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The Dynamic World of Engineering

Engineering is the engine of human progress, applying scientific principles to
solve the world's most complex challenges. From the smartphones in our
pockets to the vast infrastructure that powers our cities, engineers design, build,
and optimize the systems that define modern life.

v

Imagination Collaboration Technical Skill
Conceiving innovative solutions Working in diverse teams to achieve Applying math and science with
beyond current limitations. shared goals. precision and rigor.
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Mechatronics Engineering: The Synergy of Systems

Mechatronics is a multidisciplinary field that represents a fundamental shift towards
holistic system design. It seamlessly integrates mechanics, electronics, computer science,
and control engineering to create the intelligent, automated products and systems that
power our future.

The Interdisciplinary Core Dominant Industries for Mechatronics Engineers

Mechatronics is not just a combination of The versatility of mechatronics engineers makes them highly sought after in a wide range of high-
fields; it's their fusion. This Venn diagram tech sectors. This chart highlights the primary industries where their skills are driving innovation
illustrates how core engineering disciplines and growth.

overlap to create this powerful, integrated

domain.

Aerospace & Defense

Healthcare & Medical Devices

Communications . Activate Windo



Industrial Engineering: Optimizing Processes and Systems

Industrial Engineering (IE) is the discipline of making things better. It focuses on
optimizing complex socio-technical systems—integrating people, materials, information,
and energy to eliminate waste, improve quality, and maximize efficiency.

Impact of IE Across Key Economic Sectors

A Framework for Continuous Improvement: DMAIC

While rooted in manufacturing, the principles of IE are universally

A cornerstone of Six Sigma, the DMAIC cycle is a data-driven applicable. This chart demonstrates how IE drives significant value
improvement methodology used by industrial engineers to solve acros.s diverse s_ectors by improving quality, boosting efficiency, and
i reducing operational costs.
complex process problems. It provides a structured path from
identifying an issue to implementing a lasting, controlled solution. BN Cost Reducton [ Eficency Gans [ Qualty Improvement
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Synergy & The Future of Engineering

The future belongs to those who can bridge disciplines. Mechatronics and Industrial
Engineering form a powerful symbiotic relationship, driving the evolution of smart,
efficient systems like Industry 4.0 and beyond.

The Engine of Industry 4.0

= Industrial Engineering Optimizes ==  Result: Maximum Efficiency

Mechatronics Create .

: oy cs : Integrates these tools into lean, efficient A fully optimized, data-driven environment with
DSSANG S NG NASRgen Ao i workflows, supply chains, and production reduced waste, higher quality, and increased
like cobots, sensors, and autonomous vehicles.  SOPPY  SNCP ' q- ) i

systems. productivity.
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Key Skills for the Next Generation

As technology evolves, so do the skills required of engineers.

This radar chart compares the growing importance of
emerging competencies for both Mechatronics and Industrial
engineers, highlighting shared priorities and specialized
focuses in a data-driven world.

|

[ Mechatronics Enginesr [ indusirial Engineer

intedigenee !
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Artificial Intelligence (Al) is a multifaceted field within computer science

focused on creating systems capable of performing tasks that typically
require human intelligence. These tasks include learning, reasoning,

problem-solving, perception, and language understanding. Al aims to
develop machines that can interpret external data, learn from it, and use

those learnings to achieve specific goals through flexible adaptation

Source: https://consensus .app/quest ions/definition-artificial-intelligence, /

Fourth edition of the Industrial Engineering and Maintenance department scientific day, GIM, JSGIM’25, June 18th, 2025, ENSTA, Algiers, Algeria. 11



The Two Paradigms of Al

Symbolic Al: The Logician

Often called "Good Old-Fashioned Al," this approach is built on the
belief that intelligence can be achieved by manipulating symbols
according to explicit, human-defined rules and logic.

How It Reasons: A Top-Down Flow

g ’

Knowledge = — Reasoning = Conclusion
- Base Engine (New
' (Facts & Rules) ! (Inference) Knowledge)

Symbolic Al uses a predefined set of rules, encoded by experts, to deduce new
Information, much like a detective following clues to solve a case.

Data-Driven Al: The Learner

This modern approach, encompassing Machine Learning and Deep
Learning, operates from the bottom-up. It learns patterns and
relationships directly from vast amounts of data.

How It Learns: A Bottom-Up Flow

lml _y | "BlackBox" | _, @

Vast Dataseis Prediction
Model
(Images, Text, o (Learned
Numbers) (€., Neura Patterns)
Network)

Instead of being given rules, Data-Driven Al is trained on examples. It finds the
hidden correlations within the data to make future predictions.



Symbolic Al: Input Dependency Data-Driven Al: Input Dependency

B Human Expert Knowledge Raw Data Requirement B Raw Data Requirement W Explicit Rules

This approach relies heavily on human expertise to build its knowledge base, i effectiveness is directly tied to the quantity and quality of data it's trained on,

requiring relatively little raw data to operate. making it a data-hungry paradigm.
13



Head-to-Head Comparison

Each Al paradigm exhibits a unique profile of strengths and weaknesses. This radar
chart visualizes their relative capabilities across key attributes, revealing their
complementary nature.

] Ssymbolic Al [[] Data-Driven Al
Interpretability
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Bridging the Divide: The Rise of Neuro-Symbolic Al

To overcome the limitations of each paradigm, the field is converging on hybrid models.

MNeuro-Symbolic Al (NSAI) integrates the structured reasoning of Symbolic Al with the
adaptive learning of Data-Driven Al

&3

Symbolic Al a-Driven Al

(Reasoning®&  =arning &
Logic) srception)

Neuro-Symbolic Al

Robust, Explainable & Generalizable
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Neuro-Symbolic Al in Action

Hybrid systems are already delivering significant value in critical, high-stakes domains

b

Trustworthy Healthcare

Integrates medical knowledge (rules) with diagnostic
patterns from images (data) to provide accurate,
explainable diagnoses, such as in diabetic retinopathy
classification or drug discovery.

where both performance and trust are non-negotiable.

&

Advanced NLP

Powers question-answering systems that can perform
common-sense reasoning, using knowledge graphs
(symbolic) to validate and structure information
generated by LLMs (data-driven).

Visual Question Answering

Combines object recognition (data-driven) with logical
reasoning (symbolic) to answer complex questions
about an image, such as "What color is the car to the
left of the big tree?".
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L

getting computers to learn w;thout
being explicitly programmed.”
5 Arthur Samuel, 1959,




Artificial Intelligence
Al involves techniques that equip computers to

[Machine Learning
ML is a subset of Al, uses advanced algorithms to
detect patterns in large data sets, allowing

Deep Learning

DL is a subset of ML which uses neural networks
in-depth data processing and analytical tasks.

DL leverages multiple layers of artificial neural

networks to extract high-level features from raw

input data, simulating the way human brains
perceive and understand the world.

Generative Al

Generative Al is a subset of DL models that
generates content like text, images, or code based
on provided input. Trained on vast data sets, these
models detect patterns and create outputs without
explicit instruction, using a mix of supervised and
unsupervised learing.

[ GENERATIVE Al ]

c

J

Text
Generation

Q&A,
ummarization




Branches of Al Types, applications and techniques

Sentiment Analysis

M Text Analysis

Unsupervised Leaming

Healthcare

/

Autonomous Vehicles

I Image Segmentation

I Image Classification I




A Journey Through Time: The Evolution of Al

The history of Al is a story of ambitious ideas, remarkable breakthroughs, and periods of challenge known as "Al Winters.” From early theoretical concepts to today's
powerful models, the journey has been driven by the relentless pursuit of machine intelligence, powered by growing computational power and vast datasets.

1950s: The Dawn of Al
Alan Turing proposes the "Turing Test" to evaluate machine intelligence. In 1956, the term "Artificial Intelligence” is coined at the Dartmouth Conference, marking the formal birth of
the field.

1960s: Early Successes
The first industrial robot, Unimate, is deployed at General Motors. ELIZA, the first chatbot, is created, demonstrating early natural language processing.

1974-1980: The First "Al Winter"
Initial excitement wanes as progress slows, leading to significant cuts in research funding.

1980s: Rise of Expert Systems Computing Powe
Al sees a resurgence with the commercial success of expert systems, which mimicked the decision-making ability of a human expert in a narrow domain.

1997: A Public Milestone
IBM's Deep Blue chess computer defeats world champion Garry Kasparov, showcasing the power of reactive machine Al in complex, strategic tasks.

2010s: The Deep Learning Boom
The convergence of powerful hardware (GPUs), massive datasets (Big Data), and advanced algorithms leads to major breakthroughs. Al enters homes with voice assistants like Siri
and Alexa.

2022-Present: The Generative Al Era
The release of models like ChatGPT and DALL-E captivates the world, bringing generative Al to the mainstream and sparking an unprecedented wave of investment and A"E’f?\/ ate
interest.

— . ~
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Al Adoption Across Key Sectors

While Al adoption is growing everywhere, some industries have been faster to integrate it. The finance and healthcare sectors lead the charge, leveraging Al for critical
functions like risk management and diagnostics. Other sectors like construction and agriculture are just beginning to tap into its potential.

m%.. I|II
” [l

Ve f@«&ﬁ? s/ f'j«g{ﬁ? /7
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E

I A Adoption Rate (%)

The chart compares Al adoption rates, showing a significant gap between leading sectors and those with lower integration. This reflects differing needs, regulatory environments, and technological maturity across
industries.



Al in Action: Top Industry Use Cases

Al is not a monolithic tool; its applications are diverse and tailored to specific industry needs. In finance, it's a crucial defense against fraud and a tool for
personalization. In healthcare, it's augmenting the capabilities of medical professionals to deliver faster, more accurate care.

Financial Services Use Cases Top Al Healthcare Applications

Q

Medical Imaging Analysis

Assisting radiclogists in detecting diseases from scans with greater accuracy.

Drug Discovery
Accelerating RED by predicting the efficacy of new pharmaceutical treatments.

B Accounting I Financial Planning I Treasury Management Other

Financial firms primarily use Al for accounting automation, financial planning, and freasury management
enhancing efficiency and strategic decision-making. Robotic SI.IIQEIT

Enhancing precision and control during complex surgical procedures.
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How Al
Learns

The Cross-
Industry
Standard
Process
for Data
Mining,
known as
CRISP-DM

Business = Data
Understanding -@% Understanding

Deployment
Jik
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Collaborating with Domain Experts: The Business & Data Understanding

The initial phases of problem definition and data acquisition are profoundly shaped by insights from domain experts. Their deep understanding of the
business context, data nuances, and specific challenges is indispensable for framing the problem correctly, identifying relevant data sources, and
ensuring that the machine learning solution truly addresses a real-world need. This interdisciplinary collaboration ensures the project's relevance and
SUCCess.

Transiates &
Builds

Effective communication between these roles is vital for project success.
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The Foundation of Data

The journey begins by framing a business prablem as an ML task and
collecting relevant data. However, raw data is often messy. Data
preparation, which invalves cleaning, transforming, and engineering

features, is the most time-consuming yet critical phase, directly
impacting model performance.

s Data Preparation & Cleaning HEEE Modelng & Deployment

Up to BO% of a data scientist's ime can be spent on data preparation.
ENSIA, Algiers, Algeria.
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Detailed Steps in Data Preparation

Detailed Steps in Data Preparation

Feature Engineering & Extraction

Data Cleaning

Data Transformation
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Detailed Steps in Data Preparation

« Data Cleaning: Addressing imperfections in raw data.

**Handling Missing Values:** Fill with mean, median, mode, or remove rows/columns.
**Removing Duplicates:** Identify and eliminate redundant records.
**Correcting Errors:** Fix inconsistencies, typos, and format issues.

« Data Transformation: Converting data to a suitable format for models.
**Encoding Categorical Data:** Convert text categories (e.g., "Red”, "Green") into numerical representations (e.g., One-Hot Encoding, Label
Encoding).
*xScaling Numerical Features:** Standardize numerical ranges (e.g., Min-Max Scaling, Standardization) to prevent features with larger values from
dominating the model.
**Date/Time Handling:** Extract meaningful components like day of week, month, or year from timestamps.

» Feature Engineering & Extraction: Creating new variables or transforming existing ones to enhance model learning. This is often an iterative,
domain-driven process.

Feature Extraction: Deriving new, more informative features from raw data, often reducing dimensionality while preserving key information.

Example 1 (Text Data): From a customer review, extract features like "sentiment score," "number of negative words," or "presence of keywords related to product

e o R s e R e s e
aeiecis. 1nese new ieawures dre mor

= L

directiy usabie by a modei than the raw iexi.

Example 2 (Image Data): For facial recognition, instead of using raw pixel values, feature extraction might involve techniques to identify "edge detections," "corner
points,” or "texture patterns” which represent the unique characteristics of a face more effectively.

Example 3 (Time Series): From a raw sales time series, extract features like "moving average over last 7 days," "lagged sales from previous month," or "day of the week"
to capture trend, seasonality, and cyclical patterns.

**Feature Creation:** Combining or manipulating existing features (e.g., "age * income’ for an interaction term).

**Dimensionality Reduction:** Techniques like PCA (Principal Component Analysis) to reduce the number of features while retaining most of the
variance, especially useful for high-dimensional datasets.
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e.g.: The domain expert said that the ratio for the ink
used by the machine will be in good state if:

e Temperature / Viscosity ratio reference:

R = (70 - Temperature) / Viscosity =9

e Distance to reference:

R —9
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The Strategic Model Selection

Before training, a crucial decision must be made: which model
architecture to use? This is not about finding the most complex model,
but the right one. It's a strategic trade-off between competing factors

like accuracy, speed, and how easily the model's decisions can be
explained.

0 10 20 30 40 S0 60 70 80 90 100

Balancing trade-offs is key to choosing a suitable model.

ENSIA, Alglers, Algeria.
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Matching Models to Problems

Different problems require different types of models. The choice is quided by the desired output, from predicting a continuous value like a price
(Regression) to assigning a category like 'spam' or 'not spam' (Classification). Here's a simplified guide:

Problem Type Goal Example Models

Classification Predict a category Logistic Regression, SVM, Random Forest, Neural Networks
Regression Predict a continuous value Linear Regression, Decision Trees, Neural Networks
Clustering Group similar data k-Means, Hierarchical Clustering, DBSCAN

Time Series Forecast future values ARIMA, Prophet, LSTMs (RNNs)
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Hyperparameter Tuning: Optimizing Model Performance

Beyond the data and the chosen model, hyperparameters are crucial external settings that dictate how a model learns and its overall performance. Fine-
tuning these can significantly improve a model's accuracy and efficiency. This process involves experimenting with different values for parameters like
learning rate, batch size, or regularization strength to find the optimal combination.

100

95

A

&

[4]

Model Acauracy (%)
B

0.0001 0.001 00 01 1.0
Leaming Rate (Hyperparameier)

Impact of a hypothetical hyperparameter (e.g., Learning Rate) on Model Accuracy.

* Learning Rate: Controls how much the model adjusts its weights with respect to the loss gradient. A rate too high can cause the model to overshoot
the optimal solution, while too low can lead to slow convergence.

« Batch Size: The number of samples processed before the model's internal parameters are updated. Larger batch sizes can provide a more stable
estimate of the gradient, but require more memory. Smaller batch sizes can lead to more noisy updates but may help escape local minima.ivate Wind
» Regularization Strength: A technique used to prevent overfitting by adding a penalty to the loss function for complex models. Tuning its strengthto -
helps balance model complexity and qeneralization.



Training & Learning Paradigms

This is where the "learning" happens. The model adjusts its internal
parameters on training data to minimize error. The approach depends
on the data: Supervised learning uses labeled examples, Unsupervised
finds patterns in unlabeled data, and Reinforcement learns through trial
and error.

s Supervised Leaming s Unsupervised Leaming s Reinforcement Learning
Prevalence of different learning paradigms in industry applications.
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| Evaluating Performance Key Classification Metrics & Trade-offs:
» Precision: Measures how many of the positive predictions made
A model is only as good as its performance on unseen data. Evaluation by the model are actually correct.

uses a variety of metrics to provide a holistic "report card." A model WD FRRONIE IS O ORI e deeionT et
minimize false positives (legitimate emails marked as spam). A high precision

might have high accuracy but low precision, making a multi-faceted means very few non-spam emails are incorrectly flagged. Users would rather

view essential to truly understand its strengths and weaknesses. e
* Recall: Represents the ratio of correctly predicted positive

: Model A Performance instances to the total actual posmv? _mstances, indicating how well
the model captures all relevant positive cases.
Ammi When Recall is More Important: In **medical diagnosis of a serious disease**,

you want to minimize false negatives (failing to detect the disease when it's
present). A high recall means almost all cases of the disease are identified,
even if it leads to some false alarms that can be further investigated.

Precision * F1Score: The harmonic mean between precision and recall,
| providing a balanced measure.
* Accuracy: Ratio of correct predictions to total, can be misleading
in imbalanced datasets.
» Logarithmic Loss (Log Loss): Penalizes false classifications,
; ; requiring probability assignment.
F1-Score Recall » Area Under Curve (AUC): For binary classification, measures
classifier's ability to distinguish classes.
« Confusion Matrix: Visualizes performance with True Positives,
True Negatives, False Positives, False Negatives.

Comparing a hypothetical classification model's performance across key metrics.

AP 1

Fourth edition of the Industrial Engineering and Maintenance department scientific day, GIM, JSGIM’25, June 18th, 2025, ENSTA, Algiers, Algeria. 33



Key Regression Metrics:

For regression problems, where the model predicts a continuous
numerical value, different metrics are used to quantify the prediction
error. These metrics help understand the magnitude and nature of the
discrepancies between the predicted and actual values.

8

2 8 8 8 &

g 8

o

MAE (Units) MSE (Unils®) RMSE (Units) R* Score

Hypothetical performance of a regression model.

* Mean Absolute Error (MAE): The average absolute difference
between predicted and actual values.
Example: If MAE for house price prediction is $10,000, on average your
predictions are off by $10,000.
» Mean Squared Error (MSE): The average of the squared
differences between predicted and actual values. Penalizes larger
errors more heavily.
Example: Useful when large errors are particularly undesirable, as squaring
them magpnifies their impact.
* Root Mean Square Error (RMSE): The square root of MSE, putting
the error back into the same units as the target variable.

- If RMSE for temperature forecasting is 2°C, your typical prediction
error is 2°C.
* R?-Score (Coefficient of Determination): Represents the
proportion of variance in the dependent variable that can be
predicted from the independent variables. Values closer to 1indicate
a better fit.

Example: An R? of 0.8 means 80% of the variation in house prices can be
explained by your model's input features.
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Deployment, Monitoring, and Retraining

Deployment is not the end. In the real world, data changes, and a model's performance can degrade over time—a phenomenon called "model drift." A
study by MIT, Harvard, and Cambridge found that 91% of machine learning models degrade over time in industrial settings. This "Al aging" means that
even after initial retraining (as seen in some real-world practices, accuracy can drop by around 9%), continuous monitoring is crucial. It detects this
decay, triggering the feedback loop to retrain the model with fresh data, ensuring it remains accurate and relevant. This is the essence of the iterative
lifecycle.

100

95
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&
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Quantifiable Benefits: The ROI of Al

The integration of Al delivers tangible returns, significantly enhancing performance, reducing
costs, and fostering innovation. These benefits underscore why Al is becoming an
indispensable tool for competitive advantage in modern engineering.

7 9 ®

Enhanced Performance & Efficiency Reduced Downtime Cost Reduction

Al optimizes processes, improves precision, and Predictive maintenance, powered by Al, can reduce Optimized design cycles (e.qg., 1000x faster simulation)
automates tasks, leading to significant gains. Robotic unplanned equipment downtime by up to 40%, saving and energy savings (up lo 20%) contribute to lower
task efficiency can improve by ~30%. costs and improving reliability. operational costs.

v

Improved Quality & Consistency Enhanced Decision-Making Increased Autonomy & Productivity

Al-driven inspection and process control minimize Al provides real-time data insights, supporting better Al enables systems to operate with minimal human
defects and ensure higher, more consistent product strategic and operational decisions for continuous intervention, automating repetitivetasks and boosting
standards. improvement. overall productivity.




Spotlight: Al in Mechatronics

Al is revolutionizing mechatronic systems by embedding intelligence into machines. This
enables advanced capabilities in robotics, autonomous vehicles, and smart control systems,
leading to more adaptive, efficient, and safer operations.

~30% ~40% s o
Enhanced Autonomous Navigation &
Path Planning) Detection] Perception

Improvement in Rebotic Task Efficiency (via Al Reduction in System Downtime (via Al Fault Smarter, Athﬂﬂ\ré Conirol Systems

Key Application Areas:

+ Intelligent Robotics & Automation: Al empowers robots with perception and decision-making for complex tasks and human-robot collaboration. Example: Cobots in automotive
assembly.

+ Autonomous Vehicles: Al algorithms (especially computer vision and deep learning) enable self-driving capabilities in cars, drones, and AGVs for navigation and safety.

« Smart Control Systems: Al optimizes control loops in dynamic systems (e.g., industrial machinery, HVAC), improving precision, energy efficiency, and stability beyond traditional
methods.

+ Advanced Human-Machine Interfaces (HMI): Al facilitates intuitive interaction through gesture recognition and voice commands, making complex systems easier to operate.
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Spotlight: Al in Industrial Engineering

In industrial engineering, Al acts as a powerful catalyst for optimizing complex operations,
enhancing predictive capabilities, and driving strategic decision-making. Its applications span
the entire value chain, from production floors to supply networks.

Key Application Areas:

+ Manufacturing & Production Optimization: Al algorithms streamline workflows, optimize resource allocation, and enhance precision, improving throughput and reducing waste.

Supply Chain & Logistics: Al enhances inventory management, demand forecasting, and route optimization for more resilient and cost-effective supply chains.

Quality Control & Inspection: Al-powered vision systems automate defect detection with superior speed and accuracy, ensuring consistent product quality.

Predictive Maintenance: Al analyzes sensor data to predict equipment failures, enabling proactive maintenance, minimizing downtime, and extending asset lifespan. This is a highly
impactful application.

Energy Management: Al systems optimize energy consumption in industrial facilities, leading to significant cost savings and supporting sustainability goals.
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Al-Tuned Robotics Performance

: Before Gendl D After Gendl
osh ERcney Mechatronics

100

In mechatronics, Al is the key to creating truly intelligent machines. It generates optimal
control algorithms for autonomous systems, designs complex robotic paths for

Energy Use manufacturing, and enables the seamiess integration of mechanical, electronic, and
software components.

~ Robotic Path & Behavior Generation

» Control Systems Tuning

» Integrated Component Design

Payload Capacity Cycke Time

GenAl optimizes multiple performance parameters for robotic systems simultaneousty.
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Navigating Key Challenges in Al Adoption

Despite the compelling benefits, the path to successful Al implementation is fraught with
challenges. Addressing these hurdles proactively is crucial for unlocking Al's full potential in
engineering domains.
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https://open.hpi.de/courses/profitableai2024
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1. Data Quality

The foundational challenge. Flawed data leads to
flawed Al, eroding trust and causing potentially
catastrophic failures. The "garbage in, garbage out”
principle is amplified in safety-critical engineering

fields.
B Missing Vahes & Muttimodal Data
i ko i
[r— A -y of
Concept D""- SmalliSparse Failed Dats

Nistacats

The chart above illustrates the primary components of poor
data guality. Incomplete or noisy data is a pervasive issue,
while the complexity of integrating diverse data types presents
a significant technical hurdie.

2. Data Availability

Even if data is of high guality, accessing it is another

major barrier. Proprietary concerns, high acguisition

costs, and incompatible legacy systems create data
silos that stifle Al innovation.

Proprietary &
Sensitive Data

Integration with
Lepacy Systems

High Cost of
Diata Acquisiion

Scarcity of

=]

20 40 B0 ED 100

This chart ranks the major barriers to data avallability. The
highly sensitive and proprietary nature of engineering data is
the most significant impediment, followed closely by the
challenge of integrating Al with cutdated legacy systems.

3. Data Bias

Al models can inherit and amplify human biases
present in training data, leading to unfair, unethical, and
discriminatory outcomes. This is a critical challenge for

responsible Al deployment.

Historical & Societal Bias

l

Biased Training Data

&

Al Model Training

Biased & Unfair Predictions

The flow diagram shows how bias insidiously enters the Al
pipeline. It starts with existing societal prejudices, infects the
training data, and results in Al systems that perpetuate and
even amplify those same unfair biases.
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Statistical fairness metrics are essential tools for auditing Al systems and quantifying disparities in their outcomes.
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The Path Forward: A Framework for Mitigation

Addressing these challenges requires a multi-layered approach, starting with a strong foundation of
data governance and moving towards ethical oversight. Each layer builds upon the last to create a
robust and trustworthy Al ecosystem.

3. Bias Mitigation & Ethical Frameworks

Implement fairness metrics, debiasing algorithms, and establish
clear governance with human oversight to ensure responsible and
equitable Al.

2. Data Availability & Integration
Strategies
Use synthetic data generation, transfer learning, and

modern data integration platforms to overcome data
scarcity and legacy system hurdles.

1. Comprehensive Data
Governance & Quality
Assurance
The foundation. Establish rigorous
data preprocessing, validation, and

continuous monitoring to ensure data
is clean, consistent, and reliable.
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The Three Pillars of Al Infrastructure

The choice of infrastructure is a critical decision dictated by latency needs, data privacy,
and computational demand. Engineering Al applications typically rely on one of three core
paradigms, each with distinct trade-offs.

[ edge [ Cloud/Hybrid ] On-Premise
Low Latency

Offling Reliability Data Privacy

OpEx-Friendly Cost Scalability

This radar chart compares the three main infrastructure paradigms across five critical engineering attributes. The further a point is from the center, the strenger, the paradigm|
is in that category. It clearly illustrates that Edge excels at real-time, private processing, while the Cloud provides unmatched scalability, and On-Premise offers a controlied
middle-ground. TS )
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Sizing Your Solution: Hardware at Scale

Al initiatives evolve from simple prototypes to complex, production-grade systems. The
underlying hardware must scale accordingly to prevent bottlenecks and ensure efficiency
at every stage. Below is a visualization of typical hardware requirements as projects
mature.
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The Human + Machine Pipeline

In safety-critical engineering, Al is not a replacement but an enhancement for human
expertise. The "Human-in-the-Loop" (HITL) architecture is a fundamental design
principle, creating a continuous feedback loop that ensures accuracy, safety, and trust.
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The Future Horizon: Emerging Trends in Industrial Al

The field of Al in engineering is continuously evolving. Several key trends are shaping the
next wave of innovation, promising even more intelligent, autonomous, and interconnected

15 Edge A

Processing Al algorithms directly on devices (e.g.,
sensors, robots) rather than relying on centralized

cloud infrastructure, This enables real-time decision-

making, reduces latency, and enhances data privacy
for critical mechatronic and industrial applications.

industrial systems.

() Explainable Al (XAl

Developing Al models whose decisions can be
understood by humans. Crucial for building trust and
ensuring safety and accountability in critical
engineering systems, especially In autonomous
operations and diagnostics.

@ Human-Robot Collaboration

Advancements in Al are enabling more seamless and
saler collaboration between humans and rabots
(cobots) on factory floors and in various mechatranic
systems, combining human ingenuity with robotic
precision and endurance.
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Core Al Technologies Powering the Revolution

A diverse set of Al algorithms and techniques underpins the advancements in mechatronics
and industrial engineering. Understanding these core technologies is key to appreciating their
transformative potential in soclving complex engineering challenges.
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Tailored AI Algorithms for Mechatronics

PID Control with AI Tuning

e]

Justification: PID (Proportional-Integral-Derivative) controllers are foundational in robotics and automation.
Al enhances PID tuning by automatically optimizing parameters for stability and responsiveness in dynamic
environments, improving control precision.

Example: An Al algorithm can continuously adjust the PID parameters of a robotic arm's joint motors in real-
time to maintain smooth and accurate movement despite varying loads or external disturbances.

Adaptive Neuro-Fuzzy Inference System (ANFIS)

o

Justification: Mechatronics often deals with nonlinear and uncertain systems (e.g., robotic arms or sensor-
driven actuators). ANFIS combines neural networks and fuzzy logic to handle imprecise inputs and adapt in
real-time, making it robust for complex control.

Example: ANFIS can be used in an autonomous drone's flight control system to adapt to changing wind
conditions or payload variations, ensuring stable flight even with uncertain environmental inputs.

Reinforcement Learning (RL)

o

Justification: RL is ideal for scenarios where robots learn to perform tasks by interacting with the environment
and receiving feedback, enabling them to discover optimal strategies through trial and error.

Example: Teaching autonomous drones or robotic arms optimal motion sequences for complex pick-and-place
tasks in a warehouse. The robot learns through rewards for successful actions and penalties for errors, iteratively
improving its movements.

Computer Vision (e.g., Convolutional Neural Networks - CNNs)

o

Justification: Essential for perception in robotics, enabling object tracking, gesture recognition, navigation, and
environmental understanding. Deep learning models like CNNs interpret complex visual data for real-time
decision-making.

Example: A robot navigating a factory floor uses CNNs to identify obstacles, distinguish between different
types of objects, and recognize human workers, allowing it to move safely and efficiently.
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Tailored Al Algorithms for Industrial Engineering

Genetic Algorithms (GA) & Swarm Intelligence (e.g., PSO, ACO)

o

Justification: Excellent for solving complex optimization problems with vast solution spaces.
They are inspired by natural processes and are efficient for decentralized and dynamic
optimization.

Example: Optimizing facility layouts to minimize material handling distances, or determining the
most efficient routing for a fleet of delivery vehicles to reduce fuel consumption and delivery
times.

Predictive Analytics (e.g., Random Forests, Gradient Boosting Trees)

o

o

Justification: Industrial engineering relies heavily on forecasting (maintenance needs, demar « 1S N S 8
supply chain bottlenecks). Machine learning models predict future events based on historical dat ‘. " St
Example: Predicting equipment failure based on sensor data (e.g., vibration, temperature)

schedule proactive maintenance, or forecasting demand surges for specific products to optimize

inventory levels.

......

Deep Learning for Quality Control (e.g., Convolutional Neural Networks - CNNs)

e}

Justification: Vision systems in manufacturing lines inspect products with high precision. CNNs
detect surface defects, anomalies, or non-conformities faster and more accurately than traditional
methods.

Example: Automatically inspecting circuit boards for repairing defects or identifying microscopic
cracks in manufactured components, ensuring only high-quality products proceed.
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Tailored AI Algorithms for IE & Mechatronics

Artificial Neural Networks (ANN)

(e]

Justification: Versatile and capable of handling nonlinear systems. In mechatronics, they can model complex robot dynamics; in
industrial engineering, they predict trends or anomalies in operations.

Example: In mechatronics, ANNs can learn the inverse kinematics of a robotic arm for precise control. In industrial engineering, they
can predict energy consumption patterns in a factory.

Support Vector Machines (SVM)

(e]

(@]

Justification: High accuracy in both classification and regression tasks, making them useful for defect detection, fault diagnosis, and
system identification in both fields.

Example: Classifying sensor data to diagnose specific machine faults (mechatronics) or identifying defective products on a production
line (industrial engineering).

Decision Trees

(e]

Justification: Simple yet effective for classification and regression. Used in failure diagnostics in machines (mechatronics) or decision-
making in production systems (industrial engineering) due to their interpretability.

Example: Creating a decision tree to identify the root cause of a robot malfunction based on sensor readings, or to determine optimal
production parameters based on quality outcomes.

K-Means Clustering

(e]

Justification: Groups similar data points, useful for identifying patterns in large datasets. Applicable in sensor data analysis
(mechatronics) and customer/product segmentation or process analysis (industrial processes).

Example: Grouping similar operational states of a machine based on sensor data to identify normal vs. anomalous behavior
(mechatronics), or segmenting production batches based on quality metrics (industrial engineering).



MECH

Generative Design
VAES

Control Systems
Optimationation
Reinforcement Learning

Sim2Real Transfer
GANs

Fault Detection -
and Prognostics
Transformer Models

Computer Vision
for Robotics
Diffusion Models AS

GLMs

Fo

GenAl Algorithms

in Mechatronics and

Industrial Engineering

VAEs: Variational Autoencoders

GAN: Generative Adversarial Network
GLM: Generalized Language Model

IE

Process Simulation
and Optimization

Genetic Programming, GANs

Demand Forecasting

and Scheduling
LLMs

Digital Twin
Enhancement
Diffusion Models, GANs

Human-Machine

Interaction Modeling
LLMs, RLHF

Intelligent Report
Generation
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RLHF: Reinforcement Learning from Human Feedback
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LLMs: Large Language Models

LLMs are deep learning models trained on massive text datasets to understand, generate, and manipulate
human language. Examples include GPT, Claude, Gemini, and LLaMA.

Link with GenAl
LLMs are core enablers of Generative Al in language-related tasks. They can:

* Generate coherent text, code, summaries, reports, and instructions.

* Translate, converse, or answer questions with context awareness.

* Be combined with other Al systems (e.g., digital twins, robotics, optimization engines) to generate
context-specific responses, plans, or documents.

» Inindustrial engineering: LLMs generate reports, simulate operator instructions, or analyze process
logs.

» In mechatronics: They support robot instruction generation, fault diagnostics, or voice-based interface
generation.
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Algorithms that can generate images, audio, designs, motion, 3D models, control

Algorithm Type

GAN

VAE

Diffusion Models

RL Agents

strategies, and more — without relying on language.

Input

Random noise

Latent vectors

Noise

Environment

Output

Realistic images/designs

Signal/images/component
S

Images/textures/scenes

Optimized
actions/sequences
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Field Example

Part design, defect
simulation

Process modeling,
synthesis

Visual inspection, 3D
assets

Robot control, task
scheduling
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Cons of GenAl

 Someone has to be responsible of what Al has generated (quality
control, GenAl is not 100 % accurate)

* Overreliance on GenAl and Degradation of skills (which makes the
quality control more challenging)

* Security, privacy, copyright concerns

* General output not specific to the context (depends on prompt
engineering skills)

* Engineers have to adapt to new technologies as they evolve
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Industrial Maintenance projects show the highest Al integration (55.2%), leveraging Al for predictive capabilities.
Mechatronics (33.3%) applies Al for intelligent control and robotics, while Industrial Engineering (25.0%) uses Al for
process and business optimization.

1
oL
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Al Market Trends in Engineering Sources
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Some quotations on AT to conclude this presentation..

"Artificial intelligence is the new electricity."
Andrew Ng, Co-founder of Google Brain

"The greatest benefit of AL is that it allows us to focus on the truly human

parts of our work, like creativity, empathy, and strategic thinking."
Kai-Fu Lee, AI Expert and Author

"AI is not about replacing engineers; it's about amplifying their abilities to

design and build better systems.”
Jeanette Wing, Computer Scientist and AT Researcher
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