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prognosis Alert _
Condition generation Maintenance
monitoring execution
RAMS&LCC




General Overview & Objectives @INFRALERT

* To predict alerts (where maintenance will be needed) for assets based on the
state conditions.

 To prescribe a level of severity to all predicted alerts.
 To prioritise all alerts according to their level of severity.
e Torecommend the most probable maintenance interventions for each alert.

e Tolearn from new information provided by further maintenance operations.




Methodological scheme @INFRALERT

Alert Management
Deterministic/Stochastic level (Module AM1)
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OUTPUTS MODULE AM2:

Decision
Alerts: where maintenance is required (ALERT). support
Global Technical Severity Level (GTSL) of the alert.
K-Most probable interventions to solve the alert.

Prognosis Probability of occurrence of the most probable interventions.

Asset Condition

Diagnosis

Support vector
machine

Decision Tree

Supervised M. L. Unsupervised M. L.
(Submodule AM21) (Submodule AM22)




Methodological scheme.

Relevant information for machine learning training stage @INFRALERT

External + Internal Infrastructure Variables
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* Traffic flow

Road category (motorway, arterialroad, ...).
Heavy vehicle traffic.

* Road type (Rigid pavement, flexible pavement,...).
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Measurements
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Maintenance
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Methodological scheme.
Machine Learning training stage

Historical Database

Machine Learning
Training Models

(training stage)

CODIGO CODSEC NOMESEC KM_INI KM_FIM VIA DATA T_INTER TRAB_EFETUADO CUSTOPAV o’

141700 226672 D155 2356 MBFTS 2912139
we 2z 00 B mS A /A0S ACIsudPAY 21853728
11701 2652 0311 o 181 A 3/12009C MBASBAREFPAV  1690982.47
11700 2676 DL 762 1778 A YLOCP  ACUsREFPAV a5t
14169 1051123 DSO1 184165 18436 A 28/08/2010CT AClsufPAVIOVD 11306972
141700 250003 CI80 25975 3997 A 3V0MCP  ACHsurlPAV 556100,
14169 21878 Dosa 1o 2066 A 13/12/2013CP ACUsUAFRESAG a7
141695 898887 DSBS 58 10925 A 24/09/2009 CT ACIASuTPAVIOVO  2439519,12
1706 12003 Ca9  mLOE  9ST A 31/12/2006CC Rsars 13387123
141689 23739 D330 27 25875 A 13/05/2015 CC2013:16 MBFATS 4248026
141668 1220003 ca9s 85905 N_09/07/2015 CC2013-15 ACsurFRESAS 12176

cus
T01

CODIGO CODSEC NOMESEC KM_INI KM_FIM Vi T_INTER TRAB_EFETUADO CUSTO PAV

226472 MBFTS 212735
w10 237332 0260 ACIOsurPAY. 21853728
w0 255 03 MBABBAREFPAV 169095247
180704 26576 D471 ACUSUTREFPAY 44471254

IS8 Machine Learning
Models
e (trained)

Y975 & 13/05/2015 cez013.16 MBaTS 218026
58948 N_09/07/2015 CC2015-15 ACASUrFRESAG 121716

Alerts Predictions

A larger set from
Historical Database

Machine Learning Models (inferred)

Mean error value for test set
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Methodological scheme.

Machine Learning training stage (accuracy) @INFRALERT

PPV: Right Predictions per maintenance type (Positive Predicted value)

FDR: Wrong Predictions per maintenance type (False discovery rate) PPV
FDR
TO 95.8 %
No Alert | 147% | 0% 0% 0.6 % 0% 0% ny
T1 95.7 %
0, 0, o) 0, 0, (o)
0% | 141%| 0% 0.6 % 0% 0% nr
T2 . . . . . . 88.9 %
| 0% 19% | 154% | 0% 0% 0% | 11 7o
_Predlcted T3 0.6 % 0% 06% | 16.7% | 1.9% 0% | 397
Maintenance Type = ° = R ° | 161 %
T3.1 92.0 %
Maint. Description 0% 0% 1.3 % 0% | 147% | 0% S
T0 No maintenance requested 0% 0% 6% s o) 6 L 15.4 %
T1 Do nothing
95.8% | 88.0% | 85.7% | 89.7% | 82.1% | 100% | 89.7 %
T2 Microsurfacing, Surface dressing 42% | 120% | 143% | 103% | 17.9% | 00% | 103%
T3 Thin Hot-Mix Asphalt overlay (< 5 cm)
TO T1 T2 T3 T3.1 T4 ACC
T3.1 Surface milling + Thin Hot-Mix Asphalt (> 5 cm) No ERR
T4 Thick Hot-Mix Asphalt (> 5 cm) with/without milling Alert Real

Maintenance Type (WO)
ACC: Right Predictions (Accuracy rate)

ERR: Wrong Predictions (False discovery rate) 8



Methodological scheme.

rediction stage + learning stage @INFI?ALERT

External + Internal

Infrastructure
Variables Machine Diagnosis
Learning

Models Prognosis
Asset Condition

CODIGO CODSEC NOMESEC KM_INI KM_FIM VIA DATA T_INTER TRAB_EFETUADO CUSTO PAV.
2672 01 T MeFTS 25127388

w7m ACIOsuPAY 21853728
1690982,47

asan12se

113089,72

556400

aesa75

251912

26/0972
311272006 cc RsaTs 1338123 8
2 13/05/2015 CC2013-15 MBFTS 026 428026
1220293 08/07/2015 CC2013-15 ACASufFRESAS 5
I d i t i

Maintenance
Manager inspection (Enlarged) Historical

Database

Success False Positive False Negative
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Road Use Case.

Historical Data @INFRALERT

. v_sgp_i_historico t_sgp_seccao_campanhap_eve
m Road network, Coimbra (Portugal), A e E|| | em—
O a e O n ANO T_OBSERVACAO_GRAVI _
d b I f t t d P t I INTERV ABCISSA_INI 1
manage Yy INntraestruturas de Fortuga 3 Ascissa e
DESCR -‘
t_sgp_seccao_ —
M Fooooo o] | tsgpseccoo.companhepia
— T_SECCAO - WT
T.CAMPANHA L- T_SECCAO_CAMPANHA _
s L - P ORDEM ABCISSA_INI 3
2 s v_sgp_xi_seccao MET_DATA ABCISSA_FIM
. ¥ cobsec = MET_EXTENSAQ = o
A= v_s9p_xi_no SECID MET_DESCR Y
' 4 ¥ conico MN_PRNT | MET_CONDUTOR mni('i‘n“ [
{lhavo J Mangualde NOME ESTRADA MET_OPERADOR
:’ DESCR KM_SEC_ID METFILE t sgp_seccao_campanhap_obs
Sant. LATITUDE SIG_SEC MET_OBJ ¥ cooico [l
\ { amat LONGITUDE NO_INI MET_LINK - TSECCAO_CAMPANHA [=
Vagos . SIG_NO_INI MET_TIME ABCISSA_INI
| Nel ——— NO_INI_DESCR MET_ROAD ABCISSA FIM
(o, T Tl A v_sgp_i_no_1 HO_FIM MET_SENTIDO MEDIDO
i - i SIG_NO_FIM MET_REMARKS_1
Cole g Beijos Vial v :g;\gc NO_FIM_DESCF MFT_REMARKS. 2 Lhd | :Lfcmwz |hd |
AT7 ) EXTENSAO
> Sangalho; & S:TSWCSDE KM_INI b v.5gpxi_img
e LONGITUDE KM_FIM - iLs0e.seo30:pbes cosec B
e = e
‘ Anadia Sobral Carregal NOMESEC DATA
e > I EX do Sal = MET_SENTIDO
3 / KM f— ABCISSA
/ ebres 1 - San(al';séo Jodo FRONT =
\ ') P, baD;o de Areias
7 y —_— t_sgp_seccao_scrim_obs
{ CantarifTae | R BN . _] t_sgp_seccao_scrim - ¥ copico &
icl \ ';:'g';’:;:a »1“/ ¥ copbigo py | — T_SECCAQ_SCRIM
i 'y A b T_SECCAO T_OBSERVACAO_GRAVII
4 Santa Ovaia ANO ABCISSA_INI
Aldeia das Dez MET_DATA ABCISSA_FIM
Arazede MET_EXTENSAO -
Quiaios Arganil Piodao
Ircos Montemor-o-Velho
igueira Serpins Gois Cepos
laF
P REPOSITORY OF MAINTAINED ASSET
CODIGO CODSEC NOMESEC KM_INI KM_FIM VIA DATA T_INTER TRAB_EFETUADO CUSTO PAV G H 1 I b
NI K - - Historical Database
141700 226472 D155 23,56 35,145 A 31/12/2008 CC MBFdTS 291273,49 322297,86
141702 237332 D260 83 84,5 A 31/12/2006 CP AC10surfPAV 218537,28 377338,05
141701 226526 D371 0 18,81 A 31/12/2009 CP MBABBAREFPAV 1690982,47 3507911,31
141704 226576 D471 176,22 177,8 A 31/12/2010 CP AC14surfREFPAV 444712,54 584869,13
141696 1051123 D501 184,165 184,56 A 29/09/2010 CT AC14surfPAVNOVO 113069,72 733507,33
141709 250903 C180 25,975 39,97 A 31/12/2004 CP AC14surfPAV 556400  702967,82
141699 218174 DOS4 199,08 2066 A 13/12/2013 CP AC14surfFRESAG 426547,6 45491963 o e e Rl e e o
oo e e A SR e MBS o
141695 898887 D585 58 10925 A 24/09/2009 CT AC14surfPAVNOVO  2439519,12  9147674,51 oz o B o =
141706 1220293 €499 81,983 93,57 A 31/12/2006 CC RSATS 133871,23  152247,38 i - i e, A 0%
141689 237396 D330 22,7 25975 A 13/05/2015 CC2013-16 MBFATS 4248026 4248026 e e TN [
e sser 10525 A W0R9CT  ACUAPANOND  2039515,12
141668 1220293 C499 88,85 88,948 N 09/07/2015 CC2013-16 AC14surfFRESAG 1217,16 1217,16 141706 1220293 9357 A 311272008 CC Rsas 1337123

191689 23739 .7 25875 A 13/05/2015 CC2013:16 MBFATS 4248026

11668 1220003 85915 N_09/07/2015 CC2013-15 ACUsurFRESAS 121716




cobIGO CopSEC NOMESEC KM_INI KM_FIM VA DATA. TNTER TRAB_EF€TUADD CUSTOPAY o010

141700 226472 D155 23,56 35145 A 31/12/2008 CC MBFATS 29127349 32229786
141702 237332 D260 8 845 A 31/12/2006 CP ACIOsurfPAY. 2853728 37733805

e oan 0 188 A WIS MGABSARGPAV 169095247 30791131
708 26TS DA 62 I8 A 0GP ACHKREPAV  GATIZSH  SBSEI3
100695 1051123 DL 184165 18656 A JSQ0IOCT  ACIrPANOVO 1106972 73350733
L] 141709 250903  C180 25975 3997 A 31/12/2004 CP. AC14surfPAV. 556400  702967,82

141699 218174 0D0S4 19908 2066 A 13/12/2013 CP ACHSUTFRESAG w5475 45491963

141695 898587 D8 58 10925 A 24/09/2009 CT ACI4SUTPAVNOVO 243951912 914767451

. . [ [ 141706 1200093 C499 81983 9357 A 31/12/2006 CC RSdTS 187123 15224738

M a C h I n e I e a r n I n g P red Ict l o n s ( I ) 141689 23739 D330 227 25975 A 13/05/2015 CC2013-16 MBFATS. 4248026 4248026

141668 120093 CA99 8585 85948 N_09/07/2015 CC013-16 ACI4SUTFRESAG 716 12176

v' Model validation (predicting capabilities) using road features measured

Mtenancem :
Wk Orders 2014 Real WO

T T T T T T T T T T T T T T T T T T T T T - T4
CODSEC|NETCLASS [ KM_INI |KM_END| CT IRl |RUT|Real WO
226512 2521| 120,54| 121,041| 15,28 2,70 2,63|T0 T3.1
226512  2521| 121,041) 1215411 1.79]2.24|2,30/T0 FTO T3.1T31 TO TO TO TO TO TO TO TO T3.1T3.1T3.1T3.1 T3 T3 T3 T3.1 TO TO- s
226512 2521| 121,551 122,051|53,62|2,87|3,90|T3.1 T2
226512 2521| 122,061 122,561|41,67|2,53|4,13|T3.1 T1
226512 2521| 122,571 123,071|65,71| 4,96/ 4,73|T4
226512 2521| 123,081 123,581|46,15| 4,20 6,29|T4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 L L L L L L —1 T0
226512 2521| 123,591| 124,091/ 28,38/ 3,23 4,91|T3
226512 2521| 124,101 124,601 28,79| 3,78/ 5,35/ T3 l L L L I l L L L L l L L L U [ l L L - T4
226512 2521| 124,611 125,111|42,67|2,72| 3,82|T3.1 T3.1
226512 2521| 125,121 125,621 52,54 4,60| 6,68 T3

TO T3.1 TO TO TO TO TO TO TO TO T3.1T3.1T3.1 T3 T3 T3 T3.1 TO TO ”

T1
TO

\-I-

1 1 1 1 1 1 1
Models trained gments of 0.5km [from - o] Predicted WO
Artificial Neural -
Network

Predicted WO

Real Work Orders vs.
Predicted Work Orders
Model Accuracy ~ 90%

/

1 [9POIN

Measurements/
==

e e L T s ey 0 K- nearest -

S — neigbours c

141704 226576 D471 176,22 1778 A 31/12/2010 CP. AC14surfREFPAV 44471254 584869,13 —

14169 1051123 DSO1 18465 18456 A 29/09/2010 CT ACLSUrPAVNOVO  113065,72 73350733 S O

B ol R e e e upport vector |

s e oS | se g A umpomc  Acurtawoio| 2 suwreresd machine Table 1. Description of maintenance types

M Alert Description

TO No  No maintenance requested

Tl Yes Do nothing

T2 Yes Microsurfacing, Surface dressing

T3 Yes Thin Hot-Mix Asphalt overlay (thickness <5 cm)

T3.1 Yes Surface milling with Thin Hot-Mix Asphalt overlay (thickness > 5 cm) 11

T4 Yes Thick Hot-Mix Asphalt overlay (thickness > 5 cm) combined or not with milling

\




Road Use Case

Machine learning Pr(;_dictions (1) @INFRALERT

Description

Thick Hot-Mix Asphalt overlay (thickness > 5 cm) combined or not with milling
Surface milling with Thin Hot-Mix Asphalt overlay (thickness = 5 cm)

Thin Hot-Mix Asphalt overlay (thickness = 5 cm)

Microsurfacing, Surface dressing

Do nothing

No maintenance requested

Road sections without maintenance intervention: GTSL
. —
Alerts remain active (W|th increase on severity) in the period 2012- 2016 15 075 0375

Road ID: 226558, Category: 2522
Global Technical Severity Level Estimated Alert Maintenance Intervention
2012 2015 | 2016 | 2012 2015|2016 | 2012 2015
0,649

Section

AY T2 A = A= - A T2 - - -

>
)
»>
)
>
D
>
)
>
)

1

1

1

1

>
D
>
D
>
D)
>
D

2 0,625 ---- :

2,5 a A [= Al Al Al _ _ _ _ 12




Road Use Case.

Machine learning Predictions (Ill) @INFRALERT

Road sections maintained in 2013: Lo s m
Alerts are no longer triggered in 2014-2016. W e iy OV R AT Tl
e el e
] - e & -y
Road ID: 218174, Category: 2521
Global Technical Severity Level Estimated Alert Maintenance Intervention
Section | 2012 | 2013 | 2014 | 2015 | 2016 |2012]2013[2014]2015]2016[2012] 2013 [2024] 2015
0 0,358 0,353 0,285 0,307 0,398 | - - - - - - Maintained - -
0,5 0,367 0,645 0287 032 0342 | - - - - - - Maintained - -
1 0,596 0,688 0,318 0,436 0429 | - - - - - Maintained - -
1,5 0,737 0,653 0,448 0,656 0,601 - - - - Maintained - -
2 0,477 0,475 0279 037 0445 | - - - - - - Maintained - -
2,5 0,187 0,212 0,227 - - - - Maintained - -
3 0,204 0,228 0,231 - - - - Maintained - -
3,5 0,268 0,346 0,407 - - - - Maintained - -
4 0,563 0,757 0,194 021 0,231 - - - - Maintained - -
4,5 0,338 05585 0,157 0,174 0,187 | - - - - - Maintained - -
5 0,498 0532 0,195 0,219 0,293 | - - - - - - Maintained - -
55 056 0,169 0,188 0,2 - - - - - Maintained - -
6 0505 0328 0219 0233 0332 | - - - - - - Maintained - -
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Rail Use Case. @INFRALERT

Historical Data

Rail Demonstration in Sweden Rail Demonstration at Railway corridor,
Iron Ore Line in Malmbannan in northern
Sweden, managed by Trafikverket.

Historical Database . el
Training ) »

]

Machine Learning
Models

5 o j Gulfof ‘*
(training stage) Skelleted " Botnnia
Testing ‘
Umeay/,
Machine Learning
Models
PREDICTED ALERTS
GTSL Estimated Alerts
Track | KM_start | KM_End | 2008 | 2009 [ 2010 | 2011 | 2012 2011 | 2012
2 | 2805 | 2807 | 0,34 039 041 023 0028 Alert - Alert
2 | 2807 | 2809 | 0,44 047 047 033 046 NS Alert
2 | 2809 | 2811 | 041 o046 046 034 038 Alert Alert  Alert
2 | 2811 | 2813 037 047 IS - Alert
2 | 2813 [ 2815 | 039 040 044 038 042 Alert  Alert

14



Rail Use Case.

Machine learning Predictions (I) @INFRALERT
W
Maintenance Intervent. required

GTSL Estimated Alerts
Track | KM_Start | kM_End | 2008 | 2009 | 2010 | 2011 | 2012
2 | 2549 | 2551 | 040 042 045 046 046 | A\l
2551 | 2553 | 0,41 046 048 0,52 Alert
2553 | 2555 | 0,40 0,44 0,46 0,49
2555 | 2557 | 0,45 037 040 044 0,44 | NEL
2557 | 2559 | 0,37 034 038 040 0,40

NN NN

Track [Km_Start| Km_End [ Intervention | 2008 | 2009 | 2010 | 2011 | 2012
Do Nothing 33 20 15 11 13
2 | 2549 | 2551 Tamping |
Ballast Regulation| 30 33 33 35 35
Do Nothing 25 9 3 2 0
2 255,1 255,3 Tamping |
Ballast Regulation| 32 36 43 43 36
Do Nothing 45 29 19
2 | 2553 | 2555 Tamping | 25 41
Ballast Regulation 7 10 11 10 10
Do Nothing 30 62 59 48 54
2 | 2555 | 2557 Tamping | 50 19 21 30 27
Ballast Regulation| 20 19 19 22 19
Do Nothing 0
2 | 2557 | 2559 Tamping | 17 0 21 21 15
Ballast Regulation | 9 0 19 17 18

15



Rail Use Case.

Machine learning Predictions (Il) @INFRALERT

| Alert | Bad conditions but Do Nothing
- Maintenance Intervent. required
GTSL Estimated Alerts d

Track | KM_start | KM_End | 2008 | 2009 | 2010 | 2011 | 2012 2011 | 2012
2 | 2805 | 2807 | 034 039 041 | 023 0,28 Alert - Alert

2 | 2807 | 2809 | 044 047 047 | 033 o046 [N LG Alert AN
2 | 2809 [ 281,1 | 0,41 o046 046 | 034 0,38 Alert Alert  Alert
2 | 2811 [ 2813 | 057 062 065 | 037 0,47 [N LG - Alert Maintenance Inspection
2 [ 2813 | 2815 | 0,39 040 044 | 038 042 | Alert Alert Alert  Alert Date:
< 26/09/2010
Asset type:
Track |[Km_Start| Km_End | _Intervention | 2008 | 2009 | 2010 | 2011 | 2012 | | syitchacrossing
Do Nothing 27 19 0
2 | 2805 | 2807 Tamping | 16 0 15 Intervention Hint:
Ballast Regulation| 9 32 32 0 7 Excess of ballast
Do Nothing 3 3 3 6 Suggested Intervention:
2 280,7 280,9 Tamping | 17 Ballast regulation
Ballast Regulation| 37 37 37 7 38
Do Nothing 6 8
2 | 2809 | 2811 Tamping | 30 12 20
Ballast Regulation| 24 37 38 9 17
Do Nothing 3 1 0 0
2 | 2811 | 2813 Tamping | 0 41
Ballast Regulation 8 8 13 0 11
Do Nothing 21
2 | 2813 | 2815 Tamping | 20 31 18 43
Ballast Regulation | 12 19 20 15 7

16



Conclusions (&INFRALERT

 Several Machine Learning models have been generated, implemented
in a toolkit and proved to work for two real pilot cases:
a Road network in Portugal and two Railway lines in Sweden .

e The quality of the stored information relative to the maintenance
interventions conducted in the past is of uttermost importance for a
reliable prediction. The procedure to obtain the information relevant
to the self-learning process is based in Machine Learning algorithms.

« The predictions of maintenance interventions can be continuously
improved with the inferred information derived from positive/negative
false estimates.

e Further research: a) to incorporate additional data for improving
prediction capabilities, b) longer validation periods
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