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Abstract This study proposes a nonparametric method
based on adaptive neural network (ANN) technique for
measuring efficiency of decision making units (DMUs) in
one period case as a complementary tool for the ANN-
based efficiency methods in the previous studies. In
previous studies, there are needed to have large volume of
data, and so the proposed method in this study is more
applicable because it can be used for the cases which have
no historical data. In fact, a limitative weakness of the
ANN-based efficiency methods about applying them for
these cases is removed. So, it can be a competitive method
to the other common tools for measuring efficiency. By
noting the importance of flexible manufacturing system,
this study presents a decision-making model for optimiza-
tion of operators’ allocation in cellular manufacturing

system by computer simulation. The methodology is
illustrated through its application on a previously reported
dataset. It was found out that ANN provides more robust
results and identifies more efficient units than the conven-
tional methods since better performance patterns are
explored.
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1 Introduction

Performance measurement and assessment are fundamental
to management planning and control activities and accord-
ingly have received considerable attention by both man-
agement practitioners and theorists. The appropriate use of
few resources with the available technology is referred to as
technical efficiency. Efficiency frontier analysis has been an
important approach of evaluating firms’ performance in
private and public sectors. As alternatives to determine the
efficiency boundaries, the international experience reports a
significant number of methodologies with different
approaches and methods to characterize such efficiency
[1]. In rough terms, these methodologies can be classified
according to how the frontier is estimated. There are two
competing paradigms on efficiency analysis: parametric and
nonparametric approaches are widely used in the efficiency
measurement. The first include the estimation of both
deterministic and stochastic frontier functions which is
based on the econometric regression theory and has been
widely accepted in the econometrics field. The latter
include data envelopment analysis (DEA) and free disposal
hull which are based on a mathematical programming
approach. Each of these two methodologies has its strength

Int J Adv Manuf Technol (2010) 46:1059–1069
DOI 10.1007/s00170-009-2161-1

M. Anvari (*) :M. Saidi Mehrabad
Department of Industrial Engineering,
Iran University of Science and Technology,
Narmak,
16844 Tehran, Iran
e-mail: manvari@iust.ac.ir

M. Saidi Mehrabad
e-mail: mehrabad@iust.ac.ir

A. Azadeh
Department of Industrial Engineering, Faculty of Engineering,
University of Tehran,
P.O. Box 11365-4563, Tehran, Iran
e-mail: aazadeh@ut.ac.ir

M. Saberi
Department of Industrial Engineering, Faculty of Engineering,
University of Tafresh, Azad University of Tafresh,
Tafresh, Iran
e-mail: msaberi@engmail.ut.ac.ir



as well as major limitations. In all of these methodologies,
the frontier is defined by the most efficient DMU of the
sample. Mathematically, the frontier methods are intro-
duced as a high-reliability analysis tool and have been
largely used for studies in the manufacturing field [2–7].

There have been many efficiency frontier analysis
methods reported in the literature. For instance, by note of
the case study of this paper, some works about manufac-
turing field are considered. Myint and Tabucanon devel-
oped a decision support framework integrated the analytical
hierarchy process (AHP)1 and goal programming to select
the most appropriate machines for flexible manufacturing
system (FMS) [8]. Sheng and Sueyoshi used an accounting
procedure to determine the DMU inputs [2]; they used an
AHP model to examine nonmonetary criteria associated
with corporate goals and long-term objectives, and simula-
tion model was then used to analyze the tangible benefits.

Khouja proposed a decision model for technology
selection problem using a two-phase procedure [4]. The
DEA was used in the initial phase to identify technologies
that provide the best combinations of vendor specifications
on the performance parameters of the technology, and a
multi-attribute decision-making model is used in the second
phase to select a technology from those identified in phase
1. Sheng and Sueyoshi utilized a combination of DEA and
AHP for FMS evaluation and selection [2]; they used an
AHP model to examine nonmonetary criteria associated
with corporate goals and long-term objectives, and simula-
tion model was then used to analyze the tangible benefits.
Azadeh and Anvari in their study presented a decision-
making model for optimization of operators’ allocation in
cellular manufacturing system (CMS) by computer simula-
tion [10]. DEA, principle component analysis, and numer-
ical taxonomy were utilized to assess simulation results and
alternatives.

But, the assumptions made for each of these methods are
restrictive. Conflicting conclusions of efficiency are often

resulted by using the different methods due to the
unsuitability of the assumptions. Their frontier sensitive to
outliers and will be deterministic. The nonparametric
approach makes no assumption about the functional form
of the frontier. Instead, it specifies certain assumptions
about the underlying technology that, in combination with
the dataset, allow the construction of the production set. For
instance, the DEA frontier is very sensitive to the presence
of the outliers and statistical noise which indicates that the
frontier derived from DEA analysis may be warped if the
data are contaminated by statistical noise [11]. On the other
hand, DEA can hardly be used to predict the performance
of other decision-making units.

The main objective of this paper is to contribute to the
use of neural networks in the efficiency measurement. To
this end, for estimating production (cost) function, ANN
method is applied and for calculating the efficiency scores;
a similar approach to econometric methods is used.
Moreover, the effect of the return to scale of DMU on its
efficiency is included and the unit used for the correction is
selected by notice of its scale (under constant return to scale
assumption). Appendix 1 provides an introduction to ANNs
in efficiency analysis, where neural networks form a
promising analysis tool together with known econometric
models and nonparametric methods. In this appendix, also
some published papers about ANNs and efficiency are
reviewed.

Previous studies by Azadeh et al. show the applicability
approach of ANN and ANN Fuzzy C-Means in selected
power plants [12–14]. However, this study presents an
algorithm which is expanded for output-oriented models,
and also in this method, more than one output/input can be
used to evaluation. In addition, in previous studies, there
were needed to have the dataset of some previous periods
and so it cannot be used for the cases which has only one
dataset or in selecting cases, but the proposed method in
this study can be used for evaluating relative efficiencies of
DMUs with common inputs and outputs in one period.
Therefore, the proposed method can be used for ranking
and analysis of DMUs such as industries, universities,
hospitals, cities, facilities layouts, etc.

The paper is organized as follows. Section 2 is
dedicated to ANNs in efficiency analysis, and an algo-
rithm is proposed in this section for assessing efficiency of
DMUs. An empirical illustration for measuring perfor-
mance of several scenarios for operators’ allocation in a
CMS environment is carried out in Sections 3 and 4. A
simulation model is built to identify behavior of each
scenario. Consequently, proposed method is applied to
identify optimum scenario with respect to several
inputs and an output. The final section of the paper
offers conclusions and suggests areas for the future
research.

1 AHP was designed to solve complex multiple criteria problems. It
allows decision-makers to specify their preferences using a verbal scale
[9]. This verbal scale can be very useful in helping a group or an
individual to make a fuzzy decision. The purpose of AHP is to provide a
vector of weights expressing the relative importance of alternatives for
each criterion. AHP requires four steps:( 1) structuring the hierarchy of
criteria and alternatives for evaluation, (2) assessing the decision-
makers’ evaluations by pairwise comparisons, (3) using the eigenvector
method to yield priorities for criteria and for alternatives by criteria, and
(4) synthesizing priorities of the alternatives by criteria into composite
measures to arrive at a set of ratings for the alternatives. The decision
maker must express his/her preference between each pair of elements.
Each pairwise comparison is scored as: equally important (1), weakly
more important (3), strongly more important (5), very strongly more
important (7), and absolutely more important (9) [9].
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2 Methodology

This algorithm can estimate efficiency by considering input
(output) oriented by finding production (cost) function and
using ANN approach, same as econometric methods.

1. Determination of input(s) and outputs (Pk) variables
under input-oriented assumption (inputs (Ck) and
output(s) variables under output-oriented assumption)
of the model.

2. Collect dataset S in available periods which describes
the input–output relationship for DMUs. Assume that
there are n DMUs to be evaluated. Then obtain the
preprocessed dataset after the data are scaled between 0
and 1.

3. Divide S in to two subsets: training (S1), valid (S2), and
test (S3) data. The first subset is the training set, which
is used for computing the gradient and updating the
network weights and biases. Usually, train dataset
contains 70% or 90% of all data and the remaining
data are used in test dataset [15].The second subset is
the validation set. The error on the validation set is
monitored during the training process. The validation
error will normally decrease during the initial phase of
training, as does the training set error. However, when
the network begins to overfit the data, the error on the
validation set will typically begin to rise. When the
validation error increases for a specified number of
iterations, the training is stopped, and the weights and
biases at the minimum of the validation error are
returned. Take validation data out from the training data
and should be representative across the range of
outcomes.2 It is necessary to strike a balance between
the training and validation data set sizes. When large
amounts of data are available the selection of validation
data can be done using a simple random choice. The
last subset is used to determine preferred architect of
ANN.

4. Use ANN method to estimate relation between input(s)
and output(s). For this reason, select architecture and
training parameters. All networks used in this study
have a single hidden layer because the single hidden
layer network is found to be sufficient to model any
function [16, 17]. To find the appropriate number of
hidden nodes, the following steps are performed for
networks with one to q nodes in their hidden layer.

When the value of q is optional and should be changed
if after following next steps, the goal error has not been
met.3

& Train the model using the training data (S1). In this
study, Levenberg–Marquardt (LM) training algo-
rithm is used.4

& Evaluate the model using the test data (S3) and
obtaining MAPE5 error.

Then, the model which has the lowest error is selected
for estimating production function. This model is named
ANN*.

5. Run ANN* for S.
6. Calculate the error between the kth real output (Preal(ik)

for input-oriented model and Creal(ik) for output-oriented
model) and kth ANN model output (PANN (ik) for input-
oriented model and CANN (ik) for output-oriented
model) in the period which you want to assess the
efficiency of its DMUs (Sc):

Eik ¼ Preal ikð Þ � PANN ikð Þ i ¼ 1; . . . ; n for input�oriented model

ð1Þ
Eik ¼ CANN ikð Þ � Creal ikð Þ i ¼ 1; . . . ; n for output�oriented model

ð2Þ

2 In our problem, each period have all range of outcomes. Therefore,
all of the data of this period can be selected for test or the data of this
period can be sorted by the value of the output variable, partitioned
and one validation data point is chosen at random from each partition.
In this way, the stratification tries to ensure that validation data is
chosen across the range of outcomes.

3 In this study, the value of the desired minimum error has been
defined between 2% and 4% (96% to 98% confidence) and the value
of q has been defined 20. The error is estimated by mean absolute
percentage error (MAPE). MAPE method is the most suitable method
to estimate the relative error because input data used for the model
estimation, preprocessed data and raw data have different scales.
There are four basic error estimation methods which are listed below:

▪ Mean absolute error (MAE)

▪ Mean square error (MSE)

▪ Root mean square error (RMSE)

▪ Mean Absolute Percentage Error (MAPE)

They can be calculated by the following equations, respectively:

MAE ¼
Pn
t¼1

xt � x
0
t

�� ��

n
; MSE ¼

Pn
t¼1

xt � x0ð Þ2

n
; RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn
t¼1

xt � x0ð Þ2

n

vuuut
; MAPE ¼

Pn
t¼1

xt�x0
xt

���
���
2

n

All methods, except MAPE, have scaled output.
4 LM algorithm is selected by noting of reaching the goal error in
appropriate time and using of this algorithm in previous similar
studies.
5 Mean absolute percentage error

MAPE ¼ 1
N

PN
i¼1

Actual valuei�Set point valuei
Set point valuei

���
��� where N is the number of

rows and set point value is the output of ANN* for each row of data.
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7. Shift frontier function from neural network for obtain-
ing the effect of the largest positive error which is one
of the unique feature of this algorithm:

Eik
0 ¼ Eik=P ANNð Þik i ¼ 1; . . . ; n for input�oriented model

ð3Þ

Eik
0 ¼ Eik=C ANNð Þik i ¼ 1; . . . ; n for output�oriented model

ð4Þ
This option consists of not considering the largest error but
calculates by noting the DMU scale constant returns to
scale (CRS). To this end, find the largest Ei´ indicate the
DMU with the best performance in this output (input). For
each output (input), save P(ANN)k* (C(ANN)k*) from DMU�

k

which have the largest Eik
0
in kth output (input) and we

have:

E*k
0 ¼ max i Eik

0 ��i ¼ 1 . . . n
� �

k ¼ 1 . . . m ð5Þ

So, the value of the shift for each of the DMUs and
output(s) (input(s)) is different and is calculated by:

Shik ¼ E*k*P ANNð Þik=P ANNð Þk� i ¼ 1; . . . ; n for input�oriented model

ð6Þ

Shik ¼ E*k*C ANNð Þik=C ANNð Þk� i ¼ 1; . . . ; n for output�oriented model

ð7Þ
So, the expected value of kth output (input) for DMUi is:

Psik ¼ P ANNð Þik þ Shik ð8Þ

Csik ¼ C ANNð Þik � Shik ð9Þ
In this approach, in spite of the previous studies

(Athanassopoulos and Curram called this measure “stan-
dardized efficiency” [18]), the effect of the scale of DMUs
on its efficiency is considered and the unit used for the
correction is selected by notice of its scale (CRS) [19, 20].

8. Calculate efficiency scores

The efficiency scores (Fi) take values between 0 and 1.
This maximum score is assigned to the unit used for the
correction.

Ei ¼ k

X
P2
ik

� �1=2
= k

X
Ps2ik

� �1=2

i ¼ 1; . . . ; n for input�oriented model

ð10Þ

Ei ¼ k

X
Cs2ik

� �1=2
= k

X
C2
ik

� �1=2

i ¼ 1; . . . ; n for output�oriented model

ð11Þ

Fi ¼ Ei=max Eiji ¼ 1 . . . nf g i ¼ 1; . . . ; n ð12Þ

In this study, it has been noted that comparing various
units with various scales and capitals is not logical.

3 Operator allocation in CMS

Recently, manufacturing organizations and researchers have
spent much effort in reducing manufacturing cycle times by
improving manufacturing planning, control systems, oper-
ator allocation, and developing more sophisticated sched-
uling procedures. Cellular manufacturing is a well-known
approach for implementing the principles of group technol-
ogy in a production environment wherein families of parts
with similar manufacturing processes are grouped together.
The machines required for processing the parts may be
arranged into cells so that all parts in a given family are
processed within a cell following unidirectional flow.
Cellular manufacturing results in a series of benefits
including reduced setup and lead times, less work in
process (WIP), less material handling, and simplified
production planning and control. The concepts of cellular
manufacturing and just-in-time production are increasingly
being applied in today’s manufacturing environment.

The disproportionate increase in wages as against
productivity has forced management to regard operators as
a scarce resource. Manned cells are a very flexible system
that can adapt to changes in the customer’s demand or
changes quite easily and rapidly in the product design.
Previous studies indicate that the allocation of cross trained
operators is one of the most important decision points on
CMS performance. Cross trained operators can operate
more than one machine and output rate can be adjusted by
changing the number of operators in the manufacturing
cells. This concept, known as “intracell mobility,” is related
to allocation of a group of operators who are multi-skilled
and trained to assist with several processes inside the same
cell.

Effective operator scheduling becomes very crucial in
such a scenario where the focus is on increasing produc-
tivity. Operator scheduling problems find a wide area of
applications from heavy engineering to large tailoring
firms. In the former case, it is vital for the organization to
chart an efficient operator schedule so that there is a
balanced flow of material from the component shop to the
assembly shops. Worker scheduling with balanced work-
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loads in an apparel manufacturing firm can assume great
complexity as the problem size increases.

Black has discussed five different types of manufactur-
ing systems including the cellular manufacturing system
with pull systems and assembly cells [21]. He explains that
such systems offer a high degree of flexibility if they are
manned by workers who walk around cells and process
parts on the machines. Lulu and Black have analyzed the
performance of manned cells with a single walking operator
[22]. They conclude that a manufacturing system is more
flexible when the operator walks around the cell and gives
superior performance when compared with static robots.

As known, simulation as a powerful tool for solving real
problems, especially in manufacturing can help managers to
select the best decision with respect to various existing
conditions. Several studies have been performed about
labor allocation in CMS throughout the last decade. Russell
et al. examined labor resource in addition to the machine
resource in CMS through a series of simulation experiments
[23]. Singh et al. have presented a bicriterion framework for
operator assignments in cellular manufacturing systems
[24]. The minimization of total processing cost, total
processing time, and balancing work loads are the various
criteria considered in the formulations. Black and Schroer
studied a U-shaped CMS composed of 13 stations that can
be operated by a variable number of workers by computer
simulation [25]. Black and Chen have described a simula-
tion model of an apparel assembly cell with walking
operators and with decouplers between stations [26]. The
output is found to depend on the number of operators and
with the processing time taken by the operators. They have
presented results of the performance of the cells with
different number of operators. Gürsel and Ivan used a two-
phase hierarchical methodology based on mathematical
models for generating alternative operator levels [27].
Nakade and Ohno considered an optimization problem for
finding an allocation of operators at a U-shaped production
line with multifunction operators to minimize the cycle time
[28]. Ertay and Ruan also proposed a framework based on
DEA for the most suitable operator allocation in CMS [3].
Their study concentrated on efficiency measurement and
the determination of the number of operators in CMS when
the demand rate and transfer batch size change.

4 Case study

Step 1: The data utilized for the illustrative analysis are
obtained from Ertay and Ruan’s paper [3].

The cells described in their study are designed for
flexibility, not line balancing. The system is a U-shaped
CMS with eight machines (The walking multifunctional

operators in a U-shaped permit rapid rebalancing) and can
be operated by one or more operators depending on the
required output for the cell. Operators perform material
movements in cell. The average operator utilization as the
output variable and using the average lead time, the number
of operators, transfer batch size, demand level as the input
variables.

Step 2: Both inputs and outputs are procured by means of
simulation of CMS. The alternatives for operators’
allocation in the cell are as follows:

1. Eight operators (one operator for each machine)
2. Seven operators (one operator to two machines

and one operator for each of the others)
3. Six operators (one by one operator to two by two

machines, one operator for each of the others)
4. Five operators (one by one operator to two by two

machines, one operator for each of the others)
5. Four operators (one by one operator to two by two

machines, one operator for each of the others)
6. Six operators (one operator to only three

machines, one operator for each of the others)
7. Four operators (one by one operator to three by three

machines, one operator for each of the others)
8. Three operators (one by one operator to three by

three machines, one operator to only two
machines)

9. Five operators (one operator to four machines, one
operator for each of the others)

10. Three operators (one operator to four machines
and one by one operator to two by two machines)

11. Three operators (one operator to four machines
and one operator to three machines and one
operator to one machine)

12. Two operators (one by one operator to four by
four machines)

In simulation experiments, the production batch size is
accepted to be equivalent to the demand levels. The transfer
batch sizes within cell are determined as 500 and 200 units
in experiments. The objective of the alternatives consisted
of reducing the number of operators in the cell is to observe
how the operations are redistributed among the operators. It
has been considered 48 simulation experiments in this study
(12 � 2 � 2 ¼ 48; labor assignment alternatives *demand
levels * transfer batch size). The simulation results for the
case model are presented in Table 1.

Step 3: Training, validation, and test data determined
randomly. Approximately, 85% of S is used as
training data.

Step 4: In order to get the best ANN for the operators’
allocation in the cell, 20 MLP-LM models are
tested to find the best architecture. The architec-
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ture of the mentioned MLP-LM models and their
MAPE error values are shown in Table 2. It seems
the 14th model (it has 14 neurons in single hidden
layer) has the lowest MAPE error and conse-
quently is chosen as the preferred model. In
Fig. 1, the ANN architecture for the preferred
network (14th model) is shown. Figure 2 presents
the MLP-LM performance of each model.

Step 5: Therefore, this model (14th model: 14 neurons in
single hidden layer) is selected.

Step 6, 7, and 8 The results of these steps are shown in
Table 3 for assessing performance of
operators’ allocation scenarios in the cell.

Based upon the best estimated neural networks for the
dataset of operators’ allocation scenarios in the cell, the unit
efficiencies by proposed algorithm are calculated. Conse-
quently, proposed algorithms provide more robust results
and identified more efficient units than the conventional

Table 1 Simulation results for operators’ allocation in manufacturing
cell DMU name

DMU
name

Number
of
operators

Transfer
batch
size

Demand
level *103

Average
lead
time

Average
operator
utilization (%)

1 8 500 10 165.8 43.8

2 7 500 10 273.4 44.7

3 6 500 10 386.5 46.7

4 5 500 10 647.4 49.7

5 4 500 10 945.7 53.6

6 6 500 10 575.9 52.4

7 4 500 10 1,375.6 59.7

8 3 500 10 1,490.7 62.5

9 5 500 10 1,680.4 69.4

10 3 500 10 1,975.6 71.3

11 3 500 10 2,266.4 73.4

12 2 200 10 2,536.3 76.7

13 8 200 10 145.3 45.3

14 7 200 10 248.5 46.4

15 6 200 10 308.6 47.3

16 5 200 10 628.7 50.9

17 4 200 10 895.4 51.7

18 6 200 10 497.6 53.9

19 4 200 10 1,286.9 61.4

20 3 200 10 1,436.9 63.1

21 5 200 10 1,656.3 70.4

22 3 200 10 2,046.3 73.8

23 3 200 10 2,335.7 74.9

24 2 200 10 2,510.8 78.5

25 8 500 20 236.7 43.7

26 7 500 20 310.4 45.6

27 6 500 20 425.7 47.4

28 5 500 20 736.5 51.8

29 4 500 20 1,275.7 55.8

30 6 500 20 738.5 53.6

31 4 500 20 1,637.3 60.6

32 3 500 20 1,784.7 63.4

33 5 500 20 1,987.3 70.7

34 3 500 20 2,379.8 73.4

35 3 500 20 2,684.5 76.7

36 2 500 20 2,923.5 78.3

37 8 200 20 187.3 44.4

38 7 200 20 255.7 45.9

39 6 200 20 385.4 48.2

40 5 200 20 674.4 52.4

41 4 200 20 1,075.4 56.2

42 6 200 20 693.6 54.2

43 4 200 20 1,678.6 62.6

44 3 200 20 1,775.4 64.2

45 5 200 20 1,997.5 72.8

46 3 200 20 2,286.4 75.4

47 3 200 20 2,455.6 76.8

48 2 200 20 2,835.3 80.2

Table 2 Architecture of the 20 models and network’s error for
operators’ allocation scenarios in the cell

Model Number of neurons
in hidden layera

MAPE error

1 1 0.0594

2 2 0.1225

3 3 0.0567

4 4 0.1112

5 5 0.0323

6 6 0.0777

7 7 0.0623

8 8 0.0450

9 9 1.7577

10 10 0.1256

11 11 3.7549

12 12 0.0982

13 13 0.0325

14 14 0.0224

15 15 2.9275

16 16 0.1173

17 17 1.9233

18 18 0.0513

19 19 2.3408

20 20 0.0664

a Hidden layer activation function which is defined for this single layer
is Tan–Sigmoid. This nonlinear feature is introduced at the hidden
transfer function. From the previous universal approximation studies,
these transfer function must have mild regularity conditions: contin-
uous, bounded, differentiable, and monotonic increasing. The most
popular transfer function is sigmoid or tan. TanSig (n) calculates its
output according to: n ¼ 2= 1þ exp �2 � nð Þð Þ � 1

This is mathematically equivalent to tanh (n). This transfer functions
bound the output to a finite range [-1, 1].
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methods since more good performance patterns are ex-
plored [29].

According to the above results, the scenario by three
operators (one operator to four machines and one by one
operator to two by two machine) assigned to the system is
the most efficient. The second best scenario is the situation
that five operators (one operator to four machines, one
operator for each of the others) are assigned to the system.

Both situations use 200 units of transfer batch size and
20,000 units of demand levels in the system. These parameters
indicate the system to be sensitive to big transfer lot sizes. This
result explains for transfer batch sizes on the basis of being
decreased in setup times by Kaizen [30–32]. Only the
variation in demand structure has been considered to be a
destructive factor. The negative influences on the average
lead times are related to the operator cycle times and transfer
batch size in general. By increasing transfer batch size, the
waiting time of operators may increase depending on the
processing time of bottleneck resource. On the contrary, if
the transfer batch size decreases, it can be said that the
system is affected positively depending on operator alloca-
tion positions. In other words, the lead times can decrease.
Also, in all efficient scenarios, the number of the operators is
less than five which indicates that with such level of demand
for the cell per year, it is not reasonable to assess high
number of operators.

5 Conclusion

A highly unique flexible ANN algorithm was proposed to
measure and rank the DMUs efficiency scores which are
composed of eight steps. Because of nonlinearity of the neural
networks in addition to its universal approximations of
functions and its derivates which makes the algorithms highly
flexible, to show its applicability and superiority, it was
applied to a case study (operators’ allocation in the cell).

1

14 

Number of operators

Demand level

Transfer batch size

Average operator utilization

Input layer

. 

. 

. 

Hidden layers Output layer

2 

Average lead time

Fig. 1 The architecture of the selected ANN model (14th model)

Fig. 2 MLP-LM performance
of each model
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Table 3 Estimation of efficiency scores for all DMUs by means of proposed algorithm for evaluating performance of operators’ allocation
scenarios

DMU Preal(i) after normalization PANN(i) Ei Ei′ Shi Fi Rank

1 0.5461 0.5456 0.0005 0.0010 0.7905 69.086 13

2 0.5574 0.5625 −0.0052 −0.0093 0.8151 68.383 44

3 0.5823 0.5737 0.0086 0.0148 0.8312 70.058 4

4 0.6197 0.8018 −0.1821 −0.2938 1.1617 53.344 46

5 0.6683 0.9078 −0.2394 −0.3583 1.3152 50.814 47

6 0.6534 0.9366 −0.2832 −0.4335 1.3570 48.148 48

7 0.7444 0.7457 −0.0013 −0.0017 1.0804 68.903 37

8 0.7793 0.7792 0.0001 0.0001 1.1290 69.025 24

9 0.8653 0.8651 0.0003 0.0003 1.2534 69.041 23

10 0.8890 0.8887 0.0003 0.0004 1.2876 69.044 22

11 0.9152 0.9154 −0.0002 −0.0002 1.3263 69.005 29

12 0.9564 0.9679 −0.0115 −0.0121 1.4023 68.197 45

13 0.5648 0.5645 0.0004 0.0007 0.8178 69.066 15

14 0.5786 0.5799 −0.0013 −0.0023 0.8401 68.864 39

15 0.5898 0.5886 0.0011 0.0019 0.8529 69.153 9

16 0.6347 0.6392 −0.0045 −0.0071 0.9260 68.535 43

17 0.6446 0.6392 0.0055 0.0085 0.9261 69.609 6

18 0.6721 0.6705 0.0016 0.0024 0.9714 69.183 8

19 0.7656 0.7673 −0.0017 −0.0023 1.1117 68.864 40

20 0.7868 0.7905 −0.0037 −0.0047 1.1453 68.698 42

21 0.8778 0.8774 0.0004 0.0004 1.2713 69.050 19

22 0.9202 0.9168 0.0034 0.0037 1.3283 69.277 7

23 0.9339 0.9351 −0.0012 −0.0013 1.3548 68.933 35

24 0.9788 0.9671 0.0117 0.0120 1.4012 69.855 5

25 0.5449 0.5449 0.0000 0.0000 0.7895 69.020 27

26 0.5686 0.5682 0.0004 0.0007 0.8232 69.066 14

27 0.5910 0.5917 −0.0007 −0.0012 0.8573 68.938 34

28 0.6459 0.6456 0.0003 0.0004 0.9354 69.047 21

29 0.6958 0.6962 −0.0005 −0.0007 1.0087 68.974 32

30 0.6683 0.6679 0.0004 0.0007 0.9677 69.064 16

31 0.7556 0.7567 −0.0011 −0.0015 1.0964 68.917 36

32 0.7905 0.7893 0.0012 0.0016 1.1436 69.127 11

33 0.8815 0.8816 −0.0001 −0.0001 1.2774 69.012 28

34 0.9152 0.9147 0.0005 0.0005 1.3254 69.054 17

35 0.9564 0.9563 0.0001 0.0001 1.3856 69.024 26

36 0.9763 0.9766 −0.0003 −0.0003 1.4149 69.000 30

37 0.5536 0.5533 0.0003 0.0005 0.8017 69.054 18

38 0.5723 0.5725 −0.0002 −0.0003 0.8295 68.998 31

39 0.6010 0.5999 0.0011 0.0018 0.8692 69.144 10

40 0.6534 0.6548 −0.0014 −0.0021 0.9487 68.873 38

41 0.7007 0.6997 0.0011 0.0015 1.0138 69.124 12

42 0.6758 0.6763 −0.0005 −0.0007 0.9799 68.969 33

43 0.7805 0.7805 0.0001 0.0001 1.1308 69.024 25

44 0.8005 0.6310 0.1695 0.2118 0.9142 87.561 3

45 0.9077 0.6645 0.2432 0.2679 0.9628 94.278 2

46 0.9401 0.6489 0.2913 0.3098 0.9401 100.000 1

47 0.9576 0.9604 −0.0028 −0.0029 1.3915 68.818 41

48 1.0000 0.9996 0.0004 0.0004 1.4482 69.049 20
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In this method, more than one output/input can be used
to evaluation. In addition, in previous studies, there are
needed to have much more data and so the proposed
method in this study is more applicable because it can be
used for the cases in which they have no data for more than
one period such as simulation scenarios. Therefore, it can
be used for ranking and analysis of DMUs such as
industries, universities, hospitals, cities, facilities layouts,
etc. The proposed algorithm estimates more robust results
and more efficient units than the conventional approach
because better performance patterns are explored.

Although it is believed that ANNs can be a potential
alternative for measuring technical efficiency and can
outperform other techniques when the production process
is unknown, there is still a lack of both theoretical and
empirical work in efficiency analysis and consequently
optimization analysis. Nevertheless, future research with
neural networks in efficiency and optimization analysis is
proposed. Also, future studies can use more output or input
indicators to reach a realistic model.

Appendix 1: ANN and efficiency

ANNs are configured for specific applications, such as pattern
recognition, function approximator, through learning process.
They are made up simple processing units which are linked by
weighted connections to form structures that are able to learn
relationships between sets of variables.

In this study application of ANNs in efficiency analysis is
discussed. Commonly, neural network technique is used as a
complementary tool for parametric and nonparametric meth-
ods such as DEA to fit production functions and measure
efficiency under nonlinear contexts. In fact, applying ANNs
can reduce the restrictive assumptions each of these methods.
This heuristic method can be useful for nonlinear process that
has an unknown functional form [33] and there has been a
vast literature about ANNs, basically in the empirical field,
showing that ANNs comparability or superiority to conven-
tional methods for estimating functions [34–40]. So in this
study, ANNs is selected for estimating production function
and then performance evaluation.

For instance, consider DEA approach, a basic principle
to use ANNs is for generalizing efficiency frontier
functions which concavity is an important characteristic of
them, and they may be applied to frontier analysis [41].
Moreover, the efficiency prediction power of ANNs is
unique and the flexibility of it to solve complex problems,
where the main information lies implicitly in the data, is
very applicable [29].

The idea of combination of neural networks and DEA
for classification and/or prediction was first introduced by
Athanassopoulos and Curram [18]. They treated DEA as a

preprocessing methodology to screen training cases in a
study. Their application is bank with multi-output: four
inputs, three outputs. After selecting samples, the ANNs are
then trained as tools to learn a nonlinear forecasting model.
They assume that inefficiency distributions are seminormal
and exponential and conclude that DEA is superior to ANN
for measurement purpose. Their study indicates that ANN
results are more similar with the constant returns to scale
and less with the variable returns to scale results. The latter
is a consequence of the implicit assumption of constant
returns to scale adopted by the ANN models.

Costa and Markellos analyzed the London underground
efficiency with time series data for 1970–1994 where there are
two inputs—fleet and workers—and one output—kms [19].
They explain how the ANNs results are similar to COLS and
DEA. They proposed two procedures: (a) similar way to
COLS after neural training; (b) by an oversized network until
some signal to noise ratio is reached. Then, inefficiency is
determined as observation-frontier distance. However, ANNs
offer advantages in the decision making, the impact of
constant versus variable returns to scale or congestion areas
[19]. Santin and Valino study on education efficiency by a
two-level model: student—production function is estimated
by ANNs—and school [42]. They infer that ANN is superior
to econometric approach at frontier estimation. Pendharkar
and Rodger used DEA as a data screening approach to create
a subsample training dataset that is “approximately” mono-
tonic, which a key property is assumed in certain forecasting
problems [43]. Their results indicate that the predictive
power of an ANN trained on the “efficient” training data
subset is stronger than the predictive performance of an
ANN trained on the “inefficient” training data subset. Santin,
Delgado, and Valino used a neural network approach for a
simulated nonlinear production function and compared its
performance with conventional alternatives such as stochas-
tic frontier and DEA in different observations and noise
scenarios [44]. The results suggested that ANNs are a
promising alternative to conventional approaches to fit
production functions and measure efficiency under nonlinear
contexts. Wu, Yang, and Liang presented a DEA-NN6 study
for performance assessment of branches of a large Canadian
bank [29]. The results are operable to the normal DEA

6 To implement the DEA-ANN model, they defined an algorithm. In
this algorithm, after collecting a dataset, CCR method (Charnes,
Cooper, & Rhodes, 1978) is used to calculate efficiency score of
DMUs. The preprocessed dataset is obtained and is grouped into four
categories based on the efficiency scores and the neural network is
trained with some groups of data subset until the prespecified epochs
or accuracy is satisfied. Then the trained neural network model is
applied to calculate efficiency scores of all DMUs and post process
the calculated efficiency scores by regress analysis between DEA-NN
results and CCR DEA results.
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results on the whole. They concluded that the DEA-NN
approach produces a more robust frontier and identifies more
efficient units because better performance patterns are
explored. Furthermore, for worse performers, it provides
the guidance on how to improve their performance to
different efficiency ratings. Ultimately, they concluded the
neural network approach requires no assumptions about the
production function (the major drawback of the parametric
approach), and it is highly flexible. ANNs have been viewed
as a good tool to approximate numerous nonparametric and
nonlinear problems.
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