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Abstract

The rapid growth of urban transportation systems has led to the generation of massive amounts of data, commonly referred to as big data.
This study aims to analyze transportation patterns using large-scale data obtained from the NYC Taxi Trip Records. The dataset exhibits
key big data characteristics, including volume, velocity, and variety. This research applies the K-Means clustering algorithm to group taxi
trip data based on features such as trip distance, fare amount, and trip duration. Several preprocessing techniques are performed, including
data cleaning, feature engineering, sampling, and normalization. The optimal number of clusters is determined using the Elbow Method
and Silhouette Score. The results show that the dataset can be effectively grouped into three clusters representing distinct transportation
patterns. These findings demonstrate the capability of clustering techniques in extracting meaningful insights from large-scale datasets and
highlight their potential application in urban transportation planning.
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1. Introduction

The rapid development of information technology has significantly impacted urban transportation systems, leading to the generation of
large-scale data. Taxi services, in particular, continuously produce data containing information such as trip distance, fare amount, and
travel duration. This type of data is commonly referred to as big data due to its volume, velocity, and variety. Although transportation data
holds valuable insights, analyzing such large and complex datasets remains challenging. Traditional analysis methods are often insufficient,
making data mining techniques essential for extracting meaningful patterns. One of the most effective approaches in data mining is
clustering, which groups data based on similarity without requiring labeled data.

This study utilizes data from the NYC Taxi Trip Records to analyze urban transportation patterns. The K-Means clustering algorithm is
applied to group taxi trips based on key features, including trip distance, fare amount, and trip duration. The objective of this research is to
identify meaningful patterns in transportation behavior using clustering techniques. The results are expected to provide insights that can
support data-driven decision-making in urban transportation systems.

2. Theoretical Review
2.1. Big Data Fundamentals

2.1.1. Definition of Big Data

Big data refers to datasets that are extremely large, complex, and continuously generated, making them difficult to process using traditional
data processing techniques. The concept of big data has become increasingly important in various fields, including transportation,
healthcare, and finance, where large volumes of data are generated in real time. In the context of transportation systems, data is produced
from multiple sources such as GPS devices, sensors, and transaction records. These datasets contain valuable information that can be used
to analyze patterns and improve decision-making processes.
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2.1.2. Characteristics of Big Data (5V)
Big data is commonly described using five main characteristics, known as the 5V:

Volume refers to the massive amount of data generated.

Velocity describes the speed at which data is produced and processed.

Variety indicates the different types of data formats, including structured and unstructured data.
Veracity relates to the quality and reliability of data.

Value represents the usefulness of data in generating insights.
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The NYC Taxi Trip Records satisfies these characteristics, as it contains millions of records generated continuously with diverse
attributes.

2.2. Data Mining Concepts
2.2.1 Definition of Data Mining

Data mining is the process of discovering meaningful patterns, correlations, and knowledge from large datasets. It involves the
application of statistical, mathematical, and machine learning techniques to analyze data and extract useful information. Data mining
plays a crucial role in transforming raw data into actionable insights, particularly in the era of big data.

2.2.2 Data Mining Techniques

Several techniques are commonly used in data mining, including:

Classification, which assigns data to predefined categories

Regression, which predicts continuous values

Clustering, which groups data based on similarity

Association Rule Mining, which identifies relationships between variables
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Among these techniques, clustering is particularly useful when dealing with unlabeled data.

2.3 Clustering in Data Mining
2.3.1. Definition of Clustering

Clustering is an unsupervised learning technique that groups data points based on similarity. Unlike supervised learning, clustering does
not rely on labeled data, making it suitable for exploratory data analysis. The goal of clustering is to ensure that data points within the
same cluster are highly similar, while those in different clusters are significantly different.

2.3.2. Types of Clustering

Clustering methods can be categorized into several types, including:
1. Partition-based clustering (e.g., K-Means)
2. Hierarchical clustering
3. Density-based clustering (e.g., DBSCAN)

This study focuses on partition-based clustering using the K-Means algorithm.

2.4. K-Means Clustering Algorithm
2.4.1. Basic Concept

K-Means is a partition-based clustering algorithm that divides a dataset into K clusters. Each cluster is represented by a centroid, which
is the mean value of all data points in the cluster. The algorithm aims to minimize the distance between data points and their respective
cluster centroids.

2.4.2. Algorithm Steps
The K-Means algorithm follows an iterative process:

1. Initialize K centroids randomly
2. Assign each data point to the nearest centroid
3. Recalculate the centroid of each cluster
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4. Repeat the process until convergence is achieved
2.4.3. Advantages and Limitations
Advantages:

1. Simple and easy to implement
2. Efficient for large datasets
3. Scalable

Limitations:

1. Requires predefined number of clusters (K)
2. Sensitive to outliers
3. Results depend on initial centroid selection

2.5. Cluster Evalution Methods
2.5.1. Elbow Method

The Elbow Method is used to determine the optimal number of clusters by analyzing the Within-Cluster Sum of Squares (WCSS). The
method identifies the point where the decrease in WCSS becomes less significant, forming an “elbow” shape.

2.5.2. Silhoutte Score

The Silhouette Score measures how well each data point fits within its assigned cluster. It considers both cohesion (similarity within
clusters) and separation (difference between clusters). A higher Silhouette Score indicates better clustering performance.

3. Methodology

3.1. Research Design

This study adopts a quantitative approach by applying data mining techniques to analyze large-scale transportation data. The main objective
is to identify patterns in taxi trip behavior using clustering methods. ,The research process is structured into several stages, including data
acquisition, data preprocessing, feature selection, clustering, and evaluation. Each stage is designed systematically to ensure that the results
are valid, reproducible, and scientifically reliable.

3.2. Data Acquisition
3.2.1. Dataset Source

The dataset used in this study is obtained from the NYC Taxi Trip Records, which contains large-scale records of taxi trips. This dataset
is widely used in transportation research due to its completeness and representation of real-world conditions.

3.2.2. Data Loading Process

imps pandas as pd

df = pd.read csv("
print(df.head(10)))

Fig. 1 : Data Loading Process

The dataset is loaded using the pandas library, which provides efficient data structures for handling large datasets. The read csv()
function reads the dataset file and converts it into a DataFrame format, allowing structured data manipulation. The head(10) function
displays the first ten rows of the dataset. This step is essential for verifying that the dataset has been correctly loaded and for
understanding its structure, including column names and sample values. This initial inspection helps identify potential issues such as
missing values, incorrect data types, or unexpected formats.

3.3. Data Preprocessing

Data preprocessing is a critical step in data mining, as raw data often contains inconsistencies, missing values, and irrelevant features.
Proper preprocessing ensures that the dataset is clean and suitable for analysis.
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3.3.1. Feature Engineering (Trip Duration Calculation)

Eq.to_datgtimp df[ 't

hﬁ.to_datetimp_@f "tpep
).dt.total_seconds(ﬂ

Fig. 2: Feature Engineering (Trip Duration Calculation)

This step calculates the duration of each taxi trip by subtracting the pickup time from the drop-off time. The result is converted into
seconds to ensure numerical consistency. Trip duration is an important feature because it captures the temporal aspect of transportation
behavior. Without this feature, the analysis would only consider distance and fare, which may not fully represent trip characteristics.

3.3.2. Feature Selection

| .dropnal( )

Fig. 3: Feature Selection

Feature selection is performed to reduce the dimensionality of the dataset by selecting only relevant attributes. In this study, three
features are chosen:

1. Trip Distance
2. Fare Amount

3. Trip Duration

The dropna() function removes rows with missing values, ensuring that the dataset used for clustering is complete and reliable. This step
is crucial because missing values can negatively affect clustering results.

3.3.3. Sampling Strategy

df = df.samplel(100080))|

Fig.4: Sampling Strategy

Due to the large size of the dataset, a sampling technique is applied to reduce computational complexity. The sample() function randomly
selects a subset of the data. This approach allows efficient processing while maintaining the overall characteristics of the dataset. It
ensures that the clustering results remain representative of the original data.

3.3.4. Data Normalization

scaler =
scaled data

Fig. 5: Data Normalization

Normalization is performed using the StandardScaler method, which standardizes features by removing the mean and scaling to unit
variance. This step is essential because the K-Means algorithm relies on distance calculations. Without normalization, features with
larger numerical values (e.g., fare amount) may dominate the clustering process, leading to biased results.

3.4. Cluster Optimization

Determining the optimal number of clusters is a crucial step in clustering analysis. In this study, two methods are used: the Elbow
Method and the Silhouette Score.
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3.4.1. Elbow Method Implementation

from sklearn.cluster import K

import matp
WCSS

for 1 in range
kmeans = KMeans(n_clusters=i, random_state=42, n_init=10)
kmeans . fit( ed d
wcss. append(kmeans.inertia )

plt.plot(ran
plt.title("Elbc
plt.x1label("Num
plt.ylabel ("WCSS
p1t. show|()]

Fig. 6 : Elbow Method Implementation

This code calculates the Within-Cluster Sum of Squares (WCSS) for different values of K. WCSS measures the compactness of clusters,
with lower values indicating tighter clusters. The resulting graph is used to identify the optimal number of clusters by observing the point
where the rate of decrease in WCSS slows down significantly. This point is commonly referred to as the “elbow.”

3.4.2. Silhouette Score Evaluation
from sklearn.metrics import silhouette score

for i in ra
RN
labels =
score = silhouette score(scal
print(f"K={i}, Sc cc _r”

Fig. 7: Silhouette Score Evaluation

The Silhouette Score evaluates clustering quality by measuring how similar each data point is to its own cluster compared to other
clusters. A higher score indicates better-defined clusters. This method complements the Elbow Method by providing a numerical
evaluation of clustering performance.

3.5. Clustering Implementation
3.5.1. Final Model Construction

kmeans = KMeans(n clusters=3, random state=42, n init=10)
df[ ‘cluster’] = kmeans.fit_predict(5caled”dataﬂ

Fig. 8 : Final Model Construction

After determining the optimal number of clusters, the K-Means algorithm is applied to group the data into three clusters. Each data point
is assigned a cluster label, which is stored in a new column called cluster. This label represents the group to which each trip belongs.

3.5.2. Output Preparation for Analysis
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At this stage, the dataset is fully prepared for analysis. Each data point has been assigned to a cluster, allowing further examination of
cluster characteristics in the results section.

4. Results and Discussion
4.1. Dataset Overview

The dataset used in this study has been successfully preprocessed by selecting relevant features, namely trip distance, fare amount, and
trip duration. After the preprocessing stage, the dataset is reduced through sampling to improve computational efficiency while
maintaining its representative characteristics.

The resulting dataset is clean, consistent, and free from missing values, making it suitable for clustering analysis. The addition of the
cluster label also indicates that the clustering process has been successfully applied.

4.2. Determination of Optimal Number of Clusters

4.2.1. Elbow Method Analysis

The Elbow Method is used to determine the optimal number of clusters by analyzing the relationship between the number of clusters and
the Within-Cluster Sum of Squares (WCSS).

The result of the Elbow Method is presented in Figure 9.

Elbow Method
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Fig. 9 : Elbow Method Analysis

Based on Figure 9, the graph shows a significant decrease in WCSS values from K = 1 to K = 3. After this point, the decrease becomes
more gradual, forming an “elbow” shape. This indicates that increasing the number of clusters beyond K = 3 does not significantly
improve the compactness of the clusters. Therefore, K = 3 is considered the optimal number of clusters for this dataset.

4.2.2. Silhoutte Score Analysis

To further validate the selection of the optimal number of clusters, the Silhouette Score is calculated for different values of K.

The results show that the Silhouette Score reaches a relatively high value at K = 3 compared to other values. This indicates that the
clustering structure at K = 3 provides a good balance between cohesion and separation. The consistency between the Elbow Method and
Silhouette Score strengthens the decision to use three clusters in this study
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Fig. 10: Silhoutte Score Analysis
4.3. Clustering Results

After determining the optimal number of clusters, the K-Means algorithm is applied to group the dataset into three clusters. The results
show that each data point has been successfully assigned to a cluster. The distribution of data across clusters indicates that the clustering
process is effective, as no single cluster overwhelmingly dominates the dataset.

This suggests that the dataset contains distinct patterns that can be meaningfully grouped.
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Fig. 11: Dataset contains distinct
4.4. Visualization of Clustering Results

To better understand the clustering results, a visualization is created using a scatter plot that shows the relationship between trip distance
and fare amount.

The clustering visualization is presented in Figure 12.



3728 Journal of Artificial Intelligence and Engineering Applications

Clustering Result

5007 e Cluster
0
400 e 1
e 2
300
o
5 - °
g 200+ a
I
v
£ 100 A
[ ]
[ ]
04 '
—~100 -

T T
0 20 40 60 80 100 120
Trip Distance

Fig. 12: Clustering visualization

As shown in Figure 12, the data points are grouped into three distinct clusters, each represented by a different color. The clusters appear to
be well separated, indicating that the K-Means algorithm has successfully identified meaningful patterns in the dataset.

The visualization also shows that data points within the same cluster are relatively close to each other, suggesting strong similarity within
clusters.

4.5 Cluster Characteristics Analytics

To further analyze the clustering results, the average values of each feature are calculated for each cluster. The results are presented in
Figure 13.

=== RINGKASAN CLUSTER ===
trip distance fare amount trip time in secs
luster
2.012378 12.789562 730.827389

C
(%]
1 14.162579 59.279847 2331.744262
p 3.676000 20.500000 57688.000000

Fig 13 : Each feature are calculated for each cluster
Based on Figure 13, each cluster exhibits distinct characteristics:

1. One cluster is characterized by low trip distance, low fare amount, and short duration, representing short-distance trips.
2. Another cluster shows moderate values, representing medium-distance trips.
3. The third cluster has high values for all features, representing long-distance trips with higher fares and longer durations.

These differences indicate that the clustering process successfully captures variations in transportation behavior.
4.6. Discussion

The results of this study demonstrate that the K-Means clustering algorithm is effective in analyzing large-scale transportation data. The
Elbow Method and Silhouette Score consistently indicate that K = 3 is the optimal number of clusters. The clustering results reveal clear
distinctions between different types of trips, supported by both visualization and statistical analysis.The findings show that most trips fall
into distinct categories such as short, medium, and long-distance trips. This pattern is consistent with real-world urban transportation
behavior. Overall, this study highlights the potential of clustering techniques in extracting meaningful insights from big data and supporting
data-driven decision-making in urban transportation systems.
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5. Conclusion

This study aims to analyze urban transportation patterns using clustering techniques on large-scale taxi trip data. The results show that
the application of the K-Means algorithm is effective in grouping the dataset into meaningful clusters based on trip distance, fare amount,
and trip duration.

Based on the Elbow Method and Silhouette Score analysis, the optimal number of clusters is determined to be three. The clustering
results reveal distinct patterns of transportation behavior, consisting of short-distance trips, medium-distance trips, and long-distance
trips. These patterns are clearly supported by both visualization and statistical analysis.

The findings indicate that clustering techniques can successfully extract valuable insights from large datasets, particularly in the context
of transportation analysis. This demonstrates the potential of data mining methods in supporting data-driven decision-making processes.

For future research, it is recommended to incorporate additional features such as location data and time-based variables to obtain more
comprehensive insights. Furthermore, other clustering algorithms may be explored to compare performance and improve the accuracy of
the results.
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