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Abstract
In this study, adaptive neuro-fuzzy inference system (ANFIS) is employed to predict the
productivity of a manufacturing system. Four significant manufacturing uncertainties that
include downtimes due preventive maintenance, workers’ shifts and off duties, machine fault
and power failure were used as input variables. The effects of these four essential factors on
the productivity of a typical manufacturing company is investigated. Daily data of these four
downtimes together with the daily cost of production and revenue for three consecutive
years were sourced from a reputable production company in Nigeria. The daily productivity
index of that system is evaluated using the acquired data from the purchases and sales day
book. The efficacy of the model is tested through the mean square error (MSE). Results
revealed that the MSE for the train, check, test and total data sets are 0.002345, 0.002370,
0.0019, and 0.002212 respectively that symbolised infinitesimal error in the model. It was
also observed that the critical downtimes due to workers’ shifts and off duties and machine
fault are 3.5 h each, and 1.25 h for power failure after which there will be a drop in the
company’s productivity. Nevertheless, frequent preventive maintenance progresses the
productivity after 1.75 h. These demonstrate the importance of preventive maintenance in
any manufacturing system.
Keywords: Productivity, intelligent system, neuro-fuzzy, operational downtime
1.0 Introduction
Productivity enhancement is one of the fundamental campaigns towards good financial and
operational performances that lead to manufacturing excellence. It boosts customer
fulfilment through reduced product delivery time. The expanse of downtime experienced by
manufacturing company during her productive hours is a type of lean waste. Operational
downtime can be caused by factors such as equipment malfunctioning, employee problems,
inconsistent power supply and planned maintenance time. Ideally, for every wasted time
there is always an adverse effect on the profit of the organisation. To manufacture high
quality products, the machines employed in production line should be in good condition.
Generally, a poorly maintained machine would amount to poor quality and defective goods. It
is important that the onset of effective preventive maintenance duration be known. On the
other, the effect of other forced downtime parameters need to be quantified.
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A lot of mathematical models have been proffered in productivity, maintenance and quality of
manufacturing systems. Cassady et al., (2002) explored the impact of the size of a staff of
equally trained maintenance technicians on the productivity of a serial production line.
Methodology for quality improvement in manufacturing organisations that comprises a model
for the identification of various sources of quality defects on the product was developed by
Dhaf et al., (2006). Korkut et al., (2009) investigated the process of a parquet enterprise’s
transition to preventive maintenance which has been implementing maintenance technique
in case of breakdown. Veldman et al., (2011) presented a study in condition based
maintenance and emphasised its relevance to productivity. To improve process of evaluation
through quality and productivity tools, Ali et al., (2011) eliminated waste by implementing
Total Quality Model (TQM) and utilization of resource. The same source evaluated the
productivity of manufacturing organizations through the roles played by quality and
productivity in establishing TQM. Sivakumar et al., (2012a, 2012b) presented a review,
analysis, classification of the different literatures on theory of constraints (TOC), total
productive maintenance (TPM), quality function deployment (QFD), fuzzy and failure mode
effect analysis (FMEA) as replacement for traditional production dimensions such as output,
effectiveness and rate of utilization. Hooi and Leong (2017) examined the
multidimensionality of total productive maintenance (TPM) and its relationship with
manufacturing performance improvement in the Malaysian manufacturing sector. They
evaluated the contribution of each TPM success factors in improving manufacturing
performance. The analytical results reveal that traditional maintenance initiatives and TPM
implementation initiatives significantly affect manufacturing performance. Their proposed
methodology has been implemented in textile industry which led to significant productivity
improvements in individual equipment.
In the present context of globalization, maintenance of production systems is very important
(Phogat and Gupta, 2017). Lack of top management support, lack of measurement of overall
equipment effectiveness (OEE), lack of strategic planning and implementation and many
more problems are biggest problems in the maintenance operations as well as
manufacturing operations. Therefore, Phogat and Gupta (2017) identified the main problems
in maintenance operations and compared the problems with those in manufacturing
operations as found in the literature for effective maintenance. Asaolu and Akano (2013)
used fraction defective and operational availability to model the impact of maintenance and
quality on the productivity of a manufacturing system. Their work revealed that for constant
increase in productivity, both quality and maintenance policy should be improved. Basri et
al., (2017) provided comprehensive information on preventive maintenance (PM) planning
and methods used in the industry in order to achieve an effective maintenance system. Their
review shows that most researches analyse effectiveness using artificial intelligence,
simulation, mathematical formulation, matrix formation, critical analysis and multi-criteria
method. While in practice, PM activities were either planned based on cost, time or failure.
Research trends on planning and methods for PM show the variation of approaches used
over the year from early 1990s until today (Basri et al. 2017).
In the area of intelligence prediction in a manufacturing system, Šimunović et al., (2011)
used ANFIS to make an input-output data plan based on the results of seam tube
production. The generated system could be used to estimate the output based on the given
input. Muqeem et al., (2012) developed a neural network prediction model for predicting
labour production rates that consider the factors which are in qualitative form. Reliable
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values of production rates were successfully predicted by their ANN model. Back
Propagation Artificial Neural Network (BP-ANN) was used by Anyaeche and Ighravwe,
(2013) as an alternative predictive tool to multi-linear regression, for establishing the
interrelationships among productivity, price recovery and profitability as performance
measures. They concluded that artificial neural network is a more efficient tool for modelling
interrelationships among productivity, price recovery and profitability. Azizi et al., (2015)
examined the potential application of ANFIS to modelling the throughput of production under
five significant production uncertainties: scrap, setup time, break time, demand, and lead
time of manufacturing. Their results showed that the ANFIS model was capable of
forecasting production throughput under uncertainty with higher accuracy than was the
multiple linear regression (MLR) model. Adaptive neuro-fuzzy inference system approach
was proposed by Vashisht et al., (2016) for designing a defect prediction model. The ANFIS
based model used organisation’s historical projects’ data for building the model. The model
provides a defect range as a prediction output. Saghati et al., (2016) described a
methodology for modelling employee commitment prediction by utilising the application of
the ANFIS. The innovative aspect of their research is that vagueness and ambiguity were
handled in the employee commitment problems and tried to build an effective model that
consider not only quantitative aspects but also convert human judgments about qualitative
criteria into meaningful results.
The present study tends to develop an intelligent model capable of predicting the productivity
of a manufacturing system given the downtime variables: planned maintenance, shift and off
duty, machine fault, and power failure. For this model, the total machine time is the whole
day period.
2.0

Data Acquisition

Data are an assemblage of realities, quantities, or observations used to make inferences
about a subject matter. In this study, data was acquired from a reputable manufacturing
company in Nigeria. Relevant derivations were made from the data to suit the desired input
and output that resulted in Table 2.1 which is just an excerpt from the daily downtime against
production for three consecutive years.
According to Evans (2000), productivity is the ratio of output to input. This concept was
extended by Sharma (2003) to produce Eq. (2.1)
Productivity =

Sales and Revenue
Total Cost of Production

(2.1)

The total operational downtime in the company was categorised into four domains as
tabulated in Table 2.1. the total downtime, Td is defined as
Td  Tp  T f

(2.2)

where Tp is planned downtime; T f force downtime. Average planned downtime was
calculated for each month for three consecutive years that formed column one of Table 2.1.
The same procedure was repeated for each of the downtimes in columns two through four.
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While Eq. (2.1) was used to evaluate the productivity in column five from the purchases and
sales day book.
Table 2.1: Input and target data for the first twenty days
Day

3.0

Planned

Shift/Off

Machine

Power

Productivity

Maintenance (h)

Duties (h)

Fault (h)

Failure (h)

1

1.9333

2.3667

3.8000

2.1667

1.2638

2

1.9166

1.6259

3.0426

1.2196

1.1508

3

3.6071

2.1954

6.2909

1.8500

1.3781

4

1.3359

2.0194

1.6798

0.1201

1.1858

5

1.7977

4.5677

6.7647

1.1181

1.0309

6

1.1273

1.9290

5.4069

1.8895

1.3744

7

1.2208

2.6731

4.3368

1.8743

1.2223

8

0.6783

5.5112

4.7924

1.5697

1.1071

9

0.7421

0.8809

1.5894

1.7231

1.2930

10

3.4923

0.1217

6.4561

0.4411

1.2054

11

2.5369

1.1501

0.2464

0.1928

1.4547

12

1.4029

4.6324

3.3991

1.5369

0.9531

13

2.5730

4.2718

5.9609

1.7630

1.4855

14

2.8151

4.0321

5.1566

0.5577

1.4525

15

2.2633

6.6955

2.4045

0.0457

1.4706

16

3.8467

5.7170

3.3867

1.8775

1.4232

17

2.6095

3.0299

1.4828

1.2512

1.3567

18

0.4948

0.3044

1.0917

1.3561

1.2270

19

3.1657

1.8181

2.1758

0.6288

1.4240

20

3.1228

4.4270

6.5483

1.7888

1.0015

ANFIS Architecture

Neurocomputing and fuzzy inference systems have been a major area of consideration over
the past few decades, especially in the areas involving a specific type of uncertain
knowledge. Fuzzy logic based systems can represent, and draw inferences regarding
comprehensive linguistic knowledge, though vague, it is understandable to human experts
(Sridhar and Gill, 2015). However, fuzzy systems still require manual obtaining and tuning of
the rules. Whereas, neurocomputing based systems are known to be adaptive and are
automatically trained and tuned from the available data set. Fuzzy systems and neural
networks complement each other tackling complex real-life problems. These two
technologies give rise to the hybrid system known as adaptive neuro-fuzzy inference system
(ANFIS).
An ANFIS technique integrates both neural networks and fuzzy logic principles in a single
framework. ANFIS makes use of training algorithm supported by neural network
architectures (del Campo, 2008). This technique evolved in the early 1990s and makes use
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of Takagi–Sugeno fuzzy model which is known to be more compact and computationally
efficient than Mamdani model. In this approach, ANFIS inference system corresponds to a
set of fuzzy IF–THEN rules that have learning capability with appropriate membership
function to generate the result as stipulated input-output pairs. A two-input first-order Sugeno
fuzzy model with two rules is shown with corresponding ANFIS Architecture shown in Fig.
3.1 that has a fuzzy rule that is defined as:
Rule 1 : If x is A1 and y is B1 ,
then f1  p1x  q1 y  r1

(3.1)

Rule 2 : If x is A2 and y is B2 ,
then f 2  p2 x  q2 y  r2

(3.2)

Fig. 3.1 The ANFIS structure
Each layer ins Fig. 3.1. has a specific functionality that is explained as follows:
Layer 1: O1,i is the output of the i th node of the layer 1 .
O1,i   A1  x  for i  1, 2, or

(3.3)

O1, i   B12  x  for i  3, 4,

(3.4)

x (or y ) is the input node i and A1; B12 is a linguistic label associated with this node.

Therefore, O1,i is a membership grade of a fuzzy set  A1, A2 , B1, B2  . A typical membership
function is described as;
 A1  x  

1
xc
1 2
bi
ai

(3.5)

where a, b, c is the parameter set, referred to as the premise parameters.
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Layer 2: The output is the product of all the incoming signals. Each node represents the
fire strength of the rule. Any other T-norm operator that performs the AND operator can be
used.
O2,i  Wˆ1   A1  x  . B1  y  for i  1, 2

(3.6)

Layer 3: Every node in this layer is a fixed node labelled Norm. The i th node calculates the
ratio of the i th rule's firing strength to the sum of all the rule's firing strength. The outputs
are called the normalised firing strengths.
O3,i  Wˆ1 

w1
, for i  1, 2
w1  w2

(3.7)

Layer 4: Every node I in the layer is an adaptive node with a node function.
O4,i  Wˆi fi  Wˆi  Px  Qi y  Ri 

(3.8)

{p, q, r} is the parameter set for this node and can be referred to as consequent
parameters.
Layer 5: The signal node in this layer is a fixed node labelled sum, which computes the
overall output as the summation of all incoming signals. Overall output could be given as;
O5,i  Wˆi fi 

4.0

i wi fi
i wi

(3.9)

Model Implementation

Subsequently, 1096 by 5 data were systematically split in the ratio of 8:1:1 for the train,
check and test data respectively and were loaded into ANFIS Editor in MATLAB. Fig. 4.1 is
the ANFIS structure for the implemented model with four input, twelve membership
functions, eighty-one rules and one output. The corresponding fuzzy inference system is
shown in Fig. 4.2.
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Fig. 4.1: ANFIS structure for requirement gathering phase with the model four inputs

Fig. 4.2: Fuzzy inference system of the model with the four inputs and one output
The rule base is viewed graphically. Different inputs were chosen to give different output
display. Fig. 4.3 shows the average values of the four-input data and the corresponding
output within 20 epochs. Altering the input value in any of the four downtime values will
change the output value. This was done sequentially against each of the actual productivity
values.
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Fig. 4.3: The rule viewer showing the average values of the four-input data and the
corresponding output
5.0

Results and Discussion

The result of the prediction of productivity values of the train, check, and test data against
the actual productivity values are shown in Fig. 5.1. It was revealed that the MSE of the
regression correlations plots for the train, check, test and total data sets were 0.002345,
0.002370, 0.0019, and 0.002212, suggesting a strong relationship between the model and
real field data. This model can predict the current actual results and future or extrapolated
data.
Figs. 5.2 to 5.4 provide information about the importance of the input variables. Fig. 5.2 is
the surface plot of productivity against preventive maintenance and shift/off duty periods.
Early increase in preventive maintenance period resulted in an initial decrease in productivity
value before increasing. It was revealed that the optimal productivity value lies between
1.75 and 4.00 of planned maintenance hours. However, there was an exponential increase
in productivity with an increase in the shift and off-duty periods for the first four hours. The
productivity had an initial increase before decreasing after 3.5 hours of downtime due to shift
and off duty.
The effect of downtimes due to machine fault and power failure are showcased in Figs. 5.3
and 5.4. Both results displayed equally an exponential behaviour. There was an early
increase in productivity in both cases with increased downtime due to machine fault and
power failure. The figures also revealed that there was a decrease in the output after 3.5 and
1.25 hours of downtime due to machine fault and power failure respectively.
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(a)

(b)

(c)

(d)

Fig. 5.1. Regression plots of predicted model and actual data for (a) Train (b) Check (c) Test
and (d) Total values
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Fig. 5.2: Model prediction of productivity in terms
of preventive maintenance and shift/off duties

Fig. 5.3: Model prediction of productivity in terms
of preventive maintenance and machine fault

Fig. 5.4: Model prediction of productivity in terms of preventive maintenance and power failure
6.0

Conclusion

A reliable neuro-fuzzy model (NFM) has been proposed to predict the critical path in the
productivity of a manufacturing system. The results obtained indicate that ANFIS is a
promising tool for modelling the effect of production variables in the productivity of a
manufacturing system. The NFM was able to a large degree, predict the productivity, given
the downtime variables. The MSE imply the precision and power of the model. The model
could serve as an advisory system to inform manufacturers about trends and possible critical
values of each of the four downtime variables considered.
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For the company used as the case study, it means that the total downtime as result of power
failure should not exceed 1.25 hours/day. Equally, the total downtime due to machine fault
and shift/off duty should be constrained below 3.5 hours/day each. However, an optimal
average value of 1.5 – 4.00 hours/day should be observed for planned maintenance.
Finally, this model could serve as a tool for predicting the input levels needed to generate
the desired output in a manufacturing system.
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