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ABSTRAK

Traffic accidents represent a critical issue that significantly affects public safety and generates substantial
social and economic impacts, particularly within the operational area of PT. Jasa Raharja Lhokseumawe Branch.
The lack of predictive information regarding accident occurrences often results in reactive policy making. This
study aims to develop a machine learning—based forecasting model for traffic accident rates using a combination
of K-Means Clustering and Recurrent Neural Network (RNN). The dataset consists of historical traffic accident
records from 2022 to 2024, which were preprocessed and aggregated on a weekly basis at the district level. K-
Means Clustering was employed to group districts according to weekly accident patterns, resulting in two optimal
clusters based on silhouette score evaluation. Subsequently, separate RNN models were developed for each cluster
to forecast weekly accident occurrences. Model performance was evaluated using Mean Absolute Error (MAE),
Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). The results indicate that the RNN model
achieved higher prediction accuracy for clusters with more stable accident patterns compared to clusters
exhibiting higher fluctuation. Overall, the proposed combination of clustering and RNN demonstrates strong
potential in producing accurate traffic accident forecasts

Kata Kunci —Traffic Accidents, Forecasting, Machine Learning, K-Means Clustering, Recurrent Neural Network

(RNN)

1. INTRODUCTION

A traffic accident is an event that occurs on a
highway involving vehicles, pedestrians, or both,
resulting in damage, injury, or death (Apriyanti et al.,
2020). The average traffic accident rate in 2020-2023
in the Lhokseumawe Branch of PT. Jasa Raharja
reached 2.3 cases per day. Indonesia is one of the
countries with the highest traffic accident fatality rate
in the ASEAN region, with 103,645 cases in the 2019—
2021 period. Globally, the WHO estimates 1.17
million deaths per year due to traffic accidents.

Aceh Province ranks in the top six accident-
prone areas with a death toll reaching 6,000 by 2023.
The high number of accidents creates obstacles in the
form of limited and delayed accurate and predictive
information, thus hampering decision-making and
policy formulation by the government, police, and PT.
Jasa Raharja.

The main problem faced by stakeholders—the
government, the police, and PT. Jasa Raharja—is the
lack of fast, accurate, and data-based accident
prediction information. The government requires
predictive data for accurate road safety program
planning and budget allocation. The police require
predictive information to determine patrol patterns
and address accident-prone areas.

Meanwhile, PT. Jasa Raharja requires accident
predictions for compensation budget planning,
financial risk management, and accident prevention
programs. Without sound forecasting, policies tend to
be reactive and inefficient.

This study applies machine learning methods,
such as K-Means Clustering and Recurrent Neural
Network, to predict the number of traffic accidents

more accurately to support data-driven decision-
making by stakeholders. This prediction is expected to
help formulate more effective policies and
preventative measures through forecasting techniques.
Previous studies used Support Vector Regression
based on annual data and have limitations in capturing
short-term fluctuations.

Therefore, this study proposes accident
forecasting with a weekly period in the work area of
PT. Jasa Raharja Lhokseumawe Branch so that the
resulting information is more relevant, detailed, and
useful for rapid and appropriate preventive actions by
the government, police, and PT. Jasa Raharja.

This study first grouped regions using a
clustering method to identify sub-districts with similar
accident characteristics. Clustering, an unsupervised
learning method, groups data based on similar features
such as location, time, and accident frequency.

This grouping aims to improve the focus and
accuracy of the forecasting model, as areas within a
cluster have a high degree of similarity (Chusyairi &
Ramadar Noor Saputra, 2019).

RNN is an effective neural network for
sequential data because it is able to store previous
information, making it suitable for predicting time-
based accident trends. In this study, clustering is used
to group areas with similar characteristics, while RNN
is applied to each cluster to perform more specific
forecasting.

The model is trained using historical accident
data from PT. Jasa Raharja Lhokseumawe Branch to
predict the number of accidents and identify priority
areas for handling. This study aims to support data-
based accident prevention and more appropriate
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decision-making. The proposed hypothesis is that the
combination of Clustering and RNN produces more
accurate accident forecasting than the Polynomial
kernel SVR method, making it more effective for the
government, police, and PT. Jasa Raharja in
formulating preventive policies.

2. HERITAGE REVIEW

Traffic is a crucial infrastructure that plays a
major role in supporting smooth development. Its
presence facilitates public access to various activities,
including economic ones. Imagine how difficult it
would be to get to work or reach a work location
without traffic. Almost all activities, especially those
related to mobility, depend heavily on a good traffic
system (Enggarsasi & Sa’diyah, 2017).

Government Regulation Number 43 of 1993,
Article 93 concerning Road Infrastructure and Traffic,
states that a traffic accident is an unexpected event that
accidentally involves vehicles and/or other road users
that can result in human casualties or property
damage.

PT Jasa Raharja (Persero) is a state-owned
enterprise engaged in social insurance to provide
protection to victims of traffic accidents. Established
in 1960 and incorporated in the holding Indonesia
Financial Group (IFG), Jasa Raharja provides
compensation for public transportation passengers and
road users based on Law No. 33 of 1964 and Law No.
34 of 1964.

This protection includes passengers of official
public transportation as well as victims of road traffic
accidents outside vehicles, such as pedestrians, with
funding sources coming from the Compulsory
Contribution of Public Motor Vehicles (IWKBU) and
Compulsory Contributions to Road Traffic Accident
Funds (SWDKLLJ).

Table 1. Data on Compensation Distribution

.D. iy .. .. . Kontri
S DESEM Aktivi Aktivi Kontri oo
DESEM  "ppR  tas% tas% busi U8
WILAY BER . Nasion
2023 - - - Nasion o
AH 2023 - o al % -
Santuna Korba Santu al % -
Korban Santun

n nan Korban
(Orang) (Milyar) an

Jakarta 7,877 93.12 7.74% 6.26% 3.51% 3.02%
JaBar 19,068 35634  2.51% 1.67% 8.50% 11.57%
JaTeng 41,247 629.95  3.19% 4.62% 18.38% 20.45%

JaTim 48,792 661.59  7.90% 9.01% 21.74% 21.47%

Bai 10267 7157 M PUT0 asgn 230w
0 0

Aceh 6,113 7254  1.16% -1.23% 2.72% 2.35%

SumSel 3,966 63.5 1.96% 1.80% 1.32% 2.06%

SulSel 13,337 121.23 130)43 0.96% 5.94% 3.93%
0

DIY 9,562 109.08  12.14 0.96% 4.26% 3.54%
%

Papua 4,365 38.13  6.08% 220'/79 1.95% 1.24%
o

SulTeng 2,577 30.18 170)40 1.59% 1.15% 0.98%
0

KalTeng 1,848 2423 2075 1636 g er0r 0.79%
% %
Banten 5,261 9626  4.26% 3.56% 234% 3.12%
Kep. 2550 23.77 . .
R 1,880 2186 T o, 084%  0.71%

Total 224,402 3080.87 6.65% 4.41%

A. Data Mining

Data mining is a process that aims to extract
hidden knowledge and information from large data
sets, even if the data is incomplete, contains noise, is
ambiguous, or is random (Huang et al., 2020). In
general, data mining includes various analytical
approaches such as machine learning, artificial
intelligence (AI), statistics, and deep learning in its
processing (Simon, 2025).

B. Forecasting

Forecasting is a method for planning and
controlling production to address future uncertainty.
More specifically, it is used to predict future product
demand (Apriyanti et al., 2020).

Forecasting is the prediction, projection, or
estimation of the extent of uncertain future events.
This forecasting method emphasizes the exponential
de-prioritization of previously observed objects.
Explanatory smoothing involves one or more
explicitly specified smoothing parameters, and these
results determine the weights assigned to the observed
values (Yuniarsyih R.A et al., 2025).

Forecasting is the estimation of events that have
not yet occurred. This process requires an appropriate
forecasting method. Forecasting is based on the
analysis of historical data using specific techniques.
The accuracy of research results depends heavily on
the accuracy of the predictions made.

To develop a system for predicting the number of
prospective new students, a reliable forecasting
method and accurate calculations are required to
estimate the number of applicants. In the forecasting
process, calculations are performed repeatedly using
the latest data to improve prediction accuracy (Lusiana
& Yuliarty, 2020).

C. Clustering

Clustering is a grouping process based on the
similarities of members in each partition in a
particular matrix (Ananta & Sofro, 2025). The K-
Means method is one of the most widely used
clustering methods and has been applied in various
fields of science and technology. One of the main
problems of the K-Means algorithm is its possibility
of producing empty clusters depending on the initial
centroid vector.

The K-Means method is a partitioning algorithm
because K-Means is based on determining the initial
number of clusters by determining the initial centroid
value. The K-Means algorithm has been widely used
because of its simple concept, easy implementation,
and high efficiency when processing large-scale data
(Matdoan et al., 2023).
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Figure 1. Flow Process of K-Means Clustering

D. Recurrent neural networks (RNN)

A Recurrent Neural Network (RNN) is a type of
neural network commonly used for processing
sequential input data. RNNs are highly flexible and
have been used to solve a wide range of problems,
such as time series problems, speech recognition,
language modeling, machine translation, sentiment
analysis, and image captioning, to name a few
(Ramadhan et al., 2025).

nput Layer =
o)\

Hidden Layer

Output Layer

Figure 2. Illustration of RNN Architecture

3. RESEARCH METHODOLOGY

This study aims to forecast the number of traffic
accidents in the work area of PT. Jasa Raharja
Lhokseumawe Branch using the K-Means Clustering
and Recurrent Neural Network methods. The research
stages include data selection and pre-processing,
clustering, forecasting, and evaluation. Accident data
is processed and grouped by sub-district using K-
Means with the number of clusters determined
through the silhouette score.

The clustering results then become the basis for
applying RNN to forecast the number of accidents in
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each cluster. The methodology is arranged
systematically so that the data processing and
modeling process takes place in a structured,
measurable, and scientifically accountable manner in
accordance with the research objectives.

START

MEMPERSIAPKAN DATA
KECELAKAAN JASA
RAHARIA CABANG

LHOKSEUAMWE

Data kecelakaan Cabang Lhokseumawe
dari tahun 2022-2024
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PREPROCESSING DATA:
MENGHITUNG JUMLAH
KECELAKAAN
MINGGLAN DARI
SETIAP KECAMATAN
DALAM LINGKUP DATA

Data kecelaakaan dalam satuan minggu
untuk setiap kecamatan dalam lingkup
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Cluster

Figure 3. Research steps for forecasting the number
of weekly accidents based on data from PT. Jasa
Raharja Lhokseumawe

The research flow encompasses an integrated
process from accident data collection to forecasting
model evaluation by combining clustering and
forecasting. The research stages include data pre-
processing to ensure quality and consistency, sub-
district clustering using K-Means based on accident
patterns, compilation of weekly time series datasets
per cluster, and RNN modeling and training to capture
temporal patterns of accidents. The final stage is
model performance evaluation using MAE, MSE, and
RMSE to ensure the accuracy and reliability of the
forecasting results.
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Regency, Central Aceh Regency, and Bener Meriah

This study uses traffic accident data from PT. Regency, recorded in accident case units. An example
Jasa Raharja Lhokseumawe Branch for the period of the data is shown in Table 2 below.

2022 to 2024. The accident data covers
Lhokseumawe City, Bireuen Regency, North Aceh

Table 2. Sample Accident Case Data
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Table 2. provides information regarding traffic
accident case data reports, including the time of the
incident, location, victim's name, victim's address,



Informatika Mulawarman : Jurnal Ilmiah Ilmu Komputer

e-ISSN 2597-4963 dan p-ISSN 1858-4853

and the police station handling the case. This data
covers 72 sub-districts across five regencies/cities.
This data will be aggregated based on the number of
accidents per week for each sub-district.

A sample of this aggregated data is provided in
Table 3. Data preparation and pre-processing were
conducted to ensure that the accident data used was
clean, structured, and ready for processing in both
clustering and forecasting. The base data used were
traffic accident case reports from PT. Jasa Raharja,
Lhokseumawe Branch, for the period 2022 to 2024,
covering 30 sub-districts across five regencies/cities:
Lhokseumawe City, Bireuen Regency, North Aceh
Regency, Central Aceh Regency, and Bener Meriah
Regency. This raw data includes information on the
time of the incident, location of the accident, victim's
identity, victim's address, and the police station
handling the case.

Table 3. Aggregate Sample of Weekly
Accident Number Data for each District
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2022 Januari 1 Dewantara 3
2022 Januari 1 Muara Batu 2
2022 Januari 1 Lhoksukon 2
2022 Januari 2 Dewantara 2
2022 Januari 2 Muara Batu 1
2022 Januari 2 Lhoksukon 4
2024 Desember 156 Dewantara 3
2024 Desember 156 Muara Batu 1
2024 Desember 156 Lhoksukon 1

Total
Jumlah
Kecelakaan
Mingguan

Tahun Bulan Minggu Kecamatan

For the needs of aggregate clustering, the data
available in table 3.2 is reprocessed to obtain an
overview of the number of weekly accidents for sub-
district units, because the clustering to be built is a
sub-district clustering with an overview of the number
of accidents that occur. An overview of the input data
for clustering is given in Figure 5. The clustering
results obtained will be the basis for building a
forecasting model; each cluster will have its own
forecasting model.

Tabel 4. Clustering Input Data

Kecamata 2022 2022 2022 2022 2022 2022 2022 2023 2023 2023 ..

n 00 -01 -02 -03 -04 -05 -06 -01 -02

2024 2024 2024 2024 2024 2024 2024 2024 2024 2024
43 44 45 46 -47 48 49 50 -51 -52

ATU
LINTAN 0 0 1 0 0 0 1 0 0
G

BAKTIY

5 o 0o 1 0 0 0 1 0 0
BNy 0 0 2 0 0 1 0 0 0
BANOA 00 2 0 0 0 1 0 0
EQE%A o 1 0o o0 o0 0 1 0 1

B. Subdistrict Clustering Modeling Based on

Weekly Accident Data

This study uses the K-Means algorithm to cluster
sub-districts based on the number of weekly accidents.
K-Means is an unsupervised learning method that
works by determining the number of clusters (K),
randomly selecting cluster centers, calculating the
distance of the data to each center using Euclidean
Distance, assigning data to the nearest cluster, and
updating the cluster centers based on the average data
until convergence. The feature used in clustering is the
number of weekly accidents per sub-district, so that
each sub-district has a number of weekly time series
features that are used as the basis for clustering.

Table 5. Overview of data that will be used for
sub-district clustering based on the number of weekly
accident cases
Minggu Saturday Minggu Minggu
0 Jan 1Jan .. 51 Des 52Des Total
2022 2022 2024 2024

Kecamatan

Atu Lintang 0 0 . 0 0 5

Baktiya 0 0 .. 2 0 103

Baktiya

Barat 0 0 .. 0 0 5
Banda Baro 0 0 .. 0 0 37
Banda Sakti 0 1 .. 0 5 114

Bener

Kelipah 0 0 .. 0 0 3

Kute

Panang 0 0 .. 0 0 2

Paya

Bakong 0 0 .. 0 0 6
Pirak Timur 0 0 .. 0 0 2

Lapang 0 0 .. 0 0 3

Total 1 27 .. 34 6 4589

C. Weekly Accident Forecasting Modeling
Forecasting modeling is performed for each cluster
that has been formed. The feature used for forecasting
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is the average number of accidents from sub-districts
within the same cluster per week, as shown in Table 6.

Table 6. Description of data on the average
number of accidents from sub-districts in a Cluster

Rata-rata Jumlah

Time Step Kecelakaan mingguan
cluster 1
Minggu 1 Januari 2022 3
Minggu 2 Januari 2022 2
Minggu 2 Desember 2024 3
Minggu 3 Desember 2024 1
Minggu 3 Desember 2024 1

In this study, the forecasting model uses a
recurrent neural network (RNN) approach. RNNs
were chosen because they have proven to be able to
capture sequential features of the number of accidents
occurring in a single week. For this forecast, the
window size used will be tuned and evaluated to
achieve optimal performance.

L1
—-.[:on(ﬂ]_p[[:z}—p[l:n

Figure 4. Recurrent Neural Network (RNN)
Architecture

D. Evaluation of Clustering and Forecasting
Models

and between clusters. Meanwhile, forecasting
evaluation used the Mean Absolute Error (MAE) to
measure the average difference between actual and
predicted values, and the R? Score to assess the
model's ability to represent the actual data. A small
MAE value and an R? value close to 1 indicate good
forecasting model performance.

E. Implementation Tools and Environment

This research was implemented using the Python
programming language with the support of the Pandas
and NumPy libraries for data processing, Scikit-learn
for K-Means Clustering, and Keras/TensorFlow for
building and training the RNN model. The RNN
model was built with two hidden layers (32 and 16
units) and a ReL.U activation function at the output to
predict the number of accidents. The training process
used the Adam optimizer with a learning rate of 0.001
and a MAE loss function, as well as batch size, epoch,
and window size parameters determined through
hyperparameter tuning according to the characteristics
of each cluster. All experiments were run on Google
Colab to take advantage of CPU/GPU support and
ease of data management.

4. RESULTS AND DISCUSSION
A. Data Preparation and Aggregation

The data used in this study is traffic accident data
collected from PT. Jasa Raharja Lhokseumawe
Branch, covering five administrative areas:
Lhokseumawe City, Bireuen Regency, North Aceh
Regency, Central Aceh Regency, and Bener Meriah
Regency. The data covers the period from January
2022 to December 2024 and consists of individual
accident case records, including the date of the
incident, location, victim's name, and the police unit

Clustering evaluation was conducted using the responsible.

Silhouette Score to assess the accuracy of cluster
formation based on the distance between data within
Table 7. Overview of PT. Jasa Raharja Accident Data

Kecamatan Kabupate Nama Polres No. Laporan Polisi Ta.nggal DeSk“P St L okasi Nama Korban Cider
n Kejadian Kejadian a

*********KEC'
DEWANTARA,
KABUPATEN

KEC. KAB. POLRES ACEH UTARA,

DEWANTAR ACEH LHOKSEUMAW LRA/**###xx3x/MAWE/POL  30/08/202 ACEH,

A UTARA E DA ACEH 2 INDONESIA HAS***3x3333%%]) MD

KEC.

GANDAPUR KAB. POLRES LRA/*##&444%%/POLDA 08/11/202 *#k*s**xxKAB.

A BIREUEN BIREUEN ACEH 2 BIREUEN BUSH##FFF+**R] LL
FoksoRkkk IMBAN

KEC. G KEC.

PEULIMBAN KAB. POLRES LRA/*¥*&&+4%%/POLDA 07/11/202 PEULIMBANG

G BIREUEN BIREUEN ACEH 2 KAB. BIREUEN MUS#****kkk%E%RA - LL
SRRk A

KEC. KAB. POLRES LRA/¥**¥x%%%%POLDA 25/12/202 KEC. PEUSANGAN

PEUSANGAN BIREUEN BIREUEN ACEH 2 KAB. BIREUEN KHA****x:k4%[DA - LL
soksoRsRoR Rk T A M

KEC. KAB. POLRES LRA/*###444%%/POLDA 25/12/202 KEC. PEUSANGAN AFKA **##kskksk]]

PEUSANGAN BIREUEN BIREUEN ACEH 2 KAB. BIREUEN MI LL
FokdoRk kN ASAH
TUNONG KEC.

KEC. KAB. POLRES LRA/*¥*&&&4%%/POLDA 24/06/202 PEUDADA KAB. RAHM* ¥k EEER

PEUDADA BIREUEN BIREUEN ACEH 3 BIREUEN A LL

KEC. KAB. POLRES LRA/*¥*&&44%%/POLDA 24/06/202 ***FFFFFANASAH

PEUDADA BIREUEN BIREUEN ACEH 3 TUNONG KEC. RAIS###FF I IIX, L
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PEUDADA KAB.
BIREUEN
*********K KEC'
KAB. TANAH JAMBO
KEC. TANAH ACEH  POLRES ACEH LRA/####xsxx#/POLDA 24/06/202 AYE KAB. ACEH
JAMBO AYE UTARA  UTARA ACEH 3 UTARA KHAT#*###5555[R MDD
sk AICAT
KAB. JEROH KEC
KEC. BENER  POLRES BENER 04/01/202 BANDAR KAB AMAL##EREEE])
BANDAR MERIAH MERIAH LP/#*#*+xxxx/POLDA ACEH 4 BENER MERIAH A LL
FoHARFAARRR
KAB. UJUNG KEC. WIH
KEC. WIH  BENER  POLRES BENER 30/04/202 PESAM KAB
PESAM MERIAH MERIAH Lp/**#xxxxxx/POLDA ACEH 4 BENER MERIAH  INDR***#*#s+HA LL
1 2023  Bukit 2

Table 7. shows an example of raw traffic 1 2023  Gandapura 1
accident data from PT. Jasa Raharja Lhokseumawe 1 2023 Jeumpa 3
Branch converted from PDF to Excel without
aggregation, where each row represents a single 52 2023  Nibong 2
accident. The 4,593 entries from the 2022-2024 5 2023 Nisam 4
period seryed as the basis fpr analys1s. before 50 2023  Peulimbang 1
preprocessing. The preprocessing stage included
importin from Excel, checking th r A

porting data from Excel, ¢ ecking t ¢ data structure 1 2024 Baktiya 1
and completeness, and cleaning and standardizing .

L . . 1 2024  Banda Sakti 2
sub-district names using regular expression (regex) ) 2094 Band 5
techniques, so that the data was ready for use in andar
clustering and forecasting. S .

amtalira
51 2024 Y 2
| df 2022["Kecamatan"]=df 2022["Kecamatan"].str.extract(r"KEC[\s]+{['w's]+)") | ArOn
i s R ) 51 2024  Tanah Luas 1
igure 5. Regex process code 59 2024  Kota Juang 1

Figure 5. shows the process of cleaning sub-
district data, where if the sub-district column contains
the word “KEC”, then the sub-district name is taken
from the text after the word, for example “KEC.
GANDAPURA” becomes “GANDAPURA”. In
addition, newline characters and excess spaces are
removed to prevent them from interfering with the
grouping and subsequent analysis process.

df 2022['Kecamatan"] =[resub(r"n", "", i) foriin df 2022["Kecamatan"]]

df 2022['Kecamatan"] = [re.sub(r"\s+", " ", i}.strip() foriin df 2022["Kecamatan"]]

Figure 6. Process code for cleaning excess characters
and spaces

After each year's data was cleaned, all data was
combined into a single data frame. Weekly
aggregation was then performed by sub-district by
converting the incident dates to week format. This
allowed the number of accidents to be calculated from
the total police reports in each sub-district for a given
week, allowing for temporal analysis.

Table 8. Examples of Data Aggregation

No Week Year Subdistrict
Ke-
1 2022 Kota Juang 1
1 2022  Banda Sakti 1
1 2022  Dewantara
52 2022  Muara Batu 3
52 2022  Peudada 2
52 2022  Peusangan 5

The aggregation results yielded 159 weeks of
data used as clustering input. The data preparation
phase produced two main outputs: accident data by
date and sub-district for general analysis, and weekly
aggregated data per sub-district, which served as the
primary input for the K-Means clustering process and
forecasting using RNN.

B. Clustering

The clustering process in this study uses
aggregated data on the number of weekly accidents
per sub-district for the 2022—2024 period, where each
sub-district is represented as a time series. Clustering
aims to group sub-districts based on similar accident
patterns to obtain regional segmentation that can
support the forecasting process and determine safety
policies. The method used is K-Means Clustering, an
unsupervised learning algorithm that is efficient and
effective in grouping numerical data based on
proximity to the cluster center.

1) Data Retrieval and Preparation

The data used is the results of weekly
aggregated traffic accidents, which have been cleaned
and stored in the Data Laka Complete.csv file. The
data was accessed via Google Drive, read using
pandas, then checked for empty values, which were
then filled with zeros to maintain the quality and
stability of the calculations. Next, the clustering
process was carried out using the K-Means method to
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group sub-districts based on the pattern of weekly
accidents.
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Table 9. Overview of Data to be Clustered

Kecamata 2022 2022 2022 2022 2022 2022 2022 2022 2022 ..

2024 2024 2024 2024 2024 2024 2024 2024 2024 2024

n -00 01 -02 03 04 05 -06 -07 -08. 43 44 45 46 -47 -48 -49 -50 -51 -52
ﬁg\% ANG 0 0 1 0 0 2 0 0 0 1 0 0 0 0 0 0 0 0 0
BAKTIYA 0 0 1 0 0 0 0 0 0 0 2 0 4 0 4 0 0 2 0
gig?{A 0 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0
giI;ODA 0 0 0 0 0 0 0 5 0 0 0 1 0 0 0 0 0 0 0
SQE%A 0 1 0 0 0 0 0 0 1 5 1 0 0 0 0 0 0 0 0

Before clustering, the dataset consisted of
cleaned, weekly aggregated traffic accident data in
CSV format. Non-numeric columns were removed so
that only numerical data were processed, and missing
values were replaced with zeros to ensure stable
model training.

Table 10. Data Snippets

No Week Year Subdistrict Number of
Ke- Accidents
1 1 2022 Kuta 2
Makmur
2 2 2022  Muara 3
Batu
3 3 2022  Dewantara 1
4 4 2022  Syamtalira 4
Aron
5 5 2022 Banda 5
Sakti
6 1 2023  Bukit 2
7 2 2023  Gandapura 1
8 3 2023  Jeumpa 3
9 1 2024  Baktiya 1
10 2 2024 Banda 2
Sakti
11 3 2024  Bandar 2
12 1 2022 Kuta 2
Makmur
Table 5. shows the structure of the weekly

numeric data used as clustering input, where each row
represents the number of accidents per week in each
sub-district, and non-numeric columns are removed
during the feature selection stage. The clustering
results show that each cluster has a distinct accident
pattern, demonstrating the ability of K-Means to
identify variations between regions. These results are
then used as the basis for compiling forecasting
datasets for each cluster.

2) Determining the Optimal Number of Clusters

The optimal number of clusters was selected
using the Silhouette Score by testing k values from 2
to 9. Each k value was evaluated based on the average
Silhouette Score, and the highest value was selected as
the best number of clusters. The evaluation results
showed that k = 2 was the optimal number of clusters.
Before clustering, the data was standardized using

MinMaxScaler to avoid scale bias, and the evaluation
results were visualized in graphs.

timal k

\\

T

Figure 7. The Optimal Elbow Showing Method K

Based on the Silhouette Score evaluation using
a K-value ranging from 2 to 10, the optimal number
of clusters was set at 2, as it yielded the highest score
(0.5). This result indicates adequate data separation
and that two clusters effectively represent the data
structure. The Elbow/Silhouette visualization
demonstrates this optimal point, thus the clustering
results are considered objective and suitable for use
as a basis for forecasting.

3) K-Means Model Training

The K-Means model was applied with two
clusters (n_clusters = 2) to ensure consistent results.
The process involves initializing centroids,
calculating Euclidean distances, assigning data to the
nearest cluster, updating centroids, and iterating until
convergence. After training, each data point is
assigned a cluster label stored in a new column. The
clustering features are weekly accident count values
by region, which represent accident intensity and
form the basis of the grouping process.

4) Interpretation of Clustering Results

The clustering results formed two sub-district
groups: one with a low weekly accident rate and one
with a high weekly accident rate. This grouping
provides a snapshot of the different risk levels in each
region and can be used as a basis for decision-making
in traffic accident mitigation efforts.
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Table 11. K-Means Clustering Results

Cluster Amount Criteria
kecamatan dengan
0 3 kecelakaan tinggi dan
tidak stabil.
kecamatan dengan tren
1 69 sedang dan cenderung

fluktuatif.

The 2D PCA visualization shows a fairly clear
separation of the two clusters, although there is slight
overlap. The K-Means results with K = 2 divide the
sub-districts into two groups: Cluster 0, which
contains 3 sub-districts with a relatively high and
fluctuating weekly accident pattern, and Cluster 1,
which consists of 69 sub-districts with a lower and
more stable accident pattern. This grouping
demonstrates the ability of K-Means to identify
differences in accident patterns between regions and
is subsequently used as a basis for dataset formation
and forecasting modeling using RNN.

5) Clustering Results Visualization

Clustering results are visualized using a
Silhouette Score chart to assess the quality of cluster
separation, as well as a colored scatterplot to show the
distribution and boundaries between clusters. If
spatial data is available, the visualization can also be
presented as a regional map to facilitate geographic
interpretation.

Visualisasi Hasil Clustering K-Means (k=2)

% #® Centroid
12
Xx L
X X
X o Xek %
10 X ﬁ‘( X, %
5% :({5
g % 2 X
N & x
26
£
4
2 ®
0
6 2z ) 0 2 3 6 8

Fitur 1

Figure 8. Visualization of Clustering Results

The 2D PCA visualization in Figure 4.5 shows
that the K-Means results form two distinctly separate
clusters. Cluster 0 has a wider and more fluctuating
distribution, indicating a higher accident rate, while
Cluster 1 is more homogeneous and stable. This result
aligns with the Silhouette Score of 0.5, thus
supporting the appropriate selection of the two
clusters and the validity of the sub-district grouping
structure.
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C. Clustering Process Conclusion

This study successfully grouped sub-districts
into two clusters based on weekly accident intensity
using K-Means with a K value of 2 and a Silhouette
Score of 0.5. These clustering results serve as an
important basis for subsequent forecasting and
provide strategic input for stakeholders in
formulating policies and allocating resources for
accident management more precisely, accurately, and
data-driven.

D. Forecasting

The forecasting stage is performed after
clustering is complete, using weekly accident data
that has been grouped into clusters. Each cluster
forms a time series dataset that represents accident
patterns in areas with similar characteristics.
Forecasting is performed using the Recurrent Neural
Network (RNN) method to predict the number of
accidents in each cluster, thus supporting more
accurate data-driven prevention strategy planning for
PT. Jasa Raharja Lhokseumawe Branch.

1) Forecasting Data Preparation

The forecasting stage uses the average weekly
accident data for each cluster as a univariate time
series. Previous weekly values are used to predict the
next week based on a defined window size. The
average weekly accident count for each cluster is
calculated from the aggregated weekly data and
stored in a new dataset, which becomes the input for
the forecasting model.

Table 12. Descriptive Statistical Analysis

Statistik Acc avg
Count 159
Mean 1,662

Std 1,336
Min 0
25% 0,666
50% 1,333
75% 2,333
Max 8,666

The weekly average data index was changed to
week, and the average accident value column was
renamed acc avg, while the k means column was
removed as it was unnecessary for the time series
analysis. Descriptive statistical —analysis was
performed to describe the data characteristics, which
showed 159 weeks of observations with an average of
1.56 accidents per sub-district and significant
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variation across regions. This variation underscores
the importance of the clustering process. The dataset
was then divided into training, validation, and test data
based on time sequence to maintain the time series
nature and ensure objective model evaluation.

2) Dataset Division into Training, Validation, and
Test Data

During the preparation phase, the time series
dataset is divided into training, validation, and test
data. This division allows the model to be trained,
hyperparameter tuned, and performance objectively
evaluated on previously unused data, thus helping to
prevent overfitting and provide more accurate
estimates of model performance.

The split_time_series function is used to split
time series data into training, validation, and test data
based on the ratio and time sequence, without
randomization, for each cluster. The time range and
number of data sets in each set are displayed for
verification and visualized in a time series plot to
ensure the data is split properly.

—— Train data
Validation data
8 — Test data

Accident Average

|
1 “ A
2 W ’[W“ ‘J \f I "WAJ ‘l

!

Figure 14. Visualization of training, validation, and
test data in the form of a time series plot on Cluster 0

— Train data
Validation data

L
»MAL f d\ i U ,«l | ‘c |l

\ A \\‘
l (

Figure 15. Visualization of training, validation, and
test data in the form of a time series plot in Cluster 1

The visualization of the training, validation, and
test data in Cluster 0 shows a fluctuating weekly crash
time series with several peaks and dips, but the
distribution pattern remains consistent across all
segments, indicating a successful time-based data
partitioning. In Cluster 1, a similar visualization shows
a lower, more stable range of crash values with small
amplitude fluctuations. These differences in
characteristics between the clusters confirm that the
time series partitioning is consistent and allows the
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model to learn different crash patterns more
specifically and realistically.

Tabel 13. Sub-districts with the highest number of

accidents

No District Number of Accidents
1 Peusangan 335
2 Kota Juang 290
3 Juli 220
4 Lhoksukon 217
5 Peudada 199
6 Jeumpa 190
7 Dewantara 187
8 Muara Dua 177
9 Muara Batu 168
10 Jeunib 134

3) Dataset Creation for RNN Model

The time series data is converted into a format
suitable for RNN model training using the
create_dataset function. This function creates pairs of
input (feature) and output (target) data using the
concept of time windows (steps). The input consists of
a sequence of 'acc_avg' values over a 'step' of weeks,
and the target is the 'acc_avg' value for the following
week.

The input and output data were converted to
NumPy arrays and reshaped to fit the requirements of
the SimpleRNN and Dense layers. The RNN model
was built with two SimpleRNN layers of 32 and 16
units, ending with a Dense layer for regression, and
using ReL U activation on the output to ensure positive
predictions.

4) SimpleRNN Model Construction and Training
The forecasting model is built using the
SimpleRNN architecture consisting of two layers and
one Dense layer. The first SimpleRNN layer uses
return_sequences=True to generate sequential
outputs, while the second layer produces a single
output that is passed to the Dense layer as the final
prediction with the ReLU activation function. The
model is compiled using the Adam optimizer and the
Mean Absolute Error (MAE) loss function, then

I)Saetta Start End
Train Minggu 0 Tahun Minggu 20 Tahun
2022 2024
Validasi Minggu 21 Tahun  Minggu 35 Tahuh
2024 2024
Test Minggu 36 Tahun ~ Minggu 52 Tahun
2024 2024

trained using training data and validated with
validation and test data to monitor performance and
detect overfitting.

5) Forecasting Model Evaluation
After training, the model is evaluated using
test data to assess its generalizability. Model
performance is measured using MAE, MSE, and
RMSE metrics to determine the level of prediction
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error between actual values and forecast results, and
compared with the error values in the training and
validation data.

Train Val Test Test Test

No Step Hyperparameter MAE MAE MAE RMSE MSE

Hidden RNN: 2 (g5 (99 074 088 0.77
Unit RNN 1: 32

Unit RNN 2: 16
01.01 086 0.75 0.8 0.79
1 3 Epoch: 20 7 ? 7
Batch size: 16
Learning rate: 01.01 0.84 0.77 089 0.79

0.001
Hidden RNN: 2
UnitRNN 1: 64 0.89 0.69 0.73 097 0.93
Unit RNN 2: 32
2 5 Epoch: 30 0.89 0.72 0.73 0.96 0.94

Batch size: 25
Learning rate:

0.001 0.89 0.73 0.81 01.07 1.15

6) Forecasting Forecasting Model Prediction
Results

Model evaluation was performed using MAE,
MSE, and RMSE. The results showed that Cluster 1
had better predictive performance than Cluster 0, with
MAE values of 0.09, MSE 0.01, and RMSE 0.11,
while Cluster 0 had MAE 0.62, MSE 0.58, and RMSE
0.77. The smaller error value in Cluster 1 indicates
that the RNN model is more accurate and stable in
relatively consistent accident patterns compared to
fluctuating patterns.

7) Prediction Evaluation Results

Based on the evaluation using MAE, MSE, and
RMSE, the model in Cluster 0 produced an MAE of
0.62, MSE of 0.58, and RMSE of 0.77, indicating a
relatively higher level of prediction error and still
quite large error variations. In contrast, the model in
Cluster 1 showed better performance with an MAE of
0.09, MSE of 0.01, and RMSE of 0.11, indicating
more accurate and consistent predictions. This
difference in performance indicates that the more
stable data characteristics in Cluster 1 are easier to
model than Cluster 0, which has higher accident
fluctuations.

8) Model Training and Testing Process Analysis
The Recurrent Neural Network (RNN) model
training process in this study was carried out by
dividing the data into training, validation, and test
data to optimize performance and prevent overfitting.
The Train MAE results show that the model in Cluster
0 has a value of 0.62, while Cluster 1 is lower at 0.09,
indicating that Cluster 1's data patterns are easier to
learn. In the Validation MAE, Cluster 0 ranges from
0.62—0.99 and Cluster 1 0.06—0.09, indicating that the
Cluster 1 model is more consistent when tested on the
validation data. Meanwhile, in the Test MAE, Cluster
0 reaches 0.62 (RMSE 0.77; MSE 0.58) and Cluster
1 only 0.09 (RMSE 0.11; MSE 0.01), confirming that
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the Cluster 1 model is able to predict with high
accuracy and stability, while Cluster 0 has difficulty
learning more fluctuating accident patterns.

Table 14. Test Results

Minggu Rata-rata Kasus
Kecelakaan
2024-36 0.536232
2024-37 0.536232
2024-38 0.144928
2024-39 0.318841
2024-40 0.275362
2024-41 0.275362
2024-42 0.246377
2024-43 0.362319
2024-44 0.260870
2024-45 0.347826
2024-46 0.492754
2024-47 0.246377
2024-48 0.333333
2024-49 0.536232
2024-50 0.289855
2024-51 0.449275

5. CONCLUSION

Based on a study of traffic accident forecasting in
the work area of PT. Jasa Raharja Lhokseumawe
Branch for the period 20222024, data from 72 sub-
districts in 5 regencies/cities were processed into
weekly accident counts for clustering and forecasting
purposes. K-Means Clustering produced two clusters,
namely Cluster 0 with sub-districts that have a high
and fluctuating accident pattern, and Cluster 1 with a
lower and stable pattern, with clear cluster separation
in the PCA visualization. Forecasting using RNN
showed that Cluster 0 had an MAE of 0.62, MSE of
0.58, and RMSE of 0.77, while Cluster 1 was more
accurate with an MAE of 0.09, MSE of 0.01, and
RMSE of 0.11, confirming that the characteristics of
the data patterns of each cluster significantly affect the
model performance.
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