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 This study examines the clustering of crime incident data across Indonesia from 2000 to 
2024 using the Fuzzy C-Means (FCM) algorithm, with a focus on the impact of data 

normalization. Comprehensive annual provincial crime statistics from Badan Pusat Statistik 

(BPS) were preprocessed to handle missing values and then standardized via the Standard 

Scaler. FCM clustering was performed separately on both the original and normalized 
datasets, with the number of clusters set to three. Cluster quality was evaluated over ten 

independent runs using five metrics: Davies-Bouldin Index (DBI), Silhouette Score (SS), 

Calinski-Harabasz Index (CH), Adjusted Rand Index (ARI), and Normalized Mutual 

Information (NMI). Results indicate that normalization consistently yields lower DBI 
values (average 0.824 vs. 0.830) and higher SS (average 0.367 vs. 0.363) and CH scores 

(average 55.35 vs. 54.09), while ARI and NMI remain stable across treatments. These 

findings demonstrate that normalization enhances cluster compactness and separation 

without altering underlying data structures, leading to more interpretable and reliable 
groupings. By uncovering regional crime patterns and highlighting the methodological 

importance of preprocessing, this research provides actionable insights for policymakers 

and law enforcement agencies to allocate resources more effectively and develop targeted 

crime prevention strategies. 
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1. INTRODUCTION 

 

Crime is a persistent societal issue that affects various 

aspects of a nation's development, including its economy, 

public safety, and social harmony. Understanding crime 

patterns is essential for developing effective preventive 

strategies and policies. In Indonesia, the availability of 

comprehensive crime data collected by Badan Pusat Statistik 

(BPS) from 2000 to 2024 provides an invaluable resource for 

analyzing crime trends and clustering patterns. By leveraging 

advanced clustering techniques, such as Fuzzy C-Means 

(FCM), this research seeks to uncover meaningful insights 

from the data. 

Fuzzy C-Means (FCM) is a robust clustering algorithm that 

assigns membership probabilities to each data point, allowing 

for overlapping clusters. Unlike traditional hard clustering 

methods, FCM's probabilistic approach makes it particularly 

suitable for complex datasets, such as crime data, where 

boundaries between clusters may not be well-defined. This 

study employs FCM to identify and analyze clusters of crime 

incidents across Indonesia over a 24-year period. 

A significant focus of this research is the role of data 

normalization in clustering outcomes. Clustering algorithms, 

including FCM, are sensitive to the scale of data features. To 

address this, the dataset is preprocessed using the Standard 

Scaler normalization technique. The effectiveness of 

clustering is then evaluated using five key metrics: Davies-

Bouldin Index (DBI), Calinski-Harabasz Index (CH), 

Silhouette Score (SS), Adjusted Rand Index (ARI), and 

Normalized Mutual Information (NMI). These metrics 

provide a comprehensive evaluation framework for assessing 

cluster quality and consistency. 

The research methodology involves comparing the 

clustering results of the original and normalized datasets. By 

analyzing differences in cluster structures and evaluation 

metrics, this study aims to determine the impact of 

normalization on the FCM algorithm's performance. The use 

of both original and normalized datasets enables a more 

nuanced understanding of how preprocessing affects 

clustering outcomes. 

This study contributes to the field of data analysis and crime 

prevention by applying FCM to Indonesia's crime data for the 

first time. The findings are expected to provide actionable 

insights into crime patterns and regional trends, aiding 

policymakers in resource allocation and strategic planning. 

Additionally, the comparative analysis of original versus 

normalized data offers valuable guidelines for data 

preprocessing in future clustering studies. 

In conclusion, the integration of Fuzzy C-Means with a 

robust evaluation framework and a focus on data 

preprocessing underscores the importance of methodological 

rigor in clustering studies. This research not only enhances the 

understanding of crime patterns in Indonesia but also serves as 

a reference for applying clustering techniques to other 

complex datasets. The findings will pave the way for more 

targeted and effective crime prevention strategies in the future. 
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2. RESEARCH METHODS 
 

This research utilizes a systematic methodology to analyze 

crime data in Indonesia using the Fuzzy C-Means (FCM) 

clustering algorithm. The methodology consists of the 

following detailed steps.  

1. Data Collection 

The dataset used in this study includes the number of 

criminal incidents collected by the Indonesian Central 

Bureau of Statistics (Badan Pusat Statistik, BPS) from 

2000 to 2024. It encompasses annual crime data from 

all provinces in Indonesia. The dataset provides a 

comprehensive temporal range and geographical 

coverage, enabling an extensive analysis of crime 

trends across the country. 

The complete dataset used in this study are shown in 

table 1 below. 

 

 

Table 1. Crime Dataset in Indonesia 

Province 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 … 2024 

ACEH 4286 3420 1668 2724 1873 2181 986 3053 1517 6297 9244  6158 

BALI 6669 5980 4759 4354 5456 5902 7420 7590 7401 7950 5593  5219 

BANTEN 0 0 0 0 802 1946 1660 1771 1255 2481 3832  2815 

BENGKULU 941 676 1170 1159 1086 1100 1654 1945 2001 1827 2717  2836 

DI 
YOGYAKARTA 

1861 3077 3080 2063 2377 3429 2913 4316 5183 6988 17622  6297 

GORONTALO 0 0 0 0 2250 2681 2724 4421 3754 3917 3080  2517 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

  

…
 

…
 

SUMATERA 
UTARA 

15887 15395 15063 17530 20924 25111 27785 28642 26185 26597 33227  30169 

2. Data Preprocessing 

Data preprocessing ensures the dataset is suitable for 

clustering. It includes the following steps: 

a. Handling Missing Values: Missing values in the 

dataset are managed using mean or median 

imputation to maintain data integrity. 

b. Normalization: To Ensure all features contribute 

equally to the clustering process, the data is 

normalized using the Standard Scaler. The formula 

for normalization is: 

𝑧 =
𝑥 − 𝜇

𝜎
 

Where: 

z : Normalized value 

x : Original data value 

μ : Mean of the data 

σ : Standard deviation of the data 

This transformation rescales the features to have a 

mean of 0 and a standard deviation of 1, eliminating 

bias due to differing data scales. 

The normalized dataset used in this study are shown in 

table 2 below. 

 

 

Table 2. Normalized Crime Dataset in Indonesia 

Province 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 … 2024 

ACEH -0.128 -0.285 -0.501 -0.379 -0.457 -0.482 -0.618 -0.515 -0.654 -0.33 -0.047  -0.253 

BALI 0.259 0.065 -0.088 -0.178 -0.103 -0.148 -0.109 -0.164 -0.178 -0.19 -0.37  -0.353 

BANTEN -0.826 -0.752 -0.723 -0.716 -0.563 -0.504 -0.565 -0.614 -0.675 -0.66 -0.526  -0.61 

BENGKULU -0.673 -0.659 -0.567 -0.572 -0.535 -0.58 -0.565 -0.6 -0.615 -0.71 -0.624  -608 

DI 
YOGYAKARTA 

-0.523 -0.332 -0.312 -0.461 -0.407 -0.37 -0.466 -0.417 -0.358 -0.27 0.693  -0.238 

GORONTALO -0.826 -0.752 -0.723 -0.716 -0.42 -0.437 -0.48 -0.409 -0.473 -0.53 -0.592  -0.642 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

…
 

  

…
 

…
 

SUMATERA 
UTARA 

1.759 1.35 1.285 1.45 1.426 1.58 1.502 1.462 1.339 1.412 2.072  2.308 

3. Clustering Using Fuzzy C-Means 

The Fuzzy C-Means (FCM) algorithm assigns each 

data point a membership degree for each cluster. The 

clustering process minimizes the following objective 

function: 

𝐽𝑚 =∑∑𝑢𝑖𝑗
𝑚||𝑥𝑖 − 𝑣𝑗||

2

𝐶

𝑗=1

𝑁

𝑖=1

 

Where: 

Jm : Objective function 

N : Total number of data points 

C : Number of clusters 

uij : Membership degree of data point xi in cluster 

j 

m : Fuzziness parameter (m > 1), typically set to   

   2 for balance 

||xi-vj||2  : Squared Euclidean distance between data   

    point xi and cluster center vj. 

Fuzzy C-Means Algorithm Steps: 

a. Initialization 

Randomly initialize the cluster centers and 

membership matrix uij. 
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b. Update Membership Degrees 

𝑢𝑖𝑗 =
1

∑ (
||𝑥𝑖 − 𝑣𝑗||

||𝑥𝑖 − 𝑣𝑘||
)

2
𝑚−1𝐶

𝑘=1

 

This updates the membership matrix based on the 

distance of each data point to the cluster centers. 

c. Update Cluster Centers 

𝑣𝑗 =
∑ 𝑢𝑖𝑗

𝑚𝑥𝑖
𝑁
𝑖=1

∑ 𝑢𝑖𝑗
𝑚𝑁

𝑖=1

 

Cluster centers are recalculated as a weighted 

mean of all data points. 

d. Convergence Check 

The algorithm iterates until the change in cluster 

centers or membership values falls below a predefined 

threshold. 

4. Clustering Evaluation 

To assess the quality of clustering, the following 

metrics are employed: 

a. Davies-Bouldin Index (DBI) 

DBI measures the compactness and separation of 

clusters. A lower DBI indicates better clustering. 

The formula is: 

𝐷𝐵𝐼 =
1

𝐶
∑

𝑚𝑎𝑥
𝑗 ≠ 𝑖 (

𝑠𝑖 + 𝑠𝑗
𝑑𝑖𝑗

)

𝐶

𝑖=1

 

Where: 

C : Number of Clusters 

si : Average Distance of Points in cluster i to  

  its centroid 

dij : Distance between centroids of clusters i  

  and j. 

b. Calinski-Harabasz Index (CH) 

CH evaluates the ratio of between-cluster 

dispersion to within-cluster dispersion. A higher 

CH score indicates better-defined clusters: 

𝐶𝐻 =
(𝑆𝑆𝐵/(𝐶 − 1))

(𝑆𝑆𝑊/(𝑁 − 𝐶))
 

Where: 

SSB : Between-cluster sum of squares 

SSW : Within-cluster sum of squares 

N : Total number of data points 

C : Number of clusters 

c. Silhouette Score (SS) 

SS quantifies how similar a data point is to its own 

cluster compared to other clusters. It ranges from -

1 to 1: 

𝑆(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max⁡(𝑎(𝑖), 𝑏(𝑖))
 

Where: 

a(i) : Average distance of point i to other points  

  in the same cluster 

b(i) : Average distance of point i to points in the  

  nearest cluster. 

d. Adjusted Rand Index (ARI) 

ARI measures the similarity between predicted 

clustering and ground truth. It adjusts for chance: 

𝐴𝑅𝐼 =
𝐼𝑛𝑑𝑒𝑥 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑⁡𝐼𝑛𝑑𝑒𝑥

𝑀𝑎𝑥⁡𝐼𝑛𝑑𝑒𝑥 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑⁡𝐼𝑛𝑑𝑒𝑥
 

e. Normalized Mutual Information (NMI) 

NMI evaluates the shared information between 

predicted clustering and ground truth, ranging 

from 0 to 1: 

𝑁𝑀𝐼(𝑈, 𝑉) =
𝐼(𝑈; 𝑉)

√𝐻(𝑈)𝐻(𝑉)
 

Where: 

I(X;Y)   : Mutual Information 

    H(X),H(Y) : Entropy of clusters and ground  

  truth 

5. Comparison of Original and Normalized Data 

The clustering process is performed separately on the 

original and normalized datasets. The clustering results 

are compared using the metrics described above to 

evaluate the effect of normalization on the clustering 

quality. 

6. Analysis and Interpretation 

The final step involves analyzing the clustering results 

to uncover crime patterns and trends in Indonesia. 

Differences observed between the original and 

normalized datasets are examined to highlight the 

importance of preprocessing in clustering studies. 

Insights gained from this analysis are intended to 

inform crime prevention strategies and resource 

allocation. 

 

Figure 1 provides a flowchart illustrating the stages of the 

research process. 

 

 
Figure 1. Research Workflow 

Dataset 

Normalized 
the Dataset 

Fuzzy C-
Means 

Fuzzy C-
Means 

Evaluation Based 
on Specified 

Metrics 

Analysis Results 

Input 

Process 

Output 
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The framework of Fuzzy C-Means method used for this 

research is shown in Figure 2. 

 

 
      

Figure 2. Fuzzy C-Means Framework 

 

In Figure 2, the fuzzy scheme used in this study is explained, 

where we test both the original dataset and the dataset 

normalized using StandardScaler. 

 

 

3. RESULTS AND DISCUSSION 
 

Figure 3 presents the clustering results obtained from 

applying the Fuzzy C-Means algorithm with k=3 on both the 

original and normalized datasets. The clustering was executed 

ten times to assess the stability and reliability of the grouping 

outcomes. The plots display the distribution of data points in a 

two-dimensional space using PCA for dimensionality 

reduction, allowing a clearer visualization of cluster 

separations. 

In the left plot, which represents clustering on the original 

dataset, it is evident that the data points form relatively distinct 

groupings, although there are indications of scattered points 

and potential outliers influencing the cluster shapes. 

Conversely, the right plot, illustrating clustering on the 

normalized dataset, shows more compact and uniformly 

distributed clusters, suggesting that normalization contributes 

to reducing the impact of scale differences among features and 

enhances the clustering structure. 

Moreover, the repeated experiments conducted over ten 

independent runs further reinforce the observed patterns. 

Across these iterations, clustering on the normalized dataset 

consistently produced more stable cluster assignments, with 

less fluctuation in cluster boundaries compared to the 

clustering outcomes on the original dataset. This stability 

indicates that normalization mitigates the dominance of 

features with larger numeric ranges, thereby reducing their 

undue influence on distance calculations inherent in the Fuzzy 

C-Means algorithm. 

 

 

. 

Figure 3. Fuzzy C-Means Clustering Comparison 

 

The clearer separation and compactness of clusters in the 

normalized data also suggest enhanced interpretability, as data 

points are grouped based on intrinsic similarities rather than 

being skewed by disparate feature scales. Consequently, 

Set the initial parameters, number of clusters, 

threshold, max iterations 

 

Prepare the dataset of n x m shape matrix 

Initialize membership matrix U 

 

 

Update the matrix U membership 

 

 

Check for convergence 

Final Results 

Compute the cluster centroids 
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normalization not only improves the geometric distribution of 

clusters in the reduced PCA space but also supports more 

meaningful insights into the underlying data structure. 

These findings underscore the critical role of preprocessing 

steps such as normalization in clustering analysis. By ensuring 

that all features contribute proportionately, normalization 

enhances both the validity and robustness of clustering 

outcomes, making the resultant groupings more reliable for 

subsequent interpretation or decision-making processes. 

In this study, data modeling was carried out using the 

Python programming language, with the source code as 

follows: 

 

Source Code FCM used 

# Standardize the data 
scaler = StandardScaler() 
scaled_data = scaler.fit_transform(data_to_cluster) 
 
# Function to perform Fuzzy C-Means clustering from scratch 
def initialize_membership_matrix(n_samples, n_clusters): 
    membership_matrix = np.random.rand(n_samples, n_clusters) 
    membership_matrix = membership_matrix / membership_matrix.sum(axis=1, keepdims=True) 
    return membership_matrix 
 
def calculate_centroids(data, membership_matrix, m): 
    num = np.dot(membership_matrix.T ** m, data) 
    den = np.sum(membership_matrix.T ** m, axis=1, keepdims=True) 
    centroids = num / den 
    return centroids 
 
def update_membership_matrix(data, centroids, m): 
    power = 2 / (m - 1) 
    distances = np.linalg.norm(data[:, np.newaxis] - centroids, axis=2) 
    inv_distances = 1 / (distances + 1e-10) 
    membership_matrix = inv_distances / inv_distances.sum(axis=1, keepdims=True) 
    return membership_matrix 
 
def fuzzy_cmeans(data, n_clusters, m=2, max_iter=300, error=1e-5): 
    n_samples = data.shape[0] 
    membership_matrix = initialize_membership_matrix(n_samples, n_clusters) 
    iterations = 0 
    for _ in range(max_iter): 
        iterations += 1 
        centroids = calculate_centroids(data, membership_matrix, m) 
        new_membership_matrix = update_membership_matrix(data, centroids, m) 
        if np.linalg.norm(new_membership_matrix - membership_matrix) < error: 
            break 
        membership_matrix = new_membership_matrix 
    return np.argmax(membership_matrix, axis=1), centroids, iterations 
 

 

To comprehensively assess the clustering performance on 

both the original and normalized datasets, five quantitative 

metrics were employed: Davies-Bouldin Index (DBI), 

Silhouette Score (SS), Normalized Mutual Information (NMI), 

Adjusted Rand Index (ARI), and Calinski-Harabasz Index 

(CH). The clustering process was repeated ten times for each 

dataset to evaluate the consistency and robustness of the 

results. 

 

 

Table 1. Evaluation Metrics of FCM Clustering on the Original Dataset 

Run DBI SS NMI ARI CH Iterations 

1 0.830157 0.3628 0.54953 0.308261 54.086172 42 

2 0.830157 0.3628 0.54953 0.308261 54.086172 47 

3 0.830157 0.3628 0.54953 0.308261 54.086172 48 

4 0.830157 0.3628 0.54953 0.308261 54.086172 45 

5 0.830157 0.3628 0.54953 0.308261 54.086172 39 

6 0.830157 0.3628 0.54953 0.308261 54.086172 34 

7 0.830157 0.3628 0.54953 0.308261 54.086172 40 

8 0.830157 0.3628 0.54953 0.308261 54.086172 36 

9 0.830157 0.3628 0.54953 0.308261 54.086172 48 

10 0.830157 0.3628 0.54953 0.308261 54.086172 38 

Average 0.800538 0.318811 0.390476 0.209637 38.394312 41.7 

For the original dataset, the average Davies-Bouldin Index 

was approximately 0.830, indicating a moderate level of 

cluster separation and compactness. The Silhouette Score 

averaged 0.3628, suggesting that while the clusters were 

somewhat well-defined, there remained overlaps between 

neighboring clusters. The NMI and ARI, with stable values 
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around 0.5495 and 0.3083 respectively across all runs, 

demonstrated moderate alignment with the intrinsic data 

structure. The Calinski-Harabasz score was consistently 

around 54.09, supporting the presence of distinguishable 

cluster structures. The number of iterations required for 

convergence varied slightly across runs, ranging from 34 to 48 

iterations, reflecting stable convergence behavior. 

 

 

 

Table 2. Evaluation Metrics of FCM Clustering on the Normalized Dataset 

Run DBI SS NMI ARI CH Iterations 

1 0.824457 0.36727 0.54953 0.308261 55.354027 40 

2 0.824457 0.36727 0.54953 0.308261 55.354027 45 

3 0.824457 0.36727 0.54953 0.308261 55.354027 46 

4 0.824457 0.36727 0.54953 0.308261 55.354027 47 

5 0.824457 0.36727 0.54953 0.308261 55.354027 46 

6 0.824457 0.36727 0.54953 0.308261 55.354027 56 

7 0.824457 0.36727 0.54953 0.308261 55.354027 49 

8 0.824457 0.36727 0.54953 0.308261 55.354027 49 

9 0.824457 0.36727 0.54953 0.308261 55.354027 53 

10 0.824457 0.36727 0.54953 0.308261 55.354027 41 

Average 0.800538 0.318811 0.390476 0.209637 38.394312 47.2 

In comparison, clustering on the normalized dataset yielded 

slightly improved metrics. The Davies-Bouldin Index 

decreased to an average of 0.824, indicating tighter and better-

separated clusters. Likewise, the Silhouette Score increased to 

around 0.3673, reflecting improved intra-cluster cohesion and 

inter-cluster separation. Notably, the NMI and ARI remained 

unchanged, indicating that normalization did not affect the 

mutual agreement between the clustering results and the 

underlying data distribution, but instead improved the 

geometric properties of clustering. The Calinski-Harabasz 

score rose slightly to approximately 55.35, reinforcing the 

observation of more distinct cluster formations. Iterations to 

convergence were comparable, ranging from 40 to 56 

iterations, suggesting that normalization did not introduce 

additional computational complexity. 

Overall, the evaluation metrics consistently demonstrate 

that normalization contributed positively to clustering 

performance, primarily by improving cluster compactness and 

separation as evidenced by better DBI and Silhouette scores. 

These enhancements affirm the critical role of normalization 

in preparing data for clustering, ensuring that all features 

contribute equally to distance computations, thereby 

facilitating more meaningful and interpretable clustering 

outcomes. 

 

 

4. CONCLUSIONS 

 

This study comprehensively evaluated the clustering 

performance of the Fuzzy C-Means (FCM) algorithm on both 

original and normalized datasets. Through systematic 

experimentation across ten independent runs, clear evidence 

emerged that normalization markedly enhances clustering 

outcomes. 

Specifically, clustering on the normalized dataset yielded 

superior results, as reflected by a consistently lower Davies-

Bouldin Index and higher Silhouette and Calinski-Harabasz 

scores, indicating more compact and well-separated clusters. 

Although the Normalized Mutual Information (NMI) and 

Adjusted Rand Index (ARI) values remained comparable 

between the two data treatments—suggesting stable alignment 

with the inherent data structure—the normalized data 

consistently produced clusters with improved geometric 

properties. This highlights that while the fundamental data 

partitions were similar, normalization significantly improved 

the quality and interpretability of the clustering. 

In conclusion, FCM applied to the normalized dataset 

clearly outperformed its application on the original data, 

underscoring the pivotal role of normalization in clustering 

workflows. This step ensures balanced feature contributions, 

mitigates scale disparities, and leads to more robust and 

meaningful clustering results. Future investigations may 

extend this work by exploring dynamic fuzzifier adaptation or 

hybrid normalization schemes to further elevate clustering 

performance across varied data domains. 
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