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Carlos Cordeiro is a Mechanical Engineer, Data Scientist, Machine Learning
Engineer, Six Sigma Black Belt, and MBA in Agribusiness Management, with 20
years of experience in vegetable oil extraction and refining, industrial
automation, and applied Al at plant level. He is co-founder and Chief Product

Officer at iMill. His international project experience spans Europe, the US, and
Latin America, combining process engineering and advanced analytics to
improve yield, quality, and operational costs. His technical work includes
statistical process control for palm oil extraction, advanced process control with
fuzzy logic for refining stages, and inline analysis systems that reduced
laboratory turnaround from hours to minutes. He holds an international patent
(W0O2025101569) for a crude palm oil processing control method and completed
over 500 hours of applied Al specidlizations at 12A2, /nstitut d'Infelligence
Artificielle Appliquée, in manufacturing applications and industrial decision-
making. He builds tools that make operators better, not tools that replace them.
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Why Most Al

Projects Don't
Generate Return?

Most Al 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.



Statistically, only 5in 100 Al projects

reaches the success...

https://www.forbes.com/sites/andreahill/2025/08/21/why-95-of-ai-

pilots-fail-and-what-business-leaders-should-do-instead/

Forbes

EDITORS' PICK | BUSINES

Why 95% Of Al Pilots Fail, And What Business
[.eaders Should Do Instead

By Andrea Hill, Contributor. ® Andrea Hill is a multi-industry CEO covering
business & technology.
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The 5 errors

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.
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Reasons for Failure:
Errors to Avoid

Most Al projects in extraction plants don't fail because the technology is
wrong.

i CO I j (, REb They fail because mainly because wrong operational decisions, made
P a I M E Ro before the first line of code is written , were never addressed.
The errors are consistent, recognizable, and fixable...
M EXI CA N O None of them require a better algorithm.




Reasons for Failure: Errors to Avoid

Error1:
Visualization before
infrastructure
Visualization before infrastructure.
A dashboard on inconsistent data

does not add value...it induces
wrong decisions.

Error 2:

Low Quality data

The data is the main important source
of information for any Al. If the data
is wrong, the result of automation
provided by Al also is and the result
can be catastrophic

Error 3:
No baseline defined

Without pre-implementation
measurement, any improvement
claim is anecdote, not evidence.

’ https://congreso.femexpalma.com.mx/




Reasons for Failure: Errors to Avoid

Error 4:
Analytical output disconnected

from operational routine

If a deviation alert fires without a defined action
and a designated responsible person, the Al 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% can’t bring real results because the variation
can be under the normal variation of the process

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




E1l Visualization before
infrastructure

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.

Equipment:
DS-20

Palm Qil Press System

: : R .. o Digester + Palm Qil Press for 20 tFFB/hour
Buying visualization before fixing instrumentation is

the most expensive mistake in industrial Al. The
platform works. The numbers it displays are fiction.

Q\g\ https://congreso.femexpalma.com.mx/



Visualization before
infra s.r rUC'IIU re 29 signals hidden inside a single pressing system

Each bubble = one subsystem ¢ Size = number of extractable signals

Understand you process first!

b

A dashboard built on uncalibrated or uncomplete A

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 Al. The I

platform works. The numbers it displays are fiction.

Feed Screw

Digester Continuous Press

®

@\ https://congreso.femexpalma.com.mx/ Global Process

Hydraulic System
Pneumatic System

Total: 28 extractable signals + 21 analog - 5 digital - 3 calculated



E2 Low Quality
Data.

Garbage In, Garbage out principle!

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.

\\ https://congreso.femexpalma.com.mx/
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Bad
Quality
Data

—— The Five V's of Big Data
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. | Scale of Data — / Analysis of Streaming Data =& \
l This refers to the sheer volume '\ » / Denotes the speed at which data is : ;- ¥ 4

of data being generated every \ /‘ emanating and changes are occurring

second. between the diverse data sets.

? ® By2016itis projected there
@ @ willbe 18.9 Billion network
connections

have cell phones

of data will be created by 2020

and increase of 300 times from 2005
Modern cars have close to

Most companies in the U.S. I’ 100 Sensors

have at least

of data stored. \
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Different Forms of Data Q ' Uncertainty of Data
7; As more and more y This refers to the discrepancies

data is being digitized.

4 dillior
u hours of video are watched
on YouTube each month

< 31O
f pieces of content are shared
on Facebook every month

found in the data.

3  Poor data quality costa the
US economy around

$ 3.1 Trillio

n ayear

W 5.VALUE

Value of Data

tweets are sent per day by about

200 million monthly active users Having access to big data is all well and good

but that's only useful if we can turn it into a value.

Good
Quality
Platform

Bad
Quality
Decisions
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Direction is always better than speed!

E3

Oil Extraction Rate (%)

Without a documented baseline, you cannot prove
improvement. You can only claimiit.

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. = o Moy

onthly
onthly mini
onthly mean

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

With it, the same result becomes evidence

Oil Extraction Rate (%)

, https://congreso.femexpalma.com.mx/
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E3

No baseline
defined

Direction is always better than speed!

Without a documented baseline, you cannot prove
improvement. You can only claimiit.

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

https://congreso.femexpalma.com.mx/
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Oil Extraction Rate — June Zoom

Max + 0.3 p.p. = 21.34%
Max = 21.04%

.——> Targe‘l' 20,2% (mean value

between min. and max.)

Mean + 0.3 p.p. = 19.62%

* Mean = 19.32%

Mean - 0.3 p.p. = 19.02%

Min = 15.81%
Min - 0.3 p.p. = 15.51%

Measured Min-Max range  ==@sm Monthly mean
= Measured limits Mean + 03 p.p.
= = |imits with uncertainty Mean uncertainty boundaries

iMill’s best practices to define baseline (based on Falconi’s method)

C Collect minimum one year of data (recommended: +2 Years)

C Check uncertanty of the measurements (not standard deviation)

C Define targeted KPI as the mean value of max and min values observed,
considering the uncertanty of the measurement

If the uncertanty is high, fix it first!




Analy’rlcal output
dlsconnec’red from
operational
routine

The algorithm indicates, the operator get
lost!

A model that generates alerts nobody acts on is not an Al
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.

https://congreso.femexpalma.com.mx/
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MODEL OUTPUT OPERATIONAL ROUTINE

A\ Alert fired

@ No defined action

,EL Deviation detected Q No named owner

«@)» Recommendation @ No response protocol

Link the System with The Routine

o = Q = + &

Probable Named
Cause Responsible

Suggested
Action

Alert



es) Unrealistic precision
expectations

Al Is good but can not make miracles!

Precision expectations must be calibrated against the
measurement uncertainty of the process itself.

A mode! NG
the

of process.
algorithm a
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