K-MEANS VS DBSCAN
CLUSTERING ALGORITHMS

Presented by : Swathi Bangalore Satish, Fatima Bowers, Prapti Bhatt



Test Questions E] E]

1. Who introduced the term K-Means?

2. What is the time complexity of K-Means?
3. What are the hyperparameters for DBSCAN?

https://forms.gle/JgkVaA1xeXbaXREu8
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Clustering

* Unsupervised Learning - A type of machine learning that finds patterns or structure in
unlabeled data without using predefined output labels.
 Clustering is a type of unsupervised learning
— It groups similar data points together.
— Similarity is based on shared features or distance.
— Used to discover natural groups in data.

Unlabeled Data Patterns & Structure Discovered
o @ @ Unsupervised a ® N N ; N
2 U Learning Model / \ / \
) © | @ @ ®

@ @ 2D o ®
No labels or categories The model finds natural groups

are provided. or patterns in the data.




Centroid-based and Density-based clustering

* Forms clusters around a central point called a centroid

e Example: K-means

* Forms clusters based on dense regions of data points

e Example: DBSCAN

A N
(" DBSCAN Algorithm )




History




1956
Hugo Steinhaus

History ot K-Means

e 1956: Hugo Steinhaus proposed an early clustering idea based on
1957

grouping points by closeness. Stuart Lioyd
e 1957: Stuart Lloyd developed the iterative centroid-based procedure
used in modern K-means. 136
/ / E.W. Forgy

e 1965: E. W. Forgy published a similar clustering method.
* 1967: James MacQueen introduced the term “K-means” in his paper

\ 1967
/ James MacQueen

Some Methods for Classification and Analysis of Multivariate

Observations.

Some Methods
for CIassiﬁcation and

e Qver time, K-means became one of the most widely used Anslysis of i o

SerVati0ns

partitioning clustering algorithms in machine learning and data e

5 May 1967

analysis.




History ot DBSCAN 1996
Martin Ester
« 1996: DBSCAN was introduced by Martin Ester, Hans-Peter
Kriegel, Jorg Sander, and Xiaowei Xu. 1996

* |t was proposed in the paper: Hans-Peter Kriegel

“A Density-Based Algorithm for Discovering Clusters in Large
Spatial Databases with Noise.”

« DBSCAN was designed to solve problems where traditional
clustering methods struggled with:
— irregular cluster shapes
— noise and outliers
— large spatial datasets A Dty g

Algorithm for Discovering

1996
Joérg Sander

1996
Xiaowei Xu

. . Clusters arge Srap:
* Unlike K-means, DBSCAN does not require the number of Ditsbses wigy Pl
clusters in advance. e
ORG SANDER

XIAowg xyy

1996

* |t became one of the most important density-based clustering
algorithms in data mining and machine learning.
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Algorithms




What is K-Means?

e Centroid-Based Clustering Algorithm

e An unsupervised learning algorithm that
partitions n data points into K clusters.

e Each point belongs to the cluster with the
nearest centroid (mean).

Objective Function

e Minimize WCSS:

J =K IxECi ||x — pil|?

Key Terms

K: Number of clusters (you choose!)
Centroid: Center point of a cluster
WCSS: Within-cluster sum of squares
(minimize this!)

J: Total error to minimize
K: Number of clusters
Ci: Points in cluster i

x: A data point
ui: Centroid of cluster i
|IX = pil|?: Squared Euclidean distance
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How K-Means Works

Step 1: Initialize
Randomly place K centroids in the data space.

. Fiali et

These are starting guesses. Initial ata

Step 2: Assign °%°
v e

Formula: ¢i = argmin ||x — pJ||3 €{1,...,K} o
Each point calculates distance to all centroids

and joins the nearest one's cluster.

Step 3: Update

Formula: pi = (1/|Ci]) £ x €C;

Recalculate each centroid as the mean (average

position) of all points in its cluster.

Step 4: Repeat

Go back to Step 2. Stop when centroids don't

move anymore (convergence).



Choosing K & Complexity

How to Choose K? The Elbow Method Time Complexity
O(nxKxdxi)

1. Run K-Means forK =1, 2, 3, ...

2. Plot WCSS vs K Space:

3. Find the 'elbow' : where adding clusters stops O((n + K) x d)

helping

= pOi = = dimension
600- n = points, K = clusters, d = dimensions,

| = iterations
500
400
WCSS 0 ] Key Properties
200- Fast : linearin n
100- Guaranteed to converge
0 . : I ; ; ; 1

1 2 3 4 5 6 7
K (No. Of clustering)
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Why K-Means Struggles

Original Data K-Means
(Concentric Rings) (Splits rings in half!)
NRETR AL X I
e Assumes spherical clusters only: Real 5| 8% gad PR
. e e
data often has irregular shapes o S € o
> 00 03 o J !. >
e &
05— 8% O?w )4
e Must choose K upfront: How do we "% o
. ° L2
know how many clusters exist? 10 L AN

-1.0 -0.5 0.0 0.5 1.0

e Sensitive to outliers: One outlier can
distort the centroid.

Solution: DBSCAN
e Can't handle non-spherical data: Splits

ring/moon shapes incorrectly! Finds clusters of ANY shape
No need to specify K
Handles outliers as 'noise'

17




What is DBSCAN? < gerting,

0.5 dp.f.ar? 0&, o
"y $ =
> 00 6@;@ ,‘? ;
X "QQ O b\' m‘r
. 05 o% o —l@'hh s o
e Density-Based Spatial Clustering of Applications . Y P
With NOise -1.0 -0.5 0.0 0.5 1.0
e An unsupervised learning algorithm that clusters Hyperparameters
da’Fa into groups based on the density of data o ¢ (epsilon): maximum distance between
points two points to be considered “neighbors”
e minPts: minimum points required to form a
e Discovers arbitrary-shaped clusters and identifies dense region
outliers
Key Terms
e Does not require specitying number of clusters e &-neighborhood: region around a point

with a radius of €
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DBSCAN: Point Types

Core Point

Has at least minPts in its

e-neighborhood

Border Point

Not a core point, but within

g of a core point

£€=1
minPts = 5

Noise Point

Not a core point or a border
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5
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Step 1-2
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5

,,,,,, ~\©O
(] N

® \0®

\\

(5] \

\

.\

® o I

-~
N

22



DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

minPts = 5
©
aemem—— 3 ®e
//, o C\) (®)
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v o o ;
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\\ =] /’
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Step 3

£€=1
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5

Step 4
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5

Steps 1-2
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1

minPts = 5
i D
] *e
| ® .

‘~_—’

Steps 1-3
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DBSCAN: How it Works

Step 1: Point Selection
Select an unvisited point.

Step 2: Point Classification
Core point: create a new cluster.
Not a core point: mark as noise (tentatively).

Step 3: Cluster Expansion (Core Pts Only)
Add neighbors to the cluster.

For each neighbor: if it's a core point, recursively
add its neighbors.

Step 4: Repeat

Repeat until all points are visited.

£€=1
minPts = 5

Cluster 1

@ Cluster?2
@® Noise
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Choosing Hyperparameters & Complexity

€ (epsilon)

-+ Too small — most points become noise
- Too large — clusters merge together
- k-distance graph
— plots distance from every point to its k-th
nearest neighbor (k = minPts - 1)
— elbow point is optimal €

minPts

« Too small — many small clusters
- Too large — few large clusters

« Common methods:
— Lower bound: minPts > D + 1
— Start with minPts =2 x D

1.

1.2

=
o
1

o
()

Epsilon (Distance)
o
[e+]

©
S
L

©
N

0 20 40 60 80
Data Point Index

Time Complexity

With spatial index: O(n log n)
No index or in high dimensions: O(n?)

Space Complexity

O(n)
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Applications




K_ m ea n S Iteration 1

Centroids Compressed Image

Image Compression

- Reduce colors by replacing similar pixel
colors with a single color (centroid)

Customer Segmentation (Marketing)

- Group customers by purchase behavior,

demographics, or website activity

Document Classification (NLP)

- Groups documents by word frequency
or similar themes

31




DBSCAN

Medical Imaging Segmentation

« Detect cancerous cells based on the

density of tumor masses
Geospatial Analysis
- Identify high-density spatial regions
Network Intrusion Detection

- Flags unusual behavior as noise points

" |DBSCAN(3,15)

t
&
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Implementation
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1e6

Dataset

* OpenStreetMap: open,
community-maintained map of the whole ™

world
* Python package: OSMnx

4.300

Features Used

Latitude and longitude coordinates
— converted to projected coordinates

4.295

Y (meters)

4.290

(in meters)
Points of Interest (Amenities)
businesses, facilities, or services that

4.285

people use

Amenity Examples
 Restaurants, Places of Worship, Gas

Stations, Schools, Hospitals

-9.37

Knoxville Amenities Distribution
(1090 points)
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Methods to Evaluate & Choose K

K-MEANS

Parameter: K = 5 (Elbow Method)
Library: scikit-learn
Function: KMeans(n_clusters=5)

Elbow Method

8000
800

)
.2 6000

tance

4000

st Neighbor D

10-th Neare

2000

200

DBSCAN

Parameters: € = 800m, minPts = 15

Method 1: k-Distance Graph — ¢

Method 2: Grid Search — minPts

Library: scikit-learn

Function: DBSCAN(eps=800, min_samples=15)

k-Distance Graph for DBSCAN (k=10)

eps=800

eps=600
eps=1000 (

0 200 400 600 800 1000
Points (sorted)
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K-Means (K=5) DBSCAN (eps=800)

166 Silhouette: 0.4798 1e6 Silhouette: 0.6885, Noise: 395
e O Noisa e C8
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o ®
" 4 "
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-9.37 -9.36 -9.35 -9.34 -9.33 -9.37 -9.36 -9.35 -9.34 -9.33
X (meters) 1e6 X (meters) 1e6

e K-Means: Forces ALL 1090 points into 5 clusters (no noise detection)
e DBSCAN: Finds 13 natural clusters + identifies 395 isolated amenities as noise
e Silhouette Score: K-Means = 0.48, DBSCAN = 0.69 (44% better!)
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Evaluation: Methods & Results

Eva l uation M ethOdS K-Means vs DBSCAN: Metrics Comparison

0.833 B K-Means
[ DBSCAN

Method What It Measures 08

: How close points are to own : 0.689
Silhouette P Max (1) v
cluster vs other clusters
) Average similarity/overla . v
Davies-B S y/ P Min (])
between clusters 05

Score

Our Results

0.4

0.3

Metric K-Means ~ DBSCAN Outperforms

0.2

(ST‘)'houette 0.4798 0.6885 DBSCAN }
DEIIEHE 0.8332 0.2605 DBSCAN

(l) Silhouette Davies-Bouldin
(1 better) (| better)
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DBSCAN Map
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Open Issues

« Choosing parameters remains difficult.

Possible solution: Use methods such as the Elbow Method, Silhouette Score, or k-distance graph to

guide parameter selection.
« Handling complex cluster structures is still challenging.

Possible solution: Use improved variants such as Kernel K-means, OPTICS, or HDBSCAN to better

handle irregular shapes and varying densities.
« Scaling to high-dimensional and large datasets remains hard.

Possible solution: Apply dimensionality reduction like PCA or t-SNE before clustering, and use

distributed or approximate clustering methods for large-scale data.
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Discussion




Test Questions

1. Who introduced the term K-Means?
2. What is the time complexity of K-Means?
3. What are the hyperparameters for DBSCAN?

https://forms.gle/JgkVaA1xeXbaXREu8
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