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One of the major design problems in the context of manufacturing systems is the well-known Buffer Allo-
cation Problem (BAP). This problem arises from the cost involved in terms of space requirements on the
production floor and the need to keep in mind the decoupling impact of buffers in increasing the through-
put of the line. Production line designers often need to solve the Buffer Allocation Problem (BAP), but this
can be difficult, especially for large production lines, because the task is currently highly time consuming.
Designers would be interested in a tool that would rapidly provide the solution to the BAP, even if only a
near optimal solution is found, especially when they have to make their decisions at an operational level
(e.g. hours). For decisions at a strategic level (e.g. years), such a tool would provide preliminary results
that would be useful, before attempting to find the optimal solution with a specific search algorithm.

The aim of this study is to create such a tool. More specifically, an Artificial Neural Network (ANN)
based decision support system is developed to assist production line designers in making decisions con-
cerning the Buffer Allocation Problem (BAP) in reliable production lines. The aim of the ANN is to predict
the performance of the production line based on its characteristics. The decision support system has been
designed to allow for these data to be outputted in a user friendly format. To develop such an ANN, a large
number of training and test data is required. To collect these data, extensive experiments were performed
on a carefully chosen set of production lines. Because of its speed, the myopic algorithm was used as the
search algorithm for the experiments. The performance of the ANN is examined for test sets of production
lines and an average accuracy close to 99% is found. The performance of the ANN is compared with that of
other well established surface fitting methods and its superiority is confirmed. Based on the results from
(a) the experiments and (b) the developed ANN, a decision support system, called BAPANN, is designed
and implemented. BAPANN’s functionalities and capabilities are demonstrated via the use of illustrative
scenarios, showing the effectiveness of the proposed method measured in terms of the required CPU
time.

In summary, BAPANN provides the production line designer with a powerful, efficient and accurate tool
to make decisions on the buffer allocation problem for balanced reliable production lines. This is done in a
convenient fashion without involving the designer in tedious and complex mathematical analysis.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction and literature review

There are various design problems within the context of pro-
duction lines and manufacturing systems engineering. By design
is meant the specification of some of the parameters of the flow
line to achieve a specific objective. The production line designer
is faced with various types of design issues. Three important design
problems considered in practice and in the literature are:
(1) Determination of the sizes of the buffers which are located in
front of each work-station of the production line, known as
the Buffer Allocation Problem, BAP.

(2) Determination of the mean production rates or the speeds at
each works-station of the production line. This design prob-
lem is the well-known work-load allocation problem, WAP.

(3) Determination of the number of machines at each work-sta-
tion. The use of parallel machines at a work-station of the
production line will affect the throughput of the production
line. This is referred to as the server allocation problem, SAP.

This study is concerned with the buffer allocation problem of
reliable production lines. The rest of the paper is organized as fol-
lows: In Section 1.1 the buffer allocation problems are defined and
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a literature review is given. In Section 1.2 the prediction capabili-
ties of artificial neural networks are mentioned and their applica-
tions especially to manufacturing systems are presented
accompanied by a brief literature review. Section 1.3 gives the
motivation and the objective of our study. In Section 2, the design
of the production line experiments conducted in this study is pre-
sented. These experiments are necessary to collect the required
training and testing data. The results from these experiments are
also exhibited in the same section. Section 3 describes the design
and the development of the artificial neural network that predicts
the performance of production lines, based on the experimental
data of Section 2. In Section 4, the performance of the developed
Artificial Neural Network (ANN) is compared with that of other
well established surface fitting methods. The ANN exhibits the best
performance, justifying its use. In Section 5, the design of the ANN
based Decision Support System (DSS) that solves the buffer alloca-
tion problems is presented. Section 6 discusses the implementa-
tion and demonstration of the DSS, exhibiting its functionalities
and capabilities. In Section 7, a summary of the study is given,
accompanied by conclusions and recommendations for further re-
search. Finally, in Appendices A and B the errors of the developed
ANN are given.

1.1. The Buffer Allocation Problems (BAPs) and related literature

Buffer allocation problems are formulated depending on the
objective function chosen. Examples of these objective functions
include maximizing throughput, minimizing the total number of
buffer slots, maximizing a profit function or minimizing the aver-
age work-in-process (WIP), subject in each case to appropriate
constraints. More specifically, the following four buffer allocation
problems, among others, may be defined:

BAP-A (the dual problem): Suppose there are K machines and
K � 1 storage areas with N total integer (>=0) buffer slots to be allo-
cated. A possible solution is a vector of the form:

n = (N1, N2, . . . , NK�1), where Ni is the number of buffer slots
after station i, i = 1, 2, 3, . . . , K � 1. The throughput of each solution
is symbolized by X(n) = X(N1, N2, . . . , NK�1). The objective is to max-
imize the throughput of the production line subject to the con-
straint that the total number of buffer slots is N (Note: All buffer
slots, Ni, i = 1, 2, . . . , K � 1, allocated to the K � 1 buffers must be
integer (>=0)).

The problem may be stated mathematically as follows:

max XðnÞ ¼max XðN1; . . . ;NK�1Þ

s:t:
XK�1

i¼1

Ni ¼ N

Ni P 0 8i ¼ 1; . . . ;K � 1

BAP-B (the primal problem): The second problem is to find the
minimum total number of buffer slots to be allocated among the
K � 1 buffers given that a pre-specified minimum throughput, X0

is reached (Note: All buffer slots, Ni, i = 1, 2, . . . , K � 1, allocated to
the K � 1 buffers must be integer (>=0)).

The problem may be stated mathematically as follows:

min N ¼
XK�1

i¼1

Ni

s:t: XðnÞ ¼ XðN1; . . . ;NK�1ÞP X0

Ni P 0 8i ¼ 1; . . . ;K � 1

These two problems, the dual and the primal, are not indepen-
dent and the results obtained for the dual problem may be used to
solve the primal problem. In this study, both the dual and the pri-
mal problems were investigated.
An excellent detailed overview of models of manufacturing flow
line systems is given in Dallery and Gershwin (1992). An earlier re-
view and comparison of models of automatic transfer lines with
inventory banks was given by Buzacott and Hanifin (1978).

Two types of techniques are used in a synergistic relationship to
solve the buffer allocation problem (as explained in Papadopoulos,
O’Kelly, Vidalis, & Spinellis, 2009):

� a performance evaluation technique (an evaluative tech-
nique) to calculate a measure of performance, for example
the throughput, the average WIP, among others, and

� an optimization technique to find the optimal or near
optimal solution, viz., the vector of buffer sizes which
optimizes a given objective function.

There are various optimization techniques, which lead to the
optimal or near optimal values of the decision variables (buffer
sizes) and work on results of the evaluative methods. The reader
is addressed to Li & Meerkov, 2009; Papadopoulos, O’Kelly, Vidalis,
& Spinellis, 2009; Shi & Gershwin, 2009, among others and the spe-
cific references of each category for a description of these tech-
niques. Two recent publications include Demir, Tunalı, &
Løkketangen, 2011 and Demir, Tunalı, & Eliiyi, 2012. Papadopoulos,
O’Kelly and Tsadiras (2013) compared several search algorithms
such as simulated annealing, genetic algorithms, Tabu search algo-
rithms and myopic algorithms in various sets of reliable produc-
tion lines. The myopic algorithm was shown to be a very efficient
(fast and relatively accurate) search algorithm.

Regarding the evaluative techniques which are also varied the
reader is addressed to the books by Buzacott and Shanthikumar
(1993), Gershwin (1994), Perros (1994), Altiok (1997), Li and Meer-
kov (2009) and Papadopoulos et al. (2009), among other. Papado-
poulos and Heavey (1996) provided a classification of models for
production and transfer lines in an earlier paper. Li, Blumenfeld,
Huang, and Alden (2009) provided a very useful review of recent
studies in the area of performance evaluation techniques.

1.2. The use of artificial neural networks and related literature

Artificial Neural Networks (ANNs) are inspired by the biological
processes of the human brain. They became popular in the 1990s
by the development of specific types of ANNs such as Multi-layer
Perceptrons (Gallant, 1990) and self-organizing maps (Kohonen,
1997). Their prediction making capabilities are well established,
especially after the proof that ANNs can be trained successfully
to approximate any smooth, measurable function (Hornik, Stinch-
combe, & White, 1989). From the early years of ANNs, their fore-
casting capabilities were identified (Zhang, Patuwo, & Hu, 1998).
The prediction applications of ANN are numerous and in various
subjects such as bankruptcy prediction (Chauhan, Ravi, & Chandra
Karthik, 2009; Zhang, Hu, Patuwo, & Indro 1999), prediction of ex-
change rates (Lisi & Schiavo, 1999), ethernet network traffic pre-
diction (Park, 2009), bus travel time prediction (Mazloumi, Rose,
Currie, & Moridpour, 2011), earthquake prediction (Moustra, Avra-
mides, & Christodoulou, 2011), prediction of energy demands
(Yokoyama, Wakui, & Satake, 2009), prediction of water resource
(Maier, Jain, Dandy, & Sudheer, 2010), etc. Especially for our study,
the surface fitting capabilities of ANNs will be important (He et al.,
2009). These capabilities exist because ANN exhibit great adapt-
ability, robustness and fault tolerance, due to the large number
of interconnected processing elements that they possess (Lippman,
1987). Feed forward ANNs using the back-propagation (BP) learn-
ing algorithm have been proved to possess both interpolation
(Cao, Zhang, & He, 2009; Llanas & Sainz, 2006; Sontag, 1992) and
extrapolation (Bai & Farhat 1992; Reddy, Prasada, Rao,
Chakraborty, & Murty, 2005) capabilities. These capabilities are
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important for our case and this is the reason that such an ANN was
chosen to be used for our study. For the training phase of the ANN,
the standard Levenberg–Marquardt back propagation algorithm is
chosen to be used because this algorithm has been shown to be the
fastest method for training moderate sized feed-forward neural
networks (up to several hundred weights) (Hagan & Menhaj,
1994; Kermani, Schiffman, & Nagle, 2005; Saini & Soni, 2002).

Many successful applications of ANNs, regarding manufacturing
systems, can be reported. Altiparmak, Dengiz, and Bulgak (2007)
proposed an ANN approach to model buffer allocation problems
in asynchronous assembly systems, showing that ANN meta mod-
els can successfully be used to model these types of systems. The
use of ANNs for the stochastic simulation of an inventory model
was studied by Kilmer, Smith, and Shuman (1999). The problem
of scheduling jobs on parallel machines was studied by Park,
Kim, and Lee (2000) by applying an ANN approach. Such an ap-
proach has been also proposed by Haouani, Ferney, Zerhouni, and
Elmoudni (1995) for modeling and control design of manufactur-
ing systems. Chen and Yang (2002) studied the design of a manu-
facturing system by using an ANN approach and the technique of
simulated annealing. An ANN has also been developed to improve
dimensional quality in automotive assembly process (Jang, Yang, &
Kang, 2003) while Chan and Spedding (2001) proposed an ANN
model of the assembly system of optoelectronic products. The
application of ANNs for a job shop system has been studied by Sab-
uncuoglu and Touhami (2002) and an ANN for real time flow shop
sequencing decisions has been developed by Lee and Shaw (2000).

1.3. Motivation and aim of this study

The buffer allocation problem in production lines becomes
more complicated and computer time intensive as the size of the
line consisting of K work-stations, and the number of buffer slots
after the work-stations of the line, Ni, i = 1, 2, . . . , K � 1, increase.
This is the case despite the existence of fast and efficient algo-
rithms to determine measures of performance and of efficient
search algorithms to locate the optimum value of the specific
objective function being used. A tool that would provide quickly
and directly the solution of the BAP, even if only a near optimal
solution is found, would be appreciated by production line design-
ers who have to make buffer allocation decisions at an operational
level (e.g. hours). In this case the tool would be very helpful be-
cause designers would be able to examine a number of what-if sce-
narios in seconds that currently would require hours or days,
before a final decision could be made. Although the main use of
such a tool concerns decisions at an operational level, it could as-
sist production line designers who have to make buffer allocation
decisions at a strategic level (e.g. years). In the latter case, the tool
would guide the designers at the initial stage of their search by
providing preliminary results before the thorough examination
by the designers begins. Using these preliminary results the
designers would apply the relevant search algorithms, at a more
focused level. Furthermore, sensitivity analysis around an initial
specification of the total number of buffer slots would assist
designers, at both the operational and strategic levels.

The aim of this study is to create such a tool, which would
provide:

(a) the solution of the BAP for relatively small production lines
(e.g., with up to 80 machines and up to 120 buffer slots)
based on extensive experiments and simulations of such
production lines. In this case the tool has already the results
that the designer is looking for and so the designer can avoid
the time consuming experiments that should otherwise be
undertaken. The results in this case will be exact, based on
the search algorithm that is used.
(b) the solution of the BAP for large production lines (e.g., with
80 to 180 machines and 120 to 220 buffer slots) based on
experiments and simulations of some production lines that
will be used as sample cases. The results will be exact for
the sample cases and for all other cases, a prediction tech-
nique that will use the data from the sample cases to predict
the results. This prediction method:

(i) should have interpolation capabilities, that is, to predict

the performance of production lines that are within the
range of the production lines, the performance of which
is known from the experiments already undertaken.

(ii) may have some extrapolation capabilities, that is, to
predict the performance of production lines that are out-
side the range of production lines, the performance of
which is known from the experiments already
conducted.
The performance of the prediction method should be examined
by the use of carefully selected test cases and the difference be-
tween the actual test results and the predicted results should be
in an acceptable error range.
2. Design of the production line experiments to collect training
and test data

To develop an ANN that can predict the performance of produc-
tion lines, a large amount of training and testing data is needed.
The more training and testing data available, the better will be
the predictive performance of the ANN. This large number of
experiments involving different production lines requires the use
of a fast search algorithm. There are various such algorithms avail-
able. We exploited the findings of an earlier work of the authors to
choose one of these algorithms as the search algorithm for our
experiments.

In Papadopoulos, O’Kelly, and Tsadiras (2013), optimization
methods were compared in respect of nearest to maximum
throughput achieved and CPU time required for solution of produc-
tion lines. These lines had single reliable machines at each work-
station, processing times that followed the exponential distribu-
tion and intermediate buffers of finite capacities between succes-
sive stations. The compared optimization methods were (a)
Genetic algorithms (GA), (b) Simulated annealing (SA), (c) Myopic
algorithms (MA), (d) Tabu search algorithms (TS) and (e) Complete
enumeration (CE), where applicable. The interested reader is re-
ferred to the fifth Chapter of the text by Papadopoulos et al.
(2009) where the algorithms GA, SA and TS are described and to
the Masters theses by Nikita (2010) and Pistofidis (2010), where
the myopic algorithm (MA) and the Tabu search algorithm, respec-
tively, are fully developed. The comparisons have shown that sim-
ulated annealing is the best algorithm regarding throughput but it
is rather slow. Myopic, on the other hand, is very fast and regarding
throughput, it is the second best choice. A more extensive compar-
ison of these algorithms is presented in Tsadiras, Papadopoulos,
and O’Kelly (2012) leading to the same conclusions. Based on these
results, the Myopic algorithm was chosen to be used for the exper-
iments of this study in conjunction with the decomposition algo-
rithm developed by Diamantidis, Papadopoulos, and Heavey
(2006), since the large number of experiments makes the speed
of the algorithm an important decision criterion. All the experi-
ments were run on an available desktop PC with the following
specifications: Windows XP Professional Version 2002 Service Pack
3, Intel Core 2 Duo CPU E8400@3.00 GHz, 2.00 GB RAM. The exper-
iments, which were performed in order to collect data to train and
test an ANN, are presented in Table 1.



Table 1
Sets of experiments.

Zone Production Line (K,N)
K = number of stations
N = number of total
buffer slots

Number of
experiments

Total CPU
time

Purpose

A Every pair (K,N),
K = 3 � � � 80, N = 1120

9360 3939 h
(�164 days)

Train ANN

B1 (20,130), (20,150),
(40,140), (40,160),
(60,130), (60,150),
(80,140), (80,160),
(90,25), (90,75),
(90,120), (100,50),
(100,100),
(100,130), (100,150),
(110,25), (110,75),
(110,120), (120,50),
(120,100), (120, 140),
(120,160)

22 302 h
(�13 days)

Train ANN

B2 (20,140), (20,160),
(40,130), (40,150),
(60,140), (60,160),
(80,130), (80,150),
(90,50), (90,100),
(100,25), (100,75),
(100,120), (100,140),
(100,160), (110, 50),
(110,100), (120, 25),
(120,75), (120,120),
(120,130), (120,150)

22 260 h
(�11 days)

Test ANN

C (20,180), (40,180),
(60,180), (80,180),
(100,180), (120, 180),
(140,25), (140,50),
(140,75), (140,100),
(140,120), (140,140),
(140,160), (140,180)

14 516 h
(�22 days)

Test ANN

In total 9418 5017 h
(�209 days)

Fig. 1. Experiments used for training and testing the ANN.
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In Fig. 1, the experiments that were used (a) for training the
neural network and (b) for testing the neural network are clearly
shown. It may be noted:
� Experiments of zone A consist of all production lines of 3–80
machines and of 1–120 buffer slots. These 9360 different exper-
iments/production lines required 3939 h of CPU time that is
more than 164 days of CPU time. More information about these
experiments can be found in Papadopoulos et al. (2013).
� Experiments of zone B1 consist of some selected production

lines with 20, 40, 60, 80, 90, 100, 110, 120 machines and 25,
50, 75, 100, 120, 130, 140, 150, 160 total buffer slots. The 22
experiments of this zone required 302 h of CPU time and are
represented in Fig. 1 by a diamond �.
� Experiments of zone B2 consist of production lines with 20, 40,

60, 80, 90, 100, 110, 120 machines and 25, 50, 75, 100, 120, 130,
140, 150, 160 buffer slots, which as it is shown in Fig. 1 alter-
nate with those in zone B1. 260 h of CPU time were required
for the 22 experiments of this zone. These experiments are rep-
resented in Fig. 1 by a square j.
� Experiments of zone C consists of sample production lines with

20, 40, 60, 80, 100, 120, 140 machines and 25, 50, 75, 100, 120,
140, 160 total buffer slots. These experiments, represented in
Fig. 1 by a triangle N, constitutes the outer bound of our exper-
iments and required 512 h of CPU time.

The Myopic search algorithm was used in all 9418 production
lines described above and for each of them the following metrics
were calculated:

(a) The throughput.
(b) The CPU-time needed to find the solution.
(c) The distribution of buffer slots to storage areas at maximum

throughput.

The results concerning the throughput of all 9418 production
lines of the experiments are presented in Fig. 2.

To create the neural network, it is important to make the correct
decisions regarding the choices of the data that are going to be
used for training and those to be used for testing. Our design
choices were the following:

(1) Use the 9360 experiments of zone A for training. In this way
ANN will try to simulate the curve of Fig. 2 for zone A.

(2) Use the 22 experiments of zone B1 for training. These exper-
iments are half of the experiments undertaken in zone B
(B1[B2), which were uniformly selected.

(3) Use the 22 experiments of zone B2 for testing. These are the
other half of the experiments undertaken in zone B. These
experiments will be used to test the prediction capabilities
of the ANN, in an interpolated mode, concerning the perfor-
mance of production lines in zone B not previously used for
training.

(4) Use the 14 experiments of zone C for testing. These are uni-
formly selected experiments outside zone A and zone B,
where the neural network is trained. This means that by
testing the ANN for these cases, in an extrapolated mode,
the prediction capabilities of the neural network are
examined.

3. Design and development of the Artificial Neural Network
(ANN)

Our goal was to design and develop an ANN that given param-
eters, K and N, a prediction of the optimal or near optimal through-
put of the corresponding production line would be made. In other
words, to build an ANN that fits the information shown in Fig. 2.
This dense part of information forms a smooth surface, so the
architecture of the ANN does not need to have a large number of
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hidden neurons or many hidden layers. The design specifications of
the ANN are the following:

� There are two input variables, the variables K and N.
� There is one output variable, Thr, the throughput of the corre-

sponding production line.
� The neural network has one hidden layer of artificial neurons

that use the typical for artificial neurons sigmoid transfer
function:

f ðxÞ ¼ 1
1þ e�ax

where a is a slope parameter. The exact number of neurons of this
layer will be decided based on a comparison of the performance of
ANNs having different numbers of hidden neurons.
� The neural network has an output layer of one artificial neuron

using the typical for artificial neurons, linear transfer function:
f ðxÞ ¼ ax

where a is a slope parameter as above.
The above considerations led to the creation of the two-layer

feed-forward network of Fig. 3. As stated in Section 1.3, the
Fig. 3. The structure of the ANN.
standard Levenberg–Marquardt back propagation algorithm is
chosen for the training of the ANN (Saini & Soni, 2002). An efficient
implementation of that algorithm from MATLAB Neural Network
Toolbox is used for the training.

To decide on the number of neurons to use at the hidden layer
of the ANN, indicators should be defined and examined, to measure
ANN’s performance. The indicators used in our study are the
following:

(a) The Mean Squared Error (MSE) (Wackerly & Scheaffer, 2008)
defined as follows:

MSE ¼ 1
n

Xn

i¼1

ðTargeti � OutputiÞ
2
;

where n is the number of different input data to the ANN, Targeti is
the target output value of ANN for Inputi, and Outputi is the actual
output of the ANN toInputi.

Since MSE is the average squared difference between targets
and outputs, lower values of MSE indicates better performance
(MSE = 0 indicates no error).

(a) The Correlation Coefficient (R, or Regression) (Wackerly &
Scheaffer, 2008) measures the correlation between output
and target values, defined as follows:

R ¼ covðTarget;OutputÞ
rTargetrOutput
�1 � R � 1

where cov(Target,Output) is the covariance of Target and Output
values of the ANN and rtarget, routput are the standard deviations
of Target and Output values. The maximum value of R is R = 1, in
which case a perfect positive linear relationship is indicated be-
tween the target and the output values (if R = �1 a perfect nega-
tive linear relationship is indicated). On the other hand, when
R = 0 there is no linear correlation between output and target val-
ues. Accordingly, a higher value of R is associated with better per-
formance of the ANN.
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Using the above two performance indicators, five different
ANNs with the structure of Fig. 3 are trained, having 5, 8, 10, 12
and 15 hidden neurons, respectively. The data used to train these
ANNs are those from the experiments of zones A and B1 (9382
experiments). The data were divided into the following three sets:

(a) The Training Set. Data from this set is presented to the ANN
during the training procedure, and the ANN is adjusting its
weights and biases according to the error from this data
set. This set contains the data of 70% randomly selected
experiments of the whole 9382 experiments (i.e., 6568
experiments).

(b) The Validation Set. Data from this set is used to measure net-
work generalization, and to halt training when generaliza-
tion stops improving. In a fashion similar to the training
set error, the validation set error during the initial phase of
training will normally decrease. However, the error on the
validation set will typically begin to rise, when the ANN
begins to overfit the data, (Gençay & Qi, 2001). Training is
stopped when the validation error increases for a specified
number of iterations and the weights and biases are
returned at the minimum of the validation error. Our valida-
tion set contains the data of 15% randomly selected experi-
ments of the whole 9382 experiments (i.e., 1407
experiments).

(c) The Test Set. Data from this set have no effect on training
and so provide an independent measure of ANN’s perfor-
mance during and after training. This makes the test set
error important for comparing the performances between
different ANN configurations. This set contains the data of
the remaining 15% randomly selected experiments of the
whole 9382 experiments (i.e., 1407 experiments).

In addition to the above testing set, the following data were also
used for testing the performance of the ANN:

� The data of experiments of zone B2, to examine the interpola-
tion capabilities of the ANN.
� The data of experiments of zone C to examine the extrapolation

capabilities of the ANN.
� The data of experiments of zone B2 and C together to examine

both the interpolation and extrapolation capabilities of the
ANN.

The five different ANNs (for 5, 8, 10, 12, 15 hidden neurons) were
trained and tested for the above test data sets using the Matlab Neu-
ral Network toolbox. The results concerning the performance indica-
tors, MSE and R, of all 5 cases are shown in Table 2. As far as the MSE
performance indicator is concerned the results are graphically pre-
sented in Fig. 4. The MSE is small for all 5 different ANNs, with the
lowest value achieved for the ANN of 10 hidden neurons. It may be
noted that, as expected, the MSE is larger for the test data of zone C
where extrapolation is needed, than the MSE for the test data of zone
B2 where interpolation is required. Regarding the Correlation Coeffi-
cient, R, the results are graphically presented in Fig. 5. The values of R
are very close to 1 for all 5 different ANNs and the closest to 1, is asso-
ciated with the ANN with 10 hidden neurons. According to these
results, our design choice should be the ANN with 10 hidden neurons.

The performance of the selected ANN of 10 hidden neurons is
studied in more detail to identify the ANN prediction capabilities.
In Fig. 6, the performance of the ANN is presented based on the cor-
relation coefficient, R, for training, validation and test sets of the
data of zones, A and B1. Target values and the output values of
the ANN are very close, with indicator, R, equal to 0.999926 for
data consisting of all three sets. In more details, R equals to
0.99994, 0.99992 and 0.99993 for training, validation and test
set, respectively. In the same zones, the 20 bins error histogram
is shown in Fig. 7, which indicates that the ANN of 10 hidden neu-
rons has balanced overestimations and underestimations of target.

The performance of the developed ANN of 10 hidden neurons
was examined in zone B2 (the zone where interpolation is needed).
In Fig. 8a the performance indicator R for this case is presented. As
expected, both R and errors are worse than those for zone A and B1,
but (a) R equals 0.99947 which is still very close to 1 and (b) errors
are very close to zero. In Appendix A these errors are presented in
detail for the 22 sample data of zone B2. The maximum, minimum
and average values for (a) the absolute error and (b) the percentage
error for the data of zone B2 are shown in Table 3. The average per-
centage error is 0.73% which means that the prediction capabilities
of the developed ANN in the interpolation zone of B2 are rather
good, with average accuracy more than 99%.

The developed ANN of 10 hidden neurons was also examined in
zone C (the zone where ANN shows its extrapolation capabilities).
The performance indicator R is presented in Fig. 8b. R is still very
close to 1 (0.99792) and errors are very close to zero, although both
of them are worse than those (a) of zone A and B1 and (b) of zone
B2. These errors for the 14 sample data of zone C are presented in
Appendix B. Statistics about these errors are shown in Table 3. The
average percentage error is 1.53%, so it can be concluded that in the
extrapolation zone C the average accuracy is close to 98.5%, which
is very encouraging.

An overall view of the performance of the developed ANN of 10
hidden neurons, for both cases of interpolation and extrapolation
show the following results: (a) Indicator R is very close to 1
(0.998749), (b) the average value for the absolute error for these
zones is 0.005672 and (c) the average percentage error is 1.04%.
It can be concluded that the average prediction capabilities of the
developed ANN in both interpolation and extrapolation zones B2
and C are rather good, with average accuracy close to 99%. The best
case of accuracy is 99.9% and the worst case is 96.77%.

The areas in which the developed ANN exhibits errors are pre-
sented in Fig. 9. In that figure, the size of the sphere represents
the size of the percentage error of the ANN for each of the 36
experiments undertaken in zones B2 and C. It may be concluded
that in general (but not always), the larger the distance of the
experiment from the training experiments of zones A and B1, the
bigger is the error.

4. Validation

In this section, the results using the ANN developed above are
compared with those obtained from other well established meth-
ods of surface fitting. It should be noticed that there is no evidence
that the surface that we attempt to fit (shown in Fig. 2) follows the
form of a specific equation. The regression modeling methods that
were examined belong to two categories:

(a) Parametric regression. This is a form of regression analysis, in
which the model has a predefined form and the method
attempts to discover the parameters of the specified model
that best fits the data. From this category of regression, poly-
nomial regression was examined. In this type of regression
the relationship between the independent variables K, N and
the dependent variable Thr is modeled as an Mth order poly-
nomial. The general polynomial regression model for this
case is of the form
Thr ¼ a0 þ a1K þ a2N þ a3KN þ a4K2 þ a5N2 þ � � � þ aiK
xNy
, where the exponents x and y are natural numbers satisfying the
equation x + y = M. In this study, three models having 3rd, 4th and
5th order were examined.



Table 2
Performance indicators for five different ANNs.

Number of neurons Test set of zones A and B1 (1407
experiments)

Test set of zone B2 (22
experiments)

Test set of zone C (14
experiments)

Test set of zones B2 and C (36
experiments)

MSE R MSE R MSE R MSE R

5 1.50E�05 0.999681 3.41E�04 0.994832 1.59E�03 0.990072 8.25E�04 0.990144
8 4.11E�06 0.999912 1.01E�04 0.99686 4.48E�04 0.990462 2.36E�04 0.993658

10 3.42E�06 0.999926 2.06E�05 0.99947 9.99E�05 0.997923 5.12E�05 0.998749
12 3.63E�06 0.999916 6.52E�05 0.998605 4.58E�04 0.991958 2.80E�04 0.995056
15 2.04E�06 0.999955 1.05E�04 0.996967 1.36E�03 0.960894 5.94E�04 0.981508
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(b) Nonparametric regression. This is a form of regression analy-
sis in which the model does not take a predetermined global
form but it is constructed according to the information
derived at the local level from the data. From this category
of regression, the loess method (or locally weighted regres-
sion) was examined (Cleveland, 1979; Cleveland & Devlin,
1988). In a focused way, a linear polynomial model or a qua-
dratic polynomial model is used to fit the data, locally. In
this study two loess models were examined, a loess model
with linear polynomials and a loess model with quadratic
polynomials.

Using the above methods, additional models were developed to
fit the surface of Fig. 2. The development of these models was
based on the data of zone A and B1, which are the same data, as
was used for the training of the ANN. The performance of these
models was examined using the same data sets, as was used for
examining the performance of the ANN, These latter data sets are
data of zone B2 for interpolation and data of zone C for extrapola-
tion. Error measurements of the performance of these six models
are exhibited at Table 4. The error measurements are (a) the Root
Mean Squared Error (RMSE) defined by the equation
RMSE ¼

ffiffiffiffiffiffiffiffiffiffi
MSE
p

, where MSE is the Mean Squared Error (Wackerly
& Scheaffer, 2008) and (b) the Percentage Error (% Error).

Studying the results exhibited at Table 4, the following conclu-
sions can be drawn:

(a) For the training set, the RMSE of the ANN is the smallest
among the others, with ‘‘Loess with quadratic polynomials’’
having the second best RMSE.

(b) Although polynomial regression performs relatively well in
interpolation, it has high error values for extrapolation.

(c) Using the data of zone B2 concerned with interpolation, the
ANN has the smallest RMSE and % Error, followed by the
methods of ‘‘Polynomial Regression of 5th order’’ and ‘‘Loess
with quadratic polynomials’’.

(d) The RMSEs and % Errors measured for the data of zone C,
concerned with extrapolation, confirm that ANN performs
better than the other methods.

Thus, it can be concluded that the developed ANN has the best
performance of the models tested, giving a 1.04% average error when
combining interpolation and extrapolation. This result justifies the
choice of the ANN for the development of the proposed DSS.
5. Design of the Decision Support System (DSS) for the buffer
allocation problems

A production line designer, interested in solving efficiently the
BAP-A and BAP-B problems, could use with advantage the results
obtained from the developed ANN of Section 3 and the results of
the 9418 experiments undertaken. Based on these results, a Deci-
sion Support System (DSS) was built (Turban, Sharda, & Delen,
2010; Holsapple & Palmisano, 2006; Seref & Ravindra A.A., 2007).
The design of this DSS, called BAPANN (from the BAP solved by
the use of ANN) is shown in Fig. 10.

An important part of the BAPANN is its database. This database
contains data from the following two sources:

(a) The developed ANN. This ANN was run having as input the pro-
duction lines of K = 81–180 (100 different Ks) and N = 121–220
total buffer slots (100 different Ns). The results of the ANN for
all these 100� 100 = 10.000 different input pairs (K, N) were
recorded and stored in the database of the DSS.

It should be noted that:

(i) Instead of having the results of the ANN for the 10.000 different
cases stored in the database, the ANN itself could be inserted in
the DSS. In this way, based on the user’s input, the ANN would
produce dynamically its output at run time. The design choice
to produce ANN results in advance and store it in the database
was followed in order to make DSS faster and lighter.

(ii) The ANN can predict results for a production line with K
greater than 120 and N greater than 160, but since these
cases are concerned with extrapolation, the user should have
in mind that the further this production line is from the pro-
duction lines used for training the ANN, the accuracy might
be slightly less.

(b) The results of the 9418 experiments. These correspond to all
experiments that have been conducted for this study, regard-
less of whether they were used for training or testing the ANN.

In cases of production lines (K,N) where there are results both
from experiments and from the developed ANN (experiments in
zones B1, B2 and C), the database of the BAPANN stores the results
of the experiments as they are more accurate.

The BAPANN DSS functionality follows these steps:

Step 1: The user indicates the problem formulation, BAP-A or
BAP-B, of interest. Then, the user enters all the necessary vari-
ables of the corresponding problem following prompts from
the system.
Step 2: Depending on the input of the user, the system makes
the necessary queries to the database, regarding the specific
problem.
Step 3: The results of the queries are returned and are presented
to the user, who can evaluate them. The user, at this point, can
either finish the interaction with the BAPANN or continue by
returning to Step 1.

6. Implementation and demonstration of the BAPANN Decision
Support System (DSS)

Based on the design of Fig. 10, the BAPANN was implemented
using Visual C++ programming language. To illustrate the



Fig. 4. MSE of 5 different ANNs.

Fig. 5. Correlation coefficient of 5 different ANNs.

Fig. 6. Performance indicator R for ANN of 10 hidden neurons, in zones A and B1.

Fig. 7. 20 Bins error histogram for ANN of 10 hidden neurons, in zones A and B1.
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functionality of the developed DSS, two scenarios are presented
below, corresponding to two practical design decision-making
situations. The first scenario concerns BAP-A and the second
concerns BAP-B.

Scenario 1: A production line designer has a production line of
53 stations and is interested in allocating 76 buffers slots to it. He is
concerned with the maximum throughput that such a production
line can achieve and also with the distribution of the total buffer
slots to the 52 storage areas that achieves this performance.
Clearly, this is a BAP-A problem.

Using BAPANN for this scenario, the production line designer
will receive the results presented in Fig. 11. The system asks
whether the user is interested in solving a BAP-A problem or a
BAP-B problem. After choosing BAP-A problem, the user is asked
to enter (a) the number of stations, K, that are in the production
line and (b) the number of available total buffer slots, N. The user
enters this information and immediately receives the outputs pre-
sented in Fig. 11. The outputs of BAPAN are:

(a) The near optimal throughput 0.551813 that the specific pro-
duction line can achieve (based on the myopic algorithm).

(b) The allocation of the buffer slots that achieves the above
throughput, that is the following number of total buffer
slots for each of the 52 storage areas
‘‘1_1_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1-
_2 _2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_2_1_
1_1’’.

(c) In many cases, the number of stations of the production line
is fixed by the designer because of technological require-
ments but the number of total buffer slots may be subject
to modification. For such cases, it would be quite useful to
know the difference in the throughput of the production line
if one, two or even three buffer slots were added or removed
from the production line. This is the reason the BAPANN also
presents the throughput of production lines with K = 53 and
N = 73, 74, 75, 77, 78, 79 (that is the number of buffer slots
entered by the user, modified by �3, �2, �1, +1, +2,+3).
Additionally the % change that such a modification makes
to the throughput is presented, to assist the designer’s deci-
sion making.

The user, after receiving the above information, can either con-
tinue with an additional investigation concerning a new BAP-A/
BAP-B problem or exit from the system.

In the above scenario, inputs K and N specify a production line
that was among the 9418 production lines on which experiments
were performed for this study. If that production line was not
among these experiments, the results would be (a) the predicted
throughput based on the developed ANN and (b) the predicted
throughputs for production lines of the same number of stations
but with the total number of buffer slots modified by �3, �2, �1,
+1, +2, and +3. After studying the above results, the designer could



Fig. 8. Performance indicator R (a) for the test set of zone B2 (interpolation zone) and (b) for the test set of zone C (extrapolation zone).

Table 3
Errors of ANN concerning data of zones B2 and C.

Values Zone B2 (interpolation zone) Zone C (extrapolation zone)

Absolute
error

Percentage
error

Absolute
error

Percentage
error

Maximum 0.009398 1.54 0.022529 3.23
Minimum 0.000599 0.10 0.001102 0.21
Average 0.003953 0.73 0.008374 1.53

Fig. 9. ANN errors for the 36 experiments in zones B2 and C.
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choose a search algorithm, e.g., the myopic algorithm and its soft-
ware implementation (Nikita, 2010), to find the accurate through-
put of the corresponding production line and the near optimal
distribution of the buffer slots, but the designer should bear in
mind that this can take hours or days of CPU time.

All the results given above were returned within a few seconds
of data input. Assuming the production line designer wished to re-
ceive the same results without the use of BAPANN, the following
seven experiments would have to be run: K = 53 and N = 73, 74,
75, 76, 77, 78, and 79. These experiments took our computer sys-
tem, respectively, 2122 s, 2146 s, 2849 s, 1634 s, 2155 s, 1751 s,
and 2107 s. These times total 14,763 s, which is more than 4 h.
For higher values of K and N, the CPU time required is much higher
e.g., for the production line K = 140, N = 160 the CPU time required
is nearly 3 days (233.634 s).
Scenario 2: A production line has 55 stations and the designer is
interested in determining the total number of buffers slots re-
quired to achieve a throughput of at least 0.57. The designer is also
interested in finding the distribution of the buffer slots to the 54
storage areas that achieves that performance. This is a BAP-B
problem.

Using BAPANN for scenario 2, the production line designer will
receive the results shown in Fig. 12. The system once again asks
whether the user is interested in solving a BAP-A problem or a
BAP-B problem. After choosing BAP-B problem, the user is asked
to enter the number of stations, K, that are in the production line.
After entering this data, the BAPANN presents (a) the throughput
that is achieved for a production line of that number of stations
and only one buffer slot (N = 1), that is the lower boundary of
throughput for that production line, and (b) the throughput that
is achieved for a production line of that number of stations and
220 buffer slot (N = 220), that is the upper boundary of throughput
for our system. Having these values in mind, the user can enter a
value, between these boundaries, which corresponds to the mini-
mum desired throughput.

After entering this value, the BAPANN searches in its database
the data that it has, concerning production lines of 55 stations. It
searches in ascending order of N (from N = 1 towards N = 220)
and as soon as it finds a production line with K = 55 and let say
NN buffer slots that has a throughput larger than or equal to the
minimum desired throughput specified by the user, BAPANN re-
turns the throughput of both the production line with N = NN � 1
and of the production line with N = NN. In the case of scenario 2,
NN = 89 and thus in Fig. 12 the throughput for (a) the production
line for K = 55, N = 88 and (b) the production line for K = 55,
N = 89 which is also the solution of the problem, are presented.
Since the production line of K = 55, N = 89 is a production line that
was among the 9418 experiments performed for this study, the
BAPANN presents the distribution of these 89 buffer slots that
achieves the corresponding throughput (see Fig. 12), that is
‘‘1_1_1_2_2_2_1_2_2_1_2_2_2_1_2_2_1_2_2_2_1_2_2_1_2_2_2_1-
_ 2_2_1_2_2_1_2_2_2_1_2_2_1_2_2_2_1_2_2_1_2_2_2_1_1_1’’.

For cases where the production line is not among the 9418
experiments, the interested user may use a search algorithm, e.g.,
the myopic algorithm and its software implementation (Nikita,
2010) to find this distribution in detail, having in mind that can
take hours or days of CPU time.



Table 4
RMSE and % Error of the six surface fitting methods.

Fitting Method / Error
Measurement

Polynomial
regression of 3rd
order

Polynomial
regression of 4th
order

Polynomial
regression of 5th
order

Loess with linear
polynomials

Loess with quadratic
polynomials

Artificial
neural
network

RMSE for the training set 0.0173 0.0112 0.0076 0.0173 0.0071 0.0017
RMSE for interpolation 0.5838 0.3905 0.258 0.0853 0.0302 0.0213
RMSE for extrapolation 1.6599 1.5555 2.1442 0.1312 0.0615 0.0373
RMSE for interpolation &

extrapolation
1.7596 1.6038 2.1596 0.1565 0.0685 0.0429

Max % error for interpolation 63.36% 37.18% 24.58% 9.15% 4.01% 1.54%
Average % error for

interpolation
19.10% 12.18% 7.62% 2.93% 0.92% 0.73%

Max % error for extrapolation 155.81% 152.88% 207.68% 15.86% 6.97% 3.23%
Average % error for

extrapolation
80.83% 68.39% 95.19% 6.34% 2.92% 1.53%

Max % error for interpolation
and extrapolation

155.81% 152.88% 207.68% 15.86% 6.97% 3.23%

Average % error for
interpolation and
extrapolation

43.11% 34.04% 41.68% 4.26% 1.70% 1.04%

User Interface

Database

Step 1
Step 2

Step 3

BAPANN
DSS

Data fro
m

ANN

Data fromexperiments

Fig. 10. Design of the BAPANN DSS.
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Finally, the user may either continue with an additional inves-
tigation of a new BAP-A/BAP-B problem or exit from the DSS.

It should be noted that the results above were returned once
again almost immediately. If the production line designer wished
to receive the same results without the use of BAPANN, a number
of experiments with K = 55 and a selection of values of N would
have to be undertaken. Clearly, there is a significant saving in time
for the designer in using BAPANN.
7. Summary, conclusions and further research

The Buffer Allocation Problem (BAP) in production lines is a dif-
ficult problem to solve. It becomes more complicated as the num-
ber of work stations, K, increases, and the total number of buffer
slots, N, which are to be allocated, increases. The ideal situation
for the designer would be to have an efficient tool which taking
as input K and N would give as output the value of the objective
function and the optimal allocation of the total number of buffer
slots, N, among the intermediate buffers of the line. Even with
the existence of fast and efficient algorithms (to calculate through-
put or other performance measures) and efficient search algo-
rithms to scan all or part of the search space of the different
buffer allocations to determine the optimum value of the objective
function set by the production line designer, the optimization pro-
cess is highly time consuming especially in large production lines
with a large total number of buffer slots. Moreover the designer
is often interested in sensitivity analysis around an initial specifica-
tion of the total number of buffer slots, N, to be allocated.
In this paper, a DSS, designated as BAPANN, that supports the
production line designer’s decision making concerning the BAP,
mainly at an operational level, is presented. The development of
such a system requires a large number of production line experi-
ments, which take a long time but once undertaken are embedded
in the DSS for use again as needed. In this study, a large number of
such experiments were performed and they were used (a) as data
for the DSS and (b) to train and test an Artificial Neural Network
(ANN). The developed ANN can provide solutions in the defined pro-
duction line space (K = 1–180 stations, N = 1–220 number of total
buffer slots to be allocated among the intermediate buffers of the
production line). The average performance accuracy for the test data
used was close to 99%. As expected, in general, the larger the dis-
tance of a specified production line from the closest production line
which was experimentally examined, the less the accuracy of the re-
sults obtained from BAPANN. The contribution of the proposed ANN
relies on the fact that it can predict quite accurately the perfor-
mance of large production lines for which results cannot be easily
obtained directly from the application of existing algorithms.

Various scenarios for the use of BAPANN are presented in the
paper, showing its functionalities and capabilities as a flexible tool
for the production line designer. Three major advantages of the use
of BAPANN are that

(i) results for a specified BAP are available within seconds of
inputting the parameters of the serial production line,

(ii) the designer is not involved in complex and time consuming
analysis and

(iii) sensitivity analysis is readily available.



Fig. 12. BAPANN solving the BAP-B problem of scenario 2.

Fig. 11. BAPANN solving the BAP-A problem of scenario 1.
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As areas for further research we propose the extension of the
neural network to handle more general and complex production
lines such as longer unbalanced and unreliable, assembly/disas-
sembly and/or even split/merge configurations.
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Appendix A

Errors of the developed ANN for the 22 sample data of zone B2.
No.
 K
 N
 Throughput
from
experiments
Throughput
from ANN
Absolute
error
Percentage
error
1
 90
 50
 0.431191
 0.428633
 0.002558
 0.59

2
 90
 100
 0.514029
 0.516462
 0.002433
 0.47

3
 100
 25
 0.378675
 0.376377
 0.002298
 0.61

4
 100
 75
 0.462349
 0.463385
 0.001036
 0.22

5
 100
 120
 0.52317
 0.52658
 0.003410
 0.65

6
 110
 50
 0.412918
 0.407663
 0.005255
 1.27

7
 110
 100
 0.486101
 0.490775
 0.004674
 0.96

8
 120
 25
 0.370623
 0.368262
 0.002361
 0.64

9
 120
 75
 0.441001
 0.438039
 0.002962
 0.67
10
 120
 120
 0.501077
 0.505079
 0.004002
 0.80

11
 20
 140
 0.811932
 0.813969
 0.002037
 0.25

12
 20
 160
 0.829364
 0.833276
 0.003912
 0.47

13
 40
 130
 0.68688
 0.691387
 0.004507
 0.66

14
 40
 150
 0.711438
 0.720836
 0.009398
 1.32

15
 60
 140
 0.628368
 0.627769
 0.000599
 0.10

16
 60
 160
 0.651206
 0.654742
 0.003536
 0.54

17
 80
 130
 0.568012
 0.565894
 0.002118
 0.37

18
 80
 150
 0.592161
 0.585027
 0.007134
 1.20

19
 100
 140
 0.535515
 0.543788
 0.008273
 1.54

20
 100
 160
 0.564284
 0.55765
 0.006634
 1.18

21
 120
 130
 0.509999
 0.515175
 0.005176
 1.01

22
 120
 150
 0.527766
 0.530413
 0.002647
 0.50
Appendix B

Errors of the developed ANN for the 14 sample data of zone C.
No.
 K
 N
 Throughput
from
experiments
Throughput
from ANN
Absolute
error
Percentage
error
1
 20
 180
 0.843819
 0.848953
 0.005134
 0.61

2
 40
 180
 0.740306
 0.762835
 0.022529
 3.04

3
 60
 180
 0.670418
 0.682198
 0.011780
 1.76

4
 80
 180
 0.620847
 0.614236
 0.006611
 1.06

5
 100
 180
 0.583893
 0.570644
 0.013249
 2.27

6
 120
 180
 0.553505
 0.545885
 0.007620
 1.38

7
 140
 25
 0.364858
 0.361694
 0.003164
 0.87

8
 140
 50
 0.395678
 0.382914
 0.012764
 3.23

9
 140
 75
 0.425738
 0.415696
 0.010042
 2.36
Appendix B (continued)
No.
 K
 N
 Throughput
from
experiments
Throughput
from ANN
Absolute
error
Percentage
error
10
 140
 100
 0.45491
 0.456186
 0.001276
 0.28

11
 140
 120
 0.477574
 0.485816
 0.008242
 1.73

12
 140
 140
 0.500828
 0.507944
 0.007116
 1.42

13
 140
 160
 0.515972
 0.522579
 0.006607
 1.28

14
 140
 180
 0.530962
 0.532064
 0.001102
 0.21
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