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Why Most AI 
Projects Don't 
Generate Return?
Most AI projects in industrial operations don't  fail  because the 

technology is wrong. They fail  in the gap between what  a platform  

promises and what  an operation  is actually ready to support . This 

talk is about  that  gap  and the conditions that  determine which side 

of  it  you land on.



The failures  usually follows  a pattern : wrong  
sequence , low  quality  data , no baseline , 
outputs  disconnected  from  reality , and 
expectations  the  technology  cannot  meet . 
Five errors,  almost  always operational,  almost  
always present  before  the  first  line of  code is 
written . The next  slides cover  each one.

https://www.forbes.com/sites/andreahill/2025/08/21/why -95-of -ai-
pilots- fail -and-what -business- leaders-should-do- instead/

Statistically, only 5 in 100 AI projects 
ǊŜŀŎƘŜǎ ǘƘŜ ǎǳŎŎŜǎǎΧ

The 5 errors
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Reasons for Failure: 
Errors to Avoid

Most AI projects in extraction  plants don't  fail  because the technology is 

wrong. 

They fail  because mainly because wrong operational  decisions, made 

before  the first  line of  code is written  , were never addressed.

The errors are consistent, recognizable, and fixableΧ

None of  them require a better  algorithm .



Reasons for Failure: Errors to Avoid

Error 1: 

Visualization before 

infrastructure

Error 2:

Low Quality data

Error 3:

No baseline defined

Visualization before  infrastructure . 

A dashboard on inconsistent data  

does not add valueΧit  induces 

wrong decisions.

The data  is the main important  source 

of  information  for  any AI. If  the data  

is wrong, the result of  automation  

provided by AI also is and the result 

can be catastrophic

Without pre - implementation 

measurement, any improvement 

claim is anecdote, not evidence.

https://congreso.femexpalma.com.mx/



Error 4: 

Analytical output disconnected 

from operational routine

If  a deviation  alert  fires without  a defined action 

and a designated responsible person, the AI system 

becomes informational  noise, not operational  

intelligence.

Error 5: 

Unrealistic precision 

expectations

A model that  promises increase the OER by 0.22% 

but the compost uncertainty  of  the measurement is 

0.3% ŎŀƴΩǘ bring real results because the variation  

can be under the normal  variation  of  the process

Reasons for Failure: Errors to Avoid
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Visualization before 
infrastructure
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E1

Equipment: 
DS-20

Palm Oil Press System
Digester + Palm Oil Press for 20 tFFB/hour

Understand you process first!

A dashboard built on uncalibrated or uncomplete 

data doesn't show you what's happening , it shows 

you what's wrong, faster.

Buying visualization before fixing instrumentation is 

the most expensive mistake in industrial AI. The 

platform works. The numbers it displays are fiction.



Visualization before 
infrastructure
Understand you process first!
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E1

A dashboard built on uncalibrated or uncomplete 

data doesn't show you what's happening , it shows 

you what's wrong, faster.

Buying visualization before fixing instrumentation is 

the most expensive mistake in industrial AI. The 

platform works. The numbers it displays are fiction.



Low Quality 
Data.

Garbage In, Garbage out principle!
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The algorithm is only as good as the data it runs on.

Inconsistent measurements, estimated readings, and

unvalidated sensors don't become reliable when 

processed by a more sophisticated model  they 

become sophisticated errors.

Low quality data doesn't need a better algorithm.

It needs calibration, validation protocols,

and someone accountable for the numbers before 

they enter the system.

Bad
Quality
Data

Bad
Quality

Decisions

Good
Quality

Platform

E2
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No baseline 
defined

E3

Direction is always better than speed!

Without a documented baseline, you cannot prove 

improvement. You can only claim it.

A baseline is not a report, it is a minimum six months of 

measured data: average value, standard deviation, 

frequency of critical events, and contextual conditions.

Without it, any post- implementation result is a narrative.  

With it, the same result becomes evidence



No baseline 
defined

Direction is always better than speed!
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Without a documented baseline, you cannot prove 

improvement. You can only claim it.

A baseline is not a report, it is a minimum six months of 

measured data: average value, standard deviation, 

frequency of critical events, and contextual conditions.

Without it, any post- implementation result is a narrative.  

With it, the same result becomes evidence

Target = 20,2% (mean value
between min. and max.)

ƛaƛƭƭΩǎbest practices to define baseline (based onCŀƭŎƻƴƛΩǎmethod )

Ç Collect minimum one year of data (recommended: +2 Years)
Ç Check uncertanty of the measurements (not standard deviation )
Ç Define targeted KPI as the mean value of max and min valuesobserved, 

considering the uncertanty of the measurement

If the uncertanty is high, fix it first !

E3



Analytical output 
disconnected from 
operational 
routine
The algorithm indicates, the operator get 

lost!
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E4

A model that generates alerts nobody acts on is not an AI 

failure. It is a design failure. 

Every analytical output must translate into a defined 

action, a named responsible person, and a documented 

response protocol, integrated into the operational 

routine.

MODEL OUTPUT OPERATIONAL ROUTINE

Alert fired No defined action

Deviation detected No named owner

Recommendation No response protocol

Clear
Alert

Probable
Cause

Suggested
Action

Named
Responsible

Link the System with The Routine



OER: 21%±0,3%

OER:21%
E5 Unrealistic precision 

expectations

AI is good but can not make miracles!

Precision expectations must be calibrated  against the 

measurement uncertainty  of  the process itself . 

A model promising a 0.22% OER increase cannot deliver real 

results when the composite measurement uncertainty  is 

0.3%, because the predicted  gain sits entirely within the 

normal  variation  of  the process.

No algorithm  overcomes a detection  limit .

Define success as consistent reduction of  variation  and 

frequency of  bad decisions, not as point  predictions below 

the noise floor .
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VError on FFB massflow
VUnverified truck scale
VCPO meter without density

correction .
VNo sampling plan for POME, 

sludgeand fiber losses.
VSpreadsheet / system 

rounding
VShift timing misalignments.


