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Abstract: The Electrical Signature Analysis (ESA) is a non-invasive technique applicable for Condition Based 
Maintenance (CBM) of electro-mechanical systems, founded on capturing the equipment supply signals and 
analyzing them to detect malfunctions or incipient faults. Although ESA provides diagnostic and prognostic 
information comparable to conventional CBM techniques, it requires access to electric supply lines only, or to 
the embedded sensors of the equipment; moreover, it does not require any specific sensor for data 
acquisition. These properties allow cheap diagnostics and prognostics monitoring without interruptions. In 
spite of its numerous and important advantages in supporting costless maintenance activities, applications of 
ESA techniques in industry, especially in CBM, appear still scarce and limited. In such a context, the purpose 
of the paper is to present and discuss the technical principles of ESA and some experimental results of its use 
as a diagnostic tool. 
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1. Introduction 

Maintaining industrial machines and equipments is one of 
the main factors that influence companies operating costs 
(Moore and Starr, 2006). Maintenance activities can 
contribute from 15% to 40% of the total value of a 
produced good (Han and Yang 2006) and up to 30% of 
the whole operating expenses. Their indirect impact on 
operations and logistics activities (in terms of production 
costs, product quality, responsiveness, flexibility, etc.) is 
also considerable (Meller and Kim, 1995). 

The definition and implementation of an adequate 
maintenance strategy can represent therefore an important 
leverage for achieving substantial cost savings and 
competitive advantages (Pinjala et al., 2006). 

Specific maintenance approaches have emerged recently 
to support companies on enhancing this challenging area 
(Jardine et al., 2006). Among others, Condition Based 
Maintenance (CBM) ―aims at promptly detecting, 
diagnosing, signaling and highlighting any deviations from 
the nominal operations of machines and the identification 
of the root cause stressor(s) responsible for this 
condition‖ (BS3811:1993). Including both diagnostics and 
prognostics perspective (Jardine et al., 2006), such a 
maintenance program, if properly established and 
effectively implemented, can significantly reduce 
maintenance costs by decreasing the number of 
unnecessary scheduled preventive maintenance 
operations. Moreover, it enables organisations to reduce 

the number of their unplanned asset failures which, in 
turn, impact on lost production, rework, scrap, labour and 
spare parts costs.  

Various and heterogeneous are the techniques and the 
technologies used for enabling a CBM program as 
underlined by literature (Korbicz et al., 2004;  Lee et al., 
2006; Bangemann et al., 2006; Iung, 2003; Garetti et al., 
2007; Kiritsis 2004): visual inspection, wireless networks, 
vibration analysis, infrared thermography, ultrasonic, 
MEMS (Micro Electro Mechanical Systems), Smart 
Sensors, RFIds (Radio Frequency Identification), are just 
some of the countless techniques and tools suggested by 
practitioners and researchers. However their adoption is 
still limited, due to the high costs of hardware and 
software which obviously influence the economical 
balance of a CBM implementation.  

Among others, the Electrical Signature Analysis (ESA) is a 
cheap technique for condition monitoring (Fumagalli et 
al., 2011). It provides diagnostic and prognostic 
information comparable to conventional CBM 
approaches, but it requires only access to the electric 
supply lines, rather than to the equipment embedded 
sensors. Moreover, unlike techniques such as infrared 
thermography or vibration analysis, it does not need any 
specific sensor for data acquisition and let performing 
diagnostics and prognostics through cheap monitoring. In 
spite of these numerous advantages the ESA applications 
in industry, especially in CBM, appear still scarce and 
limited.  

mailto:stefano.ierace@unibg.it
mailto:paolo.gaiardelli@unibg.it
mailto:emanuele.dovere@unibg.it
mailto:luca1.fumagalli@polimi.it


In such a context the purpose of this paper is to present 
the technical principles of ESA and some experimental 
results of its use as a diagnostic tool, through a case study 
carried out on a balancing machine. In particular, this 
paper should be seen as a further contribution to literature 
in analysing the industrial applicability of ESA. To this 
concern, the outcome is a pragmatic demonstration of use 
of this technique; starting from this demonstration, some 
managerial implications can be derived. 

The remainder of the paper is organised correspondingly. 
Section 2 provides a brief description of the principles of 
the ESA, section 3 presents and discusses the application 
in a real case study; finally, some managerial implications 
and conclusions are drawn in the fourth and last section.  

2. Principles of Electric Signature Analysis 

The basic principle of the Signature Analysis (SA), defined 
as a method of determining the location and/or nature of 
a fault in a system through some sort of pattern matching 
(Daintith, 2004; Vacca, 2009), is that an effect is a result of 
a cause (Jain et al., 2000). It follows that each SA 
application should ground on a mapping process, better 
known as pattern recognition, founded on the notion of 
similarity between two different objects or between an 
object and its target (or prototype). These objects, usually 
called patterns or signatures, can be images or signal 
waveforms or any type of measurement that need to be 
classified.  

ESA is the application of Signature Analysis principle for 
modelling an equipment behaviour using its electric 
signals acquired from the field as a black box (Basak, 2006). 
From a technical point of view, it is the technique of 
capturing the equipment’s input current and voltage 
signals and analysing them to detect various faults. The 
idea is that any variation in an electro-mechanical system 
generally produces correlated variations or disturbances in 
the current and voltage supply line. ESA can be used to 
analyse these small perturbations and match them to their 
source. Basically, it has the capability of discriminating 
faults in a machine, starting from an unbalanced electric 
consumption.  

For these reasons, ESA can be considered as an efficient 
technique supporting all phases of a CBM program (Ierace 
et al, 2009; Jardine et al., 2006). In particular it has the 
potentials: 

 to allow performance of the health assessment of an 
equipment under monitoring through the comparison 
of its electric signature with a reference one (e.g. the 
electric signature of an equipment in good condition); 

 to support diagnostics activities through the isolation 
and identification of fault(s); 

 to carry out some prognostics activities determining a 
degradation evolutionary trend (hence enabling the so 
called prognostics).  

Since ESA is a rather novel technique in the maintenance 
area, a few contributions can be found in the literature on 
its use as a diagnostic and prognostic tool of electro-

mechanical equipments. The following table shows an 
extract of the most important contributions in literature 
related to the application of ESA in 
diagnostics/prognostics. 

Authors Year Application Field 

Rodriguez and 
Arkkio 

2008 

Application of fuzzy logic for the 
detection of stator winding faults 

based on monitoring the 
line/terminal current amplitudes  

Diagnostics 

Joksimovic 
and Penman 

2000 
Approach based on the analysis of 
frequency components of the line 

current spectra. 
Diagnostics 

Basak 2006 

Induction machines diagnosis and 
prognosis based on the analysis of 
the negative sequence impedance 

trend 

Prognostics 

Ponci et al 2007 
Early fault detection of inverter fed 

induction motor drives 
Prognostics 

Ierace et al. 2010 

Application of Artificial Neural 
Networks (ANNs) for estimating 
the degrading condition and the 
remaining useful life of a drawer 

chain in a textile machine 

Prognostics 

Table 1: a literature review related to the application of 
ESA in diagnostics / prognostics field 

According to literature analysis, different mathematical 
models and algorithms are also analysed for implementing 
the ESA. In particular, as mentioned by Garetti et al. 
(2009), who provide an extensive literature review on 
diagnostic and prognostic approaches, the most popular 
ones in implementing this technique are based on 
Artificial Intelligence (AI). Mathematical models like 
Artificial Neural Networks (ANNs), fuzzy, or neuro-fuzzy 
systems can be extensively used to correlate obtained 
fault-related information to actual faulty condition, 
whenever a limited knowledge about a monitore7d device 
model is available. In particular, due to their powerful 
non-linear function approximation and adaptive learning 
capabilities, ANNs can be adopted to effectively enable 
several diagnostic activities (Jardine et al., 2006).  

3. Case study 

This section presents an empirical application of an ESA 
technique in CBM. The case study is carried out in 
collaboration with a company that produces automatic, 
semiautomatic and manual machines employed in the 
electronic final tests and in the balancing of rotating 
components, as well as measurement and auxiliary control 
systems for machine tools. Its customers mainly belong to 
electric motors, automotive, aeronautics and railways 
industries, and include also turbo-compressors and 
grinding machines manufacturers, as well as producers of 
spindles and tool-holders. 

A balancing machine is selected as test bench. The 
machine is designed for disc shaped rotors such as brake 
discs. Its working cycle can be divided into two main 
steps: 

 the standard cycle, which consists in diagnosing the 
machine status; 



 the balancing cycle, which refers to the automatic 
positioning of the cutter at the proper location and 
milling the rotor to the exact depth necessary. 

The ESA technique is implemented in a CBM program by 
extending the actual functionality of the standard cycle. 
To this end, four development phases were considered as 
follows: 

 phase 0, called MAFE (Metodologia di Applicazione 
della Firma Elettrica, a FMECA-like methodology), 
consists in the identification of the machine’s critical 
sub-components on which ESA can be applied as a 
suitable CBM technique; 

 phase 1 (Data Acquisition) is necessary to build the 
architecture of the signature data acquisition; 

 phase 2  (Fault Detection) is carried out to perform 
the machine health assessment (i.e. good condition, 
degraded or fault condition), comparing two electric 
signatures, the first one is related to an equipment 
under monitoring, whilst the second refers to a target 
equipment in ―as good as new‖ condition;  

 the fault isolation and identification (phase 3) are 
eventually developed to identify the failure source of 
those signatures that refer to either degraded or fault 
condition. 

 

3.1 Phase 0 – Step 1 

In accordance with the FMECA methodology, a four-
level functional breakdown of the balancing machine is 
provided (an extract is shown in figure 1). Then, for each 
single element identified at the last level, failure modes, 
causes and effects are detected both analysing sub-
component technical data, and interviewing experts on 
manufacturing as well as people in charge of the machine 
maintenance.  

 

Figure 1 – The breakdown of the balancing machine 
(extract) 

Table 2 reports an example of this application for a 
specific component (Axle W).  

 

Level 3 Level 4 Failure 
mode 

Cause Effect 

Axle W 

Motor 

Intermittent 
 
 
Total 

Incorrect 
parameters 
 
Wear out 

Motor block 
 
 
Axle block 

Skid 

Partially 
working 
 
Total 

Play 
 
 
Wear out 

Incorrect 
movement 
 
Axle block 

Sledge 

Partially 
working 
 
Total 

Play 
 
 
Wear out 

Incorrect 
movement 
 
Axle block 

Driving 
belt 

Total (1) 
 
 
Total (2) 

Incorrect 
strain 
 
Degradation 

Axle block 
 
 
Axle block 

Power 
Cable 

Intermittent 
 
 
Total 

Oxidation 
 
 
Wear out 

Electrical 
noise 
 
Not 
transmission 

Sensor 
Total (1) 
 
Total (2) 

Not reading 
 
Not reading 

Axle block 
 
Axle block 

Table 2 – An example of the application of FMECA on a 
balancing machine (Axle W) 

 

3.2 Phase 0 – Step 2 

The Severity and Occurrence indexes are calculated for 
each sub-component, as well as their Critical Index 
(CI=Severity*Occurrence). Severity is a measure of the 
effect gravity, while Occurrence measures the frequency 
of a specific failure mode.  

The sub-components are then sorted according to the 
critical index value. Only those elements having a CI>12, 
are selected. The selection rule is based on an arbitrary 
value, defined by the management itself and based on its 
knowledge and experience. Sub-components characterised 
by a CI lower than 12 are not considered for further 
analysis. The main reason behind setting this cutting 
hedge depends on the irrelevance of monitoring a 
component characterised by a low critical failure mode. 

 

Level 3 Level 4 Failure mode S O CI 

Axle W 

Motor 
Intermittent 
Total 

1 
2 

7 
6 

7 
12 

Skid 
Partially 
working 
Total 

1 
 
1 

4 
 
7 

4 
 
7 

Sledge 
Partially 
working 
Total 

1 
 
1 

4 
 
7 

4 
 
7 

Driving belt 
Total (1) 
Total (2) 

4 
3 

6 
6 

24 
18 

Power Cable 
Intermittent 
Total 

3 
1 

7 
7 

21 
7 

Sensor 
Total (1) 
Total (2) 

3 
4 

6 
6 

18 
24 

Table 3 –CI analysis for the balancing machine (Axle W) 

Among the 135 sub-components firstly detected, only 8 
are identified as critical. Then, for each critical sub-
component, the Applicability of Electric Signature (AES) 

Balancing machine 

Level 2 

(group) 
Locking 
system 

Spindle  Axles 
movement 

Level 1 
(machine) 

Axle X Axle Y Axle W 

Motor 

 
Sledge 

 

Skid 

 Driving belt 

 

Power cable 

Sensor 

 

Level 3 
(component) 

Level 4 
(sub-component) 



index is calculated. AES is a qualitative index ranging from 
0 to 5, defined to evaluate the applicability of the ESA 
technique on the basis on a technical and an economical 
perspective.  

Technical applicability refers to the possibility to measure 
the electric parameters and to define a standard signature 
during the machine working phase, while ESA economical 
applicability evaluates the cost impact in implementing it. 

The higher is the AES the higher is the possibility to apply 
ESA as a monitoring or diagnostic technique for the 
specific sub-component. Since 3 is taken as boundary 
value for the applicability of ESA, only sub-components 
characterised by AES≥3 are taken into consideration for 
further analysis1. An example of AES calculation is 
reported in Table 4. 

 

Level 3 Level 4 Failure mode CI AES 

Axle W 

Motor Total 12 5 

Driving belt 
Total (1) 
Total (2) 

24 
18 

4 
4 

Power Cable Intermittent 21 4 

Sensor 
Total (1) 
Total (2) 

18 
24 

1 
1 

Table 4 – An example of the calculation of Applicability 
of Electric Signature (AES) index for the balancing 

machine (Axle W) 

 

3.3 Phase 1 – Data Acquisition 

In order to stress in repeatable conditions all the sub-
components that are deemed critical and for which ESA 
has high applicability (i.e. outcome of the previous phase), 
a standard test cycle is defined.  

According both to the different operations performed by 
the balancing machine, and to the components working at 
each operation step, the test cycle signature is divided into 
six segments. Working conditions are not considered, 
since they present a high variance of the electric signature: 
this can influence the signal processing and so, as a final 
effect, can cause poor diagnostic and prognostic 
information.  

After fixing the test cycle, about 2100 data sets of power 
signal are earned during an acquisition campaign, built by 
hooking up three clamp-on current transformers and 
three alligator-type voltage clips onto the power cables of 
the balancing machine electric driving motor. 100 data 
sets are carried out when the balancing machine works in 
healthy condition, while 2000 data sets are then extracted 
considering the unhealthy working conditions of different 
sub-components during the different test cycle stages.  

                                                           
1 In the scale of the index that was defined, 3 means that 
ESA can measure signals providing information for CBM, 
at the cost of building some measurement chain (hardware 
plus software components). 4 and 5 are, instead, values of 
the index representing much more potentials for the ESA 
applicability since, in the worst case, only some software 
development should be developed. 

The measurement is developed under a Virtual 
Instrument environment (e.g. LabView or Matlab) on a 
PC, hosting the ADC board. The synchronisation 
between the acquisition system and the balancing 
machine’s PLC allows the recording and the alignment of 
each acquired power signal with the corresponding test 
cycle stage and the functioning status of each sub-
component. 

Then for each data set, five time-domain indicators are 
calculated (Fumagalli et al., 2011). These indicators are: 

 the mean value of power absorbed, which is the base 
of Mean Control charts, used to determine whether 
or not the power signature is in a state of statistical 
control;  

 the Root Mean Square (RMS), the statistical measure 
of the magnitude of a varying quantity, which 
estimates how efficiently a machine is and if 
something makes it working in a different condition; 

 the Kurtosis coefficient, which determines the 
relative amplitude of a distribution, if compared to a 
Gaussian distribution; sensitive to high amplitude 
values, the Kurtosis coefficient is very good to 
evaluate the presence of sharp peaks; 

 the Skewness coefficient which defines any 
distribution asymmetry around a signal’s sample 
mean value;  

 the Crest factor (CF) which is a measurement of a 
waveform; it is used in signal processing to detect 
spikes. 

For each time-domain indicator, the mean and deviation 
standard values are calculated, on the basis of data set 
population.  Then, the indicators’ values and the status of 
each sub-component, belonging to data set acquisition, are 
used, respectively as input and output data, to trainee a 
two-level feed-forward Artificial Neural Network (ANN). 
As already explained in the previous paragraph, the ANN 
can be used to enable an effective diagnostics through 
exploiting its characteristics of universal approximator 
(Hornik and Stinchcombe, 1989). 

 

3.4 Phase 2 – Fault Detection 

During the normal functioning of the balancing machine, 
electrical signatures are monitored and then statistically 
confronted, segment by segment in the time domain, with 
the corresponding standard signatures, recorded during 
the data acquisition phase.  

Fault detection is then achieved by Mean Control charts: 
the comparisons are made on the basis of the means and 
standard deviations of power absorbed mean values; an 

overtaking 3 sigma (i.e. the upper and lower limits of 
acceptance) indicates dissimilarity between the monitored 
signal and the reference one and calls to a sub-component 
fault warning. 

Next figure 2 shows the HMI (Human Machine Interface) 
of fault detection, reporting the existence of some 
dissimilarities (shown by ―red led‖) on the electric signals’ 



segments in five different stages of the balancing machine 
test cycle. 

 

Figure 2 – An example of fault detection  

 

3.4 Phase 3 – Fault Isolation and Identification 

The monitored power signals are compared, segment by 
segment, to various types of failure mode signatures 
recorded in the database during data acquisition.  

This action is taken in order to understand the cause of 
each failure mode. This matching is performed using the 
two-level feed-forward ANN, previously trainee. In 
particular information belonging to calculation of time-
domain indicators are used as inputs of the ANN to 
determine the healthy or unhealthy working condition 
status of each sub-component. As reported in figure 3, the 
results of the ANN computation are then shown in a 
diagnostic panel specifically developed for this phase. 

 

Figure 3 – An example of fault isolation and identification 
for balancing machine 

4. Conclusions 

Scope of this work is to contribute to the literature on 
ESA and in particular to evaluate its applicability as a 
CBM technique. Through a case study carried out on a 
balancing machine, this paper shows that the use of the 
ESA as a diagnostic tool can give the ability to detect and 
quantify mechanical and electrical malfunctions and 
degradation phenomena in electro-mechanical systems.  

This technique can allow several managerial advantages 
that can be summarised as follows: 

 the decrease in maintenance costs, since ESA enables 
a monitoring architecture cheaper than in the case of 
other diagnostic techniques (reduction of investment 
costs); moreover, considering operational costs, this 
enables to perform automatic monitoring without the 
need of inspections from maintenance personnel (e.g. 

the machine operator may directly use the ESA tool 
to test the current health of his/her machine); 

 an increase in safety, thanks to the possibility to 
diagnose and to foresee the future health state of an 
equipment before a dangerous situation happens; 

 an increase in equipment availability, through the 
elimination of unexpected breakdowns;  

 a contribution to the development of sustainable 
processes and products, thanks to a better utilisation 
of the goods useful life, by substituting the cyclic 
maintenance approach, with the CBM approach. 

Moreover, the ESA should not be investigated only in 
terms of maintenance. There are at least two areas in 
which this technique could be effectively applied: quality 
management and energy management. 

 In quality management, the comparison, during the 
production process, of a component ―signature‖  
with a reference one can provide suitable information 
for quality control and improvement. 

 In energy management, the on line power absorption, 
calculation requested to apply this technique, involves 
the possibility to carry out direct analyses on energy 
consumption in real time, which in turn allows 
potentials for energy cost savings as well increasing of 
production process sustainability. 

However further research efforts and improvements are 
still needed for: (i) developing powerful, reliable and 
scalable algorithms for signature analysis not only for 
diagnostic but also for prognostic evaluation; (ii) making 
experience on the development and use of databases of 
malfunction and degradation conditions during the life 
cycle of different kinds of industrial equipments, so to link 
CBM short term programs with other functions of long 
term maintenance engineering analysis and planning; (iii) 
implementing this technique in a ―plug and play‖ 
hardware / software architecture, in order to acquire 
several signatures and calculate the parameters of a general 
purpose machine automatically; (iv) developing integrated 
applications of ESA (e.g. different functions of the same 
ESA tool can help for different purposes, such as energy 
management and maintenance management).  

Acknowledgments 

This paper grounds on a project funded by Regione 
Lombardia titled ―Sviluppo e applicabilità meccatronica 
della firma elettrica per innovare la diagnostica predittiva a 
garanzia dell’efficienza e della sicurezza delle macchine‖ 
(Development and mechatronical applicability of electric 
signature to innovate predictive diagnostics to guarantee 
efficiency and safety of the machines).  

References 

Bangemann T., Reboul D., Scymanski J., Thomesse J.P., 
Zerhouni N. (2006) PROTEUS – an integration platform 
for distribuited maintenance systems. Computers in 



Industry, Special Issue on E-Maintenance, 57 (6), 539 – 
551. 

Basak D., Tiwari A., Das  S. P.. 2006. Fault diagnosis and 
condition monitoring of electrical machines - A Review. 
In proc. of Industrial Technology. ICIT 2006. IEEE 
International Conference.Mumbai, December 2011 

British Standards Institution, BS3811:1993, British 
Standard Glossary of Maintenance Management Terms in 
Terotechnology. 

Daintith J. (2004). Signature analysis. A Dictionary of 
Computing.  

Fumagalli L., Ierace S., Dovere E., Macchi M., Cavalieri S., 
Garetti M. (2011). Agile diagnostic tool based on electrical 
signature analysis. Proceedings of IFAC 18th World 
Congress, Milan, Italy, 28 -31 August. 

Garetti M., Macchi M., Terzi S., Fumagalli L. (2007) 
Investigating the organizational business models of 
maintenance when adopting self diagnosing and self 
healing ICT systems. Proceedings of  IFAC – CEA07 
International Congress. October 2- 5, 2007. 

Han T, Yang BS., (2006). Development of an e-
maintenance system integrating advanced techniques. 
Computers in Industry; 57 p. 569–580. 

Hornik K, Stinchcombe M, White H., (1989). Multilayer 
feedforward networks are universal approximators. Neural 
Networks; 2(5), p. 359-366. 

Ierace S., Garetti M., Cristaldi L., (2009). Electric 
Signature Analysis as a cheap diagnostic and prognostic 
tool. Proceedings of WCEAM World Congress on 
Engineering Asset Management, Athens, Greece,  28-30 
September. 

Ierace S., Pinto R., Troiano L., Cavalieri S., (2010). Neural 
Network as an efficient diagnostics tool: a case study in a 
textile company. Proceeding of IFAC - Intelligent 
Manufacturing Systems. Lisbon, July, 2010. 

Iung B. (2003) From remote maintenance to MAS – based 
E – maintenance of an industrial process. Journal of 
Intelligent Manufacturing, 14(1), 59 – 82. 

Jain Anil K., Duin Robert P. W. and Mao Jianchang 
Statistical Pattern Recognition: A Review. IEEE 
Transactions on pattern analysis and machine intelligence 
(2000). 

Jardine AKS, Lin D, Banjevic D., (2006). A review on 
machinery diagnostics and prognostics implementing 
condition-based maintenance. Mechanical Systems and 
Signal Processing, 20, 1483-1510. 

Joksimovic G., Penman J., (2000) The detection of inter-
turn short circuits in the stator windings of operating 
motors," IEEE Transactions on Industrial Electronics 
(ISSN:0278-0046), Volume 47, Issue 5, Oct. 2000, 1078-
1084. 

Kiritsis D. (2004) Ubiquitous product lifecycle 
management using product embedded information 
devices. Invited keynote paper of IMS’2004—

International conference on intelligent maintenance 
systems, Arles, France, 2004. 

Korbicz J., Koscielny J.M., Kowalczuk Z., Cholewa W. 
(2004). Fault Diagnosis: models, artificial intelligence, 
applications. Springer Berlin. 

Lee J., Ni J., Djurdjanovic D., Qiu H., Liao H. (2006) 
Intelligent prognostics tools and e-maintenance. 
Computers in Industry, 57, 476 – 489. 

Moore, W.J. and Starr A.G. (2006). An intelligent 
maintenance system for continuous cost-based 
prioritisation of maintenance activities. Computers in 
Industry, 57 (6), 595–606. 

Pinjala S.K., Pintelon L. and Vereecke A., 2006. An 
empirical investigation on the relationship between 
business and maintenance strategies, International Journal 
Production Economics, n.104, pp. 214–229. 

Ponci F., Cristaldi L., Faifer M., Lazzaroni M. (2007) 
Innovative approach to early fault detection for induction 
motors / - In: IEEE international symposium on 
diagnostics for electric machines, power electronics & 
drives,  283-288. 

Rodríguez J. P., Arkkio A. (2008) Detection of stator 
winding fault in induction motor using fuzzy logic. 
Applied Soft Computing, 8(2), 1112–1120. 

Vacca, J.R. (2009). Computer and Information Security 
Handbook, Morgan Kaufmann. 

 

 


