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ARTIFIC IAL INTELLIG ENC E IS EV ERYW HERE

Re d uc e  ris ks , im p rove  re s ults

WAZE



“Artificial Intelligence” 
(AI) is not New

 Coined at Dartmouth 
College in 1956 

 Machines acting rationally (like 
most people)

 Machine Learning (ML), subset 
of AI, models/algorithms for 
improving outcomes



W h a t  is  M a c h in e  L e a rn in g ?



W h y  M a c h in e  L e a rn in g  T od a y ?

• Increas ed computing power
• Acces s  to more data

o Volume
o Variety
o Velocity

• New res earch





M u lt ip le  A lg or ith m s /M od e ls  O p t im iz e  R e s u lts

• D ec is ion  trees

• B a g g in g

• B oos tin g

• R a n d om  fores t

• k -N N

• L in ea r reg res s ion

• N a ive  B a yes

• A rtific ia l n eu ra l n etw ork s

• L og is tic  reg res s ion

• R eleva n c e  vec tor m a c h in e

• S u p p ort vec tor m a c h in e

• S u p ervis ed  lea rn in g
• U n s u p ervis ed  lea rn in g
• D eep  lea rn in g
• C lu s terin g
• D im en s ion a lity red u c tion
• S tru c tu red  p red ic tion
• A n om a ly d etec tion
• A rtific ia l n eu ra l n etw ork
• R ein forc em en t lea rn in g

• H u m a n  c olla bora tion



N o L a b e ls ?
N o P rob le m .



D e te c t  
E m ot ion s .

ML cons is tently detects
37 emotions  from facial
expres s ions .



B e n e fits  of  M L

Data-driven 
decision making

Optimize scarce 
resources

Enhance 
outcomes

Find patterns 
we can’t see



C h a t G P TR ec om m en d a tion s  
(A m a zon , N etflix , etc .)

A u ton om ou s  
veh ic les

W ea th er 
forec a s ts

C red it 
a s s es s m en t

C h es s  
a n d  G O

S p eec h  
R ec og n ition

A p p lic a t ion s  of  M L  





Generative AI
• Fraud Detection
• Customer Experience
• Supply Chain Optimization
• Optimized Operations
• Content Creation

• Training and Development
• Risk Management
• Predictive/Proactive Maintenance
• Enhance Customer Service
• Targeted Advertising



O K …

S o  h o w  is  A I/M L  re le v a n t  to  u t ilit ie s ?



W a t e r  m a in  b r e a k s  ju s t  f r o m  t o d a y

$  1 T r illion  in  tota l c orros ion  c os ts



D o  y o u  p ro a c t iv e ly  a s s e s s  a n d  
m a n a g e  w a te r  m a in s ? 



H ow  d o y ou  c h oos e  w h ic h  on e s  to

Ins pect? Monitor? Repair or 
Replace?

Exercis e 
Valves ?

Ins tall 
Sens ors ?



T ra d it ion a l M e th od s  to  P re d ic t  Is s u e s



A  n e w  w a y  to  p r ior it iz e  w ith  M a c h in e  L e a rn in g

Im p rove d  A c c u ra c y



TARG ETED
C APITAL AND 
O& M S PEND

Ta rg e te d  Le a k De te c tio n &  Mo nito ring

Re m a ining  Us e fu l Life

Ta rg e te d  Inv e nto ry

Ta rg e te d  V a lv e  Ma inte na nc e

Fa s te r Re p a irs  to  re d u c e  r is k



Send Feedback 
as  Input

Input &
Clean Data

Analyze 
Data

Find 
Patterns

Make 
Predictions

H ow  d oe s  M a c h in e  L e a rn in g  W ork ?



H ow  M a c h in e  L e a rn in g  “ L e a rn s ”

Training data* Res ults : patterns  & knowledge

Ins tead of an engineer re-writing code every time there are new data, machine 
learning changes  that algorithm on its  own. It's  s elf-learning.



DA TA  C OLLEC TION
A ND C LEA N UP PIPE R A NK ING

P roc e s s

A I R IS K  A NA LY S IS





5,0 0 0  m ile s  of w a te r 
m a in s

250 ,0 0 0  se g m e n ts

Las Vegas, NV

Case Study 



Traditional Methods:

Prior Failure ― found 11% of Failed Pipes

Pipe Age ― found 12%

Desktop Statistical Model ― ? 

M L ― 5 0 % 

C OM PA R ING  R ES ULTS :
W ith in  th e  Hig h e s t R is k  1%D e sk top  M od e lin g  

h a d  b e e n  u se d  to 
p riorit ize  d e c is ion s

C u rios ity a b ou t 
m a c h in e  le a rn in g  
le d  to a  p ilot w ith  
V O D A .a i



P rior F a ilu re s
A g e A I/M L

C om p a r in g  M e th od s

Only 11% are in 
the top 1%

Now 50% are in 
the top 1%

Only 12% are in 
the top 1%

#1

#250K



4 ,60 0  m ile s  of w a te r 
m a in s

230 ,0 0 0  se g m e n ts

Tucson, AZ

Case Study 



A I/ ML fou nd  20 0 % m ore  fa ilu re s  
tha n u s ing  tra d itiona l m e thod s

5 0 %
ha d  no p rior fa ilure s !

• In  20 19, Tu c s on  req u es ted  a  M L  p ilot

• W e a s k ed  for five  yea rs  of d a ta , b u t 
to w ith h old  th e  m os t rec en t yea r 
(20 18 )

• W e p red ic ted  th e  20 18  fa ilu res ; 
Tu c s on  va lid a ted  th e  res u lts

• H a lf fa iled  for th e  1s t t im e!



Machine Learning Results
• M L  fou n d 55% of th e  p ip e fa ilu res  in  th e  top  1% of 

r isk  ra n k in g s

• 17 of th e  top  18  s e g m e n ts  fa ile d

• N u m b e r 18  file d  2 m on th s  la te r

• 18  of th e  M L  top  18  fa ile d  w ith in  14  m on th s



L ook in g  for  th e  B u ll’s  E y e

Prior Fa ilure s Pip e  Ag e AI/ ML

AI/ ML c a ug ht twic e  a s  m a ny  fa ilure s  a s  the  p rior 
b re a k m od e l a nd  5 0 % ha d  ne ve r fa ile d  b e fore

 =  Fa ile d  Pipe s  with No Bre a k His tory  =  Fa ile d  Pipe s  with Prior Bre a ks



M L  A s s is ts  O p e ra t ion s  

Review 
Rankings

Check
for Leaks

Valve 
Readines s

Material 
Availability

Fas ter Repairs



P la n n in g

R ep la c e 
m ore of 
th ese

A n d  less  
of th ese





C h a lle n g e s

• Mis s ing s ervice line data

• Unknown pipes  are a problem

• Vis iting every location is  cos tly

• L C R R  d e a d lin e s



S e rvic e  
L in e s

C on firm e d  
L e a d

U n k n ow n  
M a te ria l

29 ,0 0 0 73 15,0 0 0

Appleton, Wisconsin

Case Study 



37

Public service lines –
likely lead pipes using 
installation year



38

Public service lines – likely 
lead pipes using known & 
unknown material



5%
of p riva te  & p u b lic  lin e s  of le a d  fou n d

ML model using 5% of known 
lead found 80% of lead lines



10 0 %
m ore  a c c u ra te  th a n  

in s ta lla tion  ye a r a lon e



Prioritizing Infrastructure 

Wastewater
Santiago, Chile



Size of network:  6.485 km

Number of pipe segments:  121.434

Structural failures (no human-caused):  2.737

VODA.ai accuracy score:  93

Wastewater Results – Chile, South America

10093



484 Failures!

In first 500 pipes…



0 Failures!

In last 5000 pipes…



Wastewater Results - Chile

Comparison

Events caught at top 1% of  ranked segments

3X
Improvement

VODA.ai 
method

Prior 
breaks 
method

Age
method

78724512Full area (all regions)



W a te r
F a ilu re  

P re d ic t io n s

W a s te w a te r  
In c id e n t  

P re d ic t io n s

W a s te w a te r  
C o n d it io n  

A s s e s s m e n t

L e a d       
P ip e  F in d e r



A I/M L  B a s e d  R e m a in in g  U s e fu l L ife

• AI-RUL is  calculated us ing AI/ML

• Unders tand inves tment needed to 
avoided large increas es  in future 
failures

2020 2040 2060 2080 2100 2120

20000 ft

40000 ft

60000 ft

80000 ft

100000 ft

120000 ft

140000 ft

160000 ft



50 Milk S treet | Floor 15 | Boston, MA 02109

Contact: J im
J im@ voda.ai

A re  you  re a d y for 
th e  n e xt s te p  in  
you r d ig ita l 
tra n sform a tion ?  

®
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