradable polymers have similar physicochemical properties than conventional polymers, but the first one can be degradable under controlled conditions
in less than 180 days. Natural polymers as carbohydrates and proteins are frequently used for developing these materials. Among them, starch has a relative
importance because of their low cost, high production and good processability
by conventional techniques like melt blending, compression molding, extrusion,
among others Ortega-Toro et al. [7]. However, this kind of materials presents
several drawbacks (poor mechanical properties, high water vapor permeability,
and retrogradation) that limit their industrial applications.
Artificial Intelligence techniques are helping industries to improve their efficiency and performance in a great variety of applications: education Rani et
al. [8], space Tonutti et al. [11], He et al. [6], space exploration Guzman et
al. [5], manufacturing Wilson [12], Rao et al. [9], etc. The development of
a computer program, that employs artificial intelligence techniques to predict
the values of the physical properties of the materials mentioned above without
having to resort to the elaboration of the physical parts of biodegradable thermoplastic starch, will be a great utility to extend its industrial application:
allowing to reduce time, resources and costs.
This paper is organized as follows. Section 2 outlines the materials and the
current process to calculate the values of the physical properties. Section 3
presents our novel predicting solution that estimates the values of some physical properties of biodegradable thermoplastic starch using a predictive model
which is explained in Section 4. Section 5 describes some evaluations and discussions of our approach, and, finally, the last section concludes and outlines
future research lines.
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Materials and current method calculation

In this section, we explain the current overall process to elaborate biodegradable thermoplastic starch films (flexible materials). We describe the materials
that we used, along with the physical properties that we chose to study.
The more important physical properties are the tensile properties, which
indicate how the material will react to forces applied in tension. These properties are important because they give information about the behavior of the
film under different forces or conditions. Industry uses the tensile properties
to design materials for specific applications such as bags, trays, and boxes.
Tensile properties refer to the final use of the material. For example, a
packaging material should have physical properties suitable for containing a
product without any visible damages. We study the following tensile properties
of thermoplastic starch films:
• Tensile strength (T S). It provides information about the maximum
stress that a material can withstand under tension before its cross-section
significantly shrinks, and break. T S is a relevant property because it
gives information about the final use of the material. For example, the
weight of foods that a bag could contain without the material break.
• Elastic modulus (M). It is a number that measures a film’s resistance
to being deformed elastically when a force is applied to the film. The
M of an object is defined as the slope of its stress–strain curve in the
elastic deformation region. This parameter is a measure of the rigidity
of the material. This means how many force can be applied to the
material before this one suffers a permanent deformation. When a force
is applied to a flexible film, the material is deformed in two steps. The
first step is a non-permanent deformation or elastic deformation (if the
force disappears, the material can recover their original shape). The
second step is a permanent deformation or plastic deformation (if the
force disappears, the material can not recover their original shape). In
this way, the elastic modulus is a measure of the resistance of the material
to elastic deformation.
• Elongation (E) of the films. It is the deformation of the material when
a longitudinal force acts on it. As was mentioned before, when a force
is applied to a flexible material, this material suffers an elastic deformation followed by a plastic deformation. Just at the final of the plastic
deformation, the film is broken. The last value of deformation registered
before the breaking is the parameter E expressed in terms of percentage.
We elaborated the films of starch obtaining the corn starch from Almidones
de Sucre S.A.S. (Sincelejo-Corozal, Sucre, Colombia). Its moisture content was
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9% (w/w) and amylose percentage was 15%. We purchased the glycerol from
Panreac Quı́mica, S.A. (Castellar del Valles, Barcelona, Spain).

2.1

Preparing the Films

Native starch and glycerol, as plasticizer, were dispersed in water. The starch:glycerol
ratio was 1:0.3. The formulations were hot-mixed on a two-roll mill at 130 o C
and 10 rpm for 20 min. A trowel was used during mixing to smoothly spread
the material on the rolls. The paste sheet formed was removed from the mill
and conditioned at 25 o C and 53% relative humidity (RH), using a M g(N O3 )2
saturated solutions for 72 h.
Afterwards, films were obtained by compression molding. Four grams of
the preconditioned paste were put onto steel sheets and pre-heated on the
heating unit for about 5 min. Compression molding was performed at 150 o C
for 2 min at a pressure of 30 bars, followed by 6 min at 130 bars; thereafter,
the cooling cycle was applied for 3 min. The films were conditioned at 25 o C
and 53% RH for 1 week for mechanical characterization.

2.2

Characterizing the film: thickness and tensile properties

We used a Palmer digital micrometer to measure film thickness to the nearest
0.0025 mm at six random positions around the film. A universal test machine
was used to determine T S, M and E at break point of the films, following
ASTM standard method D882 ASTM [1]. Dimensions of samples were 2.5 cm
wide and 5 cm long. Equilibrated samples were mounted in the film-extension
grips of the testing machine and stretched at 50 mm min - 1 until breaking.
M, T S, and E were determined from the stress–strain curves, estimated from
force–distance data obtained for the different films. At least ten replicates
were obtained from each sample.

3

Predicting the mechanical properties

In this section, we explain the overall process to predict the values of the three
mechanical properties T S, E, and M. Our work combines two techniques of
the artificial intelligence, the Monte Carlo Simulation and the prediction of
values through the machine learning.
We performed a Monte Carlo Simulation in order to estimate the values
of the mechanical properties. The aim of the Monte Carlo is to simulate
the real process explained in Section 2 in order to calculate T S, E and M.
More specifically, during the simulation we estimate the values of T S with
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a predictive model and basing on the value of T S we estimate the value of
E. Once we choose the values of T S and E, we calculate the property M as
the average of the first ten slopes that are calculated during the simulation as
the ratio of two distinct points formed by values of T S and E. This will be
explained in more detail in Section 4.
From the real process, we detected some input parameters that we used to
estimate the values of the mechanical properties:
• X1 = Pressure exerted. It is the force that we applied to the material.
We applied a exerted pressure of 0,8333
• X2 = Starch. We used a 71,3% of starch.
• X3 = Glycerol. We used a 21,4% of Glycerol.
• X4 = Water. We used a 7,3% of Water.
• X5 = Thickness. The material has a thickness of 0,391 mm
• X6 = Width. The material has a width of 0,025
• X7 = Length. The material has a length of 0,05
• X8 = Time. It represents a given time instant in which we calculate
the estimated value of T S, and E. The time starts in 0 and ends in a
fixed value timeMax := 40 sec, which is the average duration of the real
process. The values of T S and E are measured each 0.04 sec, that is, the
time is increased by 0.04 sec.
Such as we will explain in Section 4, we use the parameters {X1 ,. . . ,X8 }
as the input data for the predictive model which estimates the value of T S at
a given time instant. We namely those parameters as input parameters for
the model.
Algorithm 1 describes the process to estimate the values of the mechanical
properties. The first part of the algorithm (lines 1 - 5) initializes the variables
and load a predictive model that will be used to estimate the value T S at a
given time. We will explain our predictive model in the next Section. Next,
the algorithm performs a Monte Carlo Simulation (lines 6 - 13) in order to
determine the precise moment of time where the material can be broken because of the exerted force. We said the material is broken due to the exerted
force when the slope is less or equals to zero. For instance, Figure 1 shows
the plot of the exerted force against the elongation of the material, resulting
in the line blue. We can see that the material is broken (red circle) when the
applied tensile strength is more or less 7,45. That is, at that moment the slope
is equal or less than zero.
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Require: EstimateValues(timeMax:=40,increase:=0.04,fixedValue:=5,parametersModel)
1: slopeTemp := ∞
2: model := load the predictive model
3: T S’ := {}
4: E’ := {}
5: slope’ := {}
6: for time = 0 to timeMax and slopeTemp > 0 do
7:
T S’time ← predictValue(model, parametersModel,time)
8:
distance ← time * forceExerted
length−(1− distance
)
1000
9:
E’time ← ln(
)
length
10:
if size(T S’) > fixedValue then
11:
old := time - (fixedValue*increase)
12:
slopeTemp := calculateSlope(T S’time ,T S’time ,E’time ,E’old )
13:
slope’time ← slopeTemp
14: previous := time-increase
15: T S ← T S’previous
16: E ← E’previous
17: M ← average of first ten slope in slope’

Algorithm 1: Estimate the mechanical properties using predictive model.

Thereby, the simulation goes on while the condition slopeTemp > 0 holds
and the time is less or equals than a fixed maximum time (variable timeMax),
which is an average duration calculated from the real process (line 6). During
the simulation, the algorithm calculates at each time the value of T S with the
predictive model (line 7), the value of E (lines 8 and 9), and the slope (lines
12 and 13). The slope is calculated by finding the ratio of two distinct points
(x, y) that form a line, where we consider x=T S and y=E. For us, the two
points at a given time are formed by (T S time , E time ) and (T S old , E old ), where
old is an old time that can be fixed by the input parameter fixedValue:=5 (
line 11 ).
We choose as valid the values T S and E of the previous time when the
material is broken. The value of M is the average of the first ten calculated
slope (line 17).

Discussions Also it is not in the scope of this paper, our algorithm can be
improved to a computational time of O(log(time)) by using a binary search
instead of a linear simulation. The binary search will look from a time bewteen
0 and 40 until the slopetime is closest or equal to zero.
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Figure 1: Material broken when the slope is less or equals to zero.

4

Predictive model

In this section, we explain the predictive model. We use the bagging predictive
model Breiman [3], Xiao et al. [13] to estimate the value of T S at any given
time.
Bootstrap aggregating or Bagging is an ensemble method that employs supervised machine learning methods for classification and regression Breiman
[3]. Bagging trains multiple regression predictors in the ensemble using a
randomly drawn subset of the training set. The predictors are combined by
averaging the results of predicting a numerical outcome generating an aggregated prediction of multiple models which is less noisy than one calculated by
an individual model.
Although there are several predictive models (boosting, stacking, random
forest and others), we decided to use the bagging model because as a tree
ensemble model it offers better predictions and it is a more stable model than
other regression models Freund et al. [4]. Moreover, we emphasize the following reasons:
1. approximate to nonlinear function problems: bagging works well
with problems that are linearly and non-linearly separable. In general,
this is an advantage for tree ensemble models.
2. performs well with large datasets: it allows analysing significant
amounts of data using standard computing resources in reasonable time.
3. over fitting: bagging takes care of overfitting in contrast to other ensemble models like Boosting that even though shows better predictive
accuracy than bagging, it tends to overfit the training data as well.
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In order to use the predictive model, we perform the following two steps:
we first learning the model. Once the model is trained, we employed the model
to estimate the value of the T S.

Figure 2: Operation of the bagging model, using model tress as base models.
To understand the bagging model, let us consider first the regression problem. Suppose we fit a model to the training sample set D={d1 ,d2 ,. . . ,dn },
obtaining the prediction f¯(x) at any given testing input x. As shown in Figure 2, bagging obtains the prediction as the average of the predictions of a
collection of predictors with bootstrap samples 1 , thereby reducing the variance of the prediction. For each bootstrap sample (new training sets) Dc /
c={1,2,. . . ,c}, bagging fits a predictor fˆc (x). Then, bagging estimates the final
prediction as a uniformly weighted average defined by:
C

f¯(x) =
1

1 Xˆ
∗
fc (x)
C c=1

(1)

The basic idea of bootstrap sample is to randomly draw datasets with replacement from
the training data
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More specifically, bagging manipulates the training dataset to generate
multiple explanatory parameters by sampling with replacement. In contrast
to linear regression models, bagging can estimate variables with a long range
of values, like the tensile strength T S. The bagging model is trained with a
benchmark that contains a set of real values of the input parameters for the
model.

5

Results and Discussion

Our interest lies in to analyze the error of our estimating approach which
employs a tree regression model that, in principle, can approximate nonlinear
functions. We compare the predicted values of the three mechanical properties
against the real values.
We obtained a set of real values of 6 different films (A, B, C, D, E, and
F), each one with a benchmark of 995 data samples for a total benchmark of
5970 samples. We trained our predictive model with the total of the 5970 data
samples, and we used this trained model in our process to predict the values
of the mechanical properties.
We implemented the process in Java and all the experiments were run on a
GNU/Linux Debian computer with an Intel R Core (TM)2 Duo CPU P9400
@ 2.40 GHz, and 3GB RAM.
Table 1: Prediting the values of the mechanical properties of thermoplastic
starch films.
film thickness (mm)
time (sec)
TS
E
M
real
9,84
7,465 15,133
183
A
0,391
estimated
11,96
11,097 18,7
183,2
real
22,28
10,961 31,478 270,72
B
0,407
estimated
22.48
10,963 31.82 275,81
real
23,8
11,88 33,304 345,82
C
0,368
estimated
23,72
11,884 33,31 346,91
real
22,5
12,306 31,77 356,45
D
0,347
estimated
22,68
12,302 32,063 362,62
real
25,6
10,667 35,424 275,38
E
0,384
estimated
25,62
10,666 35,674 276,21
real
30,24
11,379 40,69 225,99
F
0,392
estimated
31,06
11,429 42,182 226,43

Table 1 describes the results of applying our process to predict the values
of the mechanical properties of six films with different thickness. For each film,
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we show two rows, one showing the real values and the second one showing
the estimated values. The column Thickness is the only feature of the input
parameters for the model that we changed in each film. Table 1 also shows
the time of CPU (column time) to calculate the values of the mechanical
properties, and the values of the mechanical properties. As we can see, our
approach presents very closed results. The T S and the E in the film A was
so much overestimated. However, the values of the same two properties in the
other films were closer to the real time. One characteristic that we can remark
is that our predictive model is overestimating, in more of the cases, the real
values of the mechanical properties.
Table 2 summarizes the results of estimate the mechanical properties of
the six films. The time of CPU is almost the same as to the time of the real
process. As we mentioned in Section 3, this time can be improved in our
algorithm. However, this is not in the scope of this paper.
Table 2: Summary of the values of the mechanical properties.
film
time (sec) T S
E
M
real
22,38
10,78 31,30 276,23
average
estimated
23,01
11,39 32,39 278,53
real
6,80
1,73 8,61 67,12
σ2
estimated
11,27
0,61 15,29 68,65

In general, as it is shown in Table 2, the values of the mechanical properties
were well estimated. This is a prove that the bagging model (which mean
absolute error is 0, 00379 and the standard absolute error is 0, 01067) and,
moreover, our approach work well to predict the values of the mechanical
properties.

6

Conclusions

We have presented a novel method to estimate the values of the physical properties of thermoplastic starch films using artificial intelligent techniques. We
demonstrated that we can use the state of the art of the Computer Science to
solve problems of other branches of knowledge, such as the materials engineering.
We evaluated the performance of our novel method by conducting some
experiments that estimate the values of the physical properties of several films.
The purpose of the experiment was to check the available time and to evaluate
the performance of our method. As far as we concern there is no other approach
that solves the kind of problem that we presented in this paper. For this reason,
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we only compared our results with the values getting in the real process. All in
all, the results support the conclusion: the accuracy of the model to estimate
the values of the mechanical properties in time.
Finally, the results obtained for starch-based films indicate an excellent opportunity for future works in the prediction of the physicochemical properties
of polymer matrices with higher complexity. This fact would reduce the cost
and time that academy or industry need to obtain a formulation with the ideal
properties for their products.
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