A Bayesian network approach to evaluating

electrical ignition in fire investigation

by

Daniel Massey

A thesis submitted for the

Degree of Doctor of Philosophy (Science)

University of Technology, Sydney

2005



Certificate of Authorship and Originality

Certificate of Authorship and Originality

[ certify that the work in this thesis has not previously been submitted for a degree
nor has it been submitted as part of requirements for a degree except as fully

acknowledged within the text.

[ also certify that the thesis has been written by me. Any help that [ received in my
research work and the preparation of the thesis itself has been acknowledged. I

certify that all information sources and literature are indicated in the thesis.

Production Note:
Signature removed prior to publication.

Daniel Massey
August, 2005

ii



Acknowledgements

Acknowledgements

Credit is due firstly to the supervisors of my postgraduate research, for their
continued assistance and friendship over the past few years. My sincere thanks go to
Dr Eric du Pasquier, for his strong vision developing the project and sage advice on
all things fire-related; to Dr Anne Lear, New South Wales Fire Brigades, for her
continued lobbying of fire investigators on my behalf and extremely thorough efforts
editing my writing; and to Dr Boris Choy, Department of Mathematical Sciences at
UTS, who accepted the role of principal supervisor midway through my project and
in doing so saved me from a quagmire of Bayesian statistics and probability. Boris'
expertise and motivation was the perfect solution to the unfortunate period I spent

without a supervisor and without steady direction.

In a professional capacity, [ extend my gratitude to members of the Fire Investigation
and Research Unit of the New South Wales Fire Brigade, whose shared knowledge
and experience played an important role in the formative stages of my research.
Thanks are also due to everyone at the Institut de Police Scientifique at the
University of Lausanne, whose hospitality and renowned research pedigree had
tremendous influence on the focus of this work and made my time in Switzerland

extremely beneficial.

On a personal level, I must thank my fellow forensic postgraduates at UTS, whose
parallel suffering and moral support helped maintain perspective even when none of
us could see an end in sight. Finally, my heartfelt appreciation to my family and
partner for their unwavering daily encouragement, faith and understanding

throughout every up and down of the last few years.

iii



Table of Contents

Table of Contents

Certificate of Authorship and Originality .........coceeeeeriieiiiiiiiiieiieeeeeeeeee i
ACKIOICH ORISR .. csnsmsmms .o s 5.0 55005115 AR 455 SRS AR5+ SRR 45 il
g E e R i O SR RIS RO U VT SO pR W v
LA G TS 50000 oo s i b 4 TS S A OO TS 5 ST YD iX
LISt OF TaBLES. ...t Xiii
FL 151 L S SRR ———— X1v
1. Fire Science and Fire Investigation.........c.cccovvieeiiiennieiniieniieniiessie e 1
Lol. FIE@ SCIEMCE . uiiiiiiiiiiiiie ettt 1
1.1.1. COADISHION « o0 sssnvemusnssssrsmmmmummessssmlnmmms summay s T eases ST s o o iis 2
12, Lot SIMEECR, cosinnsssomussomstuissinpmssniisiaspuis u s wpcrsoiffasdninssmppidstsnpenafiing 3
LL.E3: VT 0, 250 ¢ O — 5
1.1.4. HGHE TEIGHSE TR0 5u. 5w v soss mussnmnn e  5esssss Soes BN Eh TSRS35 BEARENS 7
1.1.5. B8 BRI st s simasabteinmnesmmmiraissmabibmiisib hoasahasioskelieyghomsaasssiogsns 8

12, Fire Investighlion -. e o s s s rasspvssmsasyses 10
1.2.1. The scientific MBHOT. . owressimsiminiomssmmiin i amtis s 11
1.2.2. FITe PAtIOIIIE s srmssonsssSimumess 10 35w st S0 R ha B smmspns spsmmoasosss 11
1.2.3, LT VRS S TR s oot i R SIS 13

b3 ARG TDNIBIOI o.oticimwnitusieionh e s 50055551 RS S A SRS 15
1.4, Electrical ignition SALISICS .....evvevrerieiriiieieieeieceie et 16
I35 Typesofelectrical Ionilom. moemmms s s s mns s sromaas snsmvsnds 19
il T i s oo s B T s NI 19
1.5:2. Overcurrent due to overload..........cooeevieriierieriiecccee 22
1.5.3. Overcurrent due to short circuit or ground fault ..........c.ccoceeiiininenn. 23
1.5:4.  POOTI CONNECHIONS ...ttt 24
1.5.5. Excess thermal Insulaflon, «. . e immissernscmsimssiontssssssmmssmasmaessns ¥

1.6, Current DevIation.........oouiiiieiiiiiieiieeeiieiee e 28
1.7. Iowestigationof electrical IEOTIOHN . s s sammgss s paspsss 32
1.7.1. Electrical distribution system: Insulation............cccoccveveiieniinicnnene. 33
1.7.2.  Electrical distribution system: Conductors ...........cccceevueeurereeeureeenne 34
Lt  Applianees.. oo om o s e i e s s e Ty s 38



Table of Contents

2

(O8]

1.7.4. Instrumental analysiS..........ccoveeeiiiiiiiiiiiiiceee e 39
1.8, AIms and ODBJECHIVES .c..ovuiiiiieiiiieiiieiicie e 40
Probability Background ..............ccooiiiiiiiiiiiieeiiciccecee e 42
21, Pasic COMOOPE s somemm s s ieTs oo s 5Tl foo o SAET s e 42
2,110 TerminOLOZY ..cccvveeeeeiiieieceeecee ettt 42
1  UYPE B OVEIRS cou:isiurmmrmmmminionmmmnss st s ommms s S AUmRL 45T 42
2.1.3.  Axioms of probability .........cccceovieiiiiiiiiiiie e 45
2.1.4. Further properties of probability ..........ccccoeviiviiiiiiiiieieceeee, 46
2.1.5. Interpretations of probability.........ccccocvevievieiieeiiecie e, 47
2.1.6. Conditional probability .........cccceevviiiiiiiiiiiiicieeccececce e 51
. Py s LA SPCTRARTIOB . comoscs 351 comsbmummmnnans ssssmmmmns s seusmns A SSEmRNe: § 35PRETRS 4 1 b T 53
2.1.8. Bayes® Theorem .......c.ccoooeiiiniiiiiiniiceceeecee e 53
2.1.9. Odds form of Bayes” Theorem............ccceevvvveeiiiiiiieecciiecceeeeee e, 55
2.2. Bayesian Belicl TNePWOTKS ..cosummmss: s sssamumss ssumsunss s sinsmnnss sosummsnsss s o sssamining 57
221, What are Bayesian Belief Networks? .........ccccooovviiviiiiiiiiiceieee, 57
odisd Advantages of Bayesian Networks .........cccccccveeviieieiiiiniiciiecieeieeee, 65
2.3.  Applications of Bayesian Networks.........cccceeuiriiieiiiiiiiiicniieniereeeieeiens 67
Creating a Bayesian network for current deviation..............ccceeevveeevieiieriennnnn, 71
2.1  Dbjectives Of 1he MBI . coscsemwsss sumassonss s s s sussemnssasios s sy 71
3.2, Network design — VErsion l.......cccoeceeviirriienieiieeiieniieieece e see e see s 72
3.2. ). Hypothesis NOME ... .o somssusssonss svovsnvesasvansansens ssavassise i sspensssssses sy snssnpssns 75
3.2.2, 1175 T (7110 SRS S ——— 75
Sapngh,  JOOTI0 Y S mones o o 1 TR ¢ s B R PA M S AT LA AR L] s 75
3.2.4. Branch B ..o 76
3.2.5. TR i o . S S TR MR b 1SR 77
3:26. CommEnts ON VEESION 1 iciucnsssciiissnmmens sssusssnnsassummmsnnsissusmvsasainatisrstionsins 78
3.3. Network desi@n — VErSION 2. ...ovsussscsssssasssss srspsossns sosniusonns soosssanssnwess sossmsons 79
T3 1. BABCH B oo ssemimimmonacss ianmasmmsmwes s snsbinuman s smsssanssnsmsson stas sxsssipussssands s s s 80
3.3.2. Branch B.....ooooooiii e 81
3.3.3. B PIREING s emmm s o220 Tt LBl T B AR RS eI WAL 81
334, Comments On VEISIOM 2. .. ssmsmsnoe oshessins s sansrmeens shssssseinksssss susss 82
3.4.  Network design — Final version ...........cccoceeovvieeviiiiieciieie e, 82
bl DR U v oo 0 T S s R R e A AT 83



Table of Contents

3.4.2. Branch A ..o 84
3.4.3. Branch B....oooooiiii e 84
3.4.4. 5271 1 S 84
3.4.5. Comments on final VErsion ..........cccvevveerierieenieeieeeesee e eie e 85
3.5. Node defINitIONnS ..., ucscss ssosssavusssssussnsons s ssasasansss sasssasssss svesmssussss sssvsasssnss e 85
oells D000 I B AN cmeiacnsintss 180t it st HAATIRMA HUSA RIS v s} 86
3.5.2. Nodes [B and CD .....oooiiiiiiiiiiiie e 88
Types of Bayesian network analysis........ccccceevveeriiiiiiiiiiieneeniee e esieenns 90
4.1.  Single-value analysiS........ccceveerieriieiiiniieiienieci e 90
4.1.1. What is single-value analysis? ........ccccoveiiinviiiiienienieciceeeceeen 90
4.1.2. Disadvantages of single-value analysis............cccoevveevieeniieiieeenneenn, 90
4.2.  Distribution-based analysiS..........ccoceevviiiiiiiiiiiiiiie e 91
4.2.1. BEa, AISEPNITRIGT o0 somonanussis ssimenensts s Psisssssss  FIERRFSUHER 5 AHERHRS s SRR 92
4.2.2. UIRISOEE AR, ~smamss s mmomommans 500m0memm 7 mmnssi s Shmmes 14 AT 155 99
4.2.3. Specifying an appropriate beta distribution ...........ccocceevviivvereennnene. 100
4.2.4. Restrictions on input data.........cocceevveeiienieieccieeeeeeee e 105
SOFtWArE ANALYSIS ..eeevieiiiieieiiiiieiece ettt s e aaeeneas 109
S0 HU@In LIEER) (oo 109
5. L. 1. Example of single-value analysis with Hugin Lite® ....................... 110
S.12 Other uses of Hugdn FAGa ..ommmmssssmmmons ssssomin s scssmmmessis  hss susmins 111
Fiin  [OIBHIEED o orpaicRotet bt Dob st ot veindimsnnts by S sl emesco e prasioRds rovwereosiadeiy e
5.2.1. Features and advantages...........cocovveviinieniiniicneniienccicncce e 112
2.2, Baves NEl ToBIBOR. ... vuvimmesi scxvimsnisn s mmmonnspmes sapmsonsin yis st ors shssewmnsd 114
5.2.3. Creating the Bayesian network for current deviation with Matlab®115
5.2.4. Example of single-value analysis with Matlab® ...............cccccoc..... 117
5.2.5. Distribution-based analysis with Matlab®...............cccccoevininnnnnnn 118
Sady  DEOSIIVITY AALTTIE. oo, sseiers ks 15 A b iont e TiA | 1A Bt bbb 127
5.3.1. Reasons for performing sensitivity analysis ........coocvevvevieneiiennene 127
5.3.2, Types of Sensitivity aNALYSIS ....corouseeessnsesannessvsnesnassssrnssssasssass snssssnes 128
5.3.3. Sensitivity analysis with Matlab®.............ccccceeviieiiiiiiiciiineeieee, 129
5.3.4. Example of sensitivity analysis with Matlab® .............c..ccceoeene. 136
Resinlts Smd TN SO UBEION wss svoiemins s nsomisssvs ghmsosaoste s kim0 s v S5 R SR 139
6.1.  Single-value analysis with Hugin Lite® ...........ccccccoviiniinininniniicnnn, 139

Vi



Table of Contents

6.2.  Single-value analysis with Matlab® ..............ccccooiiiiiniiniiiiiicccee. 141
6.3.  Distribution-based analysis with Matlab®............c...ccceeviieiiiieiiieiieenen. 145
6.3.1. (it ISERETIIOR s iocscosmmmassmmospsan s, ssasmes s g 148
6.3.2. Effect of the number of repeats........ccccoeveevieniniieniieiiniceecce 150
6.4.  Single Sensitivity analysis .......coceeververieeeiieiinieieieieieeees e 152
6.4.1. Effect of the number of TOPCALS . vmmmisisicomsssis ssnsmssss ssosspmmnss soassos 156
6.5. Double sensitivity analysiS.......cccceeviiieeriieiiiienieeiienie et 160
6.5.1. Effect of the Aumber 6f TEPEALE . s sssumonse: sunmsavanass sspsumszsns ssossns 168
6.6.  Statistical analysis of the effect of the number of repeats.........c...cccc..... 172
6.7.  Implications for fire INVESHIZAtION.......cccuveriieiieiiieieeeieeese e 176
B8, DI GBI c0mrmagsmen 1m0 1 SIS 54 ST 202 5S4 3285 AT AR sd LTSS 180
CONCIUSIONS 1.ttt et 182
I TR R o oo s ssosis's v sy 4055 RS YOS SR VA5 184
Appendix 8.1: Equations for & and P ......c.ccoooeviiniiniiiiiieee e 184
Appendix 8.2: Beta distribution Hbrary ..........ccccoecveiiiiiiiiinninieciccccecce 185
8.2.1. Beta distribution with a mean of 0.1 ........cccooviiiiiiiiiiieeeee 185
8.2.2. Beta distribution with a mean of 0.2 .......cccoovieiiiiieii e 186
8.2.3. Beta distribution with a mean of 0.3 ..., 187
8.2.4. Beta distribution with a mean of 0.4 ...........coocviiiiiniiiiniiiiiee 188
8.2.5. Beta distribution with a mean of 0.5 .........ccoooiiiiiinniiiiiieiiee 189
8.2.6. Beta distribution with a mean of 0.6..........ccocoeeviiiiiiiiiiiiece 190
8.2.7. Beta distribution with a mean of 0.7 .......cccooviiiiiiiiiiicc 191
8.2.8. Beta distribution with a mean of 0.8 .........cccoooiiiiiiiiniiice 192
8.2.9. Beta distribution with a mean of 0.9 ..o, 1’93
Appendix 8.3: Restrictions on input data..........cccecveviiieienieninicnienesieeceeee 194
Appendix 8.4: Single sensitivity analysis with node E.........c.coccoooiin 195
Appendix 8.5: Single sensitivity analysis with node [..........cccocovveiiininiienn. 199
Appendix 8.6: Double sensitivity analysis withnodes [ & B ..o 203
Appendix 8.7: Double sensitivity analysis withnodes E & I ... 207
Appendix 8.8: Matlab program: CDEV_FINAL2 ......ccccoceniiniiiniiiiiiicnice, 211
Appendix 8.9: Matlab program: BNT DIST ..o, 218
Appendix 8.10: Matlab program: INPUT PROMPT2 ......ccccooiiiiiiiiiniiiiin 220
Appendix 8.11 Matlab program: CDEV_RESULTS........ccoooiii 230

vil



Table of Contents

Appendix 8.12 Matlab program: CDEV_SAVE......c.ccccooviiiinniiieeeeceeeee, 236
Appendix 8.13 Matlab program: CDEV_LOAD......cccccocvirverviinveiesensieneecneennenns 238
0. BiblOZraphy.....ccuiiuieiiiiiiieece e e 242

viil



List of Figures

Figure 1.1
Figure 2.1
Figure 2.2
Figure 2.3
Figure 2.4
Figure 2.5
Figure 2.6
Figure 2.7
Figure 2.9
Figure 2.10

Figure 2.11
Figure 2.12
Figure 2.13
Figure 2.14
Figure 2.15
Figure 2.16
Figure 3.1
Figure 3.2
Figure 3.3
Figure 3.4
Figure 3.5

Figure 4.1
Figure 4.2

Figure 4.3

Figure 4.4

List of Figures

Fire tetrahedron .........covevieviiiiiiiiiie e 1
Venn diagram depicting an event 4 contained in sample space S ..... 42
Event 4 and its complement, A% ...............ccovveeiieneniseeeseeieenin 43
Linion of eveiits A ARl B s sossmons sovmmams s sovsamnsssovswenss s rassasmssise 43
Intersection of events 4 and B.........ccoeveereriieieniniiiieneiceeeeeen 44
Mutually eXCIUSIVE EVENLS...ccuiiiuiieiiiiriiiieie et 44
The addition rule requires subtraction of the intersection area.......... 46
Statistical regularity exhibited by a coin tossing experiment............. 48
Reverand Thomas Bages, 17025TT61 e nmensossssssssansssssns sosmssuswwonsss s 33
Left: A directed acyclic graph. Right: A cyclic graph with a

feedback cycle from B2 C2>E 2D 2> B, 59
Serial CoTMEEHIOM s smensivnsssomtommssts Thaammsns:  sssmmasstss s o 62
Example of a serial connection ................cocovevierevieneeienieneciceenenn 62
DS g g @OMIEBIRON oo co s sssms s smos s russsesmnsss promnessesss rssssmmss v 63
Example of a diverging connection..............coceeviniiiencninienneneennen, 63
CODVETZINE SRR wosmneisas ssemmms.s s somnboisd s s34 ASermina s Amavnamag s § bk 64
Example of a converging Connection...........ccceervevvenveniennenieniennnens 65
Version 1 of the Bayesian network for current deviation .................. 74
Extract from version 1 of the network ..........cccoovevieiiiiiiiiiiicee, 78
Version 2 of the Bayesian network for current deviation .................. 80
Final version of the Bayesian network for current deviation............. 83

The Bayesian network for current deviation with abbreviated

ST g1 10 L O S SPp——— 86
Examples of the beta distribution with their & and £ values.............. 96
Examples of the beta distribution with their ¢ and o values .............. 98

When « = f# = 1, the beta distribution is known as the uniform
AISEIIDULION 1.t 100
The x-axis represents the probability of E2 and the y-axis is its

probability density fUnction .............ccc.coviiviiiieiieiieieeeeeese e 102

X



List of Figures

Figure 4.5

Figure 4.6

Figure 4.7
Figure 4.8

Figure 5.1
Figure 5.2
Figure 5.3
Figure 5.4
Figure 5.5
Figure 5.6
Figure 5.7

Figure 5.8

Figure 5.9
Figure 5.10

Figure 5.11
Figure 5.12

Figure 5.13

Figure 5.14

Figure 5.15

Figure 5.16
Figure 5.17

The x-axis represents the probability of B2 and the y-axis is its

probability density function. ..........cceceeviieeiieeeenieiiieneeecceee 103
Sample page from the beta distribution reference library. All

graphs have a mean of 0.6 and a unique standard deviation............ 104
Acceptable combinations of mean and standard deviation.............. 107
Acceptable mean ranges for the beta distribution, with standard
deviation capped at 0.3 ....cccverieriieiiiiiccee e 108
The Bayesian network for current deviation in Hugin Lite® 6.4 .... 110
The Matlab® command line interface ..........cccceeveeevereveneneneeennens 114
Topological order of the network specified in Matlab®.................. 116
Editing of the M-file is required for the mock case example........... 118

Left: Anatomy of a FOR loop. Right: Example of a FOR loop....... 120
Pseudocode representation of the FOR loop used in Matlab®
Bayesian analYSI8 e vsssssssses sasssunsmsnns ssussnansinse sassavess ivssoamsamansns ssswess 120
Flow chart representation of the Matlab® program that analyses

the Bayesian network for current deviation ...........ccccveeeeviveeniieeennn. 122
Matlab® GUI for the input of data and selection of the type of
ANALYSIS ..ottt e e as 124
Graphical representations of the prior probability data .................. 126
Matlab® GUI with data for a beta distribution analysis of the

IOGEK CHSE CIINPIE e iinmesins shbsamnmnios s s wabssqnl ssindinssss Smsibbini s s a0 127
Combination of two nodes in double sensitivity analysis................ 131
Pseudocode representation of the FOR loops used in single

SENSIIVILY ANALYSIS 1ouvviiiiieeiiieeiieie et 132
Flow chart depicting the programmatic structure of single

SERILIVALY ATIAIVEIS vocsa 1o sumsnssinnsssbinmmmivnsnss.s dbwminsid ihiimsins s 44 AESARERIAAS 500 133
Pseudocode representation of the nested FOR loops used in

double sensitivity analysis .....cccocceviivieiiiiieciieeieie e 134
Flow chart depicting the programmatic structure of double

BETBIRVILY ATALYBIS v somsmsns: «s5i5hms fmmrnitin siafnacininndimtnisss § oo a5 135
Matlab® GUI with data for a single sensitivity analysis................. 136
Flow chart of a single sensitivity analysis for the mock case

B EIIREIRT » o et s S v SN T T e AR TR 1) 138



List of Figures

Figure 6.1
Figure 6.2

Figure 6.3

Figure 6.4

Figure 6.5

Figure 6.6

Figure 6.7

Figure 6.8

Figure 6.9
Figure 6.10

Figure 6.11

Figure 6.12

Figure 6.13

Figure 6.14

Figure 6.15

Figure 6.16

Figure 6.17

Figure 6.18

Figure 6.19

Hugin Lite® 6.4 after the network has been executed.................... 140
The updated Bayesian network after node state IB1 has been
PSRRI .. vecasn sppmpmaemmen coommsmencgs spprensemmmezss prysessara s s 141
Matlab® results of the illustrative example prior to entering
BVHIBIIEE .21 somvuosvsss sasassssionsrvmssnsnnens dussmasnsmss smssamssnns supameantas sbpunisansassss 143

Matlab® results of the illustrative example, after instantiation of

Nnode State Bl .....ooooiiiiiiiieeeee e 144
Matlab® results of a distribution-based Bayesian analysis ............. 146
Histopgram OF X VBIES. ... susomsumsiss sssnmunies ssassnmnssvssssompinessossssmsmvonsssos 148

Matlab® results of an analysis in which each root node was
represented by a uniform iStribUBION ... coovvsinsssunismannssssosississssss oo 149
Results of an analysis with every root node defined by a

uniform diStribUtion .......cccceeiiiieiiiiiiiiiiii e 150
Matlab® screen output of a single sensitivity analysis.................... 152
Comparison SS1: Sensitivity of the mean of X to the mean of

P(B). Error bars depict 95% confidence intervals............cccccevennen. 153
Comparison SS2: Sensitivity of the mean of X to the standard
deviation Of P(B) ..o 154
Comparison SS3: Sensitivity of the standard deviation of CD2

to fhie e OF DOUE B . oo s s s s s s ssosswmmsmais i 155
Comparison SS4: Sensitivity of the standard deviation of X to

the standard deviation of node B.........ccccoooieviiiiiiiie, 156
Single sensitivity comparisons SS1 (left column) and SS2 (right
column) showing the effect of the number of repeats...................... 158

Single sensitivity comparisons SS3 (left column) and SS4 (right

column), showing the effect of the number of repeats..................... 159
Matlab® screen output from a double sensitivity analysis............... 161
Three dimensional grid with axes labelled x, y and z...........ccccce. 162

Comparison DS1: Sensitivity of the mean of X to the means of
IPEIR TR TN s v e e TR s B S A A 163
Modification of graph DS1: wire-frame and 90 degree left

TOTALION ettt ettt e e e e e e e e e e e e e e e e e e e aeeaaaeens 164

X1



List of Figures

Figure 6.20

Figure 6.21

Figure 6.22

Figure 6.23
Figure 6.24
Figure 8.1
Figure 8.2
Figure 8.3

Figure 8.4
Figure 8.5
Figure 8.6
Figure 8.7

Figure 8.8

Figure 8.9
Figure 8.10

Figure 8.11

Figure 8.12

Figure 8.13
Figure 8.14

Figure 8.15

Figure 8.16

Comparison DS2: Sensitivity of the mean of X to the standard

deviations of P(B) and P(E). ....cccooeiiiiiiieeeee e 165
Comparison DS3: Sensitivity of the standard deviation of X to

the-nieanis of PUB) @l PUE L. .o cssmmess o ssovsanamonspssssssssss somsmsmsmes 166
Comparison DS4: Sensitivity of the standard deviation of X to

the standard deviations of P(B) and P(E).......cccccoevviiviieiieniiieenn, 167
Repeat comparisons of DS1 and DS2.........cccooeriiiinienenicnnnnnne 170
Repeat comparisons of DS3 and DS4 .......ccccoeviiiiiiininiiiicies 171
Sensitivity of the mean of X to the mean of P(E) ........cccceevueennennee. 195

Sensitivity of the mean of X to the standard deviation of P(B)....... 196
Sensitivity of the standard deviation of X to the mean of P(E) ....... 197

Sensitivity of the standard deviation of X to the standard

deviation Of P(E) ..oooiiiiiiieeeeeeeeeeeee e 198
Sensitivity of the mean of X to the mean of P(I) ........ccovvveeiennnnn. 199
Sensitivity of the mean of X to the standard deviation of P(I) ........ 200
Sensitivity of the standard deviation of X to the mean of P(I)......... 201

Sensitivity of the standard deviation of X to the standard
A AIOT B PULY ctiinio ittintns siionsbisd iy h s s o st 202
Sensitivity of the mean of X to the means of P(I) and P(B) ............ 203

Sensitivity of the mean of X to the standard deviations of P(I)

BIREIFIRNER] 0020505 Tmmnn 1 o b RAL « | 34TSR | AAEONEE 3. SR 5 TS . IRV 204
Sensitivity of the standard deviation of X to the means of P(I)

i [ U S S 205
Sensitivity of the standard deviation of X to the standard

deviations of P(I) and P(B) ....ccoovviiiiiiiiiiiice e, 206
Sensitivity of the mean of X to the means of P(I) and P(E)............. 207

Sensitivity of the mean of X to the standard deviations of P(I)
B BT L et b0t o st R s A8 AR 20 IR 208

Sensitivity of the standard deviation of X to the means of P(I)

Sensitivity of the standard deviation of X to the standard

deviations of P(I) and P(E).......ccccooviiiiiiiiiieeee e 210

Xii



List of Tables

Table 2.1
Table 2.2

Table 3.1
Table 3.2
Table 3.3
Table 5.1
Table 5.2

Table 6.1

Table 6.2

Table 6.3

Table 6.4

Table 6.5

Table 6.6

Table 6.7
Table 6.8

Table 6.9

Table 6.10

List of Tables

Example conditional probability table for a root node named A ........... 60

Conditional probability table for a child node E with two parent

modes, © and D ..o o sosvgmmaassmumsmris snirssgismses snssaibmstisesSiimsmssssswnsdie 61
Conditional probability table for the network extract in Figure 3.2 ...... 78
Conditional probability table for node IB .........cccoeeiiiiiiiiiciiin 88
Conditional probability table for node CD. .......ccceevviiiiiiiiiiiiiiienne, 89
Prior probabilities for parent nodes in the illustrative example............ 111

Input information provided by an investigator for a Bayesian

analysis with the beta distribution............ccccccevveviiiiiiiiecicieeieee, 126
Prior probabilities for root nodes in the illustrative example............... 139
Prior probabilities for root nodes in the illustrative example............... 142
Prior probability data provided by the investigator ...........cccceveeveennnn 145

Effect of the number of repeats on various statistical measures in a
distribution-based Bayesian analysis ..........ccccocceevuiiiiiiieiiiiiiieeieeeen, 151
Eftect of the number of repeats on the analysis duration of a single
SERBILIVIEY ARl AR s s iniimm 5 o vl R e R 157
Eftect of the number of repeats on the analysis duration of'a

donble SeRsTVIEY GDAIYELS | s sassis oo s s pomn 168
Hypothesis testing of repeat levels at a margin of 0.05 ....................... 173
Hypothesis testing to determine the minimum resolving power of

L) EETERIR ..commns o2 s e . T 7 0050 S0 G 0 SRR 5 e 174
Hypothesis testing to determine the minimum resolving power of

| SO DO s v mmmscomos s s  ropsminmast v s i 1 + AR S 174
Hypothesis testing to determine the minimum resolving power of

DL DOD TEEERR sonus s ommovosson s sovommans vy pessamsns s soeapesmsn s Soumes 741 HEERERT S Re 175

Xiil



Abstract

Abstract

[nvestigation of the cause and origin of a fire is a task hindered by several sources of
uncertainty. Electrical ignition represents a particularly problematic type of fire to
investigate, due chiefly to the fragility of the physical evidence and the difficulty
distinguishing between electrical damage that has caused the fire and electrical
damage caused by the fire. Current deviation is a type of electrical ignition that is
relatively unknown, yet its ability to cause ignition without alerting protective
systems makes it more dangerous than a common overcurrent. The lifetime of the
process is highly variable, able to proceed without warning anywhere from days to
years before ignition. Furthermore, the transient nature of current deviation means
that it is especially difficult for investigators to find direct, tangible evidence that it
has occurred. Steeped in such a high degree of uncertainty, current deviation was
selected as the type of electrical ignition with which to examine a new approach to

fire investigation based on Bayesian Belief Networks (BBN).

Bayesian networks are graphical structures that use mathematical probability to
represent and analyse influential relationships between variables in a system. This
scientifically rigorous method for dealing with uncertainty makes it an ideal aid for
investigating current deviation. Further advantages to this approach include the
immediate propagation of evidence and the ability of the graphical network to

visualise complicated phenomena in an economical and intuitive manner.

A Bayesian network was constructed to represent current deviation, based on the
three types of evidence required for ignition. For each type of evidence a fire
investigator must express an expert opinion in the form of a numerical probability.
Bayesian inference is then used to calculate the likelihood of the hypothesis that

conditions existed for current deviation to occur.

Two types of analysis were performed with the Bayesian network for current
deviation. A single-value approach using Hugin Lite® software provided a fast and
simple method for computing the probability of the hypothesis as a solitary number.

The Matlab® software package was then used for an advanced distribution-based
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analysis that allowed quantification of uncertainty throughout the investigation.
Sensitivity analyses were also implemented to enable the expert to calculate the

contribution of each type of evidence and guide the investigation accordingly.
Bayesian networks proved to be an effective decision aid for dealing with uncertainty

in the investigation of ignition by current deviation. Recommendations and

guidelines for use of this technique were formulated.
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