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1 | INTRODUCTION

Recent trends and increasing demand i
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Abstract

Artificial intelligence is increasingly used in various branches of engineering. In this
article, artificial neural networks are used to predict the crush resistance of corru-
gated packaging. Among the analysed packages were boxes with ventilation open-
ings, packages with perforations and typical flap boxes, which make the proposed
estimation method very universal. Typical shallow feedforward networks were used,
which are perfect for regression problems, mainly when the set of input and output
parameters is small, so no complicated architecture or advanced learning techniques
are required. The input parameters of the neural networks are selected so as to take
into account not only the material used for the production of the packaging but also
the dimensions of the box and the impact of ventilation holes and perforations on
the load capacity of individual walls of the packaging. In order to maximize the effec-
tiveness of neural network training process, the group of input parameters was chan-
ged so as to eliminate those to which the sensitivity of the model was the lowest.
This allowed the selection of the optimal configuration of training pairs for which the
estimation error was on the acceptable level. Finally, models of neural networks were
selected, for which the training and testing error did not exceed 10%. The demon-
strated effectiveness allows us to conclude that the proposed set of universal input
parameters is suitable for efficient training of a single neural network model capable

of predicting the compressive strength of various types of corrugated packaging.
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Proper understanding of packaging structural behaviour requires,
as a first step, a detailed knowledge of mechanical properties of the
corrugated board

n employed material, namely, of cardboard. Corrugated board is built as

packaging market require from manufacturers and researchers, the
development of innovative solutions to provide ease of shaping and
attractive appearance of the packaging, robustly supported by
sufficient box strength. Such needs highlight, in the engineering com-
munity, specific computational and experimental research challenging
subjects, both from a material standpoint® and from a packaging point

of view.?

a sandwich composite material with individual layers, alternatively
structured by flat and corrugated papers, usually ranging from two to
seven layers. A practical classification of the corrugated layer, called
fluting, based on wave height is usually adopted; it is denoted by capi-
tal letters, typical wave heights are from A to F. Due to constitutive
material properties and internal composite structure, the layered cor-

rugated board typically displays two characteristic in-plane directions
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of orthotropy, namely, the machine direction (MD), perpendicular to
the main axis of the fluting, and cross direction (CD), parallel to the
fluting, directly affecting the mechanical response of the paperboard,
both in elasticity range and for strength thresholds. In recent
literature, numerous works are available to accurately model the
mechanical constitutive behaviour of corrugated board, upon compu-
tational developments, accounting for anisotropic behaviour,># plastic
behaviour,” creep response,® forming process,”® creasing and folding
conditions,’ *° as also effectively supported by experimental testing

(see, e.g., other studies”'*1%)

. Consistently, a crucial role in the design
of corrugated board packaging is played also by the evaluation of
paperboard strength and buckling resistance, for example, in other
studies.?¢"18

Towards the goals of structural modelling in packaging research
and applications, the above mentioned refined understanding and
modelling capability for corrugated board requires to be associated
with a detailed knowledge of various packaging solutions, both in

boxes and trays, particularly with reference to functionality,®” 2!

22-25 2627 and specifically to

numerical modelling,
box strength.28-%°

In view of reliable structural applications, over the years, several

experimental testing

approaches have been developed, specifically conceived as aiming at
estimation of box strength of corrugated board packaging. In particu-
lar, various approaches devised analytical formulae, although
restricted to typical design, subsequently improved by the adoption of
numerical tools, such as finite element modelling, towards broader
applications or solution of demanding specific issues, such as
consideration of layered structure, possibly tackled by homogeniza-
tion methodologies. In order to afford such computational and
experimental challenging tasks in suitable unified and standardized
procedures, two tests have been widespread, namely, the box
compression test (BCT) and the edge crush test (ECT), as nowadays
widely employed in industry. However, despite their measuring
effectiveness, these two testing methods are not sufficient, in current
practice, in providing reliable data for strength estimation by compu-
tational approaches.

Within such context, several authors, in recent years proposed
experimental and computational advancements in box strength esti-
mation of corrugated board packaging. In particular, with regard to
the aims of the present paper, it is worth mentioning the consider-
ation of material moisture level, 3! the analysis of buckling effects,>?
the estimation of compressive strength accounting for openings,
perforations,®* shifted flaps®® and open-top configurations,*® the
modification of compression test suitable for trays®” and the exten-
sion to drop tests and gable-top shapes.>®

Despite research innovative contributions and proposed
advanced computational methods, in the field of box strength estima-
tion, the demanding task of parameter identification continuously
highlights challenging situations both from problem complexity and
from time-computational cost viewpoints. Such difficulties may be
overcome, in and efficient and reliable way, by the adoption of
artificial intelligence (Al) strategies, suitable to mimic neural schemes

and to reproduce the behaviour of complex structured systems. In the

last decades, Al and, specifically, artificial neural network (ANN) meth-
odology have been successfully applied, with growing interest in vari-
ous engineering and multidisciplinary research fields, such as

39—42)

structural engineering (see, e.g., other studies , biomedical engi-

43 —45)

neering (see, e.g., other studies and agricultural engineering (see,

e.g., other studies**™%).

In particular, in corrugated paperboard
research and related applications, ANNs have been employed limited
to calibration of mechanical constitutive parameters,50 estimation of
edge crush resistance,”* evaluation of effects by hand and ventilation
holes on box compressive strength.>?

The main objectives of the present work are devoted to the esti-
mation of corrugated board box strength, in various material and
structural configurations, relying on ANN models. Therefore, tackling
the demanding task of box strength evaluation by an Al approach aims
at providing beneficial contributions regarding wide applicability of
the devised method joined with reliability of the computational
approach, towards an innovative methodology, also suitable for practi-
cal engineering applications.

Following Section 1, the paper is organized in two main sections.
Section 2 presents the adopted methods and the selected materials
for the numerical analyses, particularly with reference to the overall
research investigation methodology (Section 2.1), to the collected
data to be employed as input dataset in ANN processing (Section 2.2),
to the assessed load capacity of the packaging to be analysed
(Section 2.3) and to the used ANN structure (Section 2.4). Conse-
quently, Section 3 gathers and discusses the obtained results towards
effective reduction of the number of ANN calibration input parame-
ters. Section 4, highlights the innovative contributions and summa-

rizes the main steps of the study.

2 | METHOD AND MATERIALS

21 | Framework of the study

The main goal of the work is to obtain an ANN with a higher possible
accuracy and in the same time with a small and universal set of train-
ing data to predict the compressive load bearing capacity of the card-
board packaging. Industrial conditions, that is, current production
and/or the need for costly and time-consuming retooling of the
machines often make it impossible to obtain a large training set;
hence, the key is the appropriate selection of input data so that the
obtained ANN is reliable. When the set of available training data is
limited, mainly due to the difficulty in obtaining laboratory data, the
number of input parameters is small, which may result in difficulties in
the correct training of artificial neural networks.

A general diagram of the research work carried out is shown in
Figure 1, the symbols are explained in Section 2.2. In this paper,
experimental data were obtained from load capacity tests of packag-
ing of various designs, based on previous work of the research
groupy32734
cessed, which enabled the definition of 14 key input parameters for

see Section 2.2. The raw data were systematically pro-

potential use in ANNs algorithms to predict the packaging strength,
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FIGURE 1 The scheme showing
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FIGURE 2 Photographic documentation of the compressive strength tests from our previous studies

packaging with holes (C,D) and boxes with perforations (E,F).

see Section 2.3. Then, additional and reduced three sets of input
parameters for alternative artificial neural networks were selected. In
summary, four independent types of neural networks were tested
here, with the difference in their architecture being mainly to the
number of input data. On the basis of preliminary computations (not
included in here), the same network architecture (which showed the
best accuracy) was adopted for all four types of networks; for details,
see Section 2.4. Then, training was performed for each of the four
types of network 1000 times each. Next, after calculating the root
mean square error (RMSE) for each of the obtained network, the one

with the lowest RMSE was selected for further use.

(D) (F)

32-34

used in this article: flap boxes (A,B),

2.2 | Data collected for use in an artificial neural
networks

Al for reliable and trustworthy operation requires significant input/
output data for training. In order to use as much data as possible in
this paper, the results from several publications were collected.®2~34
Data®2 apply to FEFCO F201 type packaging, where no holes, nor
perforations were included. In Garbowski et al.,*® the FEFCO F200
and F201 type packaging were considered with numerous types of
holes—cut on longer or shorter walls. In Garbowski e al.®* also, FEFCO

F201 were used, but with just one box size because the focus was on
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various types of perforations and their impact on compressive

Packaging Technology and Science

strength of a box. Figure 2 shows the selected photographs from test-
ing campaigns conducted and resented in our previous research
papers.32-34

Due to the co-authorship of the indicated articles, the following

input data for ANN training/validation were available:

e box dimensions (from 100 mm to 450 mm): width, B, length, L, and
height, H

e specification of the box geometry, that is, character of the flaps
(no flaps, traditional flaps or offset flaps), presence and geometry
of holes, and presence and technical details of perforations (type
of cutting knife, etc.)

o effective material properties of the corrugated cardboard
expressed as laminate composite constants, that is, D11 —bending
stiffness in the machine direction; D,,—bending stiffness in the
cross-machine direction; Dz3—twisting bending stiffness; As4 and
Ass—transverse shear stiffnesses in horizontal and vertical direc-
tions, respectively (in regard to box orientation)

e ECT index and effective thickness of the cardboard as the laminate
composite, tef

e critical forces of all four side walls loaded vertically in their plane,
Pgi.

Moreover, the box compressive strength of the boxes tested
were available and considered as output data for ANN training/testing
conducted in this paper. All samples tested were laboratory condi-
tioned according to the standard of TAPPI T402,>° that is, the humid-
ity of 50% + 2% and temperature of 23 + 1°C were maintained in the
laboratory. The boxes were folded manually, and if applicable,
the flaps were taped (top and bottom). In case of visual damages of
the corrugated boards or folded boxes, the samples were skipped. All
of the tests were displacement controlled with quasi-static speed of
10 mm/min £3 mm/min (according to standard EN ISO 12048).

For more details regarding input/output data, please see source

papers.3?-34

2.3 | Assessment of the load capacity of the
packaging

While assessing the compression strength of the packaging, it may be
considered that it is related to the particular load bearing capacities of
packaging walls considered as plates subjected to compression load in
its middle plane, see Figure 3. In this manner, the load bearing capaci-
ties of packaging plates are determined by the critical loads, for which
the buckling phenomena for vertical walls will occur. Such mechanical
problems are one of the basic one in theoretical mechanics, and have

54,55

been considered by many researchers —its solutions, depending

on the posed problem, are available in textbooks.>¢~8

h,°7¢0 used

In simplified methods for estimating BCT strengtl
extensively in corrugated board industry for many years, the idealized

buckling forms are utilized. Currently, these forms are not able to

FIGURE 3

Separated walls of the packaging with the widths of L
and B and height of H, considered as a supported plates under
compression.

ensure satisfactory accuracy especially for complex packaging cases,
what was proved in the paper.’? For example, the so-called McKee
formula reads the following equation:

BCT =KECTh**Z 1, (1)

in which ECT is the edge crush test result, Z is the box perimeter and r
and k are empirical constants. If some assumptions regarding r and k
will be taken, for explanations see the paper by Garbowski et al.,>? the
straightforward form of the McKee formula takes the following:

BCTwo = 5.874 ECT h0-30870:492 2)

As shown in Equation (2), there are no factors in the formula that
take into account the effects of holes, perforations, bending stiffness
or crushing, which in practice may significantly reduce the box's com-
pressive strength. Currently, the corrugated board industry expects
accurate predictions; therefore, those factors cannot be omitted.

Nevertheless, one may use more advanced analytical approach
for estimating the buckling forces, such as the one presented by Gar-
bowski et al.,*2 in which the orthotropic character of the corrugated
board is considered, as well as, the transverse shear stiffness. These
factors are still insufficient to get an accurate result if the box has a
complicated perforation or hole. Nowadays, where numerical methods
are readily available, analytical or empirical forms should be avoided in
favour of more modern and reliable solutions, which by physical
models take into consideration all factors missing in the analytical
approaches.

Therefore, in this paper, the finite element method was used to
compute the buckling forces, individually for each of four load bearing
panel, see Figure 3, with its full geometric specification of particular
walls, orthotropic character of the corrugated board and so forth. The
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panels were considered as supported plates under compression; the
orthotropic material and cross-section data used are available in
the source publications. The effectiveness of such an approach has
already been proven in selected cases in the papers of Garbowski

et al.3273%4

24 | ANN used

The ANN applied in this study is a feedforward neural network. The
structure of the network is depicted in Figure 4. It consists of input
layer (with 10 neurons), two hidden layers (with 20 and 10 neurons,
respectively) and output layer (with 1 neuron). Each neuron had the
hyperbolic tangent sigmoidal transfer function. Only the neuron in
the output layer had the linear transfer function. The number of
inputs depends of the studied case described in Section 3. The maxi-
mal number of inputs was equal to 14 inputs. There is one output
from the ANN, which is the predicted compressive strength of the
packaging. The Levenberg-Marquardt algorithm was applied as the

training method.

3 | RESULTS AND DISCUSSION

Due to the relatively small set of input data, the selection of input
parameters of the ANN plays an important role. Therefore, in the
paper, the attention was paid to the analysis of which set of input

parameters would ensure the smallest ANN estimation error, in order

Output

FIGURE 4 Feedforward artificial neural network structure.
TABLE 1
Type/No. of input 1 2 3 4 5 6
ANN1 L B H D14 D,y D33
ANN2 L B H ECT P P2
ANN3 ﬁ g ECT P crl Pcr2 P cr3
AN N4 L B H Pery Pa Pe3

to not exaggerate the number of input parameters. Several cases have
been selected according to the theory of mechanics and subject
knowledge.®>°? Finally, the following four ANN cases with different

sets of input parameters were selected:

ANN1: Packaging dimensions (L, B and H), representative proper-
ties of cardboard as an orthotropic composite (D11, D22, D33, Raa
and Rss), ECT, effective thickness t.s and critical forces of load-
bearing panels (Per1, Per2, Perz and Peys).

ANN2: Packaging dimensions (L, B and H), ECT and critical forces
of load-bearing panels (P¢1, P2, Pz and Pera).

ANNS: Ratios of packaging dimensions (L/H and B/H), ECT, and
critical forces of load-bearing panels (P.1, Per2, Pz and Perg).
ANN4: Packaging dimensions (L, B and H) and critical forces of
load-bearing panels in relation to ECT (P.1/ECT, P.2/ECT,
P.3/ECT and P4 /ECT).

For clarity, the summary of the input parameters for all types of
ANNSs considered is presented in Table 1.

For data explained in Section 2.2 and grouped above, the training
of four types of ANNs was executed 1000 times due to different
starting points in minimization algorithm, various initial values of
weights and different subdivisions of training/testing sets. Each time,
45 out of total 54 box samples collected from our previous research
papers were randomly selected. The rest, that is, nine packaging out
of 54 box samples were left for testing ANNs accuracy. The accuracy
was measured by the RMSE:

in which y; is the predicted value, while y; is the reference (tested)
value of BCT and i is the box sample number, i=1,2,3,...,45 for train-
ingsetandi=1,2,3,...,9 for test set.

Due to the training based on stochastic selection of 45 samples
and completely random distribution of the initial values of the net-
work parameters, the multiple ANNs were obtained for which the
RMSEs were computed. For each of four types of ANN, the best one
(with lowest RMSE) was selected, see pink bars in Figure 5. Then, for
those four best ANNs, the RMSE for test set was computed, see grey
bars in Figure 5.

Detailed results for predicting BCT for test set (9 box samples)

were presented as box compression strengths (so called BCT indices)

Selected sets of input parameters for training of the artificial neural networks considered in the paper.

7 8 9 10 11 12 13 14
Raa Rss ECT tes P P2 Pers Pera
Ps Pera - - - = = -
Pers - - - - - - -

Pera — — — — — — —
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in Table 2. In the second row, the real values from press machine were
shown, while in later rows the ANN estimations were demonstrated.
In Figure 6, the same results of best ANNs were divided to the refer-
ence strengths values (BCT); therefore, the bars show how far from
the real values the best ANN estimations are. Bar equal 0.0 would
mean the perfect fit to the reference (BCT) value.

Comparing various possible input parameter sets studied in this
research, one can notice that the minimal value of the RMSE was
obtained for ANN2, in which eight input parameters were taken into
account, see Figure 5. This is also confirmed while comparing the
results for single cases in the test set, see Figure 6; it is clearly visible
that the value of predicted BCT for the ANN2 was closest to the ref-
erence values in most cases. This suggests that the number of inputs
of the ANN for predicting the BCT can be limited to eight parameters:
packaging dimensions (L, B and H), ECT and critical forces of load-
bearing panels (P4, Pg2, Pys and Pe4). The RMSE obtained for this
case was equal to 8.2% in the training set and similar value, that is,
8.6%, in the test set. Moreover, the errors for single test cases from
1 to 9 were 7.9%, 9.6%, 7.7%, 9.3%, 3.0%, 5.1%, 7.2%, 15.5% and
6.0%, respectively, which is a good result when estimating the com-
pressive strength for such different types of packaging by a single
ANN model.

The worst results (in the training set) were obtained for the
ANNS3, in which ratios of the packaging dimensions (L/H and B/H)
were used as the inputs instead of all packaging dimensions separately
(L, B and H). Furthermore, for the ANN4, the RMSE obtained in the
training set was lower than for ANN1 and ANN3. However, one can
notice that in this case the worst results were obtained in the test set.

The RMSE in the test set is about two times greater than in the

l\:|training dataset [N testing dataset‘
T

0.2} 0.191 0193 |
— 0.161
Toa5) ]
= 0.109
g o1} 0.101 0,082 0.086 0.093 |
z 0‘05 | H ’_’I ’_‘ |

0
ANNT ANN2 ANN3 ANN4

type of ANN input

FIGURE 5 Root mean square error (RMSE) for the training and
test data sets from four different artificial neural networks (ANNs).

TABLE 2
input parameters for test data set.

training set. It shows that the ANN4 was overfitted to the training
data, and the results are satisfactory in the training set, but are not
sufficiently general for the other data.

The results presented in this study can be easily compared with
the other results presented in the previous papers on estimation of
the BCT in various cases (boxes with openings, perforations or with-
out any changes in their construction).®2734 In these previous studies,
in which an analytical-numerical approach was proposed for estima-
tion of the BCT, the authors modified parameters in the well-known
McKee formula in order to obtain the optimal values for the specific
case (boxes with openings or perforations or without both). For the
boxes with openings,3® the authors obtained the mean error of 6.5%
for the optimal parameters. In the case of boxes with perforations,*
the mean error was equal to 3.5%. For the boxes without holes or
perforations,®2 the authors obtained the mean error in the range of
5% to 8%. One can notice that the values of optimal parameters
obtained in both cases were totally different, for example, for boxes
with openings the optimal parameters achieved were k = 0.755 and
r = 435, while for boxes with perforations, the optimal parameters
obtained were k = 0.4 and r = 0.75. In the current study, the error
measure obtained was equal to 8.2% in the training set and 8.6% in
the test set, but in this study, the ANN approximation is more univer-
sal (i.e., is valid for all kind of boxes, e.g., with perforations, openings
and without them). The formulas with their optimal parameters pro-

32-34

posed in the papers were dedicated to specific cases of box

[N ANNI [ZANN2 [ ANN3 [ ANNY|
60 ; .

1— ANN;/BCT (%]

no. of ANN test set

FIGURE 6 Bar plot of box compression strength ratios of
different packaging for the test data set from different artificial neural
networks (ANNs) due to the choice of input parameters.

Box compression strengths of different packaging for real (test) values and the outcome from different ANNs due to the choice of

1 2 3
BCT [N] 1903 697 1902 1606
Standard deviation [N] 55.1 171 60.3 14.
ANNT1 [N] 1834 866 1834 1834
ANN2 [N] 1752 763 1755 1755
ANNS3 [N] 1733 1033 1942 1942
ANN4 [N] 1795 1066 1795 1795

Abbreviations: ANN, artificial neural network; BCT, box compression test.

5 6 7 8 9
1033 933 899 2078 1869
1 63.3 55.0 40.0 190.1 61.4
993 935 993 1944 1757
1001 980 963 1755 1755
1033 1033 1033 1942 1747
1016 1024 947 1795 1795
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designs, while here the ANN model is much more universal and can
be used for any box geometry with possible holes and perforations.
The methodology presented in this study with the application
of ANN models for BCT prediction in various cases can be repeated
and the results can be improved in the future for bigger number of
data, which should greatly generalize the proposed methodology. If
the average error of prediction in the new test set will become big-
ger than in the current test set, then the training process can be
repeated with representation of new data both in training and test
sets. This approach leads to an obvious asymptote, which is a kind
of a limit to the possibility of adapting the model for the selected
neural network architecture to new data, which can also be
improved by rebuilding the network architecture when the amount

of training data allows it.

4 | CONCLUSIONS

The paper was devoted to the assessment of the load capacity of
various types of packaging using artificial neural networks. In the
work, the most attention was paid to the selection of input param-
eters for each ANN model in order to obtain the smallest possible
RMSE. The input parameters that were taken into account were
the dimensions of the packaging, material properties of the corru-
gated board and the critical buckling forces of side panels of the
packaging.

The obtained results prove that it is possible to estimate the load
capacity of packaging of various corrugated box constructions based
on artificial neural networks with a relatively small training dataset
and still benefit with a high accuracy. It was shown by computed
RMSE for a randomly selected test dataset. Depending on the
selected set of input parameters, the RMSE ranged from about 8% to
19%. The RMSE for the best ANN prediction equal to 8%, which is
very promising result considering such small amount of training data-
set available and diversity of the analysed cases of packaging (boxes
The hybrid
experimental-numerical approach for the preparation of the ANN

with perforations, openings and without them).
training dataset proven to be effective and has a great potential for
use by corrugated board manufacturers and converters as advanced
numerical methods are already used by the packaging industry in
many professional laboratory devices.
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