Chapter 05: Unsupervised Learning

€ Introduction to Unsupervised Learning

Unsupervised Learning is a type of machine learning where a model is trained on data without labeled

outputs. Unlike supervised learning (where each input has a known target). here the algorithm must discover

patterns, structures, or relationships on its own.

Supervised learning: each
training example has a
ground truth label. The model
learns a decision boundary
and replicates the labeling on
new data.

Unsupervised learning:
training examples do not
have ground truth labels. The
model identifies structure
such as clusters. New data
can be assigned to clusters.

- "'_:?}: Eﬂi . '_.::';_..-?_:_:' . ":ﬁ::'l:.--f__'
-, B, e mo—e
oW
ooz,
Training data Resulting model Applied to new input

@ 1. Definition of Clustering

Clustering is an unsupervised learning technique used to group data points into clusters such that:

¢+ Points in the same cluster are similar

¢« Points in different clusters are dissimilar

7 Unlike supervised learning, there are no labels provided.
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Labelled Clusters
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€ 2. Mathematical Idea of Clustering

Let a3 dataset be:
d
X ={x1,x0,...,2,}, xR
We want to divide it into K clusters:

C = {{:'11. CE-; ---:CH}

Objective:
Minimize intra-cluster distance and maximize inter-cluster distance

s Example: K-Means Objective Function
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7 This is the Euclidean distance, widely used in engineering problems.

€ 3. Intuition

Clustering tries to answer:

“Which data points naturally belong together?”

Example:

« Similar voltage-current patterns — same load type

s Similar signal shapes — same system behavior
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@ 4. Electrical Engineering Example (with Solution)

4% Problem: Load Type Identification

You measure electrical loads with:

« Voltage V'
o Current J
Dataset:
Load Voltage (V) Current (A)
L1 220 2.0
L2 230 2.2
L3 110 5.0
L4 113 4.8

@ Step 1: Represent Data
a1 = (220,2.0), z2 = (230,2.2)
a3 = (110,5.0), x4 = (115,4.8)
@ Step 2: Apply Clustering Idea

We expect 2 clusters:

» Cluster 1: High voltage, low current

s Cluster Z: Low voltage, high current
@ Step 3: Compute Distance Example

Distance between L1 and L2:

d = /(220 — 230)2 + (2.0 — 2.2)?
d = /100 + 0.04 = +/100.04 =~ 10

7 Small distance — same cluster

Distance between L1 and L3:

d = /(220 — 110)2 + (2.0 — 5.0)?
d = /12100 + 9 = +/12109 = 110

r Large distance — different clusters
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@ Step 4: Final Clusters

s« Cluster 1: L1, L2 — (Resistive loads)
« Cluster 2: L3, L4 — (Inductive loads)

@ 5. Interpretation (Engineering Insight)

Clustering helps to:

* |dentify types of electrical loads
¢ Detect abnormal behavior
* Group similar signals or faults

import numpy as np
from sklearn.cluster import KMeans

# Data: Voltage, Current
X = np.array([
228, 2.@],
23@, 2.2],
118, 5.@],

[
[
[
[115, 4.8]

D

# Apply K-means

kmeans = KMeans(n_clusters=2, random state=8) Installing packages
kmeans. fit({X) Running code
# Resulis Cluster labels: [1 1 @ 8]
print{"Cluster labels:", kmeans.labels ) Centroids: [[112.5 4.9]
print("Centroids:", kmeans.cluster centers ) [225. 2.1]]

7] DBSCAN Algorithm (Density-Based Clustering)

@ 1. Definition

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a clustering algorithm that:
* Groups together points that are close (dense regions)
* Marks points in low-density regions as noise (outliers)

£ Unlike K-means:

« Mo need to specify number of clusters K
s (Can detect arbitrary shapes

+ Handles noise naturally
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® 2. Key Concepts
DBESCAN relies on 2 parameters:

1. € (Epsilon)

» Radius of neighborhood around a point

2. MinPts

¢« Minimum number of points required to form a dense region
Molecular localizations site

o
DBSCAN
Lal @ @ o]
o ®
0 ® 0 . ® ﬁ.
e®  MinPts=3
o @

s =-Neighborhood
N.(@:) = {z; € X | d(ai,;) < ¢}

Ne(z;) = {z; € X | d(z;, z;) < e}

s Core Point

A point x; is a core point if:
\Ne(x;)| = MinPts

¢ It has enough neighbors —+ dense region

s Border Point

« Mot a core point

« Butinside neighborhood of a core point

s Noise Point

* Mot reachable from any core point
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€ 4. DBSCAN Algorithm Steps

1. Choose a point i;

2. Compute its e-neighborhood

3. Ifit has z MinPts — start a cluster

4. Expand cluster by including all density-reachable points

5. Repeat for all points
@ 6. Electrical Engineering Example (with Solution)

45 Problem: Fault Detection in Electrical Signals

We measure;

» Voltage deviation (AV)

« Current deviation [(Al)

Dataset:

Point AV Al
P1 0.1 0.2
p2 0.2 0.1
P2 015 0.2
P4 5.0 51
P5 5.2 5.0

P& 20 . 1
@ Step 1: Choose Parameters

« £2=10.5
« MinPts =2
@ Step 2: Compute Neighborhoods

Example:

For P1:

d{Pl, P2) = \f{[].l — ﬂ.2]2 + (0.2 — '['J'.I]2 = (.14
7 Inside £ — neighbor
Similarly:

« P1, P2, P3 are close — Cluster 1
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For P4.

d(P4, P5) ~ 0.22

' Form Cluster 2
For P&:

« Far from all points — Noise

@ Step 3: Final Result
» Cluster 1: P1, P2, F3 — Normal operation
» Cluster 2: P4, P5 — Fault type A
* MNoise: Pb — Anomaly / critical fault

«r Python

import numpy as np
from sklearn.cluster import DBSCAN

# Data

X = np.array([
[e.1, @.2],
[@.2, 8.1]

. ]
[@.15, 8.2],
[5.8, 5.1],
2, 5.0

]
8]

[5' ¥ 1]

[2e, 1]
] ¢ Output example:
# DBESCAN

db = DBESCAN(eps=8.5, min_samples=2) [eeel11-1]

labels = db.fit predict(X)
e 8,1 — clusters

print{“Cluster labels:", labels) s -1 — noise

€ 11. DBSCAN vs K-Means

Feature K-Means DESCAN
MNeed K Yes No

Shape Spherical Any shape
Moise handling Poor Excellent
Speed Fast Medium
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lull 5. Code Python pour visualisation 2D
import numpy as np
import matplotlib.pyplot as plt
from sklearn.cluster import DBSCAN

# Data
A = np.array([
[e.1, @.2],
[e.2, ©.1],
[e.15, @.2],
[5.e, 5.1],
[5.2, 5.8],
[2e, 1]
)
# DESCAN
db = DBSCAN{eps=8.5, min_samples=2)
labels = db.fit_predict(X)
# Plot
plt.figure()

for label in set{labels}:
cluster = X[labels == label]
if label == -1:
plt.scatter{cluster[:,@], cluster[:,1], color="red", marker="%", s5=180, label='Noise')
else:
plt.scatter{cluster[:,8], cluster[:,1], s=38, label=f'Cluster {label}")}
plt.xlabel("aV (Voltage variation)™)
plt.ylabel("AT (Current variation)")
plt.title("DBSCAN Clustering - Electrical Data")
plt.legend()
plt.grid()
plt.show()

Initializing environment
Installing packages
Running code

DBSCAN Clustering - Electrical Data
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