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a b s t r a c t 

In this paper, a self-organizing map (SOM) neural network is used to visualize corrective actions of fail- 

ure modes and effects analysis (FMEA). SOM is a popular unsupervised neural network model that aims 

to produce a low-dimensional map (typically a two-dimensional map) for visualizing high-dimensional 

data. With regards to FMEA, it is a popular methodology to identify potential failure modes for a prod- 

uct or a process, to assess the risk associated with those failure modes, also, to identify and carry out 

corrective actions to address the most serious concerns. Despite the popularity of FMEA in a wide range 

of industries, two well-known shortcomings are the complexity of the FMEA worksheet and its intricacy 

of use. To the best of our knowledge, the use of computation techniques for solving the aforementioned 

shortcomings is limited. The use of SOM in FMEA is new. In this paper, corrective actions in FMEA are de- 

scribed in their severity, occurrence and detect scores. SOM is then used as a visualization aid for FMEA 

users to see the relationship among corrective actions via a map. Color information from the SOM map 

is then included to the FMEA worksheet for better visualization. In addition, a Risk Priority Number In- 

terval is used to allow corrective actions to be evaluated and ordered in groups. Such approach provides 

a quick and easily understandable framework to elucidate important information from a complex FMEA 

worksheet; therefore facilitating the decision-making tasks by FMEA users. The significance of this study 

is two-fold, viz., the use of SOM as an effective neural network learning paradigm to facilitate FMEA 

implementations, and the use of a computational visualization approach to tackle the two well-known 

shortcomings of FMEA. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Failure modes and effects analysis (FMEA) is an effective

roblem prevention and risk analysis methodology for defining,

dentifying, and eliminating failures of a system, design, process, or

ervice [1] . A search in the literature reveals that FMEA was exten-

ively used in a wide range of application domains, e.g., aerospace

2] , automotive [1] , nuclear [3] , electronic [4] , manufacturing [5,6] ,

hemical [7] , mechanical [8] , healthcare and hospital [9] , and agri-

ulture [10] . FMEA usually starts with identifying the failure modes

f a system or process, understanding the causes and effects of

ach failure mode, and determining suitable corrective actions

o eliminate or reduce the risk of the respective failure modes

1] . Traditionally, the risk of a failure mode is determined by a

isk Priority Number (RPN) model [1] . The RPN model considers

hree risk factors as its inputs, i.e. severity (S), occurrence (O), and

etection (D), and produces an RPN score (i.e. multiplication of S,

, and D) as the output [1] . S and O are seriousness and frequency
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f a failure mode and its root cause(s), respectively, while D is the

ffectiveness of the existing measures in detecting a failure mode

efore the effect of the failure mode reaches the customer(s) [1] . 

While the effectiveness of FMEA has been demonstrated, three

hortcomings pertaining to practical implementation of FMEA

re as follows. (1) its risk evaluation and prioritization issues

2,5,11,12] ; (2) the complexity of the FMEA worksheet [13] ; and (3)

ts intricacy of use [13,14] . The first shortcoming is well known and

uch research works have been conducted [2,11] . The first short-

oming suggests that the traditional RPN model is susceptible to

 number of limitations, among the popular are, (1) relative im-

ortance among S, O and D is not taken into consideration [2] ,

2) different combinations of S, O and D may produce exactly the

ame value of RPN, but their hidden risk implications may be to-

ally different [5] , (3) the three risk factors are difficult to be pre-

isely evaluated [11] , (4) the mathematical formula for calculating

PN is questionable [11] and etc. Besides, according to a review

rom [11] , the existing risk evaluation methods can be grouped into

ve categories, i.e., multi-criteria decision making methods, math-

matical programming methods, artificial intelligence methods, in-

egrated methods, and other methods. 
ing map to failure modes and effects analysis methodology, Neu- 

http://dx.doi.org/10.1016/j.neucom.2016.04.073
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
mailto:kmtay@unimas.my
mailto:tkaimeng@yahoo.com
http://dx.doi.org/10.1016/j.neucom.2016.04.073
http://dx.doi.org/10.1016/j.neucom.2016.04.073


2 W.L. Chang et al. / Neurocomputing 0 0 0 (2017) 1–7 

ARTICLE IN PRESS 

JID: NEUCOM [m5G; April 6, 2017;14:20 ] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

t  

w  

a

 

c  

p  

n  

s  

i  

t  

a  

c  

m  

t  

[  

p  

m  

p  

o  

t  

m  

T  

F  

h  

t  

g

 

o  

S  

a  

v

2

 

a

2

 

t  

a

D  

o  

O  

b  

o  

s  

c

 

R

D  

p  

s  

R  

t

 

t  

D  

D

D  

[

Even though much works on the first shortcoming has been re-

ported, to the best of our knowledge, little effort was on the other

two shortcomings. The second shortcoming suggests that FMEA

worksheet is complex [13] . Entries in a FMEA worksheet are volu-

minous [13] . An example of an FMEA table (e.g. see [1] , pages 231–

242) could take up to 11 pages. The third shortcoming suggests

that the FMEA worksheet is hard to produce [13,14] , hard to under-

stand and read, as well as hard to maintain [13,14] . It was reported

that FMEA, as implemented in Microsoft Excel, is unwieldy with

much mouse scrolling required [13] . Too much mouse scrolling de-

tracts FMEA users’ mental representation of the FMEA worksheet

as a whole, and prevents FMEA users from seeing the overall struc-

ture of the FMEA worksheet [13] . Failure analysis matrix (FAM)

worksheet, a much smaller worksheet that requires less mouse

scrolling, was then proposed as a finder and gentler alternative to,

but not as a total replacement for, FMEA worksheet [13] . Other ef-

forts to computerize or automate design FMEA were also reported

[14-16] . However, it is not clear how these works [14-16] could be

applied to process FMEA, or FMEA in general. 

The main aim of this paper is to examine the use of the self-

organizing map (SOM) neural network for analyzing (i.e., both

clustering and visualization) failure modes and corrective actions

in FMEA. The focus of this paper is on clustering and visualiza-

tion of corrective actions. Fuzzy adaptive resonance theory (ART)

was firstly used by Keskin and Özkan [17] to tackle the problem

whereby different combinations of S, O, and D could produce the

same RPN scores. In addition to this reason, we further justified the

advantages of using clustering and visualization methods in FMEA,

as follows: (1) clustering and visualization deals with the original

S, O, and D scores directly [18] ; (2) clustering and visualization al-

lows the failure modes to be compared and visualized in the input

space as groups of information [18] ; (3) the use of the original S,

O, and D scores (instead of the mapped S, O, and D scores into

a common domain) avoids loss of information or modification of

important information for decision making purposes [18] . 

In our previous work [19] , clustering and visualization methods

were suggested as a solution for tackling the two above-mentioned

shortcomings related to FMEA implementation, i.e., the complexity

of the FMEA worksheet and its intricacy of use. From our literature

research, limited investigations on using computing techniques to

solve the aforementioned issues have been reported so far. Visu-

alization serves as a communication means between FMEA work-

sheet and its users [19] . A good visualization (or effective commu-

nication) is important because (1) it presents the corrective actions

as a structure that is easy to understand, as compared with the

original corrective actions in complex FMEA worksheets [19] ; (2) it

allows users to access or analyze FMEA with a large number of cor-

rective actions quickly, which may not be otherwise possible [19] ;

(3) it provides users an overview of all corrective actions, which

mitigates the problem in having a good understanding and insight

into the overall FMEA exercise in situations where no visualization

is available [19] ; and (4) it leads to more efficient processes for

making decisions and taking actions [19] . 

In our previous work, two incremental-learning neural network

models (i.e., fuzzy ART [20] and evolving tree [21] ) were used for

analysis of failure modes in FMEA. In [18] , fuzzy ART was used to

cluster failure modes to groups based on their similarity, in which

failure modes within a cluster share higher similarity measures, as

compared to those associated with other clusters. In [19] , evolv-

ing tree was used for analyzing (i.e., both clustering and visual-

ization) failure modes in a complicated FMEA worksheet, instead

of just performing clustering only as in the use of fuzzy ART [18] .

Failure modes were transformed to a tree structure for better vi-

sualization [19] . Such visualization is useful as it provides a quick

and easily understandable representation of the FMEA worksheet,

which is usually complex and lengthy, to facilitate decision making
Please cite this article as: W.L. Chang et al., Application of self-organiz

rocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2016.04.073 
asks. Two concepts, i.e., risk interval and risk ordering of clusters,

ere introduced to allow failure modes or corrective actions to be

nalyzed in a group [18,19] . 

Instead of fuzzy ART and evolving tree, SOM is used for both

lustering and visualization of corrective actions in FMEA, in this

aper. To the best of our knowledge, the use of SOM in FMEA is

ew. SOM is a neural network capable of mapping high dimen-

ional data samples onto a lower dimensional space and represent-

ng them as nodes [22-24] . It also provides a topological view of

he underlying data structure [22-24] . In this paper, SOM is used

s a visualization aid for FMEA users to see the relationship among

orrective actions via a color map. Color information from the SOM

ap is then included to the FMEA worksheet for better visualiza-

ion. SOM is chosen because of its topological preserving feature

23] . However, a drawback of using SOM is that map size has to be

redefined and this may lead to experiments with different sized

aps, trying to obtain the optimal result [21] . In addition, the pro-

osed risk interval and risk ordering equations for different groups

f failure modes from [18] are used to allow corrective actions

o be ordered and evaluated in groups. To evaluate the proposed

ethod, benchmark information from [1] (pages 231–242) is used.

he experimental results show that the complicated and lengthy

MEA worksheets can be clustered and visualized as a compre-

ensible SOM map with color. Inclusion of color information from

he SOM map to the FMEA worksheet could provide FMEA users a

ood understanding and insight of corrective actions. 

This paper is organized as follows. In Section 2 , the background

f FMEA and the RPN model is explained. In Section 3 , the use of

OM in FMEA is described. In Section 4 , the experimental results

re presented and discussed. Finally, concluding remarks are pro-

ided in Section 5 . 

. Preliminaries 

To make this paper self-contained, the RPN model is explained

nd discussed. 

.1. Severity, occurrence, detection and Risk Priority Number 

Traditionally, FMEA adopts an RPN model, which considers

hree risk factors, i.e., S, O, and D, for prioritizing the corrective

ctions. These three risk factors are defined as follows. 

efinition 1. A risk factor, X ∈ [ S, O, D ], is considered. Variables s,

 , and d are the elements of S, O, and D, respectively, i.e., s ∈ S, o ∈
, and d ∈ D . The lower and upper boundaries of S are represented

y s and s̄ , respectively. Similarly, the lower and upper boundaries

f O and D are represented by o and ō , as well as d and d̄ , re-

pectively. In this paper, an S × O × D bounded space, which is a

ombination of S, O , and D risk factors, is further considered. 

An RPN model produces an RPN score. The space containing all

PN scores is defined as follows. 

efinition 2. The RPN space is the output space containing all

ossible RPN scores. The lower and upper boundaries of the RPN

pace are represented by RP N and RP N , respectively. Ideally, the

PN space follows a monotonic, ordered sequence, i.e., the higher

he RPN score, the higher the risk. 

The aim of the traditional FMEA is to prioritize corrective ac-

ions. A corrective action in FMEA is described in their S, O and

 scores, i.e., [ s, o, d ]. A set of corrective actions as defined in

efinition 3 is considered. 

efinition 3. m corrective actions, described as x k =
 s ∈ S , o ∈ O , d ∈ D ] , k = 1, 2, 3, …, m , is considered. 
k k k 

ing map to failure modes and effects analysis methodology, Neu- 
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Traditionally, the RPN score for a corrective action, described as

 k = [ s k , o k , d k ] , is obtained using Eq. (1) . Eq. (1) can be viewed as

 mapping of [ s, o, d ] to the RPN space. 

P N k = s k × o k × d k . (1) 

. The proposed approach 

In this section, the SOM model for FMEA application is de-

cribed in details, as follows. The idea of RPN Interval is further

xplained. 

.1. The SOM-based approach 

A two-dimensional topological map with x × y neurons is con-

idered. Each neuron is denoted as N l , where l = 1 , 2 , 3 , . . . , n =
 × y , and associated a weight vector, i.e., W l = [ w l,S , w l,O , w l,D ] . The

mportant steps of SOM are as follows. 

Step 1: Initializing a two-dimensional topological map (i.e.,

a x × y map) with n neurons. x and y need to be predefined.

The weight vector associated to each neuron, W l is initial-

ized randomly. 

Step 2: Fetching corrective actions, x k , where k ∈ {1: m } (See

Definition 3 ). 

Step 3: Setting k = 1 . 

Step 4: Spell out the best matching unit (BMU) for x k . 

4.1. Using an Euclidean distance measure ( Eq. (2) ) to find the

similarity between x k and N l , where l = 1 , 2 , 3 . . . , n. 

Euclidean distance measure ( N l , x k ) 

= 

2 

√ (
w l,S − s k 

)2 + 

(
w l,O − o k 

)2 + 

(
w l,D − d k 

)2 
(2) 

4.2. Tracking the neuron with the smallest Euclidean distance

measure, i.e., the BMU and denoted it as N BMU . Weight vec-

tor associated to N BMU is denoted as 

W BMU = [ w BMU,S , w BMU,O , w BMU,D ] 

Step 5: Updating W l . W l is updated using the Kohonen learning

rule, described in Eq. (3) . 

W l ( t + 1 ) = W l ( t ) + h BMU,l ( t ) [ x k − W l ( t ) ] . (3) 

t = 0 , 1 , 2 , . . . is a step index. h BMU, l ( t ) is the neighbourhood

function, as defined in Eq. (4) . 

h BMU,l ( t ) = α( t ) ex p 

⎛ 

⎝ −
2 

√ 
( W BMU,S −W l,S ) 

2 + ( W BMU,O −W l,O ) 
2 + ( W BMU,D −W l,D ) 

2 

2 σ2 

⎞ 

⎠ 

(4) 

here, α( t ) is the learning rate, and σ is the distance between

 l and N BMU on the topological map. α( t ) is a monotonically de-

reasing function of t . In this paper, α( t ) is determined with Eq. (5) .

( t ) = 1 − t/ 100 (5) 

Step 6: Setting k = k + 1 . 

Step 7: If k = m , go to Step 8. Else, go to Step 4. 

Step 8: If W l ( t + 1 ) − W l (t) ≤ 0 . 0 0 0 01 , in which W l ( t + 1 ) −
W l (t) = max ( W l,S ( t + 1 ) − W l,S (t) , W l,O ( t + 1 ) − W l,O (t) ,

W l,D ( t + 1 ) − W l,D (t)) , go to Step 9. Else, go to Step 3. 

Step 9: End. 

Steps 1 to 9 generate a two-dimensional topological map, with

x × y neurons. Each neuron represents a cluster, and W l 

is the centroid of the cluster in the S × O × D space. The

topological map also describes the position of each clus-

ter in a two-dimensional space. A corrective action, de-

scribed as x k = [ s k , o k , d k ] , belongs to the cluster with small-
2 2 2 
est ( W l,S − s k ) + ( W l,O − o k ) + ( W l,D − d k ) . a  

Please cite this article as: W.L. Chang et al., Application of self-organiz

rocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2016.04.073 
.2. RPN Interval of a cluster 

In this paper, the RPN scores associated with the corrective ac-

ions in each cluster is represented as an RPN Interval, i.e., RP N l =
 RP N l , RP N l ] . Eq. (1) is used to obtain the RPN score of each x k per-

aining to a cluster (i.e., k ∈ N l ), and is denoted as RPN k . The RPN

nterval of N l that contains a group of corrective actions is obtained

sing Eqs. (6) and (7) . 

P N l = min ( RP N k , where k ∈ N l ) (6) 

P N l = max ( RP N k , where k ∈ N l ) (7) 

. Experimental results and discussion 

.1. Benchmark information 

In this section, experiments are conducted with benchmark in-

ormation from [1] (pages 231–242), a 11-page FMEA worksheet.

t is a design FMEA for an industrial grade APC connector. A part

f the FMEA worksheet is depicted in Fig. 1 . Column “Product re-

uirement” is the function of the sub-components. Column “Po- 

ential failure mode” is the list of potential failure modes for the

ub-components. Column “Potential effects of failure” lists poten-

ial consequences if a potential failure mode occurs. Potential root

auses of a failure mode are listed in column “Potential cause of

ailure”. Corrective actions are listed in column “Current control,

 k ”. Each corrective action is labeled as k , and indicated in column

k ”. S, O and D scores for x k are listed in columns “s k ”, “o k ” and

d k ”, respectively. RPN for x k is obtained using Eq. (1) and listed in

olumn “RPN k ” . 

For example, one of the product requirements is “Seal at the en-

losure” and it is associated with a potential failure mode, namely

Leakage at enclosure”. There are four potential effects for “Leak-

ge at enclosure”, i.e., “Equipment failure (Physical)”, “Fire”, “Equip-

ent failure (electric)” and “Rework/Maintenance”. One of the po-

ential causes for “Leakage at enclosure” is ““O” Ring”. Current con-

rol for the root cause is “Visual”, and is labeled as x 1 , in which

 = 1 . The S, O and D scores for x 1 are 8, 2, and 5, respectively.

he RPN for x 1 is obtained via Eq. (1) . RP N 1 = 8 × 2 × x 5 = 80 is

btained. S, O and D scores for x 55 is missing. In this paper, s 55 = 0,

o 55 = 0”, and “d 55 = 0”, is assumed. 

The complete benchmark FMEA worksheet is voluminous and

engthy. It is not easy to comprehend and maintain the FMEA

orksheet. There are 77 corrective actions, i.e., m = 77 . Thus, the

roposed SOM-based approach from Section 3 is used to cluster

nd visualize the 77 corrective actions. 

.2. Simulation results and discussions 

.2.1. Clustering and visualization of corrective actions 

In this paper, procedure in Section 3.1 is used to cluster and

isualize corrective actions. A number of x and y settings are ex-

erimented. The best map obtained with settings x = 2 and y = 3 .

ig. 2 depicts the 2 × 3 SOM map with six neurons generated.

hese neurons are labeled as N 1 , N 2 , N 3 , N 4 , N 5 and N 6 . Each neu-

on represents a group of corrective actions. There are 2, 13, 15, 24,

 and 18 corrective actions, for N 1 , N 2 , N 3 , N 4 , N 5 and N 6 , respec-

ively. 

These six groups of corrective actions can also be depicted in

he S × O × D space, as shown in Fig. 3 . Details for the simulation

utcome are also tabulated in Table 1 . The first group, represented

s N 1 (i.e., l = 1 ), is associated with weight vectors of 2.0, 9.0 and

.0 ( w 1, S , w 1, O and w 1, D , respectively). The center of the first group

s represented by the weight vectors of N 1 (i.e., 2.0, 9.0 and 1.0)

nd shown in Fig. 3 . There are two corrective actions associated
ing map to failure modes and effects analysis methodology, Neu- 
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Fig 1. A part of FMEA worksheet from [1] (see pages 231–242). 

Table 1 

Corrective actions analysis with the 2 × 3 SOM map. 

Neuron, N l w l, S w l, O w l, D RP N l RP N l List of corrective actions 

1 2.0 9.0 1.0 9 27 x 21 , and x 56 

2 3.2 1.5 1.5 3 20 x 22 , x 32 , x 55 , x 57 , x 58 , x 59 , x 60 , x 61 , x 62 , x 63 , x 71 , x 72 , and x 77 . x 55 is ignored. 

3 7.9 1.4 8.8 54 168 x 2 , x 23 , x 24 , x 25 , x 33 , x 37 , x 40 , x 41 , x 42 , x 43 , x 68 , x 69 , x 73 , x 74 , and x 75 

4 7.8 1.2 1.3 6 48 x 14 , x 15 , x 16 , x 17 , x 18 , x 19 , x 20 , x 26 , x 27 , x 44 , x 45 , x 46 , x 47 , x 48 , x 49 , x 50 , x 51 , x 52 , x 53 , x 54 , x 64 , x 65 , x 66 , and x 67 

5 7.6 1.4 4.0 32 80 x 1 , x 4 , x 28 , x 29 , and x 30 

6 3.8 2.5 9.0 20 270 x 3 , x 5 , x 6 , x 7 , x 8 , x 9 , x 10 , x 11 , x 12 , x 13 , x 31 , x 34 , x 35 , x 36 , x 38 , x 39 , x 70 , and x 76 

Please cite this article as: W.L. Chang et al., Application of self-organizing map to failure modes and effects analysis methodology, Neu- 
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Fig 2. Corrective actions in the 2 × 3 SOM map. 

Fig 3. Corrective actions in the S × O × D space. 
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Fig 4. Relationships among groups of corrective actions in the topological neigh- 
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m  

x  
o the first group, i.e., x 21 , and x 56 . The RPN Interval for the first

roup is 9 to 27, using Eqs. (1 ), (6) and (7) . In short, the first group

f corrective actions is that with high O score, but low S and D

cores. In the second group, there are 13 corrective actions, listed

n Table 1 . The weight vectors or center for the second group are

.2, 1.5 and 1.5, and depicted in the S × O × D space in Fig. 3 . x 55 

s ignored, as its S, O and D scores is missing. Thus, RPN Interval

or the second group is 3 to 20. 

The third group, i.e., N 3 , is a relatively large group with 15 cor-

ective actions. It is associated to weight vectors of 7.9, 1.4 and 8.8.

gain, it is depicted in the S × O × D space in Fig. 3 . The RPN In-

erval for the third group is 54 to 168. In this paper, each group of

orrective actions is represented by a color. For example, the third

roup is represented by purple. A member of the third group, i.e.,

 2 , is labeled as purple in the FMEA worksheet (see Fig. 1 ). In this

aper, we suggest to include the color information from Figs. 2 and

 to Fig. 1 for better visualization. In Fig. 1 , corrective actions be-

ong to the fourth group (i.e., x 14 , x 15 , x 16 , x 17 , x 18 , x 19 , and x 20 )

re colored as red-violet. The corrective actions belong to the fifth

roup (i.e., x and x ) are then colored as pale red-violet in Fig. 1 .
1 4 

Please cite this article as: W.L. Chang et al., Application of self-organiz

rocomputing (2017), http://dx.doi.org/10.1016/j.neucom.2016.04.073 
he corrective actions belong to the sixth group, i.e., x 3 , x 5 , x 6 , x 7 ,

 8 , x 9 , x 10 , x 11 , x 12 , and x 13 are colored as pink, in Fig. 1 . 

.2.2. Ordering of corrective actions in groups and decision making 

It is important to order corrective actions for decision making.

rdering of 77 corrective actions is possible, but may not be so

asy to be comprehended by the FMEA users. Using the proposed

OM-based approach, corrective actions are clustered to groups

nd ordered in groups. From Table 1 , N 2 < N 1 / N 4 < ([ N 5 < N 3 ]/ N 6 )

an be concluded. In this paper, “/” is used to represent the subset-

ood of clusters, considering their RPN Interval (i.e., [ RP N l , RP N l ] ).

he RPN Interval for N 1 (i.e., [9, 27]) is a subset of N 4 (i.e., [6, 48])

nd they are not ordered. Both N 4 and N 1 are greater than N 2 . The

PN Interval for N 2 , N 4 and N 1 is lower than that of N 3 , N 5 , and N 6 .

he RPN Interval for N 5 is lower than that of N 3 . The RPN Interval

or N 3 and N 5 are a subset of N 6 . 

Such relatively simple ordering outcome provides FMEA users a

impler view of the 77 corrective actions. Besides that, some FMEA

sers may want to focus on corrective actions with high S scores or

igh O scores. From Table 1 , corrective actions with high O scores

re associated to N 1 . Corrective actions with high S scores are as-

ociated to N 4 and N 5 . Corrective actions with high D scores are

ssociated with N 6 . N 3 contains corrective actions with high S and

 scores. N 2 contains corrective actions with low S, O and D scores,

nd can be ignored. 

The relationships among the six neurons can also be summa-

ized in Fig. 4 , by observing the colors code. From Fig. 4 , correc-

ive actions in N 4 and N 5 are nearest to each other (represented by

ellow color), with the highest similarity measure. This can also be

bserved from Table 1 , their weight vectors. Corrective actions in

 1 and N 4 are far to each other, with the lowest similarity mea-

ure (represented by black color). Again, this can also be observed

rom Table 1 , their weight vectors. In this example, N 3 , N 5 and

 6 have the highest RPN Intervals. The traditional RPN approach

oes not tell if the corrective actions are similar among each other.

ith Fig. 4 , it can be observed that N 5 and N 6 are relatively far

rom each other. Corrective actions in N 5 are associated with high

 scores, but, corrective actions in N 6 are associated with high D

cores. In addition, it can be observed that N 3 and N 6 are rela-

ively near to each other. Again, from Table 1 , corrective actions

n both N 3 and N 6 are associated of high D scores. However, cor-

ective actions in N 3 has high S scores, and corrective actions in

 6 has medium S scores. Such approach provides additional useful

nformation for decision makings. 

.2.3. Computation time 

In this paper, a laptop equipped with Intel (R) Core (TM) i7-

612QM @3.10 GHz and 4.0 GB of RAM was used for the experi-

ental study. The computational times required for a number of

 and y settings are summarized in Table 2 . From Table 2 , with
ing map to failure modes and effects analysis methodology, Neu- 
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Table 2 

Computation time with different x and y set- 

tings. 

x y Computational time (in seconds) 

2 2 15.351 

2 3 15.326 

2 4 15.431 

3 3 15.347 

3 4 15.720 

4 4 15.743 

4 5 16.164 

5 5 17.177 
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settings x = 2 and y = 3 , 15.326 s is required. With the smallest

map experimented (i.e., x = 2 and y = 2 ), 15.351 s is required. With

the largest map experimented (i.e., x = 5 and y = 5 ), 17.177 s is re-

quired. In short, the proposed approach could generate its topolog-

ical map with a low computational requirement. Besides, the com-

putation time increases, while the number of neuron increases. 

4.3. Remarks 

This empirical study demonstrates that corrective actions in

FMEA can be easily visualized with SOM, which leads to the fol-

lowing advantages. Firstly, the corrective actions captured in a

complex FMEA worksheet can be represented in a SOM map,

whereby corrective actions within the same neuron share a higher

similarity measure than those from other neurons. Such approach

results in more effective and efficient prioritization actions and de-

cision making. Secondly, aided by the information and knowledge

elucidated from the SOM map, understanding the entire FMEA

worksheet with a large number of corrective actions can be made

feasible within a short period of time. Worth mentioning, research

has indicated that, due to the restriction on human’s span of im-

mediate memory, only limited number of options (i.e., ≈ 7) can

be effectively examined at a time [25] . With the same example, it

is difficult for human to examine 77 corrective actions at a time.

Organizing the 77 corrective actions to about seven, plus or mi-

nus two, groups (i.e., six groups in Section 4.2 ) could ease FMEA

users to examine corrective actions in a more effective way. These

advantages directly mitigate the challenging issues related to prac-

tical implementation of FMEA, i.e., the complexity of FMEA work-

sheet and its intricacy of use, as highlighted in [13,14] . 

5. Concluding remarks 

Two important shortcomings for FMEA are the complexity of

the FMEA worksheet and its intricacy of use. In this paper, a neu-

ral network clustering and visualization technique, i.e., SOM, is

adopted to overcome the above-mentioned shortcomings. SOM al-

lows corrective actions of FMEA to be clustered and visualized.

Color information from SOM map is included to the FMEA work-

sheet for a better visualization. Besides, an RPN Interval was pro-

posed to allow corrective actions to be ordered in groups. Exper-

iments are conducted with benchmark information from [1] and

positive results were obtained. 

In future, the use of other clustering and visualization tools in

FMEA will be investigated. More experiments will be conducted

with real world information. 
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